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Abstract
Unforeseen runoff events cause nutrient losses that affect crop production, revenue, and contribute to
deterioratedwater quality, leading to harmful algal blooms and hypoxia in receiving water bodies in
theGreat Lakes region. Tomitigate the negative impacts caused by runoff events, we developed a
hybridmodeling approach by combining physics-based and statisticalmodels to predict the
occurrence and level of severity of daily runoff events, supporting agricultural producers to avoid
nutrient application before significant runoff events.We chose to use theNational Oceanic and
Atmospheric Administration’sNationalWaterModel (NWM) as the physicalmodel given its flexible
architecture design, technical robustness,model resolution, data availability, andwide application
scale. For the statisticalmodel, we developed a data-driven tool built fromDirected Information and
eXtremeGradient Boosting (XGBoost) to estimate the occurrence and the level of severity of daily edge-
of-eld (EOF) runoff events. This data-driven tool ingests a large variety of variables fromNWM
operational runs and translates them into the EOF runoff predictions on a daily scale in theGreat
Lakes region.Without calibrating the large-scale NWMfor the local runoff prediction, the results
show large improvements in the prediction of the occurrence and level of severity of daily EOF runoff
using the hybrid physical-statisticalmodeling approach. Ultimately, the hybrid approach, when
integrated into runoff risk decision support tools, is expected to provide dual benefits to agricultural
producers andwater quality, retainingmore nutrients on their fields and lowering nutrient loads to
water bodies during runoff events.

1. Introduction

Nutrient losses caused by runoff from agricultural fields (i.e., edge-of-eld (EOF) runoff)negatively affects crop
production and profit as well as deteriorates water quality, leading to harmful algal blooms and hypoxia in
receivingwater bodies in theGreat Lakes region (Scavia et al 2019, Stackpoole et al 2019,Michalak et al 2013).
Predictions of surface runoff at the EOF scale can alert agricultural producers to avoid nutrient application
before significant runoff events. As such, it can save them the costs and efforts associatedwith nutrient
application andmitigate water pollution caused by nutrient losses in theGreat Lakes region—dual benefits for
both the producers and theGreat Lakes.

EOF runoff occurrence andmagnitude depends onmany physical processes, such as rainfall intensity, soil
moisture, and crop growth, to name a few. All these factors vary from farm to farm. To accurately predict the
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occurrence of an EOF runoff event, observations of these factors at the individual farm scalewould be necessary.
However, due to the highmeasurement cost and complexity, it is almost impossible in practice to collect data at
such afine scale for large-scale runoff predictions, e.g., in theGreat Lakes region. Because of the spatial sparsity
of observations and complexity of the runoff generation processes, prediction of EOF runoff events at the field-
scale over large domains is quite challenging.

Physics-basedmodels aremodel representations of physical systems.When they are underpinned by the
mechanisms to describe target processes, they can then be used tomake predictions of target variables. However,
the assessment ofmodel skill relies solely on the goodness offit (GOF) for a given spatial and temporal
resolution.When theGOF is poor, we often resort tomodel calibration. The conventional approaches based on
parameter tuning to calibrate themodel against observations are highly computationally expensive (i.e., Curse of
dimensionality) and therefore often infeasible (Sun and Sun 2015). In this context, two questions arise: (1)Can
the physicalmodel be useful if not being calibrated against the observations of the target process, e.g., EOF
runoff in our case? (2)what approach canwe use to extract useful information from themodel to improve the
prediction of the target process?

In this paper, we propose a hybridmodeling approach combining physics-based and statisticalmodels to
predictfield-scale EOF runoff without incurring computationally expensive approaches to calibrate the physical
model. This hybrid approach fuses the useful information of the target physical system embedded in the physical
model into statisticalmodels through causal variables identified by theDirected Information algorithm. The
statisticalmodels thenfill the gap in the representation of the EOF runoff process by the physicalmodel and
improve the runoff prediction. As such, the fundamental contribution in this work is the development of a
hybridmodeling approach based on causal inference to improve the prediction of the target process without
recalibrating the physicalmodel. This approach is applied to 13 domains in theGreat Lakes region, leading to
better predictions of the occurrence and level of severity of daily EOF runoff at all EOF locationswithin the
region.

