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ABSTRACT
Accurately predicting water table dynamics is vital for sustaining
groundwater resources, ecological functions, and anthropogenic
activities. This study evaluates autoregressive model with a) pre-
diction under sparsity assumption within model coefficients, b)
allows lags present in both dependent and independent variables
for estimating daily water table depth using hydroclimatic data
from the USDA Forest Service Santee Experimental Forest (SC)
and D1 (NC). Data from 2006–2019 (SC) and 1988–2008 (NC) were
used, with predictors including soil and air temperature, precipi-
tation, wind, and radiation. For WS80, RMSE during the dormant
season was 10.09cm, with daily testing phase RMSE 14.94cm.
The model achieved an R2 0.93 for 2019 (dry year) and 0.96 for
2016 (wet year). Solar radiation, rainfall, and wind direction were
among the most influential variables. This predictive model can
aid forest managers and hydrologists in using water tables for
assessing wetland hydrology and related ecosystem functions
in management decisions and provide out-of-sample prediction
with reasonable accuracy.
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1. Introduction

Water table depth plays a crucial role in silviculture management, influencing
various ecological and hydrological processes essential for forest health and
productivity. Understanding water table dynamics is vital for effective forest
management practices, as it directly affects tree growth, species composition,
and overall forest ecosystem resilience. Firstly, water table depth significantly
impacts vegetation growth and health. Optimal water table levels are critical for
sustaining plant biomass and root development. For instance, studies indicate
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that a water table depth of approximately 3 meters is ideal for preventing
land desertification and promoting healthy vegetation growth, as it maintains
a suitable water balance and mitigates soil salinization (Cui and Shao 2005).
Additionally, research has shown that variations in water table depth can lead
to substantial differences in root growth and biomass accumulation in species
such as *Populus alba*, highlighting the importance of maintaining appropriate
water levels for silvicultural success (Imada, Yamanaka, and Tamai 2008).

Moreover, the relationship between water table depth and forest management
practices is evident in hydrology and nutrient cycling. Silvicultural activities,
such as harvesting and thinning, can alter water table levels and affect hydrolog-
ical processes. For example, studies have demonstrated significant changes in
hydrology and nutrient concentrations on forest sites due to silvicultural oper-
ations, including a decrease in water table levels immediately following forest
harvesting, which can impact water quantity and quality (Ssegane et al. 2017;
Appelboom et al. 2006). Effective management practices that consider water
table dynamics can help mitigate these impacts, ensuring that forest ecosystems
remain resilient to disturbances such as drought and pest infestations (Pinno
et al. 2021; Del Campo, Fernandes, and Molina 2014).

Furthermore, integrating water-oriented silvicultural practices is becoming
increasingly important in adaptive forest management strategies, particularly in
semiarid regions. These practices aim to balance the ecological needs of forests
with human water use, thereby enhancing the sustainability of forest ecosystems
(Del Campo, Fernandes, and Molina 2014; Manrique-Alba, del Campo, and
Gonzalez-Sanchis 2015). By understanding the hydrological implications of
silvicultural practices, forest managers can implement strategies that optimize
water use while maintaining forest health and productivity.

This is why estimating water table depth in forested ecosystems is essential for
understanding hydrological dynamics and managing forest resources effectively.
Various simulation methods have been developed to model water table depth,
each with unique approaches and applications. This synthesis discusses several
prominent simulation methods, highlighting their strengths and limitations.
One of the widely used models for simulating daily water table depth is the
DRAINMOD (Tian et al. 2012; Grace III, Skaggs, and Chescheir 2006; Amatya
et al. 2024). Dai et al. (2010) describes another useful model MIKE SHE (origi-
nally developed by Graham and Butts 2005) which incorporates streamflow and
water table depth to describe a hydrological process for a forested SC coastal
plane. Sun, Riekerk, and Comerford (1998) developed a model FLATWOOD
for the forest hydrology of the wetland-upland ecosystem in Florida with daily
precipitation and temperature.

The integration of hydrological models with remote sensing techniques has
also gained traction in estimating water table depth. For example, studies have
demonstrated that satellite-derived data, such as the Normalized Difference
Vegetation Index (NDVI), can be effectively used to assess water conservation
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and its relationship with water table levels in different ecosystems, including
forests (Zhang et al. 2021). Zhang et al. (2021) provides a spatially explicit
approach to monitor water table changes over large areas, although the inherent
variability of vegetation cover and other environmental factors may influence it.

Furthermore, machine learning algorithms have emerged as a promising
method for estimating water table depth. These algorithms can analyze vast
datasets to identify patterns and relationships between various environmental
variables and water table levels. For instance, explored the inherent water-use
efficiency of different forest ecosystems, demonstrating how machine learning
can enhance the understanding of water dynamics about climatic variables
(Liu et al. 2022). This approach allows for more accurate predictions of water
table depth, particularly in the context of changing climate conditions. Lastly,
the application of hydrological models that account for evapotranspiration
processes is critical for estimating water table depth. Models that incorporate
spatial evapotranspiration estimation methods have shown that inaccuracies
in estimating this process can lead to significant uncertainties in hydrological
simulations (Xuan et al. 2016). One of the most prominent algorithms used
for estimating water table depth is the Random Forest (RF) algorithm. This
ensemble learning method has been shown to effectively model the depth to
shallow groundwater at high spatial resolutions. For instance, demonstrated the
applicability of RF in producing detailed maps that capture extreme conditions,
such as wintertime water table depths, highlighting its robustness in handling
non-linear relationships and interactions among predictors (Koch et al. 2019).

The RF algorithm’s ability to manage large datasets and its resistance to
overfitting make it particularly suitable for hydrological modeling in diverse
forest environments. Support Vector Machines (SVM) have also been utilized to
estimate water table depth. This method effectively classifies and regresses data,
making it a valuable tool for predicting water table levels based on various input
features. Additionally, machine learning techniques such as Artificial Neural
Networks (ANNs) and Gradient Boosting (GB) have been applied in similar
contexts. For example, explored various machine learning methods, including
ANN and GB, for predicting water table depth in seasonal freezing-thawing
areas. Their findings indicated that these methods could effectively capture
the temporal fluctuations of water tables influenced by climatic and land-use
changes (Zhao et al. 2020). The adaptability of these algorithms to different
environmental conditions enhances their applicability in forest ecosystems.

Moreover, the integration of multiple machine learning algorithms has been
proposed to improve prediction accuracy. For instance, the combination of RF
and other models can leverage the strengths of each method, resulting in more
reliable estimates of water table depth.

In this study, we will investigate the performance of a statistical model with
optimization techniques to predict daily and seasonal (growing season (April
1–Oct 30) and dormant season (November 1–March 31)) water table depth
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Figure 1. Histogram of daily water table depth (cm) across three different well locations in water-
sheds WS77 and WS78 in SC and one in watershed D1 in NC.

and elevation using available meteorological and hydrological data. Weather
and ecohydrology data, recorded at the USDA Forest Service Experimental
Forest sites in South Carolina, have been used to predict water table dynamics.
Initially, we explored data from three hydro-meteorological stations across three
watersheds: WS77, WS78, and WS80 (see Figs. 1 and 2). In Fig. 1, D1 (NC) has a
relatively consistent and narrow distribution around −50 cm, indicating a stable
water table depth around that range.

WS77 shows a much narrower range and predominantly shallow water table
depths, close to 0 cm. WS78 has a broader distribution with more variance in
water table depths, extending to much deeper levels than WS77. WS80 shows
multiple peaks, suggesting variability, with many occurrences at deeper water
table depths, more so than at the other locations. In Fig. 2 we can observe that
for the dormant period, the water table depths during the dormant period are
relatively shallow, with most values concentrated near 0 cm or slightly deeper for
WS77 and WS78. However, the histogram shows a slight shift towards relatively
deeper depths during the dormant period, with frequent water table depths
around −100 cm or shallower but stays so for a longer period than WS77 and
WS78 for WS80 in the dormant season. For the growing period, the water table
depths are much deeper, with frequent values between −100 cm and −200
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Figure 2. Histogram of daily water table depths (cm) for wells on watersheds WS77, WS78 and WS80
in SC for growing and dormant.

cm for WS77, WS78, and WS80 as expected due to higher evapotranspiration
demand. The water table distribution is more spread out, indicating greater
variability in water table depths during this period.

Water table depth in the soil is one important hydrologic variable that affects
the growth of trees and biodiversity on the earth’s surface. The water table,
as used routinely by hydrologists in various disciplines, is seemingly a simple
concept, that marks the top of the saturated zone in porous media (see Baird
and Low (2022)). The position of the water table relative to the ground surface—
that is, water-table depth (WTD)—has also proved useful as an indicator of
soil aeration and biochemical conditions of the soil. In addition, water table
is also used to quantify and understand groundwater resources (Baird and
Low (2022)). The authors also cited references indicating relationships between
water table depth and many other variables, including soil greenhouse gas
emissions, plant rooting depth, primary productivity, crop yield, and the species
composition of wetland vegetation.

Similarly, Vepraskas, Skaggs, and Caldwell (2020) used the water table depth
to examine wetland hydrology on forested lands. These relationships exist
because the water table is a proxy for the degree of waterlogging, soil redox
status, and water availability. Therefore, an accurate prediction of water table
dynamics is important. Amatya and Skaggs (2001) discussed the water table
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depth prediction in pine plantations of poorly drained soils. It was concluded
that the model is a reliable tool for assessing the hydrologic impacts of silvicul-
tural and water management treatments, as well as climate changes on these pine
stands. Tian et al. (2012) has discussed the hydrology behavior in the presence
of different chemical components in the soil and the effect on plant growth
in drained soil. This application of DRAINMOD-FOREST demonstrated its
capability for predicting hydrology and Carbon and Nitrogen dynamics in
drained forests under limited silvicultural practices. Amatya, Fialkowski, and
Bitner (2019) discussed a methodology for water table depth prediction based
on a differential equation with several available weather covariates such as
rainfall, PET (potential evapotranspiration), etc.

