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Abstract

Hydroclimate and terrestrial hydrology greatly influence the local community, ecosystem, and economy in Alaska and Yukon
River Basin. A high-resolution re-simulation of the historical climate in Alaska can provide an important benchmark for climate
change studies. In this study, we utilized the Regional Arctic Systems Model (RASM) and conducted coupled land-atmosphere
modeling for Alaska and Yukon River Basin at 4-km grid spacing. In RASM, the land model was replaced with the Community
Terrestrial Systems Model (CTSM) given its comprehensive process representations for cold regions. The microphysics schemes
in the Weather Research and Forecast (WRF) atmospheric model were manually tuned for optimal model performance. This
study aims to maintain good model performance for both hydroclimate and terrestrial hydrology, especially streamflow, which
was rarely a priority in coupled models. Therefore, we implemented a strategy of iterative testing and re-optimization of CTSM.
A multi-decadal climate dataset (1990-2021) was generated using RASM with optimized land parameters and manually tuned
WRF microphysics. When evaluated against multiple observational datasets, this dataset well captures the climate statistics
and spatial distributions for five key weather variables and hydrologic fluxes, including precipitation, air temperature, snow
fraction, evaporation-to-precipitation ratios, and streamflow. The simulated precipitation shows wet bias during the spring
season and simulated air temperatures exhibit dampened seasonality with warm biases in winter and cold biases in summer.
We used transfer entropy to investigate the discrepancy in connectivity of hydrologic fluxes between the offline CTSM and

coupled models, which contributed to their discrepancy in streamflow simulations.
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Key points:
e |terative testing was implemented to improve both hydroclimate and terrestrial hydrology
simulations in coupled land-atmosphere models
e \We generated a high-fidelity 4 km climate dataset (1990-2021) for Alaska and Yukon
and evaluated it against multiple observational dataset
e Discrepancies in streamflow simulations between the offline land model and the coupled
models were diagnosed using information theory
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Abstract:

Hydroclimate and terrestrial hydrology greatly influence the local community, ecosystem, and
economy in Alaska and Yukon River Basin. A high-resolution re-simulation of the historical
climate in Alaska can provide an important benchmark for climate change studies. In this study,
we utilized the Regional Arctic Systems Model (RASM) and conducted coupled land-
atmosphere modeling for Alaska and Yukon River Basin at 4-km grid spacing. In RASM, the
land model was replaced with the Community Terrestrial Systems Model (CTSM) given its
comprehensive process representations for cold regions. The microphysics schemes in the
Weather Research and Forecast (WRF) atmospheric model were manually tuned for optimal
model performance. This study aims to maintain good model performance for both hydroclimate
and terrestrial hydrology, especially streamflow, which was rarely a priority in coupled models.
Therefore, we implemented a strategy of iterative testing and re-optimization of CTSM. A multi-
decadal climate dataset (1990-2021) was generated using RASM with optimized land parameters
and manually tuned WRF microphysics. When evaluated against multiple observational datasets,
this dataset well captures the climate statistics and spatial distributions for five key weather
variables and hydrologic fluxes, including precipitation, air temperature, snow fraction,
evaporation-to-precipitation ratios, and streamflow. The simulated precipitation shows wet bias
during the spring season and simulated air temperatures exhibit dampened seasonality with warm
biases in winter and cold biases in summer. We used transfer entropy to investigate the
discrepancy in connectivity of hydrologic fluxes between the offline CTSM and coupled models,
which contributed to their discrepancy in streamflow simulations.

Plain Language Summary:

Hydrologic fluxes in the land-atmosphere interface, such as precipitation and streamflow, affect
the local community, ecosystem, and economy in Alaska and Yukon River Basin. Therefore, we
need a fine-grain historical dataset as a benchmark for climate change studies. We used a
computer model, including an atmospheric and a land module, to generate a multi-decadal
dataset for climate (1990-2021) at 4-km grid spacing. Before generating the dataset, we
customized the computer model for Alaska and Yukon River Basin. We specifically
implemented an iterative testing and re-modification strategy to make sure that our modification
to either land or atmospheric modules would not worsen the overall model performance. To
evaluate the dataset, in-situ measurements and satellite observations were used to evaluate five
key weather variables and hydrologic fluxes, including precipitation, air temperature, snow
fraction, evaporation-to-precipitation ratios, and streamflow. This dataset captures the quantity
and seasonal variability of these variables very well, with slightly wet biases in spring, warm
biases in winter and cold biases in summer. In addition, we used a statistical method, called
transfer entropy, to study how the modification to the land module affects the modeled water
cycles.
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1 Introduction

The climate of Alaska, like much of the Arctic, is undergoing rapid change. Mean annual and
seasonal air temperatures are increasing statewide with the largest warming signal detected in
winter (Bieniek et al., 2014; Stafford et al., 2000). In response to warming, we have observed a
large increase in the extent of permafrost degradation (Jorgenson et al., 2006; Lawrence &
Slater, 2005; Osterkamp & Romanovsky, 1999; Saito et al., 2020), a shifted annual snow cycle
and earlier snowmelt (Cox et al., 2017; Musselman et al., 2021; Stone et al., 2002), as well as
increasing cold season discharge in Alaskan rivers (Blaskey et al., 2023; Gudmundsson et al.,
2019). These hydroclimatic changes are deteriorating the quality of river ice roads and
corresponding transportation safety, affecting terrestrial and aquatic ecosystems, and
disproportionately increasing threats to Indigenous Alaskans, especially those who practice
subsistence living (Knoll et al., 2019; McNeeley & Shulski, 2011). In Alaska the changes in
magnitude and seasonality of precipitation exhibit larger uncertainties compared to temperature
signals, with only the northern slope exhibiting a statistically significant increasing precipitation
trend (Bieniek et al., 2014; White et al., 2021). An accurate accounting of the recent past along
with improved process understanding can lay the foundation for improved resilience to extreme
events and future climate change.

One frequently used tool to improve our process understanding and representation of regional
climate are Regional Climate Models (RCMs). RCMs are widely used to reproduce historical
weather and enable investigation of processes, potential changes, and subsequent impacts.
Efforts such as CORDEX, NA-CORDEX, and Arctic CORDEX (Akperov et al., 2019; Gutowski
Jr. etal., 2016; Mearns et al., 2017), have advanced our understanding of regional climate
(Bukovsky et al., 2015; Cassano et al., 2017; Schér et al., 1996). Further, high-resolution RCMs
at convection permitting, or complex orography resolving resolutions (e.g., grid spacings around
or less than 5-10 km) have demonstrated many strengths in representing regional processes such
as mesoscale convection systems (MCSs), seasonal snow cover and snow-albedo feedback, and
the large-scale regional climate. This has been shown across domains such as the United States
(Monaghan et al., 2018; Newman et al., 2021; Rasmussen et al., 2023; Xue et al., 2020); Canada
(Lietal., 2019); and Europe (Berg et al., 2013).