2.Methodology

In the following, we illustrate the use of hybridmodels to predict the occurrence and level of severity of daily
EOF runoff.Wefirst ran the physics-basedmodel to generatemodel outputs across themodel domain and then
selectedmodel outputs that have statistical causal influence on the EOF runoff, namely cause variables. Finally,
we developed the statisticalmodels using the causal variables and runoffmeasurements to predict EOF runoff at
large scales (figure 1).

2.1.Description of the study domain
Thirteen domains in theGreat Lakes regionwere selected as the study region (figure 2(a)). Land use in the region
varies geographically, with the cultivated rural areas dominatingwatershed classification in the southern
portions ofMinnesota,Wisconsin, andMichigan, andmany of theGreat Lakes watersheds inOhio,
Pennsylvania, andNewYork (Mayer et al 2014). Agricultural land comprises one-third of theGreat Lakes basin
area and supports 7%ofU.S. farmproduction (Kerr et al 2016). Non-point source pollution has been attributed
as the cause of significant surfacewater quality concerns in the region, including theGreat Lakes themselves
(Michalak et al 2013). Over a hundred EOF runoff observational sites (figure 2(b)), which consist of hydrologic
andmeteorologic instruments are available at the edge of individual agricultural fields across the states.Water
leaving the field, either on the surface or subsurface, is intercepted and channeled through the site tomeasure
and record runoff timing andmagnitude. Conservation partners, such asDiscovery Farms (Wisconsin and
Minnesota), USGS, andUSDA-ARS, provided the observational data whichwas thenmodified to be used in this
study.

Figure 1.The domain knowledge andDirected Information algorithm are used to remove the non-causal variables generated by the
physics-basedmodels. Statisticalmodels are used to describe the causal relationship between the selected causal variables and the
observations of the Edge-of-Field (EOF) runoff.
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2.2. Physics-basedmodel
The choice of physics-basedmodels needs to account for the fact that EOF runoff events occur at the farm scale
while their impacts are at amuch larger scale. TheNationalOceanic andAtmospheric AdministrationsNational
WaterModel (NWM) can be a good candidate since it is a large-scale hydrologicmodel that provides real-time
analysis and forecasts of hydrologic states across the 2.7million river reaches that span the contiguousUnited
States (CONUS), Hawaii, and Puerto Rico. In addition to streamflow, theNWMproduces forecasts of key land
surface variables on a 1 km×1 kmgrid (e.g., soilmoisture, snowpack, evaporation) and of ponded surface
water and routed runoff on a 250 m×250 mgrid. TheNWM is not specifically designed to predict the EOF
runoff, although one of themodel outputs from theNWMis the surface runoff (i.e., QQSFC).

2.3.Data preparation
Based on the location and distribution of the EOF observation sites, we defined 13 domains in theGreat Lakes
region (figure 2(b)). Each domain encompasses a watershed that contains a few to dozens of EOFmonitoring
sites. Then, we ran theNWMover these domains, and output 170model variables at an hourly scale. From these
variables, we selected 72 variables (SI: table S1) to test causal influence on the generation of EOF runoff based on
the knowledge of the physical processes, including 65 variables from the land surface grid (e.g., precipitation rate
[mm/s]) and seven variables from the routing grid (e.g., volumetric soilmoisture at different soil layers [−]).
There exist non-deterministic relationships between these selected variables because their values are not only
determined by the forcing at their own locations but also the ones in the neighborhood, which are not
considered for the causal influence test in this study. Because the EOF observational runoff data was already
aggregated to daily accumulations, we calculated the daily values for all the variables at the scale of the routing
gridwhere EOF sites are located (figure 2(c)). In addition, to consider the time-lag effects, we also included one-
and two-day lag of these variables. In total, we tested 216 variables as candidate variables, fromwhich causal
variables were identified for each domain.

