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Abstract

Interactions among atmospheric, root-soil, and vegetation processes drive carbon dioxide fluxes (Fc) from land to atmosphere.
Eddy covariance measurements are commonly used to measure Fc at sub-daily timescales and validate process-based and data-
driven models. However, these validations do not reveal process interactions, thresholds, and key differences in how models
replicate them. We use information theory-based measures to explore multivariate information flow pathways from forcing data
to observed and modeled hourly Fc, using flux tower datasets in the Midwestern U.S. in intensively managed corn-soybean
landscapes. We compare Multiple Linear Regressions (MLR), Long-Short Term Memory (LSTM), and Random Forests (RF)
to evaluate how different model structures use information from combinations of sources to predict Fc. We extend a framework
for model predictive performance and functional performance, which examines the full suite of dependencies from all forcing
variables to the observed or modeled target. Of the three model types, RF exhibited the highest functional and predictive
performance. Regionally trained models demonstrate lower predictive but higher functional performance compared to site-
specific models, suggesting superior reproduction of observed relationships. This study shows that some metrics of predictive
performance encapsulate functional behaviors better than others, highlighting the need for multiple metrics of both types. This
study improves our understanding of carbon fluxes in an intensively managed landscape, and more generally provides insight

into how model structures and forcing variables translate to interactions that are well versus poorly captured in models.
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Key Points:

 Information theory measures describe individual and joint causal relationships in
observed versus modeled vertical carbon dioxide fluxes.

« Three machine learning models overestimate unique information from sources at
the expense of synergistic, or pairwise information.

e Regionally trained models have improved functional performance that is not al-
ways captured by traditional predictive performance metrics.
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Abstract

Interactions among atmospheric, root-soil, and vegetation processes drive carbon
dioxide fluxes (Fc¢) from land to atmosphere. Eddy covariance measurements are com-
monly used to measure Fc at sub-daily timescales and validate process-based and data-
driven models. However, these validations do not reveal process interactions, thresholds,
and key differences in how models replicate them. We use information theory-based mea-
sures to explore multivariate information flow pathways from forcing data to observed
and modeled hourly Fe, using flux tower datasets in the Midwestern U.S. in intensively
managed corn-soybean landscapes. We compare Multiple Linear Regressions (MLR), Long-
Short Term Memory (LSTM), and Random Forests (RF) to evaluate how different model
structures use information from combinations of sources to predict Fc. We extend a frame-
work for model predictive performance and functional performance, which examines the
full suite of dependencies from all forcing variables to the observed or modeled target.

Of the three model types, RF exhibited the highest functional and predictive performance.
Regionally trained models demonstrate lower predictive but higher functional performance
compared to site-specific models, suggesting superior reproduction of observed relation-
ships. This study shows that some metrics of predictive performance encapsulate func-
tional behaviors better than others, highlighting the need for multiple metrics of both
types. This study improves our understanding of carbon fluxes in an intensively man-
aged landscape, and more generally provides insight into how model structures and forc-
ing variables translate to interactions that are well versus poorly captured in models.

Plain Language Summary

In an agricultural landscape, exchanges of carbon dioxide between the land and at-
mosphere occur due to photosynthesis and respiration, and depend on weather, soil, and
vegetation conditions. In modeling, predictive performance focuses on the relationship
between observed and modeled outputs, while functional performance considers the re-
lationships between interacting inputs and outputs. We compare several performance
measures for three different machine learning models that simulate sub-daily carbon fluxes.
We look at how drivers such as solar radiation, soil moisture, temperature, humidity, and
rainfall provide information to carbon fluxes, and whether different machine learning mod-
els also capture these interactions. In other words:

Air, soil, and plants drive carbon’s upward path,
Models are detectives, interpreting their math.

With information theory, we map data’s travel courses,
To see how models find or miss carbon’s causal sources.

1 Introduction

The ecohydrologic system constitutes a complex web of interactions between wa-
ter, soil, and vegetation. The exchange of carbon dioxide (CO2) between the land and
atmosphere plays a significant role in the Earth’s surface temperature balance, and is
one of these key process affected by hydrological and ecological feedback (Liang et al.,
2020). In terrestrial ecosystems, the carbon exchange rate is mainly controlled by the
photosynthesis - respiration process. Complex and nonlinear drivers such as meteorol-
ogy, soils, vegetation, and available energy cause vertical carbon fluxes to be highly vari-
able in space and time and challenging to measure and model (Huang et al., 2017; He
et al., 2018; Chen et al., 2020; Dou & Yang, 2018). Several approaches have been devel-
oped to understand current and future terrestrial carbon flux over the past several decades
involving field observations (Falge et al., 2002; Xiao et al., 2011), large-scale remote sens-
ing (Xiao et al., 2019), process-based modeling (D. Wang et al., 2011; Dunkl et al., 2021),
or a combination of these methods (Vetter et al., 2008; Jung et al., 2011). We take a data-
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driven approach to explore the predictability of the net C'Oy exchange rate, also known
as Net Ecosystem CO, exchange (NEE), in agricultural landscapes in the Midwest U.S.
NEE is the net carbon balance between photosynthetic C'O5 gain and respiratory C'Os
losses from plants and animals, and we use Fc as the nomenclature for NEE measured
at an eddy covariance flux tower.

In this system, causal interactions need to be detected to understand interrelated
processes at multiple spatial and temporal scales (Runge et al., 2019; Bollt et al., 2018).
From a modeling perspective, this involves “intervening” in the system and manipulat-
ing model structures, parameters, or inputs, and observing the resulting model behav-
ior relative to observations (Goodwell et al., 2020). Specifically, a causal model evalu-
ation framework should consider dependencies between inputs or source variables and
the target, or the “functional performance” relative to observed interactions (Goodwell
& Bassiouni, 2022; Bassiouni & Vico, 2021; Ruddell et al., 2019). This is particularly cru-
cial for machine learning and deep learning models, where relationships between inputs
and outputs are not transparent. Understanding how these models learn, or fail to learn,
the dependencies we observe in nature to predict an output is vital (Goodfellow et al.,
2016). Meanwhile, predictive performance measures capture features of the relationship
between the observed and modeled target output variable. In this study, we focus on the
functional and predictive performance of data-driven models of hourly Fe.

Information theory (IT) measures, which characterize uncertainty and reductions
in uncertainty based on probability distributions (Cover & Thomas, 2012; Shannon, 1948),
have been employed in various geoscience contexts to measure complexity, dependencies,
and driving or causal mechanisms (Balasis et al., 2013). Previous applications charac-
terized ecohydrological process networks that reveal ecosystem behaviors (Ruddell & Ku-

mar, 2009a; Franzen et al., 2020; Goodwell & Kumar, 2017; Ruddell et al., 2019; Sendrowski

& Passalacqua, 2017). Recent applications of IT-based measures in hypothesis testing
frameworks (Nearing et al., 2016, 2018) and to evaluate the functional performance of
models based on a selection of sources (Sendrowski et al., 2018; Ruddell et al., 2019; Ten-
nant et al., 2020; Moges et al., 2022; Bassiouni & Vico, 2021; Goodwell & Bassiouni, 2022)
have shown great potential to better understand how models capture causal interactions
in various Earth systems. However, these studies tend to consider a small subset of sources
or a single modeled process. In this study, we take a more comprehensive view of com-
plex ecohydrologic models and analyze information flow through the entire model. This
allows for identification of potential sources of model error and insights into the relation-
ships between different components of the model. This can lead to a better understand-
ing of the model’s behavior and performance, and ultimately, more accurate predictions
of ecological and hydrological processes.

ML techniques have shown to be more effective and adaptable relative to mecha-
nistic or semi-empirical model approaches, providing a complementary strategy to pre-
dict carbon fluxes at local to global scales (Dou & Yang, 2018; Dou et al., 2018). Ma-
chine learning (ML) algorithms construct empirical models based on the patterns con-
tained in data and are very data adaptive because no assumption and functional forms
need to be prescribed (Jung et al., 2011). ML has been used for interpolation for gap-
filling carbon flux data and climatic driving factors based on flux tower measurements
(Moffat et al., 2007; Ooba et al., 2006), decreasing the predictive errors of carbon fluxes
from the land surface models (T. Wang et al., 2012), and upscaling carbon fluxes of ter-
restrial ecosystems from site to regional and global scales (Papale et al., 2015). Several
studies similarly indicate the ability of ML to reproduce complex ecohydrological pat-
terns, particularly in relation to flux tower measurements (Q. Zhou et al., 2019; Tramon-
tana et al., 2020; Reichstein et al., 2019). Specifically, Q. Zhou et al. applied a ML ap-
proach to estimate NEE using variables such as the fraction of photosynthetically active
radiation (PAR), leaf area index (LAI), soil moisture, downward solar radiation, precip-
itation, and mean air temperature. Tramontana et al. developed an ANN model to es-
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timate NEE based on the light-use efficiency concept and used a comprehensive dataset
of soil and micrometeorological variables as flux drivers.