Recent studies have increasingly explored data-driven and machine learning
approaches for water table forecasting, complementing traditional statistical
and hydrological models. Wunsch, Liesch, and Broda (2020) compared LSTM,
convolutional neural networks (CNNs), and NARX models for groundwa-
ter level prediction, highlighting that while deep learning models can cap-
ture complex dynamics, simpler NARX models often perform competitively
in data-limited settings. Zhang et al. (2023) applied temporal convolutional
networks (TCNs) and LSTMs to forecast coastal groundwater levels, demon-
strating improved predictive accuracy over classical approaches across varying
lead times. Janssen, Tootchi, and Ameli (2024) critically evaluated machine
learning models for regional water table estimation, emphasizing challenges
in interpretability and uncertainty quantification despite strong predictive per-
formance. More recently, Salis et al. (2025) developed time-distributed deep
learning architectures that transform weather image sequences into daily water
table predictions, illustrating the potential of exogenous, purely data-driven
frameworks. Together, these studies reflect a clear trend toward hybrid and fully
data-driven modeling in groundwater hydrology, situating our BigVAR-based,
interpretable approach within a contemporary context of predictive water table
modeling.

The proposed model predicts water table depth for poorly drained high water
table soils, with the potential for assessing the effects of land management,
wetland hydrology, and climate changes. Existing literature has addressed the
water table depth estimation through the machine learning procedure. Zhao
et al. (2020) approached water table dynamics estimation with support vector
regression. It was concluded that a water table depth of less than 3.64 billion
m3 of water diversion might result in risks of environmental problems. Herath
et al. (2023) addressed the water level prediction model for the Colombo flood
detention area using a feed-forward neural network and long short-term neural
network. The LSTM has outperformed FFNN and confirmed that the temporal
relationship is much more robust in predicting wetland water levels than the
traditional relationship. Nguyen and Phan (2020) addressed the Red River water
level forecasting problem with statistical and machine learning techniques.
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Autoregressive models (Hamilton 1989; Hamilton and Susmel 1994; Manna
and Ghosh 2025; Manna, Mehan, and Amatya 2024) offer clear interpretability
and explicit temporal dependence structures, allowing hydrologists to under-
stand how past water table dynamics propagate into future states. Unlike many
machine learning models, their parsimonious formulation reduces overfitting
and ensures stable predictions even with limited environmental data.

In this study, the time series data is considered in two parts. The linear
part of the time series is handled by the autoregressive integrated moving
average model (ARIMA) model, and different machine learning models, such
as a random forest, handle the nonlinear part. Zhu et al. (2020) have a review
paper for lake water level forecasting using seven different machine learning
models ANN(Artificial Neural Network), SVM (Support Vector Machine),
ANFIS (Adaptive Neuro Fuzzy Inference System), hybrid models, evolutionary
machine learning models, ELM (Extreme Learning Machine), and DL (Deep
Learning). This paper presents a review of the applications of ML models for
modeling water-level dynamics in lakes.

Ahmed et al. (2022) discussed the problem of water level prediction using
rainfall as a covariate with different methodologies such as linear regression,
support vector regression, ensemble regression, XGboost, tree regression, and
Gaussian process regression with a case study of the Durian Tunggal river,
Malaysia. Most machine learning algorithms try to fit the nonlinearity part
but lose interpretability when the data diverges from linearity or many layers
in neural network models. In water table dynamics, the value at a given time
point is correlated with its previous values. Lag structures help capture these
autocorrelations, stationarity, and causal effects, allowing for better modeling
and forecasting.

If the data is very high-dimensional with a small number of sample time
points, Dawn et al. (2021, 2025) can be used for modeling change points,
referring to moments in time when the statistical properties of hydrological
data, such as river flow, precipitation, or groundwater levels, change abruptly.
These changes might be due to natural events (like floods and droughts),
climate change, human activities (like land use changes, dam construction),
or other environmental factors. The available hydro-climatic variables are not
also limited to affecting the water table depth at the same time point available
but these variables observed several days before might have also influenced the
current observed water table value. To address this problem, we have attempted
to implement an auto-regressive model that incorporates lag structure on both
the predictors and dependent variables, and to assess the importance of the
exogenous variables or predictors in the model. We have discussed the method-
ology below in Sec. 4.

While these machine learning approaches achieve high predictive skill, they
generally lack interpretability, making it difficult to identify the contribution
of individual covariates. In contrast, our BigVAR-based model provides both
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accurate forecasts and interpretable coefficients, enabling explicit assessment of
the influence of hydroclimatic predictors on water table dynamics. Together,
these studies situate our work within a contemporary context of predictive
water table modeling while highlighting the practical advantage of interpretable
statistical approaches.

In our investigation, we sought to advance knowledge in modeling water
table dynamics, which is critical in wetland hydrology assessment in silvicultural
management. We attempted to accomplish that by selecting important variables
for our inference among all available daily hydro-climatic variables for inter-
pretability. We arranged our manuscript in the following way: in Section 1 we
discussed a few available research articles for predicting water table dynamics.
Section 2 described the research objective. After that, we discussed our data
processing steps, implemented the model, and a few exploratory data analyses in
Sec. 4. Next, we discussed our residual analysis in Sec. 7 and important variables
in Sec. 7.2. Next, a discussion Sec. 8 was provided on the justification of the
consideration of this model from our end and collusive remarks. We presented
the recommendations and future directions of our research in Sec. 9. Lastly, we
do include an acknowledgement in acknowledgement section.

2. Research objective

The key objectives of this research are the following:

• Identifying a statistical predictive model for evaluating water table depth
measured at groundwater wells on three experimental watersheds WS77 ,
WS78, WS80 and one watershed D1 in NC across daily, monthly, growing,
and dormant season temporal scales using daily hydrometeorological vari-
ables measured at the rain gauge, weather stations, and streamflow gauging
stations within and/or in the vicinity of these groundwater wells as described
below in Methods section.

• Statistical inference for variable selection across different temporal scales and
inference.

• Daily streamflow might not commonly available in different watersheds. So
we investigate how the prediction changes when daily streamflow is not
incorporated when we predict water table depth.

3. Main contributions

Our model combines an autoregressive framework with a large set of hydrocli-
matic predictors and automatic variable selection to generate daily water table
forecasts for individual watersheds, capturing temporal dependencies while
identifying the most influential drivers. The key points are the following:

• We developed a novel model for predicting water table depth that incor-
porates sparse autoregressive coefficients. Sparse autoregressive coefficients
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refer to the model parameters in the autoregressive structure that are esti-
mated to be exactly zero or close to zero using regularization techniques
such as Lasso, ridge, or elastic net. This sparsity helps identify only the
most influential predictors, improves model interpretability, and reduces
overfitting, making the model more robust for forecasting.

• Through this approach, we identified solar radiation, rainfall, and wind
direction as the key predictors of water table depth.

• The model demonstrated excellent fitting and out-of-sample predictive accu-
racy, showcasing its effectiveness.

• Additionally, we found that the model remained robust and performed well
even when the Dailyflow variable was excluded.

4. Methods

In this section, we describe the sites from where we had collected the data, data
collection with pre-processing and finally the model we are using for prediction.

4.1. Site description

The three study sites WS77, WS78, and WS80 are located at the US Forest
Service Santee Experimental Forest/Center for Forested Wetlands in wetland
online available dataset (https://www.fs.usda.gov/rds/archive/Catalog/RDS-
2019-0033). The location diagram is given in Fig. 3. For the user, one should
go to this link, and in the “Catalog/Data access:” the zip folder of the data is
available. The 155-ha headwater watershed WS77 was established in 1963 as a
treatment in a paired system with WS80 (control) to study the hydrologic and
water quality effects of prescribed burning on poorly drained coastal plain soils.
A first-order stream drains WS77 into Fox Gulley Creek, eventually flowing into
Turkey Creek and then Cooper River, which leads to the Atlantic Ocean. A few
pictures from the site locations are provided in Fig. 4.

Soils in WS77 belong mainly to the Wahee-Craven soil association, character-
ized by relatively poorly to moderately drained sandy loam to clayey soils with
seasonally high water tables. The land is predominantly forested with loblolly
pine, longleaf pine, and some bottomland hardwoods along the stream riparian
bank. The watershed has low-gradient terrain with surface elevations ranging
from 10.5 m to 5.6 m above mean sea level, with a topographic relief of up to 2%
slope. The region’s climate is warm-temperate, with an average daily temperature
of 16◦C and annual rainfall of 1375 mm, 40% of which occurs during June-
August. A gauging station with a compound concrete V-notch weir at the WS77
outlet measures stream outflows. For more details please check Amoah, Amatya,
and Nnaji (2013).

WS80 on the Santee Experimental Forest (SEF) was considered due to its
diverse upland and wetland areas and long-term monitoring history. The 160-ha

https://www.fs.usda.gov/rds/archive/Catalog/RDS-2019-0033
https://www.fs.usda.gov/rds/archive/Catalog/RDS-2019-0033
https://www.fs.usda.gov/rds/archive/Catalog/RDS-2019-0033
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Figure 3. Photos of various hydro-meteorologic measuring equipment on the study watersheds. Met
5 and Met 25 are satellite stations measuring air temperature, soil temperature, and precipitation on
WS77 and WS80, respectively. TC met is the complete weather station on the WS78 watershed. SHQ
is another full-weather station in the headquarters office.

watershed WS80 serves as the control watershed for a paired system with WS77
within the larger second-order watershed WS79 (500 ha), which drains into
Huger Creek, a tributary of the East Branch draining to the Cooper River. A
gauging station with a compound concrete V-notch weir at the WS80 outlet
measures stream outflows dating back to 1968.