2.4.Directed Information
Causal variables are defined as variables that can have causal influence on the target variable in the sense of
Granger Causality, whichmeasures the ability to predict the future values of one time series using prior values of
another time series (Granger 1969). Rather than feeding the statisticalmodels with all available data, the pre-
selection of causal variables can helpmitigatemodel overfitting (Hu et al 2018). In our case, the target variable is

Figure 2. (a) Study area of 13 domains (ranging in area from49 to 289,765 km2) in theGreat Lakes regionwith locations of all EOF
sites (small orange squares); (b) enlarged version of the study area with two highlighted domains to illustrate the results (i.e.,Maumee,
OH and LowerFox,WI) and (c)model representation of a region in the domain ofMaumee by the 250 m×250 m routing grids.
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themeasurements of EOF runoff, and the causal variables are selected among 216 candidate variables from the
NWMusing an information-theoretic quantity calledDirected Information as shown by equations (1) and (2)
(Hu et al 2018, Kramer 1998,Marko 1973)
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where T is the time horizon and the boldface capital letter denotes a discrete-time randomprocess, such as
X X X{ }= ¼ ¼X , , , ,i1 2 and Xi denotes the randomprocess at time i. For afinite horizon t, we also denote the

randomprocess from time 1up to time t as X X X{ }= ¼, ,t t1: 1 . For equation (1), X Y Y Z( ∣ )-I ; ,t t t t1: 1: 1 1: denotes
the conditionalmutual information between X t1: and Yt , conditioned on Y -t1: 1 and Z t1: . Equation (2) expresses
the conditionalmutual information as an expected log-likelihood ratio. For randomprocesses X and Y, the
larger theDirected Information value calculated by equation (2), themore causal influence X can have on Y. The
randomprocesses can be correlated but deterministic relationships between themneed to be avoidedwhen
being selected for theDirected Information test, i.e., no processes can be deterministically derived from the other
processes. In this study, wewill use theDirected Information approach to identify which of the candidate
variables from theNWMhave causal influence on the daily EOF runoff for each domain. The Python
implementation of theDirected Information algorithm to select causal variables will be shared in an open-source
code-sharing repository.

2.5. Statisticalmodels
Once the causal variables are selected for each domain, statisticalmodels are then used to represent the causal
relationships between the target variable and the causal variables. A highly effectivemachine learningmethod,
eXtremeGradient Boosting (XGBoost) is applied to the training of the statisticalmodels (Chen and
Guestrin 2016). XGBoost uses a type of gradient boosting technique, which generates a new decision treemodel
at each time step tominimize the residuals between the observations and predictions from the previous step.
Each new treemodel has its ownweight (i.e., the amount of say) depending on howwell the individual tree
modelminimizes the residuals. Gradient Boosting has been known for its effectiveness in predictive
performance. For example, Boosted Regression Trees (BRT) implement gradient boosting to learn an ensemble
of treemodels andweigh thembased on their ability to predict the observed data (Hu et al 2018, Elith et al 2008),
and have demonstrated the overall best predictive performance among supervised learning algorithm (Caruana
andNiculescu-Mizil 2006).

Different fromother tree-basedmachine learning algorithms (e.g., BRT andRandomForest (RF))which can
be computationally intensivewith large-scale datasets, XGBoost is an efficient and scalable tree-based gradient
boosting algorithmdue to the implementation of several key techniques includingweighted quantile sketch to
nd the optimal splits, sparsity-aware algorithms for parallel tree learning and cache-aware block structure for
out-of-core tree learning (Chen andGuestrin 2016).Meanwhile, implementation of these techniques onGPU
further enables XGBoost to effectively process large-scale datasets (Mitchell et al 2018). In addition, built-in
cross-validation and regularization capabilitiesmake the XGBoostmodels less prone to overfitting (Chen and
Guestrin 2016).