RCMs without correction or tuning based on observations may lead to large biases that are
critical to improve model simulation fidelity (e.g., Maraun, 2012). Tuning of RCMs has
primarily centered around key atmospheric variables such as air temperature and precipitation
(Bellprat et al., 2016; Wei et al., 2002). Specifically, parameterizations of cloud microphysics
have frequently been the focal point (Bellprat et al., 2016; Couvreux et al., 2021; Wei et al.,
2002) because of their strong impact on the surface energy and water budgets. Terrestrial
hydrology and especially streamflow have been largely overlooked during RCM tuning. High-
resolution RCMs are often used as weather models where the land model serves as a simpler
lower boundary condition for short simulations. The development teams of RCMs are often led
by atmosphere and ocean scientists that may lack hydrological expertise, thus prioritizing other
critical issues such as cloud and precipitation biases. Particularly as RCMs are increasingly used
to assess terrestrial ecosystems and water resources (Tapiador et al., 2020), we need to address
the unique challenges related to land model and hydrology optimization in RCMs.
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Optimizing component models in RCMs or coupled simulations is a multi-faceted challenge,
particularly for hydroclimate and terrestrial hydrology. First, direct formal optimization such as
algorithmic parameter sampling of coupled RCMs that includes multiple component models, is
prohibitively expensive. Work-around efforts include using a statistical approximation of the
climate model, using low spatial resolution, and limiting the number of parameters for
optimization (e.g., Bellprat et al., 2012, 2016). While land models are comparatively less costly
to optimize, the optimal parameters are strictly only applicable to the selected meteorological
forcings. The terrestrial hydrology in the coupled simulation could degrade if the simulated
meteorology in the RCM drifts significantly from the optimization climate. Standalone land
model optimization fails to incorporate land-atmosphere interactions and the optimized land
parameters may negatively impact the performance of the coupled RCM (Papadimitriou et al.,
2017). Even after tuning, RCMs contain biases and errors that must be evaluated and clearly
documented to provide sufficient contexts for all users to assess the adequacy of any particular
simulation for their application.

The objective of this study is to maximize hydroclimate and terrestrial hydrology simulation
performance in a land-atmosphere coupled RCM simulation for the Alaska and Yukon River
Basin. We used the traditional approach of offline optimization of the land parameters,
specifically for snow and streamflow (Cheng et al., 2023), and incorporated them back into the
coupled modeling framework. Two measures were implemented to mitigate potential
degradation of the coupled model simulation. First, the high-resolution dataset (Monaghan et al.,
2018) used to generate meteorological forcing in the offline land optimization, was produced by
the same atmospheric model as used in the RCM. Second, we applied an iterative testing and re-
optimization of the land model to ensure satisfactory coupled model performance. Specifically,
in the iterative testing, we evaluated the performance of the offline-optimized land parameters in
the coupled model by running a coupled simulation at a coarser resolution. Eventually, a multi-
decadal climate dataset (1990 to 2021) for Alaska and Yukon River Basin was generated at 4 km
grid spacing using the coupled RCM and optimized land model parameters. We examined the
key weather and surface hydrologic variables and explored the differences in streamflow
simulation outcomes between the standalone and coupled simulations.

In the following text, Section 2 describes the coupled modeling framework, including
optimization of the land model and configurations of the atmospheric model; Section 3 describes
the study domain; Section 4 outlines proposed model evaluations against several observational
datasets, and methods for diagnosing the discrepancies in streamflow simulations between
standalone CTSM and coupled models; Section 5 presents results for the model evaluations and
diagnoses; Sections 6 and 7 are discussions and conclusions respectively.
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2 Model framework

Atmosphere

Ocean
ERAS SST
Prescribed

Sea Ice
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Prescribed

Streamflow

MizuRoute

offline

Figure 1. Model framework. Dashed arrows denote the fluxes that only exist in fully coupled RASM
simulation but do not exist in this study.

2.1 Regional Arctic System Model (RASM)

We employed the Regional Arctic System Model (RASM), a limited-area and fully coupled
land-atmosphere-ocean-sea ice and river routing model that uses the Community Earth System
Model (CESM) framework (Cassano et al., 2017). Prescribed sea surface temperature (SST) and
sea ice fraction data from the ECMWF Reanalysis v5 (ERA5, Hersbach et al., 2020) is used for
the sea ice and ocean lower boundary conditions given the emphasis on the land-atmosphere
interaction. In this study, the previously used land component model, Variable Infiltration
Capacity model (VIC, Hamman et al., 2016), was substituted with the Community Terrestrial
Systems Model (CTSM). CTSM incorporates comprehensive land processes representations,
including complex vegetation and canopy modules, a multi-layer snow model, and hydrology
and frozen soil physics (Lawrence et al., 2019). Streamflow was routed offline using mizuRoute
(Mizukami et al., 2016). Our modifications to the default RASM configuration are depicted in
Figure 1, with dashed arrows representing the flux communication unique to the default
configuration and not present in this study.

2.1.1  Generating a historical multi-decadal climate dataset for Alaska and Yukon River Basin

We generated a multi-decadal climate dataset (1990 to 2021) at 4 km grid spacing for Alaska and
Yukon River Basin by running RASM with the optimized land parameters (Section 2.2) and
manually tested WRF configurations (Section 2.3). The model simulation started from June 1,
1989 and ended on September 30, 2021 with the first model year as spin-up. This is a
tremendous computational undertaking that costs nearly 10 million CPU hours with roughly 300
thousand CPU hours per model year.
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For the land model, a total of 275 variables were saved at 3-hourly, daily, or monthly timesteps.
For the atmospheric model, a total of 265 variables were saved at hourly, 6-hourly, or daily
timesteps. The total data volume is roughly 55 TB. More details about this climate dataset can be
found in the data archive document (Cheng et al., 2024).

2.2  Offline optimization for Community Terrestrial Systems Model (CTSM)

We conducted an offline optimization for CTSM to increase the fidelity of terrestrial hydrologic
simulations. Given that CTSM is computation-intensive compared to most hydrological models,
we utilized a computationally frugal machine learning technique, i.e., a surrogate modeling-
based optimization method (Wang et al., 2014), and selected smaller sub-basins as
representatives for optimization to offset some computational expenses. A regionalization
method was applied to extrapolate the optimized parameters from the representative basins to the
entire domain. The details concerning the optimization are presented in Cheng et al (2023). As
we briefly discussed in Introduction, two measures were implemented to ensure satisfactory
coupled model behavior.