The watershed’s topography is planar with a slope of less than 4%, and the
elevation ranges from 4 to 10 m above mean sea level. Soils in WS80, developed
from coastal plain sediments, are hydric and moderately well-drained in upland
areas but poorly drained in the riparian zone. The main soil type is loamy,
covering about 90% of the watershed. Topsoil clay content is 30% while subsoil
clay content is 40–60%Ṫhe forest vegetation on WS80 has remained unregulated
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Figure 4. Location map of study watersheds WS77 and WS80 with Met5 and Met25, satellite stations,
respectively, WS78 (Turkey Creek) in green boundary with TC met, a complete SEF HQ weather station,
and the SEF HQ, another full-weather station at the Santee headquarters office (Mehan, Manna, and
Amatya 2025).

for over five decades, despite being heavily impacted by Hurricane Hugo in 1989.
The site was left to regenerate naturally without biomass removal or salvage
logging. A detailed description of this study site is available in Dai et al. (2010).

The third study site is the Turkey Creek watershed (WS78) in the Santee
Experimental Forest. The WS78 gauging station was instrumented with a real-
time stream gauge sensor and a rain gauge (rain gauge, accessed on 20 Febru-
ary 2024) since 2005 and is managed in cooperation with the US Geological
Survey (USGS) and the College of Charleston, but its monitoring has just been
discontinued.

This watershed is a headwater of the East Branch of the Cooper River, which
drains into Charleston Harbor. The Turkey Creek watershed, similar to other
low-gradient forest watersheds in the southeastern Atlantic coastal plain, has
experienced rapid urban development since the 1990s. The elevation ranges
from 3.5 m at the outlet to 11.5 m above mean sea level.

The watershed’s land use comprises 88% pine forest (mainly regenerated
loblolly and longleaf pine), 10% wetlands and water, and 2% agricultural lands,
roads, and open areas. The forest was significantly impacted by Hurricane Hugo
in 1989, leading to a mixture of remnant large trees, natural regeneration, and
approximately 1000 ha of planted pine. Forest management practices include
prescribed fire and thinning to reduce wildfire risks and support longleaf pine
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Figure 5. Location map of study watershed (D1) only, among two other adjacent watersheds D2 and
D3, with hydrometeorological stations at the Carteret site in Coastal NC.

restoration and wildlife habitats, notably for the endangered red-cockaded
woodpecker. For more details on WS78, please visit Amatya et al. (2024).

The sub-tropical climate of above three study sites on the coastal plain
features hot, humid summers and moderate winters. Winters are wet due to
low evapotranspiration (ET) and long-duration rain events, while summers have
high ET demands and short-duration, high-intensity storms, including tropical
storms in July and October.

The fourth study site is located in Carteret County, North Carolina, and is
managed by Weyerhaeuser Company. The location map is given in Fig. 5. Three
artificially drained experimental watersheds (D1, D2, and D3), each about 25 ha
in size, were established in 1988 on a 14-year-old plantation. The site is flat with
shallow water tables, and the soil is Deloss fine sandy loam, a hydric series. Each
watershed is drained by four parallel lateral ditches, 1.4 to 1.8 m deep and spaced
100 m apart, which drain into a main roadside ditch via a collector ditch. The
boundaries of the watersheds are defined by the mid-plane between the lateral
ditches and rows of pine trees planted on 0.3 m high beds. Data on hydrology,
soil, and vegetation parameters were collected from three experimental plots in
each watershed. A detailed description of this watershed in NC can be found in
Amatya and Skaggs (2011).

In our analysis, we focus on daily water table level prediction for all the above
4 study sites. We also conducted analyses of water table predictions on seasonal
variations such as using monthly, growing, and dormant seasons for SC sites.
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While data from 2004 to 2021 were used for the groundwater wells at WS77 and
WS80, 2006 to 2019 for the wells at WS78 in SC, data from 1988 to 2008 was
used for the well at D1 at the NC site. Detailed descriptions of data monitoring
techniques including sensors and loggers and their accuracy and limitations are
provided by Amatya et al. (2022) for the SC sites and by Amatya and Skaggs
(2011) for the NC site.

4.2. Data collection, pre-processing, and EDA

While systematically compiling all the data at daily-aggregated levels before
processing, several preprocessing steps were required, as shown below.

• There was missing data or data gaps for approximately 15–20 percent of all the
data considered in the three watersheds. The data gaps can occur for different
reasons. One of the reasons is power outage in weather stations running with
batteries. If the batteries are out of work, it might take a few days to get that
reported by the authorized person for checking periodically. In our study, we
have omitted the dates completely with all data, even if one of the variables is
missing. We did not do any missing data imputation.

• WS77 did not have a full weather station with daily variables such as solar
radiation, wind speed, RH, etc. So these data was borrowed from the nearest
station at WS78. However, daily flow data, water table, air temperature, soil
temperature, and precipitation were available for WS77.

• For WS80 study site, weather data is available from 2011 only. So the weather
data was borrowed from another nearest weather station SHQ site (see Fig. 4).

• Daily PET was estimated by the Priestley-Taylor method with the weather
data from WS80 and WS78, and used for WS77 assuming they do not vary
significantly. This is particularly because daily net radiation data was not
available to calculate daily PET at each station.

• The net radiation for 2011–2019 was sometimes incomplete for the WS80
above the tree canopy tower. The Forest Service performed the missing
data imputation. For the 2006–2010 period at the TC station on WS78, the
unavailable daily net radiation was estimated using a relationship between
daily solar vs net radiation between the TC and WS80 stations.

• For the WS78 site, net radiation was calculated using the measured solar radi-
ation with the linear regression relationship between solar and net radiation
for the WS80.

• Units of the variables used: for streamflow - mm, water table depth - cm,
precipitation - mm, air and soil temperature - deg C, Relative humidity - %,
solar and net radiation, Mj/sqm/day, Wind speed, m/sec; wind direction -
deg, and vapor pressure deficit - kPa.

• As a pre-processing step, the covariates were normalized before being imple-
mented in the model.
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Figure 6. Weather variables daily time series plot used for water table depth prediction for WS77.

4.2.1. Exploratory data analysis
Figure 6 describes the different time series of weather data for WS77. Other
watersheds demonstrate similar behavior of the autocorrelated variables. Fig-
ure 7 also demonstrates cross-correlation plot for different weather variables,
which considers the lag of the different variables. A correlation plot is also given
in the appendix for WS77, WS78, and WS80.

The plot shows variables are intercorrelated with each other. For example, air
temperature is correlated with potential evapotranspiration (PET), net radia-
tion, solar radiation, soil temperature, vapor pressure, etc. Soil temperature and
solar radiation are two closely correlated variables, so their intercorrelation pat-
terns with other variables are similar. PET is another weather variable correlated
with rain, relative humidity, soil and air temperature, vapor pressure, and water
table depth. Water table depth is correlated with air temperature, daily flow, net
radiation, PET, rain, relative humidity, soil temperature, and other covariates.
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Figure 7. CCF for water table depth variables with the other weather variables across different lags
for WS77.

Water table elevation represents the height of the water table in the soil profile
relative to a (fixed) datum, while water table depth (WTD) is the position of the
water table in the soil profile relative to the ground surface at the recording well,
are well correlated. Therefore, we focused on water table depth (WTD), which
is more commonly used in hydrology analysis.

Based on the exploratory data analysis and correlation plots, we hypothesize
that a combination of climatic variables available at nearby weather stations
could explain daily water table depth and elevation dynamics (fluctuations in
terms of magnitude, duration, and frequency) at a given site. The primary
challenge is to build a model that can predict daily water table depth under
this complex setup, where various hydro-climatic variables are non-uniformly
correlated with each other.

4.3. Final model selection and implementation

A time series model that handles an auto-regressive process in time series in
the presence of different covariates with their lag structure is required for our
analysis. The model can be explained below.

yt = ν +
p∑

�=1
�(�)yt−� +

s∑
j=1

β(j)xt−j + ut for t = 1, . . . , T. (1)
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In this model, predictors are represented as {xt}T
t=1, which are daily hydro-

climatic variables, such as soil temperature, air temperature, precipitation, daily
flow, wind speed, wind direction, relative humidity, solar radiation, net radia-
tion, and potential evapotranspiration. Groundwater well depth measurements
{yt}T

t=1obtained from multiple wells at the study site are called the water table
depth. The water table depth is used as dependent variables {yt}T

t=1 for our other
model. β(j) is the coefficient vector of xt−j, jth lag of the predictors and �(�) is
the lth coefficient for the lag structure of yt. An additive random Gaussian noise
ut

wn∼ (0, σ 2
u ) is considered in the model.

Elastic net combines LASSO and ridge penalties, allowing it to retain groups
of correlated predictors while performing variable selection. This makes it more
robust than LASSO alone when predictors exhibit high collinearity.

Let us define � := (
�(1), �(2), . . . , �(p)

)
as the vector of all coefficients of the

lag structure of yt with order p and β :=
(
β(1), β(2), . . . , β(s)

)
be the vector of

coefficients of the predictors with their lag order s. For the variable selection,
this method uses penalized regression with the least square loss function of
1 as λ

(
α‖[�, β]‖1 + (1 − α)‖[�, β]‖2

2
)
, a method where all the coefficients

are optimized over a smaller subset determined by λ > 0. The optimization
function can be written as follows:

min
ν,�,β

T1∑
t=1

‖yt − ν −
p∑

�=1
�(�)yt−� −

s∑
j=1

β(j)xt−j‖2

+ λ
(
α‖[�, β]‖1 + (1 − α)‖[�, β]‖2

2
)

0 ≤ α ≤ 1, is another parameter in the model which balances between the
L1 and L2 norms of the coefficients. In general, for a vector (x1, x2, . . . , xn), the
L2 norm is calculated by taking the square root of the sum of the squares of all
the components:

‖x‖1 = |x1| + |x2| + · · · + |xn|, ‖x‖2 =
√

x2
1 + x2

2 + · · · + x2
n.