2.6. EOFRunoff prediction
Our purpose is to estimate the occurrence and level of severity of daily EOF runoff for each domain using the
identified causal variables from theNWM.TheNWMprovides the information ofmodel outputs at the target
locationswhere causal variables are identified and then used by statisticalmodels tomake predictions of daily
runoff at the EOF locations on the 250 m×250 mgrid as shown infigure 2. The risk of daily EOF runoff can be
decomposed into two parts, the occurrence and the level of severity (None, Low,Medium,High, and Extreme).
Thefirst step is to predict the occurrence probability (Pc), i.e., how likely an EOF runoff event is to occur on a
given day. If it occurs (Pc> 0.5), the second step is to predict its level of severity (Ps). Greatermagnitude of
runoff (MRF) presents a higher risk of damage resulting fromnutrient loss. Five levels of severity were defined
based on all daily EOFmeasurements: Extreme ( MRF RF80%, 80%of allmeasured runoff events), High
( <RF MRF RF50% 80%),Medium ( <RF MRF RF20% 50%), Low ( < <MRF RF0 20%), andNone
(MRF= 0).We tested two approaches to predict Ps: Thefirst approach is to predict themagnitude of daily EOF
runoff and then convert it to the level of severity.We noticed that it can be challenging to predict themagnitude
of daily EOF runoff since EOF runoff processes are complex and theirmeasurements are often limited and
sparse, with zero runoffs inmost days of the year.Hence, rather than predict themagnitude, the alternative
approach is to directly predict the severity of daily EOF runoff. To train and validate anXGBoostmodel for each
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domain, we adopted a 60%/40% split of daily EOFmeasurements for each domain, ranging from1,046
measurements for the Scioto domain,OH to 22,776measurements for the ApplePlumdomain,WI (figure 2).
Five-fold cross-validation and automated hyperparameter tuning are used to ensure the consistent and optimal
performance of the XGBoostmodel.

3. Results

Given the amount of data and types of analysis we conducted, two domains have been selected to illustrate the
performance and results of the hybridmodeling approach. The predictive results across all domains are
consistent, showing large improvements in the prediction of the occurrence and level of severity of daily EOF
runoff. Additional information andfigures for all the domains are provided as the Supplementary Information.

3.1. Selection of causal variables
In the presentation of results, for each domain, if one variable and its corresponding lagged variables appear to
be influential, they are only counted once regarding the frequency of their appearances. In total, we identified 25
causal variables for 13 domains of interest (figure 3). Among these 25 variables, the daily precipitation (i.e.,
RAINRATE)was selected inmost domains (11 out of 13), followed by the accumulatedmeltingwater out of
snowbottom (i.e., ACSNOM) for eight out of 13 domains. For each of the domains, the selected causal variables
were ranked by the strength of the cause influence (i.e.,Weight infigure 3) they have on the target variable. For
most domains, RAINRATEwas not only themost selected variable but also themost influential variable to the
EOF runoff.

3.2. Comparison of statisticalmodels
Figure 4 presents the comparisons of results to predict the occurrence andmagnitude of the daily EOF events
from two tree-basedmachine learning algorithms, XGBoost and BRT in terms of contingency statistics, training
time, and goodness offit (GOF). Comparedwith BRT, XGBoost had slightly better prediction accuracy (91.2%
versus 89.5%) and yielded some improvements in the true positive rate (TPR)while at the same time carried a
slightly higher false positive rate (FPR). Furthermore, the training timewith XGBoost is seven times shorter than
BRTs, from65.7s to 9.2s. Additionally, among allmissed runoff events, XGBoost had fewermissed events in all
four categories, especially for the events larger than 10.0 mm, only 2.5%of the totalmissed events (figure 4(b)).
Both algorithms predictedmore runoff events than the number of observed events andwere low-biasedwith
regards to themagnitude of the runoff events (figure 4(c)). In terms of theGOF, the prediction ofmagnitudes by
XGBoost had better agreementwith the observed runoffmeasured by theR2 (figure 4(d)).

Figure 3. List of selected causal variables from theNWMand the strength of their causal influence (i.e.,Weight) for each of the 13
domains in theGreat Lakes region shown in figure 2. The topfivemost selected variables are RAINRATE: Precipitation rate [mm/d];
ACSNOM:Accumulatedmeltingwater out of snowbottom [mm/d]; SOILSAT: Fraction of soil saturation, column integrated;
SOILT4: Soil temperature [K] at the fourth layer with the thickness equal to 1.0m; SFHD: Instantaneous value of the depth of ponded
water on the surface [mm/d] and the rest influential variables are in gray. For each domain, the selected causal variables are ranked by
the normalizedDirected Information values (Weight), measuring the strength of the cause influence they have on the target variable.
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3.3. Performance of hybridmodels
EOF runoff is a time series withmost dailymeasurements equal or close to zero over years. To better predict
positive runoff events, especially large events (e.g., larger than 10.0 mm) shown infigure 4(c), we tested different
threshold values (e.g., 0.05 mmor 0.1 mm) to define an EOF runoff event. As a result, the true positive rate
(TPR) increases with the negative impacts on the prediction accuracy and the false positive rate (FPR) for the two
selected domains,Maumee,OH, and Lower Fox,WI (figures 5(a) and (b)).We also found similar results for the
other domainswhen testingwith different thresholds.