First measure aims to ensure the simulated climatology in the coupled model will not drift away
from the one used in land model optimization. For our study region, a previous historical
simulation using a similar version of WRF with ERA-Interim forcing data exists (Monaghan et
al., 2018) and we used it as the meteorological forcings in the land model optimization. Even so,
it is also important to acknowledge that Monaghan et al (2018) used a slightly older version of
WRF, ERA-Interim, and the Noah-MP land model, while we used a newer version of WRF,
ERADJ, and the CTSM land model.

Second, we applied an iterative testing and re-optimization strategy. In each iteration, we
examined the performance of coupled simulations with optimized land parameters at a coarser 12
km spatial resolution by comparing them with the hydrologic and energy fluxes in ERA5. When
model performance of coupled simulations was not satisfactory, we diagnosed the reason, made
corresponding modifications to the parameters, and re-optimization. An example iteration is
showcased below.

In one iteration, medlynintercept, a parameter governing stomatal conductance (Kennedy et al.,
2019), approached the upper limit (300,000) in the optimization. The coupled simulations using
this set of optimized parameters show excessive summer evaporation, elevated cloud coverage,
and a domain-wide -4.64°C cold bias in 2-meter summertime (June-August 2013) air
temperature compared to ERAS (Figure 2). The parameter range for medlynintercept was
originally established by experts for global-scale studies, which may require refinement for
regional applications (Kennedy et al., n.d.). Consequently, our use of the unconstrained
parameter range introduced compensatory errors that may not be apparent during offline
optimization. Correspondingly, by reducing the upper limit for medlynintercept, i.e., 20,000, the
performance of the coupled model showed marked improvement with minimal impact on the
offline model performance. This again highlights the need for iterative testing, technical
knowledge of the models and parameterizations, and clear documentation across those models
and parameterizations (Jakob, 2010).
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Figure 2: Initial bias of 2-meter summer air temperature (AT2) in the RASM simulation using offline
optimized CTSM parameters (with large medlynintercept value) compared with ERA5 reanalysis data.
Panel (a) shows the distribution of AT2 across all grid cells in the domain and panel (b) shows the spatial
distribution of AT2

2.3 Configuring the Weather Research and Forecasting (WRF) Model

The atmospheric model in RASM is a modified version of the Advanced Research WRF (WRF-
ARW, hereafter simply WRF) Model version 3.7.1 (Cassano et al., 2017; Skamarock et al.,
2008). The selection of physics options was informed by an earlier high-resolution WRF
simulation for Alaska (Monaghan et al., 2018) as well as RASM pan-arctic simulations (Cassano
et al., 2017). While Monaghan et al (2018) utilized the Noah-MP land model integrated in WRF,
this study employed CTSM as the land model. Therefore, we performed manual testing of
different physics options and summarized the final selection in Table 1. We selected the MYNN
level 2.5 scheme (Jani¢, 2001) whereas Monaghan employed the Yonsei University (YSU)
scheme (Hong et al., 2006). In addition, we used a newer version of the ECMWF Reanalysis
data, ERAS5, as the initial and lateral boundary conditions, SST, and sea ice fraction while
Monaghan et al. (2018) used ERA-Interim.

Table 1: List of WRF options used in the RASM simulation

WRF version 3.7.1

Horizontal grid spacing 4 km

Horizontal grid points 782 longitude (x) grid X 662 latitude (y) grid
Number of vertical levels /model top | 49/30hPa (7 levels in the lowest 1000 m)
Time step WRF: 20 s

WREF radiation: 10 min
RASM coupler: 10 min

Lateral BCs ERA5

Longwave radiation RRTMG

Shortwave radiation RRTMG

Cloud microphysics Thompson

Planetary boundary layer MYNN level 2.5 schemes
Cumulus Off
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Figure 3. Study domain

In the coupled WRF-CTSM modeling, the terrestrial domain defined by the black dashed box in
Figure 3 encompasses nearly all the U.S. State of Alaska, the entire Yukon River Basin, part of
Western Canada, and the eastern coastal region of Russia. The marine bodies consist of the Gulf
of Alaska, Bering Sea, Chukchi Sea, and Beaufort Sea. The evaluation domain encompasses all
land grid cells, delineated by light blue boundaries, given our research emphasis on land-
atmospheric interactions. This evaluation domain is derived from the probabilistic spatial
meteorological estimates specifically designed for Alaska, developed by Newman et al. (2020),
which also serves as an observational dataset used for evaluation purposes. Consistent with
Cheng (2023), we evaluated the streamflow simulation against observations for 15 major rivers
depicted by solid colored lines. Yukon_S and Yukon_P denote two U.S. Geological Survey
(USGS) gauges along the main stem of the Yukon River, located near Stevens Village and Pilot
Station, respectively.
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4  Model evaluation

We conducted a comprehensive evaluation of the generated climate dataset for hydroclimate and
terrestrial hydrology, including the assessment of five weather variables and hydrologic fluxes
(Section 4.1). The evaluated variables are precipitation, 2-meter air temperature, snowfall
fraction (S/P, representing the ratio of snowfall to precipitation), evaporation precipitation ratio
(E/P), and streamflow. In order to examine the robustness of standalone CTSM optimization
within the coupled model, we compared the simulated streamflow obtained from the coupled
model with that from standalone CTSM optimization. Moreover, to elucidate the disparities
between the two streamflow simulations, we conducted in-depth analyses encompassing: 1)
assessment of the meteorological drivers, 2) investigation of the interdependencies among
hydrologic fluxes using transfer entropy, and 3) exploration of climate sensitivities to
streamflow.

4.1 Observational Dataset
Table 2: Summary of datasets used for evaluation.

Variable Observation/Reanalysis Dataset Evaluation Period
Precipitation Probabilistic Spatial Meteorological Estimates 1990-2013
(PSME, Newman et al 2020)

Global Precipitation Climatology Project (GPCP, | 1990-2020
Satellite-derived precipitation data)
PNWNAmet (Gridded interpolation from 1990-2012
observation)
2-m air temperature Probabilistic Spatial Meteorological Estimates 1990-2013
(PSME, Newman et al 2020)
Site observation (507 sites) Varying
Evaporation Precipitation ERA5 1990-2021
Ratio (E/P)
Snowfall fraction (S/P) ERA5 1990-2021
Streamflow USGS sites Varying

Three gridded datasets were employed as benchmarks to evaluate precipitation (Table 2).
Probabilistic Spatial Meteorological Estimate (PSME) was generated using the ensemble
Climatologically Aided Interpolation (eCAIl) for Alaska and the Yukon Territory (Newman et al.,
2020). The eCAIl method develops a probabilistic estimate of the climatological fields such as
precipitation and air temperature and then develops daily values using daily anomalies. Note we
use the uncorrected precipitation from the PSME product. The Global Precipitation Climatology
Project (GPCP) provides monthly analysis of global precipitation from an integration of various
satellite data sets (Adler et al., 2003). The PCIC meteorology for Northwest North America
(PNWNAmet) is a gridded dataset generated using the trivariate thin plate spline interpolation
method from observations (Werner et al., 2019). These three datasets were developed using
different approaches and have served as benchmarks for evaluating precipitation simulation in
other studies (Behrangi et al., 2016; Van Tiel et al., 2021).
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Observations from 507 sites across Alaska were utilized for evaluating air temperature
simulations, except for the PSME dataset. E/P and S/P ratios are both compared to the ERAS5,
given the limited data availability for evaporation and snowfall.