L1 Norm is the distance you walk in a grid-like city (Manhattan distance). One
adds up the absolute values of the differences in each direction. L2 Norm is the
straight-line distance you would measure with a ruler (Euclidean distance). The
Pythagorean theorem is used to calculate this distance. Both norms are useful
in different contexts. The L1 norm is often used when you want to emphasize
sparsity (making many values zero), while the L2 norm is used when the overall
magnitude and smoothness are important factors to consider. Lasso tends to
select only one variable from a group of highly correlated predictors, for example
(in our case we can see in the supplementary material), which can lead to
instability in the selected model when multiple predictors are equally important.
Ridge tends to shrink the coefficients of correlated predictors together, but it
doesn’t perform variable selection i.e., it doesn’t zero out coefficients. Elastic
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Net strikes a balance between these two; it selects groups of correlated variables,
unlike Lasso, and applies shrinkage like Ridge. This grouping effect is particu-
larly useful when predictors are highly correlated, as it tends to select or exclude
groups of related variables, leading to a more stable and interpretable model.
Elastic Net allows for a weighted combination of both penalties. This flexibility
can lead to better predictive performance, especially when neither Lasso nor
Ridge alone is sufficient when there are many correlated features in high high-
dimension setup.

The parameter λ is selected by the grid search within an interval of 10 to 500.
The complete time series data range is from 1 to T which can be thought of as
three segments. The first segment is 1 to T1 which is commonly used as training
data, the second segment is T1 + 1 to T2 which is used for parameter selection
via cross-validation and the last segment is T2 +1 to T3, a part of the time series
of recent time, is used to evaluate the model performance. The period T1 + 1
through T2 is used to select λ. Define ŷλ,t+1 as the one-step ahead forecast based
on y1, . . . , yt. λ is chosen based on minimizing the one-step ahead mean square
forecast error (MSFE) over the training period T1 + 1 to T2:

MSFE(λ) = 1
T2 − T1 − 1

T2−1∑
t=T1

‖ŷλ,t+1 − yt+1‖2.

MSFE is calculated for a range of lambda values over a grid of values, and
the best lambda is chosen by cross-validation corresponding to the minimum
MSFE. The BigVAR package performs rolling cross-validation, which respects
the temporal ordering of observations and avoids leakage from future to past. α
is a trade-off between the lasso (least absolute shrinkage and selection operator)
and ridge penalties in the elastic net structure between 0 and 1. The default
value for α is 1

k+1 where k = 1 in our case. It means we are taking equal
weight of the lasso and ridge penalty in the penalization. The combination of
the Lasso and ridge penalty is considered in this time series analysis method to
improve the prediction accuracy for the ridge and interpretability of regression
models for the lasso and ridge. The prediction of horizon 1 which is 1 day ahead
of prediction in recent time is considered as testing data. σ 2

u is unknown, so
updated until convergence during the optimization procedure.

For the daily water table depth prediction, we used all the daily data for three
of the watersheds in SC and D1 in NC. While doing the seasonal variants, for
dormant season, we filtered the daily data only for the dormant season for each
year and followed the similar procedure described above. For growing season,
we filtered the daily level growing data for each of the year and followed similar
modeling procedure. For the monthly prediction, we used the total amount
of rainfall and average of remaining variables for each month of the years
from the daily available watershed data. Although we do not recommend using
the monthly average data for prediction in practice due to huge variability in
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different weather variables from their mean, we only show the performance in
the tables.

The testing period of this model T1+1 through T2 with the default L2 loss and
horizon as 1, an interval where T1 = �T

3 � and T2 = �2T
3 � and presented all the

residual performance in the model which fits the least square. The parameters
are described in the supplement material.

In Fig. 7, we encountered that generally water table depth is highly dependent
on the 4 previous day’s lag. The dependence between covariates becomes weaker
at higher lags. Hence, for the lag structure, we have used p = 4 as the lag of
water table depth and s = 2 as the lag of different hydro-climatic variables that
we use for inference as the maximum values. The final values of p and s were
selected based on the Bayesian Information Criterion (BIC), which combines
the goodness of fit and the complexity into a single number. The Bayesian
Information Criterion (BIC) is defined as:

BIC = −2 log(L̂) + k log(n)

where L̂ is the maximum likelihood of the model, k is the number of parameters
in the model, and n is the number of data points. we compare our results based
on the following metrics. Let yi be the actual value, ŷi be the predicted value, ȳ
be the mean of the actual values, n is the number of observations, and p is the
number of predictors. Then the definitions of R2, adjusted R2, Mean Squared
Error (MSE), and Root Mean Squared Error (RMSE) are defined below which
we use as a comparison metric in different models and scenarios.

R2 = 1 −
∑n

i=1(yi − ŷi)2
∑n

i=1(yi − ȳ)2 , adjusted R2 = 1 − (1 − R2)(n − 1)

n − p − 1

MSE = 1
n

n∑
i=1

(yi − ŷi)
2, RMSE =

√√√√1
n

n∑
i=1

(yi − ŷi)2.

The Nash–Sutcliffe efficiency is equivalent to the coefficient of determination
(R2), thus ranging between −∞ and 1.

Mean Error (ME) measures the bias of the model; how much the average pre-
dicted value deviates from the observed. Can be positive or negative, indicating
over- or under-prediction. Mean Absolute Error (MAE) is the average absolute
difference between predicted and observed values. It is easier to interpret since
its in the same units as the data. Mean Squared Error (MSE) is the average of
squared differences between predicted and observed values, emphasizing larger
errors due to the squaring. Root Mean Square Error (RMSE) is the square root of
MSE; in the same units as the data, emphasizing larger errors more than MAE.

Unbiased Root Mean Square Error (ubRMSE) is similar with RMSE, but
without bias. It isolates random error by removing systematic error (bias). Nor-
malized RMSE (NRMSE) is normalized by the range or mean of the observed
data, allowing comparison across different datasets. Percent Bias (PBIAS) shows
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the average tendency of predictions to over or under predict. A negative value
indicates model overestimation. Ratio of RMSE to Standard Deviation (RSR)
is a ratio of RMSE to the standard deviation of observed data. Low RSR indi-
cates better model performance. Ratio of Standard Deviations (rSD) compares
variability between predicted and observed values. A value near 1 indicates
similar variability. The lower limit of NSE is −∞, so to eliminate this problem
NNSE := 1

2−NSE .
Modified NSE (mNSE) modifies NSE to address issues with extreme values.

Relative NSE (rNSE) considers relative differences between predictions and
observations. Weighted NSE (wNSE) is a NSE variant that gives different weights
to data points, often used for hydrological predictions. Weighted Seasonal NSE
(wsNSE) is another NSE modified to account for seasonal effects, useful for
predicting seasonal dynamics. Index of Agreement (d) measures agreement
between predictions and observations. It ranges from 0 to 1, with 1 indicating
perfect agreement. Refined Index of Agreement (dr) addresses the limitations
of the original index of agreement. Modified Index of Agreement (md) is
a variation of the index of agreement that better addresses certain model
behaviors. Relative Index of Agreement (rd) is a relative measure of agreement
between predictions and observations. Persistence Index (cp) is a measure that
evaluates how persistent the predicted signal is compared to the observed.
Pearson Correlation Coefficient (r) measures the linear relationship between
predicted and observed values. “r” range from −1 (perfect negative correlation)
to 1 (perfect positive correlation). Coefficient of Determination (R2) represents
the proportion of variance explained by the model. A value closer to 1 indicates
a good fit.

Volumetric Efficiency (VE) evaluates how well the model reproduces total
volume of observed data, often used in hydrological models. Kling-Gupta Effi-
ciency (KGE) combines correlation, bias, and variability to give a more holistic
measure of model performance than NSE. KGE for Low Values (KGElf) is a
version of KGE that gives more weight to low values in predictions, useful in
low-flow regimes. Non-parametric KGE (KGEnp) is A non-parametric version
of KGE, often more robust against outliers. We have applied the above metric to
evaluate the performance of our model.

5. Software and data availability

“BigVAR” (Nicholson, Matteson, and Bien 2017) is an existing R Package
designed to handle high-dimensional multivariate time series modeling using
vector autoregressions (VAR). It provides efficient methods for estimating VAR
models when the number of variables is large relative to the number of periods,
which is common in many modern applications. The package focuses on
overcoming the challenges of overfitting in such high-dimensional settings by
incorporating various regularization techniques. The R package is available
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for this model (Nicholson, Matteson, and Bien 2019). For further references
see BigVAR implementation in R. Our codes for analysis and application are
available in GitHub.

• We used the software available here http://www.wbnicholson.com/BigVAR.
html. The detailed documentation is also available here.

• Program language: R.
• Our developed code for inference is available at https://github.com/alokesh17/

Water_Table_Depth-.git.
• The data for three study sites WS77, WS78, and WS80 located at the US Forest

Service Santee Experimental Forest/Center for Forested Wetlands in https://
www.fs.usda.gov/rds/archive/Catalog/RDS-2019-0033.

6. Guidelines for practitioners

The details of the guidelines for the practitioners are kept in the supplementary
material. It includes data preparation, seasonal filtering, model fitting with
parameter settings, and finally, the prediction.