We compared the predicted surface runoff by theNWM (i.e., QQSFC)with the observations, as well as the
predictions from theXGBoostmodel. As shown infigures 6(a) and (b), theNWMtended to underestimate the
occurrence andmagnitude of the runoff, predicting far fewer runoff events than the observedwhile XGBoost
predictedmore runoff events but also tended to underestimate the runoff. Overall, compared toNWM, the
XGBoostmodel has largely improved the prediction of EOF runoff asmeasured by the TPR and FRP
(figure 6(a)), andR2 values (figure 6(c)). The results are similar for the other domains (SI:figures S1–S13
available online at stacks.iop.org/ERC/3/075003/mmedia).

We adopted two approaches to predict the level of severity of daily EOF runoff events. Thefirst approach
predicted themagnitudes of the daily EOF runoff, fromwhichwe estimated the corresponding levels of severity
(figure 7(a)), while the second approach directly predicted the level of severity (figure 7(b)). Comparedwith the

Figure 4.Comparison of results fromBoosted Regression Trees (BRT, shown in gray) and eXtremeGradient Boosting (XGBoost, shown
in black) for theMaumee domain, OH: (a)Comparison of the contingency tables of the occurrence predictions of daily EOF runoff; 0/
1: no occurrence/occurrence of EOF runoff. (b)Distribution of the number (percent) of runoff eventsmissed by both approaches; All
missed events are divided into four categories: smaller than 2.5 mm; between 2.5 mmand 5.0 mm, between 5.0 mmand 10.0 mmand
larger than 10.0 mm. (c)Boxplots of all positive daily runoff events fromobservations (OBS) and predicted byBRT andXGBoost. (d)
Scatter plots of the comparisons between the observed runoff events and the predictions (BRT at the upper right; XGBoost at the lower
left)measured by R2.
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indirect approach, the direct approach achieves better prediction accuracy.We also compared these two
approaches for the remaining domains in theGreat Lakes region and similar results were obtained (SI: Table S2).
In addition, we converted the predictions by theNWM into different levels of severity and found that the
XGBoostmodel using the direct approach outperformed theNWM in terms of prediction accuracy (figures 7(b)
and (c)).

4.Discussion

In this section, we propose to discuss the added values to identify causal variables for the development of
statisticalmodels, the choiceswemade to use the XGBoostmodel, and predict both the occurrence and level of
severity of daily EOF runoff, as well as the limitations of hybridmodeling.

4.1. Causal inference formodel diagnosis
The generation of EOF runoff can be driven by a variety of factors. Among all the selected causal variables,
rainfall appears to be themost influential, followed by the accumulatedmeltingwater from snowbottomwhich

Figure 5.Comparison of the contingency tables of the occurrence predictions of EOF runoff with different thresholds (gray for
0.0 mmand black for 0.1 mm) used to define anEOF runoff event for two selected domains,Maumee,OH (a) and LowerFox,WI (b).
Threemetrics are calculated for the two scenarios: prediction accuracy, true positive rate, and false positive rate.

Figure 6.Comparison of predictions by theNationalWaterModel (NWM, shown in gray) and eXtremeGradient Boosting (XGBoost,
shown in blue) for the LowerFox domain,WI: (a)Comparison of the contingency tables of the occurrence predictions of daily EOF
runoff; 0/1: no occurrence/occurrence of EOF runoff. (b)Differences between all positive daily runoff events fromobservations
(OBS) and predictions by theNWMandXGBoost. (c) Scatter plots of the comparisons between the observed runoff events and the
predictions by theNWM (upper right) andXGBoost (lower left)measured by R2.