While machine learning models tend to make better predictions than traditional
models, they are often not trusted by the hydrologic community due to their black-box
nature (Welchowski et al., 2022). By characterizing information flow pathways and com-
paring models beyond predictive performance, we can gain insights into their process rep-
resentations (Goodwell & Bassiouni, 2022). This is particularly important when using
a certain model to extrapolate in an unknown future climate, where a model with bet-
ter process representations may be more trustworthy to apply to an unseen scenario. In
this paper, we apply our I'T-based model evaluation framework to three ML models, Long
Short Term Memory (LSTM), Random Forest (RF), and multiple linear regression (MLR)
to characterize how these models reproduce observed dependencies in terms of individ-
ual, pairwise and more multivariate interactions to predict sub-daily Fc. Recurrent Neu-
ral Networks (RNN) with LSTM are deep learning models that can successfully learn
long-range temporal dependencies between time steps of sequence data (Hochreiter &
Schmidhuber, 1997a; Sutskever et al., 2014; Kratzert et al., 2018, 2019). Meanwhile, the
RF is a classical ML method that is known for its capacity to handle large datasets, re-
sist the negative impacts of noise and overfitting (Breiman, 2001), and rank the signif-
icance of input variables (Leroux et al., 2017; Meng et al., 2021). RFs have been exten-
sively applied in ecological classification and regression tasks (Meyer et al., 2019; Reitz
et al., 2021; Q. Zhou et al., 2019). We use MLR as a simple model with which to com-
pare the more complex ML models. We develop both locally and regionally trained mod-
els to compare model responses to larger training datasets that span multiple sites.

This paper is organized as follows. Section 2 describes the study site, datasets used,
machine learning model development, and model evaluation. Section 3 presents the re-
sults of MLR, RF, and LSTM models. Section 4 provides a discussion, and Section 5 is
a conclusion.

2 Materials and Methods
2.1 Site Description and Data

The data for this study was collected from multiple flux tower sites in maize/soybean
landscapes in the Upper Midwest Corn Belt. The Goose Creek flux tower in central Illi-
nois (Figure 1a) is part of the NSF-funded Critical Interface Network (CINet) project
(https://cinet.ncsa.illinois.edu/), and collects 15-minute fluxes and meteorolog-
ical variables at a 25m height, along with vegetation and soil properties. The Goose Creek
site has been extensively studied using Lidar topography and high-resolution modeling
of nutrient and carbon fluxes (Yan et al., 2019; Dutta et al., 2017; Woo & Kumar, 2017),
and footprint modeling has been applied to study how landscape heterogeneity influences
evapotranspiration fluxes (Hernandez Rodriguez et al., 2023). For this study, the 15-minute
data was resampled to hourly resolution to match with other sites.

We also use data from 5 maize-soybean rotation sites in the FLUXNET2015 (Pastorello
et al., 2020) dataset (Table 1), which provides over 1500 site-years of quality-controlled
datasets for various landscapes. We used the AmeriFlux version of the hourly carbon
flux data and meteorological variables for sites US-Nel (Mead - irrigated continuous maize
site), US-Ne2 (Mead - irrigated maize-soybean rotation site), and US-Ne3 (Mead - rain-
fed maize-soybean rotation site). These sites are located within 1.6 km of each other at
the University of Nebraska Agricultural Research and Development Center near Mead,
Nebraska. Additionally, we used the hourly measurements of sites US-Brl and US-Br3,
located in adjacent maize and soybean fields in central Jowa. The farming systems, as-
sociated tillage, and nutrient management practices for maize/soybean production at these
sites are typical of those throughout the Upper Midwest Corn Belt.
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Figure 1: (a) At a 25m height eddy covariance flux tower in Central Illinois, observed
fluxes originate from up to a 10km surrounding region, dominated by a patchwork of
maize and soybean fields. (b) Three flux tower sites are located in maize/soybean sys-

tems.

Table 1: Characteristics of flux tower sites. MAT, (°C') is Mean Annual Temperature.
MAP (mm) is Mean Annual Precipitation.

Site ID Name MAT MAP Year Reference

US-Nel  Mead-rrigated contin g 57 700 37 9010.2021 (Suyker, 2022a)
uous mailze

US-Neg ~ Mead-irrigated maize- ) 5o 798 99 9010-2021 (Suyker, 2022b)
soybean rotation

US-Nez  Mead-rainfed maize- 6 1 7e3 69 9010.9021 (Suyker, 2022¢)
soybean rotation

Us-Br1  Brooks Field Site 8.95 842.33 2005-2011 (Prueger & Parkin, 2016a)
10-Ames

US-Brg  Drooks Field Site 8.9 846.6 2005-2011 (Prueger & Parkin, 2016b)
11-Ames

CINet-GC Goose Creek flux 10 900 2016-2020 (Hernandez Rodriguez et al.,
tower 2023)

The forcing variables selected for this study (Table 2) are expected to influence the
dynamics of Fc between the land and atmosphere, through direct or indirect influence
on photosynthesis, respiration, and other biogeochemical processes. Specifically:

e Ta and TS: Soil and air temperatures influence both photosynthetic rates and mi-
crobial respiration. For example, it has been found that plant respiration increases
more than photosynthesis as temperature rises, which indicates that a substan-
tial temperature increase could turn an ecosystem from a carbon source to a sink
(X. Zhou et al., 2012). Meanwhile, other studies have determined that this rela-
tionship is more complex when aspects such as changing rainfall and atmospheric
CO4 concentrations are considered (Drewry et al., 2010a, 2010b; Le et al., 2011).
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Ne2, Ne3, Brl, Br3, GC). Each site is represented by a unique color.
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Table 2: The full suite of variables used in this study.

Variable Description Symbol Unit

Carbon dioxide (CO3) flux Fe umolCOq /m?s
Relative humidity RH %

Air temperature Ta °C

Wind speed wSs m/s
Atmospheric pressure Pa kPa
Precipitation P mm

Net radiation NETRAD W/m?

Incoming photosynthetic photon PPFD * pmol Photons/m?s
flux density

Soil water content (volumetric) — SWC %

Soil temperature TS °C

* PAR: Photosynthetically Active Radiation (umol/m?s) in the CINet-GC site

e RH: Humidity levels can impact plant transpiration and stomatal conductance,
thereby influencing carbon uptake during photosynthesis.

« P and SWC': Water availability affects photosynthesis, and scarcity can lead to
stress conditions, slowing down carbon sequestration.

e PPFD and NETRAD: These radiation variables influence the energy balance and
are related to the amount of light available for photosynthesis, which is a primary
driver for carbon uptake in plants.

o WS: While not a direct factor, wind speed can affect plant transpiration rates, hu-
midity levels, and even the mixing of carbon dioxide in the atmospheric layer.

e Pa: Changes in atmospheric pressure can impact gas exchange rates, indirectly
affecting Fc.

We undertook rigorous data pre-processing (SI section S1) to ensure the reliabil-
ity of our analysis. This involved applying quality control measures to all datasets, and
identifying and removing any outliers or erroneous patterns. We encountered missing val-
ues in some datasets, which we imputed using time series imputation methods. We note
that imputation is based on certain assumptions and can introduce uncertainty, which
is discussed along with the results.

2.2 Model Development and Experimental Design

In this study, we develop three ML models to predict Fc: Multiple Linear Regres-
sion (MLR), Long Short Term Memory (LSTM), and Random Forest (RF). Each of these
models offers unique advantages and capabilities. To ensure efficient learning, all input
driving variables and the output (Fc) data were normalized by subtracting the mean and
dividing by the standard deviation (Minns & Hall, 1996). The output of all ML mod-
els was retransformed using the normalization parameters to obtain the final Fc predic-
tion.
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The setup of ML models necessitates the optimization of hyperparameters, a task
we performed via a combination of grid search and cross-validation techniques. Grid search
encompasses defining a range of possible parameter values and evaluating the model’s
performance for each combination. Cross-validation helps to evaluate the model’s gen-
eralization ability by partitioning the data into training and validation sets. We used a
5-fold cross-validation approach to search over the hyperparameter grid, where the data
were split into 5 subsets of equal size, and each subset was used once for validation while
the remaining 4 subsets were used for training. This process was repeated multiple times
with different partitions to ensure a robust estimate of the model’s performance.

The ML architectures (refer to SI, Table S1) used in this study worked well for all
sites in comparison to observation and were therefore chosen to be applied here without
further tuning. However, a systematic sensitivity analysis of the effects of different hy-
perparameters was not performed in our study and could be explored in more detail in
terms of their effect on predictive and functional performance.

2.2.1 Multiple Linear Regression Model

MLR assumes a linear function of the independent variables to predict the depen-
dent variable. The simplicity, interpretability, and ease of use of MLR make it a popu-
lar choice for many applications. However, it assumes a linear relationship between the
dependent and independent variables and is sensitive to outliers and multicollinearity.
In our study, MLR provides a baseline for comparison with the more complex RF and
LSTM models. We adopted the Ordinary Least Squares (OLS) method for model fitting,
which optimizes the model by minimizing the sum of the squared residuals.

2.2.2 Random Forest Model

The Random Forest (RF) model is a powerful ensemble learning algorithm that gen-
erates predictions by combining the outputs of multiple decision trees. Each of these trees
is constructed using a randomly selected subset of the features and data samples, which
helps to prevent overfitting. The final prediction is then derived by averaging the out-
puts from all the trees. In a decision tree, each node represents a feature in our data, each
branch represents a decision rule, and each leaf represents an outcome. The root node,
the topmost node in a tree, corresponds to the best predictor. Decisions are made by walk-
ing down the tree from the root to a leaf node.

The RF model is highly regarded for its accuracy, resilience to noise and outliers,
and its ability to handle high-dimensional data with nonlinear relationships and miss-
ing values (Breiman, 2001), making it a suitable choice for our study to predict Fe. How-
ever, due to its complexity, interpreting the model can be challenging, and the compu-
tational cost can increase significantly with the number of trees in the forest. The per-
formance of the RF model is significantly influenced by the fine-tuning of hyperparam-
eters. The n-estimators (set to 100 in this study) parameter represents the number of
trees in the forest and a trade-off between computation time and model performance. The
max-depth parameter (set to 9, total number of features) controls the complexity of the
model, playing a crucial role in preventing overfitting. The max-features parameter (set
to 3), denoting the number of features to consider at each split (the maximum depth of
each tree), can significantly impact the model’s performance and is typically set to the
square root of the total number of features. It is also worth noting that the random-state
(set to 42) parameter ensures the consistency and reproducibility of our results.