Remark 1. To demonstrate the practical utility of our forecasting framework,
consider a forested wetland where maintaining optimal water table depth is
essential for sustaining native vegetation and minimizing drought-induced
ecosystem degradation. Using the proposed autoregressive, hydroclimatic
predictor–driven model, managers can generate short-term (e.g., 1–15 day
horizon) forecasts of water table depth under baseline climatic conditions as
well as scenario-based simulations incorporating anticipated drought, increased
precipitation, or planned hydrological interventions such as controlled inflow
or drainage. These forecasts may be compared against predefined ecological
thresholds—for instance, triggering re-wetting efforts when projected water
tables are predicted to drop below a critical depth for multiple consecutive
days. By integrating model outputs with real-time monitoring networks
and updating forecasts as new observations become available, the approach
supports an adaptive management cycle in which interventions are scheduled
proactively, resource allocation is optimized, and ecological risk associated with
hydrological extremes is reduced. This case study illustrates how model-based
prediction can move beyond retrospective analysis to directly inform evidence-
based wetland management decisions.

7. Residual diagnostics and model fit assessment

In this section, we discussed different time series plots and residual analysis
for watersheds. Then further we demonstrate the variable selection, exploration
without daily flow variable and data assimilation for out-of-sample prediction
with a bigger horizon of 14 days.

http://www.wbnicholson.com/BigVAR.html
https://github.com/alokesh17/Water_Table_Depth-.git
http://www.wbnicholson.com/BigVAR.html
http://www.wbnicholson.com/BigVAR.html
https://github.com/alokesh17/Water_Table_Depth-.git
https://github.com/alokesh17/Water_Table_Depth-.git
https://www.fs.usda.gov/rds/archive/Catalog/RDS-2019-0033
https://www.fs.usda.gov/rds/archive/Catalog/RDS-2019-0033
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7.1. Time series plots

In the Figs. 8 and 9, the actual vs prediction of water table depth for three differ-
ent watersheds from South Carolina WS77, WS78, WS80, and one watershed D1
from North Carolina over time series for a daily-level prediction is plotted. The
actual measurement is represented by a cross symbol (×), while the predicted
measurement is denoted by a delta symbol (�).

In the graph of the depths of the water table of 2017 for WS80 in SC and the
year 2007, D1 in NC in Fig. 10 to obtain a clear picture of our prediction for a

Figure 8. Time series of predicted versus measured daily water table depths in cm, including their
95% confidence intervals (hatched area), for the wells at (a) ws77 and (b) ws78 during the 2016–2019
testing period. The plots highlight the model’s ability to track short-term fluctuations in water table
depth, with 95% confidence intervals indicating prediction uncertainty.
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Figure 9. Time series of Predicted versus measured daily water table depths in cm including their
95% confidence intervals (hatched area) for the wells (a) at WS80 for the 2016–2019 and (b) D1
in NC for the 2004–2008 testing period. The plots highlight the model’s ability to track short-term
fluctuations in water table depth, with 95% confidence intervals indicating prediction uncertainty.

very dry year and 2016 for WS80 in SC and the year 2005, D1 in NC in Fig. 11 to
obtain a clear picture of our prediction for a relatively wet year. The actual versus
predicted plot for three different well locations in WS77 and WS78 in SC and one
in watershed D1 in NC is shown in Fig. 12. The model achieved an R2 0.93 for
2019 (dry year) and 0.96 for 2016 (wet year) for WS80 which demonstrates the
model’s performance is robust in extreme hydrological conditions. The climate
conditions for WS77 and WS78 are similar as WS80. For another well D1 in
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Figure 10. Time series plots of predicted vs measured in cm for dry year 2019 WS80 in SC and 2007
D1 in NC. The plots highlight the model’s ability to track short-term fluctuations in water table depth,
with 95% confidence intervals indicating prediction uncertainty.

North Carolina, the extreme weather condition results are also accurate, with a
higher confidence interval width compared with the wells is SC.

The total training period is considered 1 to T2 time interval and the testing
interval is T2 + 1 through T with the horizon as 1. A point estimate gives only
a single value as the best estimate of the population parameter. However, a con-
fidence interval provides a range of plausible values for that parameter, giving a
better understanding of the uncertainty associated with the estimate (see Manna
et al. 2024). A prediction interval is included, where SE =

√∑T
t=T2+1(yt − ŷt)2
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Figure 11. Time series plots of predicted vs measured in cm for wet year 2016 WS80 in SC and 2005
D1 in NC. The plots highlight the model’s ability to track short-term fluctuations in water table depth,
with 95% confidence intervals indicating prediction uncertainty.

as
(
ŷt − 3SE, ŷt + 3SE

)
; t = T2 + 1, · · · , T.

A table describing the performance of proposed model for daily level in SC
WS data is given in Table 1. Another table is presented with the performance of
proposed model for SC WS data in a few other seasonal variants in Table 2. A
detailed analysis of goodness of fit measures based on the “HydroGof ” package
(see Zambrano-Bigiarini 2017) for different seasonal variation comparisons are
provided in Tables 3 and 4.



COMMUNICATIONS IN STATISTICS: CASE STUDIES, DATA ANALYSIS AND APPLICATIONS 25

Figure 12. Scatter plots of predicted and measured daily water table depths in cm for watersheds
WS77, WS78, WS80 in SC and D1 in NC. The residual plot can be found in the appendix.

Table 1. Residual analysis for water table depth at daily level.
well on Watershed Reg line (y=) adj R sq MSE RMSE Nash-Sutcliffe efficiency

WS77 −0.82 + 0.98x 0.95 116.37 10.79 0.95
WS78 −1.00 + 0.97x 0.94 75.13 8.67 0.95
WS80 −0.86 + 0.97x 0.92 223.28 14.94 0.92
D1 −3.05 + 1.03x 0.90 242.39 15.57 0.90

Notes: In Reg line, y is actual, and x is predicted. MSE is measured in sq cm.

The following tables provide a detailed analysis of residual metrics for water
table depth across different seasonal conditions and years. Note that monthly is
the monthly temporal scale by averaging all daily values to monthly whereas
seasonal is using daily values for each of the growing seasons (not the daily
values averaged for each growing season, e.g. two values per year). In the first
table (Table 3), coefficients are presented for several performance metrics across
multiple periods. For instance, ME (Mean Error) varies notably between differ-
ent seasonal conditions and years, for example, 0.61 in WS77_dormant. MAE
(Mean Absolute Error) shows considerable differences as well, with WS80_daily
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Table 2. Residual analysis for water table depth for SC monthly, growing, and dormant season.
Watershed adj R sq MSE RMSE Nash-Sutcliffe Efficiency

WS77 Monthly 0.14 922.94 30.38 0.14
WS77 Growing 0.93 164.86 12.84 0.93
WS77 Dormant 0.93 74.88 8.65 0.93

WS78 Monthly 0.56 489.50 22.12 0.56
WS78 Growing 0.90 63.11 7.94 0.90
WS78 Dormant 0.89 50.56 7.11 0.89

WS80 Monthly 0.16 1479.47 38.46 0.16
WS80 Growing 0.90 304.14 17.44 0.90
WS80 Dormant 0.94 101.81 10.09 0.94

Note: MSE is measured in sq cm.

Table 3. Detailed Residual analysis for water table depth for SC monthly, growing and dormant
season part 1.

WS77_daily WS77_monthly WS77_growing WS77_dormant WS78_daily WS78_monthly

ME 0.29 −0.03 0.29 0.61 0.19 −3.67
MAE 5.52 23.93 6.91 4.08 4.06 18.54
MSE 116.37 922.94 164.86 74.88 75.13 489.50

RMSE 10.79 30.38 12.84 8.65 8.67 22.12
ubRMSE 10.78 30.38 12.84 8.63 8.67 21.82

NRMSE % 21.80 91.60 25.60 26.40 23.20 65.40
PBIAS % −0.50 0.10 −0.40 −1.60 −0.40 7.40

RSR 0.22 0.92 0.26 0.26 0.23 0.65
rSD 1.00 0.80 1.02 1.01 1.00 0.83
NSE 0.95 0.14 0.93 0.93 0.95 0.56

mNSE 0.86 0.06 0.82 0.83 0.86 0.32
rNSE −39.43 −0.81 −1.14 −8.68 0.54 −11.02

wNSE 0.98 −0.27 0.97 0.96 0.96 0.55
d 0.99 0.70 0.98 0.98 0.99 0.85

dr 0.93 0.53 0.91 0.92 0.93 0.66
md 0.93 0.48 0.91 0.92 0.93 0.62

rd −9.14 0.36 0.47 −1.42 0.89 −3.02
cp 0.51 0.42 0.48 0.38 0.36 0.47

r 0.98 0.49 0.97 0.97 0.97 0.76
R2 0.95 0.14 0.93 0.93 0.95 0.56

bR2 0.94 0.11 0.93 0.91 0.94 0.52
KGE 0.98 0.45 0.96 0.96 0.97 0.70

KGElf −1.77 0.02 −9.56 0.37 0.19 −44.23
KGEnp 0.96 0.47 0.95 0.94 0.97 0.75

VE 1.09 1.45 1.10 1.11 1.08 1.38

Note: MSE is measured in sq cm.

exhibiting the highest value of 8.88, contrasting with the lowest value of 4.06 in
WS78_daily.