Streamflow simulation for the 15 major river basins were evaluated against the gauge
measurement from USGS and the Department of Environment and Natural Resources in Canada.
Nash Sutcliffe Efficiency (NSE) and Kling Gupta Efficiency (KGE) were calculated using daily
streamflow data. It is worth noting that in Alaska, rivers freeze during the cold seasons, and to
ensure a continuous time series, USGS provides streamflow estimates for frozen rivers denoted
with a qualifier of “Ae”. Therefore, we calculate the metrics specifically for free-flowing rivers
during ice-free periods, and refer to them as NSE_w, KGE_w. Additionally, metrics were
calculated for the entire available time series, denoted as NSE_a and KGE _a.

4.2  Diagnosing discrepancies in streamflow simulations between offline CTSM and the coupled
model

Flow simulations between the offline CTSM optimization and coupled RASM model exhibit
discrepancies. Since the land component of RASM is also CTSM, the discrepancy in streamflow
simulation is likely driven by meteorological conditions. Six variables were analyzed, including
three temperature and energy variables (2m air temperature, incident longwave and shortwave
radiations), and three hydrologic fluxes (precipitation, evaporation, and snowmelt). These six
variables are shown for inter-model comparisons.

We also investigate how the coupled model affects the response of runoff simulation (R) to
changes in precipitation (P) and air temperature (T). We examined the runoff climate sensitivity
of two modeling systems: CTSM and RASM, along with the widely used ERAS5 reanalysis
dataset. ERAS sensitivity was solely used as a reference rather than a ground truth in this study.
We followed the technique developed in Wood et al (2004). Regionally averaged precipitation
(P), air temperature (T), and runoff (R) were calculated for each hydrologic year in the RASM,
CTSM, and ERAS5 datasets. We conducted bootstrapping (n = 1,000 times) to quantify the
uncertainties in runoff responses to climate variables. Each bootstrapping sample generated a
new series of precipitation, air temperature, and runoff by resampling the available hydrological
years with replacement. For each new series, we performed a simple linear regression between
the streamflow and climate variables, with the slope representing the corresponding responses.
The runoff sensitivity to precipitation (6) is unitless and the unit for runoff sensitivity to air
temperature (67) is mm day! °C1. Additionally, we calculated the correlation coefficient
between the streamflow and climate variables, denoting as pp and p;, which indicated the
uncertainties in the corresponding responses of precipitation and air temperature, respectively.

The connectivity between the energy and hydrologic fluxes can change because the coupled
model captures the two-way interactions between the land surface and the atmosphere. To
quantify the transfer of information between these processes across different modeling systems,
we employed an information theoretic measure, i.e., transfer entropy (Bennett et al., 2019;
Schreiber, 2000). Transfer entropy provides a statistical measure of how much uncertainty about
a current process can be reduced by knowledge of the history of another variable (taking the
target process’s history into account). Eight weather and hydrologic variables and flux terms
were analyzed: 2m air temperature, incident longwave and shortwave radiations, runoff,
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evapotranspiration, precipitation, snow water equivalent (SWE), and soil moisture (SM). Since
the SWE and SM are state variables, we used daily changes in SWE and SM, denoting as ASWE
and ASM and all other variables are daily averages. Evapotranspiration in CTSM and RASM
were split into soil evaporation and canopy evapotranspiration whereas ERA5 only provides the
total evapotranspiration. ERA5 provides soil moisture for the top four soil layers with a total
depth of 2.89 m whereas CTSM and RASM provide soil moisture for 20 soil layers with a total
depth of 8.03 m. Rather than using soil moisture for entire soil columns, we used the surface soil
moisture (7 centimeters for ERA5 and 9 centimeters for CTSM and RASM) to ensure that the
results between ERAS5 with CTSM and RASM were comparable.

For simplicity, we used a single-variate approach and calculated lag-1 day transfer entropy. It is
important to note that the process connectivity presented in this study is limited by the selected
method. Multivariate process connectivity and the process connectivity at different temporal
scales are not considered due to unreliability of calculating higher-dimensional probability
distributions (Hlavackova-Schindler et al., 2007). The transfer entropy for each pair of variables
is calculated at a daily time scale using a formulation of lag 1 transfer entropy, with lag 1
representing a single day (Eqgn. 1).

Tx—y = 1(Ye; Xe—1|Ye-1) Eqgn. 1

where Ty_y Is the transfer entropy from X to Y and the current state of Y, depends only on the
previous time step (i.e., X;_; and Y;_,). I denotes the conditional mutual information and the
details concerning calculations can be referred to Bennett et al (2019). To ensure robustness of
the estimated transfer entropy, we conducted bootstrapping (n=50, sample size=5000). We only
report results which are significant at a 99% confidence level according to a shuffled surrogate
test, which compares the transfer entropy of the true time series against the transfer entropy
where the data has been shuffled, removing any temporal correlations (Marschinski & Kantz,
2002).

We conducted this analysis over the largest river basin, the Yukon River at Pilot Station. The
time series of all grid cells located in its confluence area were averaged to get one representative
time series for this region.
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5 Results

In the following section, RASM denotes the coupled model simulation and CTSM denotes the
offline land-only simulation.

5.1 Model evaluation against observational datasets

The simulated historical climate means of precipitation and temperature are shown in Figure 4.
The high-resolution RASM captures the orographic impacts and complex ridge-valley patterns
on the spatial distribution of precipitation and air temperatures. Notably, this modeling effort
also exhibits the spatial heterogeneity of precipitation between the windward and leeward sides
of the Aleutian Islands.
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Figure 4. Simulated mean annual precipitation (a) and air temperature (b) for WY 1990-2021.

Table 3: Spearman rank-order correlation coefficient between RASM and evaluation datasets and median
relative biases across the entire evaluation domain.