2.2.3 Long Short Term Memory Model

LSTM is a specialized form of the Artificial Recurrent Neural Network (RNN) ar-
chitecture, which is designed to remember long-term dependencies in sequential data. This
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capability is achieved through a unique arrangement of memory cells and three types of
gates: the input gate, output gate, and forget gate. These components work together to
selectively retain or discard information over time, making LSTM particularly adept at
time-series prediction tasks (Hochreiter & Schmidhuber, 1997b). We choose LSTM for
its capacity to model temporal dependencies in time series data, a vital characteristic
for accurate carbon flux prediction. We operate the LSTM in sequence-to-sequence mode,
in which any length of input sequence generates an equally long output sequence. We
chose a constant sequence length of 12 hourly time steps. This is based on the diurnal
cycle of environmental patterns, including temperature and light, that significantly af-
fect Fe (Figure 2).

The design and training of LSTM models necessitate careful selection of various
parameters. These include the number of layers in the network, the number of hidden
units per layer, the learning rate, and the sensitivity of back-propagation to residuals be-
tween predicted and observed outputs. Additionally, the presence or absence of dropout
layers, which help prevent overfitting, must be considered. To find an optimal model ar-
chitecture, we conducted a series of experiments at different sites, manually adjusting
different architectures (e.g., one or two LSTM layers or 5, 10, 15, or 20 cell/hidden units).
The chosen architecture consists of a two-layer LSTM network, with each layer having
a cell/hidden state length of 9, as number of driving source variables (Table 2). Dropout
layers are added between the LSTM layers to prevent overfitting (Srivastava et al., 2014),
and a regression layer with a single unit is added for the target variable (Fc).

During the training of LSTMs, each iteration step typically works with a subset
(called a batch or mini-batch) of the available training data. In our case, the batch size
is defined to be 128, and each sample in the batch consists of the F'¢ value and the driv-
ing variables of the 12 preceding time steps. The loss function, calculated as the aver-
age of the Mean Squared Error (MSE) of simulated and observed Fc of these 128 sam-
ples, is computed in every iteration step. For faster convergence, it is advantageous to
have random samples in one batch. In traditional ecohydrological model calibration, the
number of iteration steps defines the total number of model runs performed during cal-
ibration. The corresponding term for neural networks is called an “epoch”, which is de-
fined as the period in which each training sample is used once for updating the model
parameters. For instance, if the dataset consists of 1000 training samples and the batch
size is 10, one epoch would consist of 100 iteration steps.

2.2.} Ezxperimental Setup

Our experimental design involves two main experiments aimed at evaluating the
performance of our ML models in predicting Fe.

Local models for each site: This experiment tests the general ability of our MLMs

to predict Fc at individual sites. We trained separate models for each site (Table 1) us-
ing the first 80% of the studied years as training data and the last 20% of studied years
as the testing period. This resulted in six separately trained networks, one for each site.

Regional model: We train a regional model on a large dataset with data from all sites,
to learn general patterns and relationships between input and output data. In this, we
grouped all sites for the definition of the study region and used the combined data of 80%
randomly selected for the entire period of all sites. We then test the model on each of
the sites separately. The regional experiment is motivated by the idea that deep learn-
ing models perform better when trained with large amounts of data (Hestness et al., 2017;
Schmidhuber, 2015) and regional models could be a potential solution for prediction in
sites without flux tower measurements (Hrachowitz et al., 2013; Sivapalan, 2003). Hav-
ing a large training dataset allows the model to learn more generalized and abstract pat-
terns and relationships between input and output data. For instance, if two sites behave
similarly, but one lacks high precipitation events or extended drought periods in the cal-



300

301

302

303

304

305

306

307

308

309

310

311

312

313

314

315

316

317

318

319

320

321

322

323

324

325

326

327

328

329

330

331

332

333

334

335

ibration period, while having these events in the validation period, the ML model can
learn the response behavior to those extremes and use this knowledge in the first site.

2.3 Model Evaluation Framework

We gauge model performance both in terms of predictive accuracy and ability to
encapsulate functional relationships. In this context, we consider two types of performance
measures: predictive performance, which assesses the model’s ability to accurately pre-
dict outcomes, and functional performance, which evaluates the model’s ability to cap-
ture the underlying functional relationships between variables (Nearing et al., 2020; Good-
well & Bassiouni, 2022; Bassiouni & Vico, 2021). Predictive performance metrics include
quantitative measures of the discrepancy between the model’s predictions and the actual
values, while functional performance can be assessed using various methods, including
sensitivity analysis, partial dependence plots, and information-theoretic measures. We
use a combination of several predictive and functional performance measures to evalu-
ate the performance of ML models at different granularities.

2.3.1 Predictive Performance

We use Nash—-Sutcliffe Efficiency (NSE) (Nash & Sutcliffe, 1970), Kling-Gupta Ef-

ficiency (KGE) (Gupta et al., 2009), and Shannon Entropy (H) (Shannon, 1948), an information

theory (IT)-based measure to evaluate model predictive performance. Both NSE and
KGFE are widely recognized in hydrology for their effectiveness in assessing the quality
of modeled predictions in relation to observed data. On the other hand, the entropy met-
ric quantifies the uncertainty inherent in the model’s predictions relative to observations.
These metrics provide different perspectives on prediction errors.

The NSE is a normalized statistic that quantifies the relative magnitude of the resid-
ual variance, often referred to as “noise”, in comparison to the variance of the measured
data, or “information” (Nash & Sutcliffe, 1970). It is computed as follows:

o iy = 8)?
NSE(.9) = 1= S (g2 o

where n is the number of observations, § is the mean of modeled values and y; and §;
are the observed and modeled values, respectively. The NSE ranges from —oo to 1. An
NSE of 1 signifies a perfect match between modeled and observed data. An NSE of 0
indicates that the model’s predictions are as accurate as the mean of the observed data.
A negative NSE occurs when the observed mean is a better predictor than the model.

The KGE is defined by the following equation:

KGE(y,5) =1—/(r(y,9) — 1)>+ (a(y, 9) — )2 + (B(y, ) — 1)2, (2)

where r is the Pearson correlation coefficient between the observed (y;) and modeled val-
ues (¢;), defined as:

) = DD D)
Vi = 1 - 92— )2

Here, n is the number of observations, and 7 and ¢ are the mean of observed and mod-
eled values, respectively. The variability ratio, «, is the ratio of the standard deviation
of modeled values (o) to observed values (o). 3, the bias ratio, is the ratio of the mean
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of modeled values () to observed values (g). Similar to NSE, KGFE values range between
—oo and 1, where 1 represents a perfect fit.

The NSE and KGE can be more or less suitable depending on the characteristics
of the data and the objectives of the model (Knoben et al., 2019). NSFE is based on the
mean squared error and is particularly sensitive to the ability of the model to reproduce
the variance of the data around its mean. Consequently, a model’s consistent over- or
underestimation can influence the NSE value. If the model consistently over- or under-
estimates the data, this will strongly affect the NSE. On the other hand, KGFE also in-
cludes the correlation between observed and simulated data in addition to bias and vari-
ability. This enables KGE to adeptly identify patterns of over- or underestimation. More-
over, the breakdown of the KGF into its components can provide valuable insights into
the model’s strengths and weaknesses. A model might have a high KGE, but a low NSE
if it reproduces the overall dynamics of the data (which KGE assesses) well but fails to
capture the variance around the mean (which NSE emphasizes) accurately. Conversely,
a model might have a high NSE, indicating a good reproduction of the observed data’s
variance, but a low KGFE if there are biases or variability issues.

IT is based on Shannon Entropy (Shannon, 1948), H(X) = — > p(x) log, p(x),
where p(x) is a probability distribution function (pdf). H(X) is a measure of uncertainty
of the random variable X, or the missing information that would lead to its full predictabil-
ity. Here we consider the normalized difference in entropy between observed and mod-
eled Fc as another predictive performance measure:

H(chod)

Ay =1—
H H(Fcops)

Ap indicates how well the model captures the uncertainty that exists in the observed
Fc and it ranges from —oo to 1. The values of Ay = —oo0 never occurs in this case
as H(Fcops) # 0. Ag = 0 represents the “best” performance where the model ex-
actly replicates the observed uncertainty. Positive values of Ay indicate that the mod-
eled entropy (H(F¢pmeq)) is lower than the observed entropy (H(Fcops)). In other words,
the model output is less uncertain, or more predictable, than the observed data. Con-
versely, negative values of Ay indicate that the model’s outputs are more uncertain than
the observed data. To compute pdfs, we discretize observed and modeled variables in
N = 100 equally sized bins spanning the minimum and maximum values of observed
output data.