Meanwhile, metrics like MSE (Mean Squared Error) and RMSE (Root Mean
Squared Error) reflect the variability in model accuracy across different condi-
tions. For example, WS77_growing during generally wet season shows the MSE
164.86 and RMSE of 12.84, whereas WS77_dormant shows the MSE of 74.88 and
RMSE of 8.65, indicating better model performance during dormant periods
with less evaporative demand. Table 2 presents a detailed comparison of residual
metrics for water table depth across different seasonal conditions (growing and
dormant) in various watersheds (WS77, WS78, WS80).
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Table 4. Detailed Residual analysis for water table depth for SC sites monthly, growing and dormant
season part 2.

WS78_growing WS78_dormant WS80_daily WS80_monthly WS80_growing WS80_dormant

ME −1.49 −0.18 1.24 7.74 1.30 1.22
MAE 4.86 3.26 6.95 31.29 8.88 4.48
MSE 63.11 50.56 223.28 1479.47 304.14 101.81

RMSE 7.94 7.11 14.94 38.46 17.44 10.09
ubRMSE 7.80 7.11 14.89 37.68 17.39 10.02

NRMSE % 31.60 32.70 28.10 90.50 31.60 24.50
PBIAS % 2.30 0.60 −1.60 −9.20 −1.40 −2.20

RSR 0.32 0.33 0.28 0.91 0.32 0.24
rSD 1.04 0.99 1.01 1.00 1.03 1.01
NSE 0.90 0.89 0.92 0.16 0.90 0.94

mNSE 0.77 0.81 0.84 0.03 0.81 0.87
rNSE 0.90 0.44 −2.46 −0.76 0.63 0.25

wNSE 0.89 0.94 0.92 −0.10 0.90 0.93
d 0.98 0.97 0.98 0.76 0.98 0.99

dr 0.88 0.91 0.92 0.52 0.91 0.93
md 0.89 0.91 0.92 0.55 0.91 0.93

rd 0.98 0.86 0.14 0.51 0.91 0.81
cp 0.39 0.27 0.25 0.03 0.31 0.18

r 0.95 0.95 0.96 0.60 0.95 0.97
R2 0.90 0.89 0.92 0.16 0.90 0.94

bR2 0.88 0.88 0.90 0.14 0.89 0.92
KGE 0.93 0.95 0.96 0.59 0.94 0.96

KGElf 0.93 0.36 0.39 −0.06 0.38 0.53
KGEnp 0.94 0.96 0.95 0.52 0.94 0.96

VE 1.08 1.11 1.09 1.37 1.10 1.08

Note: MSE is measured in sq cm.

For WS77, the model’s adjusted R-squared values vary significantly across sea-
sons: growing (0.93), and dormant (0.93). Correspondingly, the Mean Squared
Error (MSE) ranges from 164.86 (growing) to 74.88 (dormant), reflecting differ-
ing levels of model accuracy. Root Mean Squared Error (RMSE) follows a similar
trend, with values ranging from 12.84 (growing) to 8.65 (dormant), indicating
higher precision during dormant periods.

In WS78, the adjusted R-squared values are moderately high across all sea-
sons: growing (0.90), and dormant (0.89). The MSE decreases notably from
63.11 (growing) to 50.56 (dormant), suggesting improved model performance
during dormant periods. RMSE also decreases accordingly, with values ranging
from 7.94 (growing) to 7.11 (dormant).

For WS80, the model’s adjusted R-squared values show some variation:
growing (0.90), and dormant (0.94). The MSE is highest in the growing period
(304.14) and lowest during the dormant season (101.81), indicating varying
levels of accuracy. RMSE values range from 17.44 (growing) to 10.09 (dormant),
illustrating the model’s ability to predict more accurately during dormant con-
ditions.

NRMSE is lower during the dormant period for WS80, indicating better
model performance during this phase. The growing season has the highest
NRMSE, particularly for WS78 and WS80, indicating more variability in pre-
dictions during that period. NSE values are consistently high across all sites
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and periods with the daily showing slightly higher efficiency values compared to
dormant and growing seasons. The weighted NSE, like the standard NSE, shows
higher values during the daily period.

These metrics provide insights into the performance and variability of water
table depth predictions across different environmental contexts, aiding in better
understanding and management of water resources in agricultural and environ-
mental applications.

7.2. Variable selection

Variable selection allows researchers to identify the most relevant variables
to include in a model, leading to improved model performance, better inter-
pretability, and reduced overfitting by eliminating unnecessary variables that
could introduce noise and complexity to the analysis. In this section, we are
demonstrating the important variables which are sufficient for a practitioner to
build a daily water table predictive model.

In the Table 5 (the corresponding tables for WS78 and WS80 is in the
supplementary material), the coefficients of the models for water table depth
for three different watersheds with four different time setups are provided. In
this model, elastic net, a penalization over the coefficients approach, is used for
inference. If a coefficient is closer to zero, the corresponding variable is less
sensitive than the other variables away from zero. The table “Coefficients of
WS77” presents regression coefficients for various models applied to Watershed
77 (WS77).

These models predicted a dependent variable based on multiple indepen-
dent variables. Each column represents a different time scale or season: daily,
monthly, growing season, and dormant season. The intercept is the constant
term in the regression equation. It represents the expected value of the depen-
dent variable when all predictors are zero. Y1L1, Y1L2, Y1L3, and Y1L4 are
lagged values of the dependent variable. These coefficients indicate the influence
of previous values of the dependent variable on the current value. Air_Temp_C1
is the coefficient for air temperature at time lag 1 and Air_Temp_C2 is the
coefficient for air temperature at time lag 2. This notation applies to each of the
other variables. This table illustrates how the influence of various factors on the
dependent variable differs across daily, monthly, growing season, and dormant
season periods. Zero values indicate that the corresponding variable was not
included in the model for the specific period.

For the intercepts: WS77_daily: −0.605, WS77_growing: −0.818,
WS77_dormant: 3.842 Among the predictors, notable differences across
conditions are observed: Y1L1 has consistent positive coefficients across all
conditions, ranging approximately from 0.573 to 0.945.

Rainfall1 shows variations, with coefficients of approximately 0.459 for
WS77_daily, 0.505 for WS77_growing and around 0.462 for WS77_dormant.
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Table 5. Coefficients of WS77.
WS77_daily WS77_monthly WS77_growing WS77_dormant

intercept −0.60460214 −44.17051465 −0.81780409 3.84158477
Y1L1 0.94170219 0.57386687 0.92943288 0.94451563
Y1L2 0.00000000 −0.06360627 0.00000000 0.02414715
Y1L3 0.00000000 0.06150226 0.00000000 0.00000000
Y1L4 0.02612793 −0.07874109 0.02473702 0.01099902

Air_Temp_C1 0.00000000 0.22590743 0.00000000 0.00000000
Soil_Temp_1 0.00000000 0.00000000 0.00000000 0.00000000

Rainfall1 0.45885660 0.00000000 0.50514104 0.46214280
DailyFlow1 −0.10814269 −0.03207597 −0.47766625 −0.04136039

Solar_rad_1 −0.03770686 0.00000000 −0.03914593 −0.03038076
net_rad1 0.00000000 0.00000000 0.00000000 0.00000000

PET1 0.00000000 0.00000000 0.00000000 0.00000000
RH1 0.00000000 0.00000000 0.00000000 0.00000000

Windspeed_1 0.00000000 −0.04562469 0.00000000 0.00000000
Wind_direc1 −0.00119424 0.00000000 0.00885937 −0.01274562
Vapor_Kpa1 0.00000000 0.25763440 0.00000000 0.00000000

Air_Temp_C2 0.00000000 0.00000000 0.00000000 0.00000000
Soil_Temp_2 0.00000000 −0.99438617 0.00000000 0.00000000

Rainfall2 0.00000000 −0.80569544 0.00957783 0.00000000
DailyFlow2 0.00000000 −0.28049803 0.03664337 0.01046831

Solar_rad_2 0.01681527 0.00000000 0.01030524 0.00143884
net_rad2 0.00000000 0.00000000 0.00000000 0.00000000

PET2 0.00000000 0.00000000 0.00000000 0.00000000
RH2 0.00000000 0.00000000 0.00000000 0.00000000

Windspeed_2 0.00000000 0.29262960 0.00000000 0.00000000
Wind_direc2 0.00363181 0.00000000 0.00063054 −0.00263301
Vapor_Kpa2 0.00000000 0.16987948 0.00000000 0.00000000

Note: The tables for WS78 and WS80 are in the supplement.

DailyFlow1 has negative coefficients, ranging from −0.032 to −0.478, with
WS77_growing exhibiting the most negative impact. Wind direction with
2nd order lag might have some small influence except the monthly pre-
diction. Certain predictors such as Air_Temp_C1, Soil_Temp_1, net_rad1,
PET1, and RH1 have coefficients of zero across all conditions, indicating
no significant impact in these scenarios. Similar patterns are observed in
other predictors across different conditions, reflecting their varying degrees of
influence.

In summary, the coefficients vary widely across the different conditions of
WS77_daily, WS77_growing, and WS77_dormant, underscoring the nuanced
relationships between predictors and outcomes in each specific context. These
variations highlight the importance of considering environmental and growth
conditions when interpreting the effects of predictors on the response variable.
For the other two watersheds in SC, WS77 and WS78 a similar pattern of
important coefficients are observable.

With BigVAR’s elastic-net penalty, variable importance is inferred from which
lagged predictors receive non-zero coefficients, reflecting automatic feature
selection. Because shrinkage biases effect sizes, interpretability requires post-
selection refitting or analysis of regularization paths (Manna et al. 2024, 2025c,
2025b, e.t.c.).
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7.3. Exploration without daily-flow variable

In Sec. 7.2, we observed that daily flow with its one and two days lag is important
for WS77 and WS78 water table depth prediction.

The investigation how the prediction might have changed if the daily flow
variable is absent is also important as daily flow data is not frequently available
like other climatic parameters. The coefficients are described in Table 6 (the
corresponding tables for WS78 and WS80 are in the supplementary material)
for three different stations in SC.