7

Environ. Res. Commun. 3 (2021) 075003 YHu et al



is often themain cause of the EOF runoff duringwinter. In addition, the other causal variables (e.g., soil
saturation, temperature, andmoisture) selected by theDirected Information approach generally agreewith the
expectation from the domain knowledge. In this sense, the results shown infigure 3 justify the use of the causal
inference approach based on theDirected Information in our case study.

We also noticed that not a single variable appears to be influential for all the 13 domains in theGreat Lakes
region, even for the rainfall. For the domains (e.g., Scioto, OH)where rainfall is not a causal variable, it can be
possible that the generation of runoff is indeed not affected by the rainfall or the rainfall as a data product derived
for these domains from theAnalysis of Record for Calibration (AORC)was not accurate (Kitzmiller et al 2018),
e.g., due to the lack of sufficientmeasurements in the neighborhood tomake the interpolation, provided that the
data quality of the EOFmeasurements in these domains can be assured. In this sense, causal influence helps
narrowdown the potential causes of the non-selection of rainfall as an influential variable for some domains.

Furthermore, the results of causal inference can be used to diagnose the problemswithmodel inputs,model
parameters, and its representation of physical processes, especially when certainmodel outputs are supposed to
have causal influence on the target variable. For example, in our case study, among all NWMoutputs, predicted
surface runoff (i.e., QQSFC) by theNWMshould have the best agreement with the observed EOF runoff for each
domain. If that would be the case, QQSFC should appear as themost influential variable in all domains. In fact,
QQSFC is not selected as an influential variable for a single domain due to its large discrepancies in predictions
of the EOF runoff (figure 6), whichmainly arise from the uncertainties associatedwithmodel input (i.e.,
rainfall), model parameters, and its representation of the runoff process. It is likely that themodel representation
and parameters are themain cause, especially when rainfall is selected as the influential variable formost
domains. This can be further justified by the fact that the current version ofNWM is not developed and
calibrated to simulate surface runoff.Meanwhile, if theNWMcan improve its representation of themechanisms
to simulate runoff, we can expect thatmore runoff predictions by theNWMin theGreat Lakes regionwill be
selected as the influential variable using theDirected Information algorithm.

4.2. Statisticalmodels andhybridmodeling
The causal relationships between EOF runoff events and the selected causal variables are represented using
statisticalmodels. In our case,theNWMis a large-scale hydrologicmodel, providing hourly streamflow
predictions and other hydrologic information at 1 kmand 250 mgrids over CONUS, and the amount of data
generated byNWMsimulations easily falls into the realmof BigData.Meanwhile, to ensure the prediction
accuracy of the risk level, wewill need to continuously assimilate the streamof EOFmeasurements and newly
generatedmodel outputs from theNWMto update the statisticalmodels. Hence, it will require themachine
learning algorithms to process newdata feeds and train the statisticalmodels in a timelymanner. Compared
with the BRT, it ismore computationally effective to train statisticalmodels usingXGBoost, which also
generated better predictions of the occurrence andmagnitude of daily EOF runoff. Hence, XGBoost is selected
for the training of the statisticalmodels thatmake predictions of the occurrence and level of severity of daily EOF
runoff events.

Measurements of EOF runoff events are imbalancedwithmost values equal or close to zeros. As such, the
prediction accuracymainly reflects howwell theymatch the observed zero runoffs. In contrast, the ability to

Figure 7.Contingency tables of the level of severity predictions of daily EOF runoff events by theXGBoostmodel using two
approaches and theNWMfor the LowerFox domain,WI: (a) Indirect approach: predict themagnitudes of daily runoff events by the
XGBoostmodel and then converting them to different levels of severity. (b)Direct approach: predict the level of severity of daily
runoff directly by the XGBoostmodel. (c)Converting the predictions ofmagnitudes of daily runoff by theNWM into different levels
of severity.
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predict positive runoffs, asmeasured by the true positive rate (TPR), ismore critical, since they cause actual
economic and environmental damages. By setting the threshold (e.g., 0.1 mm) to define an EOF runoff event,
XGBoostmodels can capturemore runoff events, which gives rise to higher TPRbut lower prediction accuracy
(PA).Meanwhile, the impacts of the threshold onTPR and PA varywith domains, depending on the actual EOF
measurements.We thus need to conduct individual tests to seek the optimal threshold to balance TPR and PA
for individual domains.