2.3.2 Functional Performance

We also use IT to quantify the information shared between forcing variables, model
outputs, and observations, which can be interpreted as a measure of the model’s func-
tional performance (Nearing et al., 2020). This perspective shifts the focus from uncer-
tainty quantification to information quantification. We explore how various model types
use information from driving variables (Table 2) to predict an output, or “target” vari-
able, which here is Fc. The functional performance of a model indicates the extent to
which this information use is similar to or different from observed dependencies. We take
a multi-level IT-based approach to evaluate the functional performance of our models.
We will characterize complex process linkages between forcing variables or other avail-
able information sources and Fc to assess the model’s ability in capturing the relation-
ships between the driving variables and the target variable. We consider functional per-
formance at several different levels, specifically for individual source-target relationships,
pairs of sources, and all combinations of sources, or the whole model level.
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For an individual source (X, here a forcing variable), and target (Y, here Fc), we
consider reductions in uncertainty, or gains in information, in the form of mutual information
as follows:

1Y) = X oo togs ( FE0) — (x) - H(xIY) 5)

where I(X;Y) measures the reduction in uncertainty Y given the knowledge of X with
units of bits. I(X;Y) is symmetric with respect to X and Y, and for independent vari-
ables, I(X;Y’) = 0, while for fully dependent variables, I(X;Y) = min[H(X), H(Y)].
In other words, mutual information is upper bounded by the minimum uncertainty of
variables involved. We calculate functional performance for individual sources based on
mutual information as follows:

I(X;Z) = IE;X;ZZ)) o
Af7MI —1_ In(X;FCmod)

In(X; Fcobs)

where I,,(X;Y) is the normalized MI, H(Z) is the the entropy of the target variable (Fc),

I, (X; Feops) and I, (X; Fepoq) are normalized MI of observed and modeled target vari-

able (F'c¢) respectively. This captures the extent to which modeled mutual information
matches that of the observed target variable. Ay asr value close to zero represents the
“best” performance where the model most closely replicates the observed mutual information.
This can be used to assess how a model may be overestimating (negative Ay prr value)

or underestimating (positive Ay arr value) the influence of certain drivers, and identify

the most important drivers to include in a model.

In a more multivariate context, transfer entropy (TE) and partial information de-
composition (PID) have been used to characterize interactions at different scales (Goodwell
et al., 2020). TE (Schreiber, 2000) is a specific instance of conditional mutual information,
which quantifies the information transferred to a target, Y;, from a sequence of histor-
ical states of another variable, given the knowledge of its own past states. In hydrologic
modeling research, TE has been used to validate and diagnose missing process connec-
tions in a delta model (Sendrowski et al., 2018), evaluate a multi-hypothesis ecohydro-
logical modeling framework (Bennett et al., 2019), select time aggregations and lags to-
ward ML applications (Tennant et al., 2020), and characterize the functional performance
of a multi-layer canopy model (Ruddell et al., 2019). However, a TE-based analysis only
highlights pairwise causal connections and does not address the feature of joint or simul-
taneous forcing from multiple drivers. Instead, we use PID to to characterize joint in-
fluences from multiple source variables to a target (Williams & Beer, 2010; Goodwell et
al., 2020). For example, previous studies have compared how stomatal optimization mod-
els respond to soil water supply and atmospheric demand (Bassiouni & Vico, 2021), how
simple to complex models behave under different source dependencies (Goodwell & Bassiouni,
2022), and stomatal model representations of physiological limits on transpiration (Hawkins
et al., 2022). We consider two sources, or model forcing variables, that provide information
to a target variable, which could be an observation or a model output. In a system where
two sources share information from X and Y with a target Z, the total information quan-
tity, I(X,Y; Z), can be partitioned into synergistic (.9), unique (U), and redundant (R)
components. This partitioning is as follows:

I(X,Y;Z):SX7Y+RX,Y+Ux‘Y+Uy|X (7)
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Here, Sx y is synergistic information or joint information that is provided only when both
sources are known together. Rx y is redundant information or overlapping information
that both sources provide individually. Ux|y and Uy |x terms indicate unique information
that individuals influence when one source provides information that is not provided by
the other. We use a partitioning method described in Goodwell and Kumar to obtain
these components of the total information (refer to SI section S2 for more details). We
normalize components by dividing each by the total mutual information I(X,Y; Z), such
that all information components add up to 1, and a given component indicates the frac-
tion of reduced uncertainty in Z that can be attributed to that information type. These
IT-based measures R, U, and S characterize different types of causal relationships be-
tween variables. They are particularly useful to interpret multivariate interactions, such
as the Fc-related processes of interest here.

For computing mutual information and information partitioning components, we
used different number of bins, based on the range of observed and modeled data (i.e., the
difference between the maximum and minimum values). We calculated the number of
bins for the model by taking the ratio of the range of the model to the range of the ob-
servation, multiplied by the number of bins in the observations (N = 100). This method
effectively scales the number of bins based on the relative range of the model and observed
data, with the assumption that a wider range would need more bins to capture the data
distribution effectively. We compute statistical significance of observed or modeled IT
measures using a shuffled surrogates approach (Ruddell & Kumar, 2009b). Details on
these methods are provided in SI, Section S3.

We use PID to calculate the pairwise functional performance in terms of redundancy,
synergy, and unique information and “overall” information partitioning for a given pair
of sources. We consider the pairwise functional performance as the relative difference in
an information flow measure for modeled versus observed data, separated into different
components related to information partitioning measures S, R, and U, (Equation 7), re-
spectively as Ay g, Ay r, and Ay y (Goodwell & Bassiouni, 2022). For example:

Ags,; = S(Xi, Xj5 Zmoa) — S(Xi, X5 Zops);  for i #j (8)

where X; and X; indicate two source variables. The same concept applies for R. For unique
information, we consider the sum of the two unique components (Ux+Uy). A positive
value indicates that the model overestimates a particular component at the expense of

a different information type. The partitioning functional performance for a pair of sources
is defined as the sum of the absolute values of the three pairwise measures as follows:

Af,IPGTti,j = |Afxsi,j‘ + |Af;Ri,j| + |Af7Ui,j| (9)

This measure ranges from 0, for a model that exactly reproduces the observed information
components, to 2, for a model that entirely substitutes one type of information for an-
other or a combination of other information types. For instance, if the observed system
shows that U = 1 (all information is unique), but a model system estimates S = 1 (that
all information is synergistic), this leads to Ay s = 1, Ay y = —1 and Af rpare = 2.
While the individual source level identifies how the ranking of modeled variable impor-
tance differs from observations, this pairwise level identifies how the model is interpret-
ing information provided by combinations of sources.

At the highest “whole model” level of analysis, we calculate average overall func-
tional performance across all individual (Ay arr) and pairs of sources (Ay rpart) as fol-
lows:
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Af MI ot = Lizi( n| f7ML'|)7 (10)

and

2?211 Zn:i+1(2 - Af,IpaTti.j)
Af,]part,tot = J (n2 — n) —, (11)

where n is the number of source variables. Ay a1 10¢ ranges from —oo to 1 and Ay rpart,iot
ranges from 0 to 2. We note that these measures are the originally defined individual and
pairwise performance measures subtracted from 1 or 2, in order to align higher values
with “best” model performance. In other words, a value of 1 (or 2 for Ay rpart tot) NOW
corresponds to a perfect match of modeled values to the observed data (Table 3). This
level of functional performance metrics gauges the model’s overall ability to replicate the
observed interactions. Figure 3 and Table 3 indicate the different levels of functional and
predictive performance analysis.

Table 3: Summary of predictive and functional performance metrics.

Metric Range Best Per- Eq. Description
formance No.

NSE -00 to 1 1 1 Nash-Sutcliffe Efficiency (predictive)

KGE -00 to 1 1 2 Kling-Gupta Efficiency (predictive)

Ay -0 to 1 0 4 Normalized difference in entropy be-
tween observed and modeled (predic-
tive)

Af mr -oo to 1 0 6 MI difference for individual source
(functional)

Ags, iy AfRi -1to1l 0 8 Information partitioning components

Ay difference for a pair of sources (func-
tional)

Af Ipart; ; 0to2 0 9 Overall information component differ-

ence for a pair of sources (functional)

Af M tot -ooto 1 1 10 Average functional performance of in-
dividual source level across all driving
sources

Af Ipart.tot 0to2 2 11 Average functional performance

across all pairs of sources for overall
information partitioning

3 Results
3.1 Predictive Performance

NSE and KGFE values are higher for local relative to regional training across all
ML models and sites (Figure 4a). This implies that local training allows the models to
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Figure 3: Illustration of functional and predictive performance. Nodes represent driving
sources and target variables, and arrows represent different levels of functional perfor-
mance. Predictive performance (NSE and KG and Ap) measure agreement between
observed and modeled values (Equations 1, 2, and 4). Blue, red, and green links show
relationships that can be captured by functional performance metrics at different levels
(Table 3).

better capture certain characteristics of each site. The regional model performance may
stem from the limitations of this study, mainly a relatively small number of sites and site-
years. A more extensive dataset encompassing multiple sites over varied temporal spans
may provide the model with a broader range of conditions and variability, enabling it

to generalize more effectively.

Meanwhile, we find that the Ay of local models is higher than that of regional mod-
els (Figure 4b). A negative Ay occurs when H,,0q > Hops. This means that regional
models actually introduce greater variability or uncertainty in Fc relative to observations.
It is important to note that a negative Ay does not indicate “inferior” performance, since
values close to zero represent “best” performance where the models reproduce the ob-
served H(F'c¢). While regional models over-estimate uncertainty in Fe, locally trained
models underestimate uncertainty to a similar degree (Figure 4b).

When comparing performances of the three different models, RF (square markers
in Figure 4a) consistently exhibits higher NSE and KGE values across all sites and both
training experiences. This indicates the robustness of the RF model irrespective of the
scale of the training data. Moreover, RF generally performs well in capturing the uncer-
tainty in the observed Fc¢ in both local and regional scales (square markers, Figure 4b).
RF models have the best Agy performance for both regional and local models, indicat-
ing their ability to replicate the observed entropy of Fe.