The residuals are listed in Tables 7 and 8. The set of important coefficients
did not change significantly. In terms of daily level prediction, the mean squared
error (MSE) for WS77 changed from 116.37 to 116.81, for WS78 changed from
75.13 to 75.68, and for WS80 almost no change was observed. For monthly
prediction, the MSE for WS77 changed from 922.94 to 936.28, for WS78 changed
from 489.50 to 326.32, and for WS80 almost no change was observed.

During the growing period, the MSE for WS77 changed from 164.86 to
201.49, for WS78 changed from 63.11 to 63.30, and for WS80 almost no change
was observed. During the dormant period, the MSE for WS77 changed from
74.88 to 82.44, and for WS78 and WS80, almost no change was observed. Hence,
dropping the daily-flow variable did not result in a significant change in the
model prediction.

Table 6. Coefficients of WS77 without daily-flow variable.
WS77_daily WS77_monthly WS77_growing WS77_dormant

intercept −0.85632733 −44.72741826 0.09830566 2.79063069
Y1L1 0.93853701 0.57162827 0.97742642 0.94503564
Y1L2 0.00000000 −0.06954435 −0.03778470 0.01449843
Y1L3 0.00000000 0.06535313 0.00000000 0.00000000
Y1L4 0.02807640 −0.07969383 0.01013189 0.01495053

Air_Temp_C1 0.00000000 0.24341318 0.00000000 0.00000000
Soil_Temp_1 0.00000000 0.00000000 0.00000000 0.00000000

Rainfall1 0.45628644 −0.03634609 0.30991193 0.37887521
Solar_rad_1 −0.03762190 0.00000000 −0.04888764 −0.03384639

net_rad1 0.00000000 0.00000000 0.00000000 0.00000000
PET1 0.00000000 0.00000000 0.00000000 0.00000000
RH1 0.00000000 0.00000000 0.00000000 0.00000000

Windspeed_1 0.00000000 −0.04789414 0.00000000 0.00000000
Wind_direc1 −0.00154098 0.00000000 0.01031562 −0.01391166
Vapor_Kpa1 0.00000000 0.25786024 0.00000000 0.00000000

Air_Temp_C2 0.00000000 0.00000000 0.00000000 0.00000000
Soil_Temp_2 0.00000000 −1.00013527 0.00000000 0.00000000

Rainfall2 0.00000000 −0.27353078 −0.07273526 0.00000000
Solar_rad_2 0.01727760 0.00000000 0.01592106 0.00830007

net_rad2 0.00000000 0.00000000 0.00000000 0.00000000
PET2 0.00000000 0.00000000 0.00000000 0.00000000
RH2 0.00000000 0.00000000 0.00000000 0.00000000

Windspeed_2 0.00000000 0.29280204 0.00000000 0.00000000
Wind_direc2 0.00393818 0.00000000 0.00257751 −0.00117845
Vapor_Kpa2 0.00000000 0.16120519 0.00000000 0.00000000

Note: The tables for WS78 and WS80 are in the supplement.
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Table 7. Detailed Residual analysis for water table depth for SC monthly, growing and dormant
season without daily-flow variable part 1.

WS77_daily WS77_monthly WS77_growing WS77_dormant WS78_daily WS78_monthly

ME 0.29 0.02 0.17 0.55 0.18 −2.56
MAE 5.52 24.17 7.37 4.18 4.07 15.04
MSE 116.81 936.38 201.49 82.44 75.68 326.32

RMSE 10.81 30.60 14.19 9.08 8.70 18.06
ubRMSE 10.80 30.60 14.19 9.06 8.70 17.88

NRMSE % 21.90 92.00 28.10 27.40 23.20 59.30
PBIAS % −0.50 −0.00 −0.30 −1.50 −0.30 5.10

RSR 0.22 0.92 0.28 0.27 0.23 0.59
rSD 1.00 0.80 1.01 1.00 1.00 0.93
NSE 0.95 0.13 0.92 0.92 0.95 0.64

mNSE 0.86 0.05 0.81 0.83 0.86 0.41
rNSE −86.44 −0.86 0.53 −0.66 0.55 −1.36

wNSE 0.98 −0.28 0.98 0.96 0.96 0.60
d 0.99 0.69 0.98 0.98 0.99 0.89

dr 0.93 0.52 0.90 0.92 0.93 0.70
md 0.93 0.48 0.90 0.92 0.93 0.68

rd −20.94 0.34 0.88 0.58 0.89 0.30
cp 0.51 0.41 0.43 0.36 0.35 0.54

r 0.98 0.48 0.96 0.96 0.97 0.81
R2 0.95 0.13 0.92 0.92 0.95 0.64

bR2 0.94 0.11 0.91 0.90 0.94 0.62
KGE 0.98 0.44 0.96 0.96 0.97 0.79

KGElf −1.14 0.02 −23.35 0.47 0.39 0.28
KGEnp 0.96 0.45 0.95 0.94 0.97 0.82

VE 1.09 1.46 1.11 1.11 1.08 1.30

MSE is measured in sq cm.

Table 8. Detailed Residual analysis for water table depth for SC monthly, growing and dormant
season without daily-flow variable part 2.

WS78_growing WS78_dormant WS80_daily WS80_monthly WS80_growing WS80_dormant

ME −1.50 −0.18 1.24 7.74 1.30 1.22
MAE 4.89 3.26 6.95 31.29 8.88 4.48
MSE 63.30 50.56 223.28 1479.47 304.14 101.81

RMSE 7.96 7.11 14.94 38.46 17.44 10.09
ubRMSE 7.81 7.11 14.89 37.68 17.39 10.02

NRMSE % 31.70 32.70 28.10 90.50 31.60 24.50
PBIAS % 2.30 0.60 −1.60 −9.20 −1.40 −2.20

RSR 0.32 0.33 0.28 0.91 0.32 0.24
rSD 1.04 0.99 1.01 1.00 1.03 1.01
NSE 0.90 0.89 0.92 0.16 0.90 0.94

mNSE 0.77 0.81 0.84 0.03 0.81 0.87
rNSE 0.90 0.44 −2.46 −0.76 0.63 0.25

wNSE 0.89 0.94 0.92 −0.10 0.90 0.93
d 0.98 0.97 0.98 0.76 0.98 0.99

dr 0.88 0.91 0.92 0.52 0.91 0.93
md 0.89 0.91 0.92 0.55 0.91 0.93

rd 0.98 0.86 0.14 0.51 0.91 0.81
cp 0.39 0.27 0.25 0.03 0.31 0.18

r 0.95 0.95 0.96 0.60 0.95 0.97
R2 0.90 0.89 0.92 0.16 0.90 0.94

bR2 0.88 0.88 0.90 0.14 0.89 0.92
KGE 0.93 0.95 0.96 0.59 0.94 0.96

KGElf 0.93 0.36 0.39 −0.06 0.38 0.53
KGEnp 0.94 0.96 0.95 0.52 0.94 0.96

VE 1.08 1.11 1.09 1.37 1.10 1.08

MSE is measured in sq cm.
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7.4. Out of sample forecasts for WS80 for 2020

In various water table management systems, water table measurements are
often discontinued for several days due to weather-related vulnerabilities and
even discontinued in some cases due to budget constraints. However, obtaining
biweekly forecast is crucial for preparing advanced precautionary management
measures against flooding or sudden drop in water table in watersheds where
time-periods are outside of the data collection window. In this study, we evalu-
ated the performance of the 2020 model for WS80, which relies exclusively on
daily meteorological data. The results of this analysis are presented in Table 9
for January, March, June, and October. This approach facilitates data assim-
ilation, enabling stakeholders to incorporate newly available data to generate
sub-seasonal forecasts. When hydroclimatic variables for future periods, such
as biweekly intervals, become available, the pre-trained model can leverage
these inputs to produce 14-day horizon predictions. This capability supports
early warning for proactive land and water management. Decision making
including for surface soil water conditions are important for operations of

Table 9. Bi-weekly predictions and errors for different periods for WS80.
Testing: Jan1–Jan14, Training period:<2020-01-01 Testing: Mar1–Mar14, Training period:<2020-03-01

Date Depth Predicted Error

1 2020-01-01 −15.30 −18.45 3.15
2 2020-01-02 −16.40 −21.27 4.87
3 2020-01-03 −17.70 −21.24 3.54
4 2020-01-04 −16.80 −22.29 5.49
5 2020-01-05 −17.60 −20.86 3.26
6 2020-01-06 −19.20 −23.96 4.76
7 2020-01-07 −16.60 −26.83 10.23
8 2020-01-08 −12.60 −29.24 16.64
9 2020-01-09 −14.90 −31.46 16.56

10 2020-01-10 −16.80 −33.71 16.91
11 2020-01-11 −17.30 −34.98 17.68
12 2020-01-12 −14.00 −34.22 20.22
13 2020-01-13 −8.40 −33.62 25.22
14 2020-01-14 −5.60 −29.85 24.25

Date Depth Predicted Error

1 2020-03-01 −6.00 −11.80 5.80
2 2020-03-02 −7.50 −17.27 9.77
3 2020-03-03 −5.60 −21.54 15.94
4 2020-03-04 −4.60 −21.28 16.68
5 2020-03-05 −0.20 −16.76 16.56
6 2020-03-06 −1.60 −1.57 −0.03
7 2020-03-07 −3.40 −6.93 3.53
8 2020-03-08 −4.60 −13.96 9.36
9 2020-03-09 −5.90 −19.62 13.72