Spearman Correlation Coefficient Median relative bias across domain
Annual  Winter  Spring  Summer  Fall | Annual Winter  Spring  Summer Fall
PNWNAmMmet 0.86 0.82 0.79 077 085 | 14.4%  104% 37.2% 8.0% 11.3%
GPCP 0.74 0.73 0.74 056 075 | 16.7%  10.0% 28.8% 20.0% 11.3%
PSME-mean 0.78 0.72 0.73 068 079 | 329% 21.2% 69.4% 21.4%  37.9%
PSME-75prct 0.78 0.72 0.74 067 079 | -21% -114% 274%  -11.0% -0.1%

5.1.1  The spatial pattern and quantify of precipitation are well simulated

The high-resolution RASM well simulates the spatial distribution and quantity of precipitation in
Alaska and the Yukon region. For annual mean precipitation, the Spearman rank-order
correlation coefficients between RASM and the evaluation datasets are 0.86, 0.74, 0.78 for
PNWNAmet, GPCP, and PSME-mean, respectively. The result is comparable to Monaghan et al
(2018) and the high correlation coefficient indicates well-simulated spatial pattern of
precipitation. Across the entire domain, the median relative biases in mean annual precipitation
are 14.4% and 16.7% as compared to PNWNAmet and GPCP respectively (Table 3). When
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compared with the PSME dataset, the RASM simulation falls between the ensemble mean and
the 75 percentile (Table 3). Notably, RASM consistently overestimates precipitation in spring
(March, April, May), the season with the lowest precipitation in Alaska, across all evaluation
datasets (Table 3). Relatively large biases are observed in the southern coastal and mountainous
ranges, where the three observation-based datasets display conflicting biases. Specifically,
PSME and PNWNAmet suggest RASM consistently underestimates precipitation across all
seasons while GPCP consistently indicates overestimation. Furthermore, GPCP shows that
RASM underestimates spring precipitation in the Yukon headwater region and summer (June,
July, August) precipitation in northern coastal region, whereas the PSME and PNWNAmet
indicate the opposite. These inconsistencies highlight the significant uncertainties in precipitation
data for Alaska, which remains a challenge for the scientific community and applications.

Figure 5d presents the distribution of seasonal biases against the 25", 50", 75" percentiles, as
well as the mean of the PSME ensemble. The regional median biases for PSME ensemble means
are 5.17 mm/season, 10.47 mm/season, 12.72 mm/season, 13.79 mm/season for winter
(December, January, February), spring, summer, and fall (September, October, November),
respectively. The regional median biases against the three PSME percentiles are slightly higher
than 0, suggesting that the simulated precipitation has slight wet biases. Among the three
datasets, PNWNAmMmet exhibits the closest resemblance to our simulated precipitation, with
regional median biases of 2.77 mm/season, 6.81 mm/season, 5.06 mm/season, 4.91 mm/season
for winter, spring, summer, and fall, respectively. Additionally, RASM consistently
overestimates precipitation compared to the GPCP dataset, especially in summer season, with
regional median biases of 2.83 mm/season, 5.76 mm/season, 11.74 mm/season, 4.99 mm/season
for winter, spring, summer, and fall, respectively.

PSME PNWNAmet
a Winter Spring b Winter

Spring ) c Winter
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Figure 5. Evaluation of precipitation simulation against three datasets, i.e., PSME (Panels a,d),
PNWNAmet (Panels b,e), and GPCP (Panels c,f). Panels a, b, and ¢ show the spatial maps of mean
seasonal bias. Panels d, e, and f show the distribution of seasonal biases across all grid cells with the
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evaluation domain, with Panel d showing the seasonal biases against the 25" 5ot 75N percentiles and
mean of PSME ensemble. Vertical lines in panels d, e, and f denote median values across all grid cells.
Sub-panels i, ii, iii, and iv denote winter, spring, summer, and fall.

5.1.2  Seasonality of temperature simulation is dampened in RASM

Simulated air temperature exhibits dampened seasonality compared to observations. The coupled
model tends to overestimate winter temperatures while underestimating spring and summer
temperatures. The regional averaged biases for the PSME ensemble means are

1.72°C, -1.74°C, -2.36°C, -0.28°C for winter, spring, summer, and fall, respectively, with the
regional averaged biases against all three PSME percentiles < 0 (Figure 6d). In situ observations
exhibit comparable seasonal biases, with regional averaged biases of 1.99°C, -1.25°C, -0.66°C,
0.59°C for winter, spring, summer, and fall, respectively.

The biases in air temperatures display seasonal and spatial heterogeneities. The significant warm
biases during winters are predominantly observed in the North Slope, southeast interior Alaska,
and the Yukon headwaters (Figures 6a,i, 6b,i). However, the cold biases during summers are
mostly observed in the north and west coast of Alaska. Additionally, the root mean square errors
(RMSE) were calculated for each observational site with the mean value of 3.81°C. It is
noteworthy that the sites with large RMSEs (Figure 6¢) correspond with the sites with large
winter biases (Figure 6b,i), suggesting that the winter warm biases are the primary errors in the
temperature simulations.
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Figure 6. Evaluation of air temperature simulation against PSME (Panels a, d) and onsite observations
(Panels b, c, e, f). Panels a and b show the spatial map of mean seasonal bias. In Panel a, it was evaluated
against PSME ensemble mean. Panels d and e show the distribution of seasonal biases across all grid cells
within the evaluation domain, with Panel d showing the seasonal biases against the 25", 50, 75"
percentiles and mean of the PSME ensemble. Panels ¢ and f show the spatial map and distribution of
RMSE across all observational sites, respectively. Sub-panels i, ii, iii, and iv denote winter, spring,
summer, and fall.
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5.1.3  Snowfall fraction (S/P ratio)

The RASM simulation exhibits the spatial patterns of S/P ratios that generally resemble those
observed in ERAS for each season (Figures 7b and 7c). However, the simulated S/P ratio in
RASM captures more realistic topographic details compared to ERA5 due to its higher spatial
resolution. In addition, the regional averages of seasonal S/P ratios from RASM (ERAD5) are 0.94
(0.94), 0.71 (0.64), 0.07 (0.04), and 0.58 (0.54) for winter, spring, summer, and fall, respectively.
The slightly higher S/P ratio in RASM compared to ERADS likely results from the higher spatial
resolution of RASM, which enables the simulation to account for precipitation falling as
snowfall over high mountainous regions during warm seasons.