MLR (circle markers in Figure 4) performance varies highly between sites. For some
sites, the NSFE values are very low, especially for regional training, suggesting MLR does
not capture the specific behaviors of those sites effectively. The negative NSE values in-
dicate that a mean predictor would have been better for most sites. Meanwhile, KGE
values fall closer to the 1:1 line of Figure 4a, indicating that the KGE metric does not
distinguish as many differences between regional and local training. Similarly, Ay for
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Figure 4: Predictive performance, (a) NSE (filled markers) and KGE (empty markers),
and (b) the normalized difference in entropy between observed and modeled values (Ag)
of three different models (MLR, RF, and LSTM, marker shapes) trained on local and
regional data for six different sites (Table 1). Colors denote sites. The 1:1 line indicates
equal performance for local and regional models.

the MLR model has the most spread between the study sites. For Nebraska sites (Nel,
Ne2, and Ne3), MLR has negative Ay values, which suggests that MLR model’s outputs
for these sites are more uncertain compared to the observed data. On the other hand,
MLR for the other sites show positive Ay values.

LSTM (triangle markers in Figure 4a) results in NSE and KGE values between those
of RF and MLR. For some sites, performance is close to that of the RF. This suggests
that LSTMs can model temporal patterns at individual sites to some extent, and is al-
ways better than a mean predictor, but it never outperforms the RF model given the same
training data. Given that LSTMs can model temporal sequences, the varied performance
suggests that while some regional patterns are temporal, others might be non-sequential.
We also find similar behaviour for LSTM as RF in capturing the entropy of observed Fe,
except for more variability between sites. When models are trained locally, LSTM mod-
els tend to produce outputs that are less uncertain, or more predictable, than the observed
data (A > 0). When models are trained regionally, LSTM outputs are more uncer-
tain than observations. This difference between local and regional training for both LSTM
and RF indicates that the regional training enables the model to produce more variable
outputs, while local training leads to a more restricted range of Fec.

3.2 Functional Performance

At the individual and pairwise level, we focus on a single site, Nel, as the site with
the highest predictive performance and few gaps in forcing variables (WS and NETRAD).
Other sites show similar patterns in mutual information and information decomposition
measures, and we present full results for these in the Supplementary Information (SI Fig-
ures S3-518).

3.2.1 Individual Source Level

Each variable is ranked based on the average observed M1 across all sites (Figure
5a, black line). TS and Ta share the most information with Fe, indicating a strong de-
pendence on fluctuations in both air and soil temperatures. The next variables that share
information with Fc¢ are radiation variables, NETRAD and PPFD. Meanwhile, precip-
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530 itation (P) is a very weak predictor of Fe, which is expected since sub-daily precipita-

531 tion contains many zero-values, leading to low entropy. Instead, we see that SWC' shares
532 more information with Fc, indicating that moisture available to roots and soil is impor-
533 tant. Meteorological variables Pa, RH, and WS are relatively weak individual predictors.
534 Models either overestimate or underestimate these mutual information values, resulting
535 in a different ranking of variables for each model type (Figure 5a).

536 We use Af pr to assess the extent to which mutual information matches with the
537 observed target variable at Nel site (Figure 5b) and at other sites (SI Figure S3-S6). Higher
538 absolute Ay ps; values suggest that the modeled value is far from the observed value. If
539 Ay m1 is negative, the model overestimates the mutual information of observed Fe (an
540 overly deterministic model), and if Ay as is positive, the model underestimates observed
51 mutual information (an overly random model).

542 The MLR model tends to underestimate mutual information (positive Ay psr) for

543 TS, Ta, SWC, Pa, WS, and P while overestimating for NETRAD, and PPFD, particu-
544 larly for local training (Figure 5b, blue circles). MLR also shows the largest spread in

545 over and underestimates of mutual information. The LSTM model for local training has
546 a negative Ay psr for the most relevant drivers, but this is improved under regional train-
547 ing (Figure 5b, green triangles). The RF models closely replicate observed mutual information
548 for both regional and local training (Figure 5b, red and orange squares). This highlights
549 the power of RF in capturing the intricacies and dependencies within Fc regardless of

550 the scale of the training data. Here we discuss the model representation of individual forc-
551 ing variables.

552 e TS, Ta: While local and regional MLR model greatly underestimates the influence
553 of temperature variables, the locally trained LSTM model overestimates it to a

554 similar degree. In other words, the local LSTM model correctly identifies these

555 as top sources of information to Fc, but to a more extreme degree, while the MLR
556 models do not consider temperature as a top source.

557 * NETRAD and PPFD: For local MLR, Ay arr is large and negative, indicating that
558 the model overestimates the influence of radiation variables, and interprets them

559 as the most important forcing variables instead of temperatures. However for the

560 regional MLR, Ay pr; is close to zero, indicating that the regional model mitigates
s61 this over-estimation. The only model that slightly underestimates mutual information
562 from these variables is the regionally trained LSTM.

563 e SWC and P: Precipitation is a very weak driver according to both observations

564 and models (Figure 5a), but models nearly always underestimate mutual information.
565 They also underestimate information from SWC, except for the regionally trained
566 LSTM. This indicates that models may lack sensitivity to moisture variability.

567 o WS: Across all models, the Ay a; values are fairly consistent, small, and positive,
568 indicating all models slightly underestimate the influence of wind speed.

560 e Pa and RH: The locally trained MLR model shows the worst performance in terms
570 of both over and under-estimating information from these variables.

571 These patterns are similar for other sites and under regional training (SI Figures

572 S3-S6). This consistency suggests that the observed MI behaviors are not merely site-

573 specific but possibly representative of broader environmental interactions. The key take-
574 away is that all models overestimate the influence of certain drivers at the expense of

575 others, but to different degrees. This understanding can be useful to refine models or test
576 the sensitivity of certain drivers. However, this level of analysis may omit drivers that

577 provide information jointly rather than individually.
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Figure 5: (a) Normalized mutual information (I,,) and (b) functional performance for
individual variables (Af arr), Equation 6, for Multiple Linear Regression (MLR), Random
Forest (RF), and Long Short-Term Memory (LSTM) models, under local and regional
training at Nel site. Each variable is ranked (order on x-axis) based on the average ob-
served M across all sites (black line).
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578 3.2.2 Pairwise and Model Level

579 In the observed data, most variable pairs provide synergistic () or unique information
580 (U) to Fe (Figure 6a-c). The only pairs that provide a large fraction of redundant information
581 (R) are closely related pairs (Ta, T'S) and (PPFD, NETRAD). However, we note that

582 their redundancy is still less than 0.5 as a fraction of total information, and the other

583 half of the information they provide is U. Precipitation (P) provides the most U when

584 paired with other variables (Figure 6¢), but as found in the previous analysis of individ-

585 ual sources, the actual amount of information it provides is very small due to its low en-

586 tropy. Meanwhile, Ta tends to provide the next highest fraction of U when paired with

587 other sources, while RH and WS to provide S along with other sources. In general, re-

588 gardless of the amount of information that sources provide, here we find that they mainly
589 provide unique and synergistic information types.

590 All models tend to underestimate S (negative Ay g, Figure 6d,g,j) for most vari-

501 able pairs, at the expense of overestimating U (positive Ay 7, Figure 6f,i,l). For exam-

502 ple, in the MLR model, RH greatly underestimates S and overestimates U when paired

503 with other variables (Figure 6d,f). While the underestimation of synergistic relationships

504 is widespread, the overestimation of redundancy only tends to occur for the most cor-

505 related variable pairs, specifically (Ta, TSS) and (PPFD, NETRAD). This indicates that

596 models rely excessively on these correlations, which results in an overemphasis in R. In

507 other words, the observed relationship between these variables is not as redundantly in-

508 formative for Fc as the model predicts, but they are instead more unique predictors.

599 Essentially, depending on the variable pair, the model either uses information uniquely
600 where observations show a synergistic type of relationship, or uses information redun-

601 dantly where observations show both unique and redundant contributions. The MLR

602 model shows the largest trade-off between S and U partitioning performances (Figure

603 6d,f), followed by LSTM. Meanwhile, MLR is the only model that does not overestimate
604 R provided by (Ta, TS), and in fact captures all information types accurately for this

605 pair. However, we note that this MLR model also greatly underestimates the individual

606 information components shared by each of these variables to the target (Figure 5). In

607 other words, the MLR model greatly underestimates the importance of these tempera-

608 ture variables as predictors of Fc¢, but does reflect the mechanism by which they jointly

609 provide information.

610 While broad patterns in information decomposition components are similar between
611 models, there are several differences. For example, consider the (SWC, Ta) pair (bottom
612 corner in all Figure 6 panels). For MLR, the information components are reproduced fairly
613 accurately. For RF, U is overestimated at the expense of S to a minor degree. For LSTM,

614 this occurs to a higher degree and R is also slightly overestimated. Meanwhile the MLR
615 model greatly overestimates U from the pair (RH, NETRAD) at the expense of S, while

616 the other two models have a similar but less extreme pattern.

617 When we consider the combined partitioning performance, Ay rper¢ for each vari-

618 able pair, the RF model has the best model performance, as it shows more A¢ rpqr+ val-

619 ues close to zero (Figure 7). The MLR shows the most variability between pairs of sources,
620 such that some pairs have very good functional partitioning performance and others have
621 values of Ay rpare greater than 1, indicating that over half of the information decompo-

622 sition is misrepresented by the model. RH, NETRAD, and PPFD have particularly poor
623 functional performance when combined with other sources for the MLR model. The LSTM
624 model also has lower functional partitioning performance relative to RF, but behavior

625 is more even between pairs of variables. Precipitation (P) always has the best functional
626 performance when paired with other variables, but it is the weakest source and provides

627 very little information regarding F'c for either models or observations.
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628 When we consider other sites (SI Figures S7-S12), we find similar patterns in pair-

629 wise functional performance, specifically the overestimation of U at the expense of S and
630 overestimation of R for correlated source pairs. However, we find that regionally trained
631 models diminish some of the issues observed in the localized models. The broader dataset
632 that regional training offers seems to provide a more balanced representation, allowing

633 models to discern patterns beyond local-specific interactions. The regional model also

634 corrects the balance between synergy and unique contributions, leading to a more accu-
63 rate representation of how these variables interact. This trend is especially evident in

636 the LSTM model, which demonstrates enhanced functional performance under regional

637 training (SI Figures S13-S18). In terms of site differences, we find that regional LSTM
638 model has the best model performance at Nel and Ne3 sites and RF model has the best
639 performance among other sites.