Asmentioned above, at the current stage of development, theNWMwas not able to fully represent the
underlyingmechanisms to generate EOF runoff, leading to large discrepancies between the observed runoff
events and theNWMpredictions (figure 6). Instead of relying on theNWMalone, the hybridmodeling
approach built upon both theNWMand theXGBoostmodel was able to improve the predictions of the
occurrence andmagnitude of daily EOF runoff (figure 6). This ismainly because the XGBoostmodel can helpfill
the gap in the representation of the surface runoff generation processes by theNWMwhile taking advantage of
its outputs to predict EOF runoff. As such, the XGBoostmodel outperforms theNWM in the prediction of both
the occurrence and level of severity of EOF runoff (figures 6 and 7).

However, we need to be aware that the XGBoostmodel is not developed to replace but assist theNWMto
improve the predictions of EOF runoff.When theNWMimproves its predictions of EOF runoff events, wewill
likely see the following outcomes: (1) the selection of predicted runoff by theNWMas an influential variable by
theDirected Information algorithm; the better theNWMpredictions, themore influence they can have on the
observations asmeasured by theDirected Information value; and (2) the improvement of the XGBoostmodel in
runoff predictions, since the XGBoostmodel is built upon themodel outputs from theNWM.When the quality
of themodel outputs is improved in terms of runoff predictions, as a data-drivenmodel, the predictions from
theXGBoostmodel will therefore improve accordingly.

In this study, two different approaches were developed to predict the level of severity for each domain using
the XGBoostmodel. Overall, the direct approach outperforms the indirect approach. This ismainly because
measurements of daily EOF runoff are zero-inflated. As such, it is difficult to predict themagnitude of EOF
runoff with high accuracy, and prediction errors further propagate through the conversion from themagnitude
to the level of severity. In addition, fromusers’ perspective, they aremore concerned about the potential damage
a runoff event can cause rather than the prediction of themagnitudewith high accuracy. Thus, itmakes better
sense to directly predict the level of severity of EOF runoff.

4.3. Limitations and outlook
Comparedwith the conventional approaches to calibratemodel parameters, the hybridmodeling approach
shows its advantage in significantly reducing the computational intensity.While using the hybrid approach, we
need to be aware of its limitations: (1)Because of the nature of data-drivenmodels, it requires constant updates
to improve their prediction accuracywhenmore training data becomes available. For this reason,
computationally efficient statisticalmodels with built-in parallelmechanisms stand out from the rest. (2)When
selecting the causal variables, theDirected Information requires the candidate variables to exhibit a certain degree
of variation. As such, constant variables or variables with small variations, whichmay be critical to the physical
processes cannot be identified as causal variables. For example, geophysical parameters, which are critical to the
runoff process, cannot be selected as causal variables by the algorithm. (3) Statisticalmodels are often trained
with specific datasets and locations.We need to be alert when applying the statisticalmodels with the data out of
the training data range and/or in a different location. In our case, when statisticalmodels are trained and
validated at the locationswherewe have the EOF runoff, theywill be only applied to thewatershedswith similar
hydrologic responses in theGreat Lakes region, which are characterized by the geophysical parameters.

5. Conclusion

This paper introduced a hybridmodeling approach combining the physics-basedmodel, NWMwith the
statisticalmodel, XGBoostmodel to achieve better predictions of the occurrence and level of severity of EOF
runoff in theGreat Lakes region. Through the domain knowledge andDirected Information, we can identify the
valuable information embedded in theNWMoutputs, which can then be used by theXGBoostmodel tofill the
gap in the representation of the runoff generation processes in theNWM.As a result, the hybrid approach
effectively improves the predictions of EOF runoff.More broadly, this approach is suitable for the improvement
ofmodel predictionswhen there exist discrepancies between observations and predictions by physics-based
models and calibration of thesemodels is not feasible due to high computational costs. Naturally, as the
predictions by the physicalmodels improve, sowill the hybrid approach. In addition, future work is needed to
determine how the statisticalmodels trained and validated for one location can be applied to other locations.
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