5.14

The RASM simulation shows greater variability in E/P ratios compared to ERA5. At the
seasonal level, the regional averaged E/P ratios are similar, with values of -0.02 (0.02), 0.55
(0.58), 0.77 (0.74), and 0.20 (0.20) in RASM (ERADS) for winter, spring, summer, and fall,
respectively. However, there are notable differences in their spatial patterns and distributions,
which can be partially attributed to the discrepancies in spatial resolutions. RASM, with its high-
resolution topography, results in more low-elevation grid cells having higher E/P ratios during
the spring and summer seasons compared to ERAS. This rightward shift in the E/P ratio
distribution can be observed in Figures 8a,ii and 8a,iii. However, the E/P ratios in the north and
western coasts of Alaska are lower in RASM than in ERA5, which cannot be explained by the
discrepancies in spatial resolution.

Evaporation precipitation ratio (E/P ratio)
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Figure 7. Evaluation of simulated S/P ratio against ERA5 dataset. Panel a shows the distribution of mean
seasonal S/P ratio across all grid cells within the evaluation domain for RASM (orange) and ERA5 (blue),
respectively. Panels b and ¢ show the map of mean seasonal S/P ratio for RASM and ERAD, respectively.
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482  Figure 9. Evaluation of RASM streamflow simulation (orange) against USGS observations (red) and

483  streamflow simulation in standalone CTSM optimization (blue)
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Table 4: Summary of streamflow performances using Nash-Sutcliffe Efficiency and Kling-Gupta Efficiency.

NASH SUTCLIFFE EFFICIENCY KLING GUPTA EFFICIENCY NATION | NUMBER OF FREE-
NSE_a NSE_w KGE_a KGE_w FLOWING DAYS PER
Entire period Warm Period All period Warm Period YEAR
RASM | CTSM | RASM | CTSM RASM CTSM RASM CTSM

ILIAMNA 0.49 0.32 0.37 0.14 0.74 0.62 0.69 0.51 usS 230
WULIK 0.17 0.25 -0.34 0.23 0.61 0.61 0.43 0.52 (ON 133
BEAVER 0.51 0.51 0.51 0.51 0.61 0.71 0.61 0.71 Canada
KUPARUK 0.13 0.35 -0.31 0.58 0.26 0.44 -0.05 0.68 us 117
SAGAVANIRKTOK 0.62 0.53 0.21 0.28 0.80 0.75 0.63 0.61 usS 118
MATANUSKA 0.47 0.59 0.30 0.43 0.67 0.72 0.59 0.63 UsS 216
TALKEETNA 0.65 0.55 0.24 0.10 0.79 0.75 0.62 0.59 us 174
KENAI 0.50 0.43 0.30 0.17 0.75 0.62 0.67 0.54 us 242
STEWARD 0.71 0.64 0.71 0.64 0.81 0.78 0.81 0.78 Canada
SUSITNA 0.70 0.61 0.18 0.19 0.80 0.79 0.55 0.60 (ON 162
COLVILLE 0.00 0.47 -0.49 0.57 0.51 0.73 0.29 0.75 usS 132
TANANA 0.61 0.56 0.14 0.07 0.81 0.70 0.60 0.51 us 159
KUSKOKWIM 0.22 0.03 0.05 0.09 0.60 0.55 0.53 0.66 usS 158
YUKON_S 0.58 0.50 0.18 0.55 0.65 0.66 0.50 0.72 (ON 159
YUKON_P 0.60 0.50 0.03 0.55 0.70 0.72 0.40 0.70 us 134
MEDIAN VALUE 0.51 0.50 0.18 0.28 0.70 0.71 0.59 0.63
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5.1.5  Streamflow evaluation

RASM provides generally good historical streamflow simulations with median NSE_a and
KGE_a values of 0.51 and 0.70 across 15 major river basins (Table 4, Figure 9). This
performance is comparable to the streamflow simulations achieved through standalone CTSM
optimization, which yielded median NSE_a and KGE_a values of 0.50 and 0.71, respectively.
Across the 15 basins, the NSE_a values all exceed 0 and KGE_a values exceed -0.41, indicating
that RASM improves upon the mean streamflow benchmark (Knoben et al., 2019). Like Cheng
et al (2023), we adopted a benchmark of daily NSE of 0.5 (Moriasi et al., 2015) and 9 out of 15
basins exceed this benchmark, showing comparable performance to the offline CTSM optimized
simulation (Table 4). Notably, RASM shows improvements in streamflow simulations for 10 out
of 15 basins based on NSE_a and 8 out of 15 basins based on KGE_a. The two exceptions are
Yukon_S and Yukon_P, where RASM has KGE_a values of 0.65 and 0.70 respectively, only
slightly lower than the corresponding KGE_a value of 0.66 and 0.72 obtained from CTSM. To
our knowledge, this type of evaluation and performance may be unprecedented compared to
other large regional land-atmosphere coupled RCM simulations.

Compared to CTSM, the RASM streamflow simulation shows a noticeable decline in
performance during ice-free periods. The median NSE_w and KGE_w values across all 15 river
basins are 0.18, and 0.58, respectively. These values are generally lower than the corresponding
NSE_w and KGE_w values of 0.28 and 0.63 obtained from CTSM. Notably, when compared to
CTSM, RASM exhibits improvements in streamflow simulations during warm seasons for only 5
out of 15 basins based on NSE_w and 6 out of 15 basins based on KGE_w. This highlights the
challenges of translating offline optimization to coupled model problems and supports continued
work towards efficient coupled model optimization and testing.
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Figure 10. Differences between the meteorology simulated by RASM and the meteorological forcings
used for standalone CTSM optimization. Panel a shows the mean monthly streamflow in RASM (yellow)
and CTSM (blue). In Panels b, ¢, d, e, f, and g, sub-panels i, ii, iii, and iv show the mean seasonal
discrepancies between RASM meteorology and CTSM meteorological forcings for winter, spring,
summer, and fall, respectively. Sub-panels v show the mean monthly meteorological variables for RASM
and CTSM.

The overall streamflow quantity was similar in RASM and CTSM, despite RASM having a
slight negative precipitation bias. To examine the impacts of meteorological conditions and
potential biases on streamflow simulations, the largest USGS gaged basin in Alaska, Yukon
River at Pilot Station, was chosen as an exemplar. Both RASM and CTSM show a mean annual
streamflow of 250 thousand cubic feet per second (cfs). However, the precipitation rate used to
force CTSM has a higher regional average value of 540.6 mm/year compared to the simulated
precipitation in RASM, which has a regional average value of 526.0 mm/year. This discrepancy
is particularly evident in July and August. Simultaneously, CTSM simulates higher
evapotranspiration (ET) during warm seasons with a regional average of 289.8 mm/year, higher
than RASM with a regional average ET of 273.5 mm/year. Despite the positive precipitation
bias, the impact of higher ET in CTSM likely compensates for the higher precipitation rate and
contributes to the comparable overall streamflow quantities observed in both models.