640 When we calculate average overall functional performance at individual level (A¢ arr tot),
641 we find patterns that are similar to the average pairwise functional performance (A ¢ rpart,tot)
642 (Figure 8). Specifically, local RF models perform slightly better than regional RF mod-

643 els on the individual level, while regional MLR and LSTM models generally perform bet-

644 ter than the local models (Figure 8a). However, at the pairwise level, regional models

645 consistently outperform their local equivalents (Figure 8b). This contrasts with trends

646 observed in the predictive performance metrics (Figure 4), where local training led to

647 higher NSE values relative to regional training.

648 Among all models, the RF model demonstrates the best performance, both at in-

649 dividual and pairwise levels (square markers in Figure 8). For individual sources, local

650 RF models have better performance than the regional models. But when considering pair-
651 wise relationships, the regional RF model shows superior performance. On the other hand,
652 the MLR model exhibits the lowest performance values at the individual level but per-

653 forms more similarly to LSTM when considering pairwise relationships. The regional LSTM
654 model also shows good performance at both the individual and pairwise levels. However,
655 the performance of the local LSTM model varies more across different sites at the indi-

656 vidual level, while the pairwise performance is more consistent for the regional model.

657 This analysis highlights that changes in one aspect of functional performance do not nec-
658 essarily translate to similar changes in other aspects.

659 3.3 Relationship between Predictive and Functional Performance

660 The relationship between predictive performance and functional performance pro-

661 vides insights into how a model balances replicating the observed data and its ability to

662 capture observed relationships. As an illustration, we first focus on two key metrics: the
663 KGE, representing predictive performance, and the A¢ rpart tor, indicating functional per-
664 formance (Figure 9). For the 6 sites, two training types, and 3 model types, we have 36

665 total model runs for this comparison. All models show higher functional performance

666 under regional training, but differences in KGE are on a site-by-site basis. The Nel site
667 tends to be the highest performing site for all models in terms of KGE, but varies be-

668 tween models for Af rpart tot-

669 The functional and predictive performances for RF are both high relative to other

670 models, and there is little variability between sites. However, there is an apparent trade-
671 off between functional and predictive performance, in that sites with the highest KGE

o672 tend to have lower Af rpare 0. Meanwhile, there is a slight positive trend for locally trained

673 LSTM and MLR models, where higher functional and predictive performances go together
674 (Figure 9).

675 A correlation analysis shows that while functional and predictive performance mea-
676 sures tend to be correlated to each other (Figure 10a,c), there are fewer statistically sig-
o7 nificant (p < 0.05) correlations between the two types (Figure 10b). This correlation

678 analysis is based on all 36 model cases (3 ML models, regional and local, and 6 sites) so
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does not distinguish trends for a single model type or training experience. As illustrated
in Figure 9, there may be a stronger correlation within a given model type and training.
We split the KGE into its three constituent components, where high values of each term
indicate “best” model performance. Similarly, the Ay measure of entropy and functional
performance metrics are scaled so that high values indicate best performance, and pos-
itive correlations are easy to interpret.

Predictive performance metrics are positively correlated, except for the «, or vari-
ability, term of KGE with NSE and Ap. We find that the correlation component (r) is
most correlated to the total KGE. Meanwhile, 8 and « terms are less correlated to KGE,
and individual KGE components are less correlated to each other. This indicates that
the correlation between observed and modeled Fc is the most predictive of KGE for these
models. Meanwhile, both 8 and r terms are highly correlated with NSE. This highlights
that the NSE is sensitive to the bias between model and observations and their corre-
lation. The two full model functional performance metrics are also positively correlated
(Figure 10c), indicating that models with high performance in terms of individual sources
also reproduce pairwise relationships well.

In terms of correlations between functional and predictive measures (Figure 10b),
5 of the 12 possible correlations are positive and the other 7 are non-statistically signif-
icant, indicating that higher predictive performance is generally but not always associ-
ated with higher functional performance. The KGE «, or variability, component shows
the highest correlation with functional measures, followed by the total KGE. This leads
us to interpret that « is the most indicative of functional performance, and is the basis
for the correlation between KGE and the functional measures. This indicates that mod-
els that reproduce the standard deviation of observed Fec, upon which « is based, also
tend to reproduce observed forcing-Fc relationships at both a pairwise and individual
level. Meanwhile, Ay, which is based on the difference in entropies of observed and mod-
eled Fe, does not have a statistically significant correlation with functional performance.
This illustrates that a model can reproduce the entropy of the observation, but not re-
produce the distribution or functional relationships. In other words, the entropy is a sum-
mary statistic that does not necessarily indicate whether the model correctly replicates
other features of the distribution of the data. No functional performance measures are
correlated to the NSE, the 3, or bias component of KGE, or Ay. This could be related
to the linearity of these predictive performance measures that may not reflect nonlinear
and joint interactions detected with mutual information. Additionally, we note that IT-
based measures consider the distribution of the data but not the actual values, such that
an I'T measure would not capture a constant bias between two variables.

4 Discussion

Many machine learning approaches have been applied across major sub-domains
of Earth system science and are increasingly being integrated into operational schemes
and used to discover patterns, improve our understanding, and benchmark physically-
based models. Ideally, ML models generate predictive models devoid of any presumptions
on the underlying ecological structure or the mathematical representation of processes
and interactions in an ecosystem. However, this lack of presumptions is correlated to a
lack of understanding of whether and how these models are capturing functional relation-

ships that exist in nature. The results of this study emphasize that functional performance—how

accurately models capture the underlying relationships between variables—can be paired
with more traditional metrics of model performance. By evaluating both functional and
predictive aspects and their interrelationship, we can obtain a wider perspective on the
strengths and limitations of different machine learning models. This multi-tiered approach

not only can be used to explore the behavioral ranges for both machine learning and process-

based models but also guides model development by highlighting model deficiencies based
on information flow pathways that would not be apparent based on existing measures.
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Since ML-predicted fluxes can be used as benchmarks for physical land-surface and cli-
mate model evaluation (Q. Zhou et al., 2019; Anav et al., 2015; Best et al., 2015), it is
valuable to understand nuances in their behavior.

While earlier studies on the C'O> balance of vegetated surfaces applied linear re-
gression for estimating the carbon fluxes (Jensen et al., 1996; Xu & Qi, 2001; Burrows
et al., 2005), artificial neural network (ANN) and the support vector machine (SVM) meth-
ods have also been used to estimate terrestrial carbon fluxes and interpret the nonlin-
ear relationship between ecosystem-based carbon fluxes and environment variables based
on eddy covariance measurements (Papale & Valentini, 2003; Dou & Yang, 2018). For
example, an ANN was able to filter out noise, predict the seasonal and diurnal variation
of carbon fluxes, and extract patterns such as increased respiration in spring during root
growth, which was formerly not well represented in carbon cycle models (Papale & Valen-
tini, 2003). In this study, the Random Forest model showed both the highest functional
and predictive performances, confirming that its better predictions really are associated
with better process representations. The RF’s non-parametric nature means it makes
fewer assumptions about the underlying relationships between variables, thus enabling
it to proficiently model intricate, non-linear interactions. Meanwhile, linear regression
had a wide spread in performance levels between individual sites, and greatly overesti-
mated the influence of radiation drivers that are highly linearly correlated to carbon flux.
The LSTM model performance varied greatly between local and regional training, indi-
cating that its functional performance benefited from training data from multiple sites.

Complex and nonlinear drivers such as meteorology, soils, vegetation, and available
energy cause Fc to be highly variable in space and time and challenging to measure and
model (Huang et al., 2017; He et al., 2018; Chen et al., 2020; Dou & Yang, 2018). Sev-
eral approaches have been developed to understand current and future terrestrial car-
bon flux over the past several decades involving field observations (Falge et al., 2002; Xiao
et al., 2011), large-scale remote sensing (Xiao et al., 2019), process-based modeling (D. Wang
et al., 2011; Dunkl et al., 2021), or a combination of these methods (Vetter et al., 2008;
Jung et al., 2011). Our study sheds further light on how forcing variables provide information
to observed carbon fluxes. We found that temperature and radiation variables are most
highly informative of Fc, followed by moisture-related variables such as RH and SWC.
While many variables have a diurnal pattern, including Fe, we find that forcing variables
tend to provide synergistic or unique information, rather than redundant information,
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indicating that the overlap in information content is relatively low. Meanwhile, RH is
relatively weak as an individual source, but we found that it provides synergistic information
when paired with many other sources. This indicates that the relevance of a variable like
RH could be underestimated in an analysis that did not consider multivariate interac-
tions, since it is a weak individual source but enhances the information content of other
sources. In terms of modeling, we found that MLR, the simplest model, overestimates
information from radiation variables and underestimates information from temperatures.
This suggests that MLR captures the strongly linear diurnal pattern between energy avail-
ability and carbon flux, but misses a stronger but more nonlinear relationship with tem-
perature due to the limitations in its parameterization. Finally, the tendency of all mod-
els to underestimate information from SWC' indicates that water availability to plants

is a complex driver of Fc that is difficult to capture in a functional form.

We note several limitations and assumptions that could be improved in future work.
Future research could delve deeper into variations between sites, exploring what site-specific
features influence model performance. One of the uncertainties of using flux tower mea-
surements to estimate Fc is the impact of shifting land cover on the accuracy of the ob-
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servations. The land-atmosphere exchange fluxes that generate carbon flux are influenced
by the dynamic upwind surface area, called the flux footprint, which can exhibit spatial
heterogeneities (Hernandez Rodriguez et al., 2023; Leclerc & Foken, 2014). As a result,
fluxes from different sources can mix at the observation point, introducing uncertainty
into the measurements. Meanwhile, this study assumes that the mix of crop types be-
tween sites and between observation time points leads to similar causal interactions be-
tween forcing variables and carbon flux. We also did not specifically focus on the opti-
mization of hyperparameters within each ML model, which could have an effect on func-
tional and predictive performance. Moreover, the precision and general quality of the
forcing variables and Fc are important as they have underlying uncertainties and have
been gap-filled, and our interpolation methods may have more effect on some model struc-
tures than others and future research could explore how models use information encoded
in forcing data (Farahani et al., 2022). We also note that the MLR performance can be
significantly influenced by multicollinearity among the forcing variables, and we did not
test for this aspect. In terms of data size, we only considered six locations and approx-
imately 50-site years, so further studies could more specifically consider the effect of in-
creasingly large and diverse training datasets on model functional behaviors. Finally, the
models evaluated represent just a fraction of the available algorithms, and we do not con-
sider a wider range of ML and process-based models.

While predictive and functional metrics tend to be positively correlated, there are
cases where a model change could be made that appears to improve predictions, but sac-
rifices a functional relationship. For example, the finding that regionally trained mod-
els tend to have improved functional performance indicates that these models can dis-
cern patterns beyond local-specific interactions. However, in this study the predictive
performance of regional models was somewhat lower relative to single-site models, po-
tentially marking a trade-off between functional and predictive performance. A “perfect”
model should replicate all functional relationships as they are observed, but it still may
not have perfect predictive performance due to missing information. In other words, the
forcing variables simply do not contain all the information necessary to make a perfect
accurate prediction. In this way, information-based metrics of functional performance
provide a type of upper bound for predictive performance. This underscores the need
for a nuanced approach to model selection. For an ungauged site with no validation data,
a regionally trained model is likely the most applicable since it has a stronger functional
performance and can reproduce processes as they are observed. The LSTM model was
the most responsive to changes in training data size, which could relate to its complex-
ity and need for many datasets to learn time-dependent interactions.

5 Conclusion

Predictive accuracy is just one facet of modeling complex ecohydrologic systems.
Meanwhile, functional performance metrics capture how a model grasps the intricate re-
lationships among variables. In order to use models for prediction in unseen conditions,
and compare between machine learning and physically based model structures, we need
to ensure that models don’t just predict well, but also understand and represent the un-
derlying processes effectively. In other words, understanding the why and how behind
predictions can be as vital as the predictions themselves. In this study, the Random For-
est model emerged as a consistently reliable model in terms of both predicting carbon
fluxes and reproducing observed functional relationships at multiple levels. Meanwhile,
a simple linear regression will overestimate the influence of variables with the most lin-
ear relationships to the target outcome. All models in this study had the common fea-
ture of underestimating synergistic interactions and overestimating unique ones. This
indicates that all models are not quite capturing information flows at higher levels, where
multiple sources provide information to the target jointly, and indicates that even the
models with the highest predictive performance could be improved. Similarly, while per-
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formance measures tend to be correlated, no single performance measure captures the
effect of all the others. This study advocates for a combined approach to model evalu-
ation and validation, which considers both predictive performance and how the model
captures interactions in the ecohydrologic system.
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S1. Data pre-processing

The data pre-processing stage was a crucial step in our study, ensuring the reliability

and accuracy of our analysis. This process involved several steps:

1.1. Quality Control
Firstly, we applied quality control measures to all datasets. This involved checking for
any inconsistencies, errors, or outliers in the data that could potentially skew our results.

We used a combination of automated checks and manual review to ensure the integrity
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of our data. Automated checks included algorithms to detect statistical anomalies, while
manual review involved visual inspection of the data and cross-checking with source doc-

umentation.

1.2. Handling Missing Values

In some datasets, we encountered missing values. To handle these, we used time series
imputation methods. The choice of imputation method was dependent on the distribution
of the data. For normally distributed data, we used mean imputation. This technique
replaces the missing values with the average of the available data for that variable, thus
capitalizing on the characteristic symmetric nature of the distribution. Specifically, the
variables Fe, SWC, Ta, TS, and Pa were treated using mean imputation. Conversely,
for those variables presenting skewed distributions or characterized by extreme outliers,
median imputation was employed. The median, being the middle value of a dataset, is less
sensitive to outliers and provides a more robust measure of central tendency for skewed
distributions. The variables WS, P, NETRAD, PPFD and RH were imputed using this
method. Through these imputation strategies, we ensured that the integrity of the data
distribution was upheld, while concurrently addressing the gaps in our dataset.

Moreover, to address significant missing values in the PPFD variable at Brl and Br3
sites, we employed a linear regression imputation technique using NETRAD values as
predictors. We first used those part of datasets where PPFD and NETRAD were con-
currently present, using them as training data for individual linear regression models.
Once trained, these models were used to predict missing PPF'D values based on available

NETRAD values, thus leveraging their linear relationship for accurate imputation.
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1.3. Normalization

To ensure efficient learning and to prevent any one variable from dominating others
due to scale differences, we normalized all input variables and the output (Fc) data.
Specifically, we utilized the “MinMax” scaling technique, where the minimum of feature
is made equal to zero and the maximum of feature equal to one. In this method, every
feature value is transformed to fall within the range [0,1]. It scales the values to the
specific value range without changing the shape of the original distribution. This approach
entails subtracting the minimum value of the feature and then dividing by the range of
that feature, resulting in a dataset where the minimum and maximum feature values are
normalized to lie between 0 and 1. This procedure not only enhances the efficiency of

learning algorithms but also aids in preventing potential numerical stability issues.

1.4. Retransformation

The output of all machine learning models was retransformed using the normalization
parameters to obtain the final Fc¢ prediction in the original scale. This step is crucial for
interpreting the results in the context of the original data.

It’s important to note that while these pre-processing steps greatly enhance the quality
and usability of the data, they are based on certain assumptions and can introduce some
level of uncertainty. However, we applied these methods systematically and transparently
to minimize potential biases and ensure the reliability of our results. The full suite of
variables used in this study, along with their descriptions and units, is outlined in Table
7?7 in the main manuscript.

S2. Information Decomposition We use information decomposition to analyze causal

interactions in which two sources provide information to a target variable, which could be
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an observation or a model output. In a system where two sources share information from
X and Y with a target Z, the total information quantity, I(X,Y"; Z), can be partitioned
into synergistic (5), unique (U), and redundant (R) components. Any existing [T-based
measure can also be defined in terms of combinations of R, U, and S (Figure S1). For
example, this partitioning of information implies that the mutual information between
the target and each source is the sum of the redundancy and the unique information
from the source, i.e. I(X;Z) = Uxyy + Rxy (Figure Sla). Meanwhile, conditional mu-
tual information, which includes transfer entropy as a special case, is the sum of unique
and synergistic components, i.e. I(X;Z|Y) = Uxjy + Sxy (Figure S1b). Finally, the
interaction information, which is symmetric between all three variables, is equivalent to
Sxy — Rxy (Goodwell & Kumar, 2017, 2015), such that positive or negative interac-
tion information indicates whether synergy or redundancy is dominant (Figure Slc). To
simplify notation hereafter, we omit subscripts such that Sxy =S and Rxy = R given
a particular definition of sources and target. We similarly simplify unique information
components to Uyy = Ux and Uy|x = Uy.

While information decomposition is a useful concept, information theory does not pro-
vide formulas to directly determine these quantities. Several studies (Barrett, 2015;
Williams & Beer, 2010) defined redundancy measures as the mutual information that
the weakest source provides to the target, forcing one unique component to equal zero.
Goodwell and Kumar considered that this is actually a maximum bound for redundancy,
and applied a “rescaled” redundancy measure in which redundancy is scaled between
the minimum and maximum bounds that are defined by information theory. The maxi-

mum bound is the minimum mutual information that either source provides to the target,
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Ripaz = min[I(X; Z),1(Y; Z)]. The minimum bound is zero for cases where the interac-
tion information is positive or Sg > 0, i.e. I(X,Y;Z) > I(X;Z) + 1(Y; Z). otherwise, if
S — R < 0, the minimum bound for redundancy is the negative interaction information,
in order for synergy to be non-negative. This leads to a definition of the minimum R as
Rpin = max[0, [(X; Z2)+1(Y; Z)—1(X,Y; Z)]. We then scale redundancy between these

bounds based on the normalized information between the source variables:

_ I(X;Y)
Is = Smm) 7o) (1)

Rs - Rmin + Is(Rmax - Rmin)

In general, this definition causes highly correlated sources to be maximally redundant
with each other, while independent sources are minimally redundant. A definition for
redundancy enables the computation of the other information decomposition components,
S, Ux, and Uy.