A delayed timing of peak streamflow in RASM is primarily driven by later snowmelt compared
to CTSM. In CTSM, the streamflow simulations peak in May with a higher volume observed in
April and May (Figure 10a) when compared to RASM. However, RASM exhibits a later yet
higher peak streamflow volume compared to CTSM. In cold regions, such as our study area, the
primary sources of runoff are precipitation, snowmelt, and glacier melt. From Figures 10e,v and
10f,v, it is evident that the discrepancies in streamflow regimes between RASM and CTSM are
mainly attributed to an earlier onset of snowmelt in CTSM, with precipitation playing a
relatively insignificant role. Additionally, the timing and intensity of snowmelt are significantly
influenced by shortwave radiation, longwave radiation, and air temperatures. Based on Figures
10b,ii and 10c;ii, the spring air temperature and longwave radiation in RASM simulation are
both lower than those used in CTSM. These differences drive a lower snowmelt in RASM
compared to CTSM, contributing to the delayed peak streamflow timing observed in RASM.

5.3 Climate sensitivity

RASM and CTSM exhibit comparable runoff sensitivities to precipitation (6,) and these values
are generally higher than those in ERA5 in 14 out of 15 major river basins (Figure 11). The mean
values of 8, across all basins are 0.70, 0.70, and 0.39 for RASM, CTSM, and ERA5
respectively, indicating that both RASM and CTSM show stronger responses of runoff to
changes in precipitation compared to ERAS. The only exception is the Sagavanirktok River
Basin, where 6, is 0.91 for CTSM, slightly higher than RASM (0.76) and ERA5 (0.90). The
observed mean value of 8, across the same 15 basins is 0.74 (Cheng et al., 2023), indicating
RASM and CTSM more realistically capture the climate sensitivity compared to ERA5. The
lower 6, can be attributed to the underestimated runoff to precipitation ratios (R/P ratio) in
ERAS compared to RASM and CTSM. For instance, across the entire Yukon River Basin, the
R/P ratios in RASM and CTSM are both 0.47, while it is only 0.31 for ERA5. However, in the



558  Sagavanirktok River Basin, the R/P ratio in ERA5 is 0.66, higher than RASM (0.61) and CTSM
559  (0.62).

560

561  Larger uncertainties exist in runoff sensitivities to air temperatures (6) compared to 8,. In

562 RASM, CTSM, and ERAS5, the median absolute value of the correlation coefficient p, across all
563  basins is 0.86, 0.88, and 0.45, respectively. These values are generally higher than the median
564  absolute value of p, which are 0.28, 0.28, and 0.17, respectively. The higher correlation

565  coefficient pp indicates a more reliable response of runoff to precipitation compared to air

566  temperatures.

567

568 ERADS generally exhibits opposite runoff sensitivities to air temperature compared to RASM and
569 CTSM. In ERAS5, 10 basins show negative sensitivity with median values of -0.014

570 mm-day?-°C?, implying higher air temperatures might reduce runoff generation. However, in
571 RASM and CTSM, only three basins show negative sensitivity, with median values of 0.033
572 mm-day?-°C*and 0.038 mm-day*-°C?, respectively. This means that, for a majority of the
573  basins in RASM and CTSM, higher air temperatures are associated with increased runoff. A total
574  of 7 out of 15 basins shows opposite runoff sensitivities between ERA5 and RASM and CTSM.
575 In Cheng et al. (2023), 6, were calculated using observed flows from USGS and the median
576  value of 87 across the same basins is 0.041 mm-day*-°C?, indicating that RASM and CTSM
577  better capture the runoff sensitivity to air temperature compared to ERA5.
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578
579  Figure 11. A climate sensitivity analysis for CTSM, RASM and ERAS5, denoted by blue, orange, and

580  black colors respectively. The x-axis denotes the rate of basin-averaged runoff change with precipitation
581  change (6p), and the y-axis denotes the rate of basin-averaged runoff change with air temperature change
582  (87). In each subplot, the lower left table shows the basin-wide average runoff to precipitation ratio

583  (R/P, %), and air temperature (T, °C).
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5.4  The connectivity among hydrologic and energy fluxes varies among ERA5, CTSM, and
RASM

To better understand process interdependencies in the three model configurations we computed
the pairwise process connectivity with the transfer entropy measure as outlined in section 4.2.
The resulting analysis is summarized in Figure 12 as a chord diagram, which shows the
directional reduction in uncertainty for a variable given some knowledge of another. We say that
processes “receive” more information when the transfer entropy is higher, meaning that the
target variable’s uncertainty is reduced if we know the value of the source variable. It is worth
noting that the widths of the chords between diagrams is not directly comparable because the
total information exchange is normalized by the circular visualization.

In RASM, the three temperature and energy variables, namely air temperature, longwave, and
shortwave radiation, receive more information compared to CTSM and ERAS. Specifically,
these variables receive 9.4%, 4.2%, and 3.0% of the transferred information for all pairs of
selected variables in RASM, CTSM, and ERAS5, as shown in Figure 12. The information
transferred from ASWE and precipitation to longwave radiation is notably stronger in RASM
compared to CTSM. This can be attributed to RASM's ability to account for land feedback to the
atmosphere, explicitly capturing the influence of hydrologic fluxes on the energy balance.

Shortwave radiation and canopy evapotranspiration exchange information in RASM, significant
at 99% confidence level, while these two variables exchange little information in CTSM and
ERADS. The impact of shortwave radiation on canopy evapotranspiration is evident, while RASM
dynamically captures the impacts of canopy evapotranspiration and soil moisture on atmospheric
vapor pressure and therefore cloud formation, which consequently affects the shortwave
radiation. This feedback is not seen in ERA5 or CTSM.