S3. Statistical Significance

We compute statistical significance of observed or modeled information theoretic mea-

sures using a shuffled surrogates approach. We define a critical value of total information

as follows:

Lot = ]suﬁ, mean T3 X Isuﬁ”, stdev (2)

where Iy ftmean and Ig,ffstdes are the mean and standard deviation of 100 informa-
tion measures computed with randomly shuffled source data. For example, if the

I(Ta,Ts; Fc) < Iy, we set all information components to zero and do not do fur-
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ther information partitioning. Meanwhile, if I(Ta,T's; Fc) is statistically significant but
I(Ta; Fe|T's) is not (according to the same shuffled surrogate method), we set the unique
component from T'a and the synergistic component to zero, since I(T'a; Fc|T's) = Upa+S.
Then, we define R as I(Ta; Fc), since I(Ta; Fc) = Ur, + R, and Urps is computed as
Urs = I(Ta;Ts; Fc) — R. For a case where [(T's; Fe|Ta) is not statistically signifi-
cant, we apply a similar process. Finally, if neither conditional term of I(T'a; F'¢|T's) or
I(T's; Fc|Ta) is statistically significant would indicate that the only information compo-
nent is redundancy. However, we defined that this case never occurs based on our study
year period.
S4. Functional Performance

We calculated the individual level (Figures S3, S4, S5, S6, S7) and pairwise level (Fig-
ures S8, S9, S10, S11, S12, S14, S15, S16, S17, S18) of functional performance at Ne2,
Ne3, Brl, Br3 and GC sites. These sites show similar patterns in mutual information
as site Nel which presented in the main manuscript. We also find similar patterns in
pairwise functional performance, specifically the overestimation of U at the expense of
S and overestimation of R for correlated source pairs. However, we find that regionally
trained models (Figures S13-S18) diminish some of the issues observed in the localized
models (Figures S8-S12). The regional model also corrects the balance between synergy
and unique contributions, leading to a more accurate representation of how these vari-
ables interact. This trend is especially evident in the LSTM model, which demonstrates

enhanced functional performance under regional training .
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H(Y) H(Y) IX;¥;Z) = Uy + Uy + S+ R
H(2) H(2) H(Y)

" " ‘
IX;Z) =Uy+R = I(X, Z|Y) = Uy +S =

H(X) + H(Z) - H(X, 2) X, Y,2)-1(Y, 2)

Figure S1. Illustration of information theory metrics. (a) Mutual information I(X; 7) is the
reduction in uncertainty about Z given knowledge of X. (b) Conditional mutual information
I(X; Z|Y) is the reduction in uncertainty about Z given knowledge of X, beyond information
already provided by Y. (¢) Multi-variate mutual information I(X,Y’; Z) is the total reduction in
uncertainty about Z given knowledge of X and Y together, and is composed of four non-negative

components of R, Ux, Uy, and S.

Table S1. Summary of Machine Learning Model Architecture

Attribute Description/Value

Model Type Multiple Linear Regression (MLR)
Method Ordinary Least Squares (OLS)
Implementation “statsmodels” package in Python
Model Type Random Forest (RF)

Trees in the Forest 100 (n-estimators)

Max Features Square root of total features
Structure Ensemble of Decision Trees
Implementation “scikit-learn” package in Python
Model Type Long Short Term Memory Model (LSTM)
Number of LSTM Layers 2

Number of Hidden Units per Layer 9

Dropout Layers Between LSTM layers

Final Layer Type Regression (1 unit for Fc)
Sequence Length 12 time steps (half a diurnal cycle)
Batch Size 128

Loss Function Mean Squared Error (MSE)
Implementation “torch” package in Python
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Averaged monthly values of driving variables (air temperature (7a), relative
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(Nel, Ne2, Ne3, Brl, Br3, GC). Each site is represented by a unique color.

humidity (RH), precipitation (P), soil temperature
(PPFD), net radiation (NETRAD), wind speed

Figure S2.
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Figure S3. (a) Normalized mutual information (,,) and (b) Individual source level of functional
performance (Ay ) of three different models - Multiple Linear Regression (MLR), Random
Forest (RF), and Long Short-Term Memory (LSTM) - under two training experiences, local and
regional, at Ne2 site. Each variable is ranked based on the average observed M I across all sites.

Observation values are represented with a black dot linked by a dashed line.
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Figure S4. (a) Normalized mutual information (1,,) and (b) Individual source level of functional
performance (Ay ) of three different models - Multiple Linear Regression (MLR), Random
Forest (RF), and Long Short-Term Memory (LSTM) - under two training experiences, local and
regional, at Ne3 site. Each variable is ranked based on the average observed M across all sites.

Observation values are represented with a black dot linked by a dashed line.
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Figure S5. (a) Normalized mutual information (1,,) and (b) Individual source level of functional

performance (Ay ) of three different models - Multiple Linear Regression (MLR), Random

Forest (RF), and Long Short-Term Memory (LSTM) - under two training experiences, local and

regional, at Brl site. Each variable is ranked based on the average observed M across all sites.

Observation values are represented with a black dot linked by a dashed line.

September 6, 2023, 8:01pm



FARAHANI ET AL.: CAUSAL DRIVERS OF LAND-ATMOSPHERE CARBON FLUX MODELS X-13

Site: Br3
0357 @ MLR_Local L
E] & MLR_Regional .
B RF_Local
0307 g RF_Reglonal
A  LSTM_Local
025 ! F I.S'rM_P.E'gIW| i &
il Dbaervation
0,20 - |
[ |
=
0.15 | 4 A .
A i
010 4 u
o ! . 3
0.05 1 T S L ]
48
o *
ooo! © L
P W5 Pa RH SWC PPFD MNETRAD Ta TS
1.0
b) e L] . . ] .
i
0.5 1 i b .
.
| ® » [ | ] | n
o0 +—— - - ) ~ & = _— | | s
s
-0.5 . A &
A i
s ® MLR Local ® FRF_Local 4 LSTM Local
5 0 ® MLR Regional W RF Regional & LSTM Regional
=13
=2.0
=2.3
™ L
_3.0 - a - - - " 1 - B}
WS Pa RH SWC PPFD NETRAD Ta TS5
Driving source
Figure S6. (a) Normalized mutual information (,,) and (b) Individual source level of functional

performance (Aypr) of three different models - Multiple Linear Regression (MLR), Random

Forest (RF), and Long Short-Term Memory (LSTM) - under two training experiences, local and

regional, at Br3 site. Each variable is ranked based on the average observed M across all sites.

Observation values are represented with a black dot linked by a dashed line.

September 6, 2023, 8:01pm



X-14 FARAHANI ET AL.: CAUSAL DRIVERS OF LAND-ATMOSPHERE CARBON FLUX MODELS

Site: GC
035317 @ MLP_Local [ ]
E] ®  MLE_Ragional
B RF_Local 8
0.30 W RF_Regional
& L3TM_Local
0.2% 'y L5TM_HE'|;|ME|
- Observation
i &
0,20 1
== i
|
& [ ]
0.15 | S———
n |
010 - [ |
i S S .
(] . .
0.05 i 4 ' *
. .
l’ L L ]
0.00
P W5 Pa RH SWiC PFPFD  METRAD Ta TS
1.0
b) . . |
Y . ™
051 ® P L - ™
o ] . ! N . . .
| - | u ! -
u'u- - !‘ . [ | [ .
'
=0.5 1 i i
¥ ® MLR_Local [ H;F'_anal & LSTM_Local
&:—l.ﬂ @ MLE_Regional B RF_Regional & LSTM_Regianal
-1.5 L]
=20
L ]
=2.5
P WS Pa RH SWC PPFD}  NETRAD Ta TS

Driving source

Figure S7. (a) Normalized mutual information (I,,) and (b) Individual source level of functional
performance (Af ) of three different models - Multiple Linear Regression (MLR), Random
Forest (RF), and Long Short-Term Memory (LSTM) - under two training experiences, local and
regional, at GC site. Each variable is ranked based on the average observed M1 across all sites.

Observation values are represented with a black dot linked by a dashed line.
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(Ui ;) information flow at GC site. Pairwise functional performance of three models under local

training experience at GC site. The heat-map represents the relative difference in information

decomposition partitioning measures (A, ., Asr, ;, and Ay y, ; between modeled and observed

data for each pair of forcing variables. Positive values (green) in (d)-(1) indicate that the model

overestimates the information type, while negative values (red) indicate underestimations.
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Figure S15. Pairwise functional performance of three models under regional training experi-
ence at Ne3 site. The heat-map represents the relative difference in information decomposition

partitioning measures (Ayg

v Apr,;, and Agy, . between modeled and observed data for each

4,57

pair of forcing variables. Positive values (green) indicate that the model overestimates the infor-

mation type, while negative values (red) indicate underestimations.
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Figure S16. Pairwise functional performance of three models under regional training experi-
ence at Brl site. The heat-map represents the relative difference in information decomposition

partitioning measures (Ays, ;, Afg,,;, and Ayy, . between modeled and observed data for each

pair of forcing variables. Positive values (green) indicate that the model overestimates the infor-

mation type, while negative values (red) indicate underestimations.
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Pairwise functional performance of three models under regional training experi-

ence at Br3 site. The heat-map represents the relative difference in information decomposition

partitioning measures (Ayg,

) AﬁRi,ja

and Ayy, . between modeled and observed data for each

pair of forcing variables. Positive values (green) indicate that the model overestimates the infor-

mation type, while negative values (red) indicate underestimations.
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Figure S18. Pairwise functional performance of three models under regional training experi-
ence at GC site. The heat-map represents the relative difference in information decomposition

partitioning measures (Ays, ;, Afg,,;, and Ayy, . between modeled and observed data for each

4,57 4,57

pair of forcing variables. Positive values (green) indicate that the model overestimates the infor-

mation type, while negative values (red) indicate underestimations.
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