Snowmelt significantly contributes to runoff generation in RASM and CTSM while its
contribution is minimally evident in ERAS. Similarly, precipitation affects runoff in RASM and
CTSM whereas its impact is minimal in ERAS5. These findings suggest that the runoff in ERA5
is predominantly influenced by subsurface processes, with precipitation and snowmelt as two
major surface hydrologic fluxes playing a minor role in direct runoff generation. To investigate
this hypothesis, we partition the total runoff to surface runoff and subsurface runoff. The results
show that in ERAS, surface runoff only contributes to 20.8% of the total runoff. In contrast, in
RASM and CTSM, surface runoff accounts for 83.7% and 80.6% of the total runoff,
respectively. This substantial discrepancy in runoff partitioning explains the variation in process
information transfer to runoff generation.
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T O
ET: evapotranspiration (ET = EVP + ETC) SWE: snow water equivalent SM: soil moisture
ES: soil EC: canopy
evaporation evapotranspiration

Figure 12. Transfer Entropy for ERA5 dataset, CTSM, and RASM. The outer circle is composed of arcs
whose relative lengths correspond to the sum of information received from other sources. The inner
sections are composed of chords, or ribbons, which indicate the direction and magnitude of information
transfer.
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6 Discussion

This study provides a 30-year 4 km historical regional climate simulation and comprehensive
evaluation for Alaska and the Yukon River Basin. This is the first study using CTSM as the land
component in RASM. We evaluated near-surface air temperature and four hydroclimate
variables—precipitation, snowfall fraction, E/P ratio, and streamflow—against multiple
observational datasets, assessing the performance of our RASM configuration for both
hydroclimate and terrestrial hydrology. Specifically, RASM slightly overpredicted mean annual
precipitation with a median relative bias of 14.4% and 16.7% compared to PNWNAmet and
GPCP respectively (Table 3). The high Spearman rank-order correlation coefficients indicate
well-simulated spatial patterns of precipitation (Table 3). Larger biases are observed in the spring
season as well as in specific regions, particularly in the southern coastal mountains, including
Denali, and the northern mountains (Figure 5). The seasonality of air temperature is slightly
dampened in RASM, and the seasonal biases show spatial heterogeneity (Figure 6).
Overestimation of winter air temperature is prominent in the north, southeast interior Alaska, and
the Yukon headwaters while underestimation in summer air temperature is evident in north and
west coasts of Alaska. Compared to ERA5, RASM simulates comparable quantity and
seasonality of snowfall fraction and E/P ratios, and includes complex spatial patterns due to
topography. While streamflow simulation in RASM generally performs well as compared to the
standalone CTSM optimization, discrepancies arise during warm periods because the
meteorology simulated in RASM differs from the meteorological forcing used for CTSM
optimization. Compared to other large regional land-atmosphere coupled regional climate
simulations, the amount of effort focused on surface hydrology simulation and performance
improvement is to our knowledge unprecedented.

Our results highlight a remaining challenge to maintain the fidelity for both hydroclimate and
terrestrial hydrology simultaneously in regional climate modeling. In previous studies,
optimization of regional climate models successfully improved the simulated representation of
the atmospheric water cycle in the pan-arctic region (Wei et al., 2002) and reduced summer
warm biases in Europe (Bellprat et al., 2016). Comparatively, optimization of the terrestrial
hydrologic cycle, especially runoff, is rare. This study, for the first time, incorporates an
objective optimization of land parameters for streamflow and snow in a multi-decadal regional
climate simulation. We show robust model performance as compared to the standalone land
model. We present two precautionary measures to reduce the chance that our land model
optimization deteriorates the coupled model. Nevertheless, the impacts of land parameters on
land-atmosphere interactions, especially the connectivity among hydrologic and energy fluxes,
remain unclear and are worth further investigation.

The runoff sensitivity to precipitation (6,) shows a reliable monotonic relationship, indicating
higher precipitation leads to increased runoff. In the Yukon River Basin, both RASM and CTSM
exhibit a similar 8, value of 0.7 while ERA5 shows a much smaller 8, which is attributed to an
underestimated runoff in ERA5S. Moreover, we found that surface runoff contributes to over 80%
of total runoff in RASM and CTSM, but only accounts for 21% of total runoff in ERA5. The
underestimation of ERA5 runoff in Alaska is likely attributed to an underestimation of surface
runoff.
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The low reliability of climate sensitivity to temperatures may be attributed to the nonlinear
response of runoff generation to temperature changes in cold regions. Runoff generation is
regulated by air temperatures through intricate land processes, including snow accumulation, the
timing and quantity of snowmelt, as well as the partition of precipitation to runoff and
evapotranspiration. With warming, changes in evapotranspiration from soil, canopy, and snow
can offset the influence of increasing precipitation (Newman et al., 2021), leading to larger
uncertainties in runoff generation.

Finally, the two-way interactions between land and atmosphere in RASM are visualized through
the transfer entropy among hydrologic and surface energy fluxes. The model’s feedback from the
land surface to the atmospheres enables it to capture the impacts of hydrologic fluxes on surface
energy variables, resulting in a higher amount of information received by energy variables in
RASM compared to CTSM or ERAS. Despite the presence of limitations, this analysis serves as
an illustration to demonstrate the different connectivity among pairs of hydrologic and surface
energy variables for RASM, CTSM, and ERAS. It is important to note that we only calculated
lag-1 day transfer entropy over the aggregated Yukon basin, but the connectivity between
variables can be strong at different spatial and temporal scales. Furthermore, we used a simple
single-variate approach, and the multivariate process connectivity is not presented in this study.
Last but not least, the spatial aggregation over a large domain smooths the time series that can
affect the connectivity between variables. For example, in ERA5, shortwave radiation and air
temperatures should theoretically affect ET, but it did not show up in this analysis. Future
research could identify timing differences for process connectivity, explore multivariable
approaches, and investigate more effective sampling methods over a large domain to gain a
deeper and more comprehensive understanding and improve model fidelity.
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7  Conclusion

To provide a high-fidelity hydroclimate and terrestrial hydrology simulation for Alaska, we
leveraged offline land model optimization (Cheng et al., 2023) and iterative testing to improve
RASM simulation. We then conducted a multi-decade simulation (1990-2021) at 4 km grid
spacing using the optimized CTSM, which is novel for large domain regional climate modeling.
Our study marks the first coupling of the CTSM land model into RASM. Evaluated against
multiple observational datasets, this simulation well captures the climate statistics and spatial
distributions of five hydroclimate and terrestrial hydrologic variables, including precipitation, air
temperature, snow fraction, evaporation-to-precipitation ratios, and streamflow. Simulated
precipitation shows major wet bias during the spring season and mostly in northern slopes and
mountainous regions. Simulated air temperatures exhibit compressed seasonality with warm
biases in winter and cold biases in summer.

Process oriented analyses reveal the drivers of streamflow discrepancies and process
connectivity between offline CTSM and coupled RASM simulations. Compared to CTSM, lower
spring air temperature and longwave radiation simulated by RASM leads to a slower spring
snowmelt, contributing to a delayed timing of peak streamflow in the Yukon River. In both
RASM and CTSM, higher precipitation generally leads to increased runoff while the relationship
between air temperature and runoff exhibits large uncertainty, which can be attributed to the
nonlinear response of runoff generation to temperature changes in cold regions. In addition, by
utilizing information theory, we assessed the feedback from the land surface to the atmosphere in
RASM by finding a higher amount of information received by temperature and energy variables
in RASM compared to CTSM.
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