10 2020-03-10 −7.40 −24.25 16.85
11 2020-03-11 −9.10 −26.87 17.77
12 2020-03-12 −10.90 −30.32 19.42
13 2020-03-13 −13.30 −34.63 21.33
14 2020-03-14 −16.10 −38.82 22.72

Testing: June1–June14, Training period:<2020-06-01 Testing: Oct1–Oct14, Training period:<2020-10-01

Date Depth Predicted Error

1 2020-06-01 −19.60 −21.54 1.94
2 2020-06-02 −24.30 −29.96 5.66
3 2020-06-03 −30.90 −38.17 7.27
4 2020-06-04 −38.00 −44.99 6.99
5 2020-06-05 −44.80 −48.52 3.72
6 2020-06-06 −52.50 −54.38 1.88
7 2020-06-07 −59.10 −59.21 0.11
8 2020-06-08 −63.70 −61.79 −1.91
9 2020-06-09 −52.60 −64.25 11.65

10 2020-06-10 −33.30 −61.30 28.00
11 2020-06-11 −23.10 −63.22 40.12
12 2020-06-12 −16.70 −59.38 42.68
13 2020-06-13 −17.70 −52.96 35.26
14 2020-06-14 −19.80 −57.31 37.51

Date Depth Predicted Error

1 2020-10-01 −11.70 −16.48 4.78
2 2020-10-02 −13.60 −22.66 9.06
3 2020-10-03 −16.00 −26.89 10.89
4 2020-10-04 −18.50 −28.82 10.32
5 2020-10-05 −21.50 −29.17 7.67
6 2020-10-06 −23.00 −32.91 9.91
7 2020-10-07 −23.90 −31.41 7.51
8 2020-10-08 −28.20 −36.53 8.33
9 2020-10-09 −32.30 −41.09 8.79

10 2020-10-10 −35.20 −43.45 8.25
11 2020-10-11 −10.00 −41.61 31.61
12 2020-10-12 −10.40 −32.62 22.22
13 2020-10-13 −11.80 −34.37 22.57
14 2020-10-14 −13.30 −37.81 24.51
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heavy machinery used during logging and dynamic hydroclimatic conditions.
Different methods for interval estimation of coefficients can be found in Manna
et al. (2024).

8. Discussions and conclusions

The vector autoregression (VAR) and vector autoregression with several covari-
ates (VARX) have served as essential tools in forecasting multivariate time series.
In the presence of a high number of covariates, it becomes critical to choose
the important covariates. We found that some packages handle multivariate
data with sparsity assumptions such as “glmnet”, but do not incorporate a time-
dependent framework. Also, there is significant research on the autoregressive
process with the presence of covariates (VARX), but incorporating variables
with their lag is not too much explored. In our scenario, this factor is crucial
for example, rainfall of the current day might not immediately affect the current
water table depth.

Moreover, the water table depth of the previous couple of days might be
one key variable that can be used to predict the current water table depth as
they are highly correlated. On top of that, we want to do variable selection to
understand which covariates and their lag are important for the explainability of
water table depth. We could not find any parallel methodology that does handle
suitably three major flexibilities: a) prediction under sparsity assumption within
coefficients, b) considers a time series autoregression framework, and c) allows
lags present in both dependent and independent variables, apart from “BigVAR”
in the large interpretable family of linear models. We found the prediction
for the daily level data is very good based on the computed model evaluation
statistics. In different practical scenarios, the monthly average prediction is not
recommendable based on monthly storage data as it does not capture the daily
level variability. We also obtained a similar inference in the Table 2 where the
adjusted R square is approximately poor with a minimum of .14 in comparison
with the daily level and seasonal variation with a minimum adjusted square
of .90. We recommend daily water table prediction, the growing and dormant
seasonal level prediction through our model.

Groundwater models can be applied to research and management questions
related to forest hydrology to focus on the movement and transport of subsur-
face flows through saturated porous media. Groundwater models typically are
bounded by deep subsurface flow networks that reach across multiple catchment
boundaries and use Darcy’s flow equation (i.e., the groundwater flow equation)
to estimate deep groundwater transport, which is based on relationships among
hydraulic conductivity, hydraulic gradient, fluid flow rates, and the model
domain contributing area (Golden et al. 2016). MODFLOW developed by
USGS (Harbaugh 2005) is a process-based groundwater model that simulates
three-dimensional saturated groundwater flow and storage, one-dimensional
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unsaturated flow, and groundwater interaction with streams. The mathematical
method in MODFLOW is finite difference in space and time, with backward dif-
ference for time. MODFLOW assumptions are the following: (1) confined three-
dimensional flow with water-table approximations, and (2) principal directions
of hydraulic conductivity are aligned with the coordinate axes. This model was
developed primarily for simulating groundwater flow dynamics (ground water
head and flow directions in the aquifer) in rather deeper aquifer systems of larger
areas where the surface water interaction, particularly vertical flux of evapo-
transpiration loss is minimal. In addition, MODFLOW requires multiple data
on hydraulic heads, hydrogeologic aquifer properties, and boundary conditions
whereas DRAINMOD simulates water table depth at middle of two parallel
drainage ditches which are generally 50-100 m apart in a forest or an agricultural
land.

In testing alternative models, Hill (1998) states that better models will have
“three attributes: better fit, weighted residuals that are more randomly dis-
tributed, and more realistic optimal parameter values” Similar site-specific
empirical hydrologic models for five forested wetlands with different character-
istics by analyzing long-term observed meteorological and hydrological data in
Zhu et al. (2017). These wetlands represent typical cypress ponds/swamps, Car-
olina bays, pine flatwoods, drained pocosins, and natural bottomland hardwood
ecosystems. This empirical model by Zhu et al. (2017), the proposed model, and
DRAINMOD are designed to simulate water table just on unconfined shallow
aquifers primarily on sediment sand soil layers which has minimal interaction
with deeper confined aquifers below a restrictive clayey layer between the
shallow and deep aquifers in sedimentary rocks, e.t.c and characterized more
by geology than the soils. MODFLOW is versatile in the scenarios where it can
be applied to simulate water table for both on confined and unconfined aquifers.

In the literature, for example, Amatya and Skaggs (2001) explored the water
table in a shallow unconfined aquifer with the model DRAINMOD in a drained
pine plantation of poorly drained soil. The model was based on drainage
ditches, simulates interception, and evapotranspiration (ET) as the sum of
canopy transpiration and soil evaporation, drainage, and surface runoff with
the data from 1988 to 1997. As water table is a highly correlated variable with
water table depth, we compared it with the results from Amatya and Skaggs
(2001) assuming similar performance in our prediction interval. R2 varies from
.65 to .91. In comparison to that, performance of our model was consistently
higher R2 > 90% for daily, growing, and dormant seasons after considering
a time series model. In Latimer et al. (2022, 177), it was found that another
well discussed model, MIKE SHE only obtained NSE as .45 for daily water table
depth prediction whereas using a statistical model “BigVAR”, we obtained more
than 90% NSE for daily, growing and dormant season. So in comparison to
the available methods, such as MIKE SHE and DRAINMOD, auto regressive
process based prediction is stable consistently and performing better over a
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large time interval in the recent testing period across four different spatial
locations for daily, growing and dormant season. In “BigVAR” we found that
previous couple of days’ available water table depth can be used to predict
future water table depth significantly through auto regressive process. So it
depends only fewer external parameters and not limited to upland or lowland
predictions described in Amatya et al. (2024). The proposed model is more
empirical than process-based MIKESHE and DRAINMOD models which can
be reasonably applied without calibration and validation but with they cannot
do future predictions.

In the time series plots, for example, for WS80 in the years around 2004 and
2006 (Fig. 9 ), for WS78 in the year 2018, and for WS77 in the year 2017 (Fig. 8),
we may observe that in few places � and × are away from each other. The reason
is that when there is too much rainfall, the water table rises up, sometimes above
the ground level 0 (> 0). As more water is added to the saturation zone, the
water table moves closer to the ground surface. When the water table depth is
close or above the surface (> 0), the water table’s surface water flooding situation
behaves differently. So we do concentrate in the water table data where the water
table depth is below the surface (< 0). Similar observations and explorations
were already concluded in Amatya, Gregory, and Skaggs (2000) and Amatya
et al. (2024) based on different types of soils and extreme weather conditions. In
the daily level time series plots we can observe that the confidence interval in D1
(NC) is thicker than the daily time series prediction in WS77, WS78, and WS80.
It helps us to interpret that there is more variability in D1 (NC), an energy-
limited site, than in the soil moisture limited three stations in SC. We may also
observe the heteroscedasticity in D1 compared to watersheds in SC in Fig. 12.
Similar observations were also found in figure 8 of Amatya et al. (2020) that
daily water table depth does significantly vary across both the moisture limited
WS80 in SC and energy limited D1 in NC form 2003 to 2008.

To benchmark the predictive performance of BigVAR, we compare its daily
water table forecasts against a Bayesian autoregressive model previously applied
to well WS77 (Table 4 in Manna and Ghosh 2025). While the Bayesian model
achieves reasonable accuracy across multiple forecast horizons, BigVAR demon-
strates comparable performance across multiple wells, with regression slopes
near unity, Nash-Sutcliffe efficiencies exceeding 0.90, and root mean squared
errors (Table 1). The average RMSE is 18.3 cm in the Bayesian Machine learning
method, whereas BigVAR is 8.7–15.5 cm in daily prediction. Importantly, Big-
VAR leverages the multivariate and autoregressive structure of hydroclimatic
and neighboring well data in the frequentist domain. These results highlight
the strength of BigVAR for operational water-table forecasting, offering high
predictive accuracy and the ability to handle multiple correlated time series
simultaneously, making it a particularly suitable tool for wetland and watershed
management applications.



36 A. MANNA ET AL.

The practical implication of the paper is that the proposed model can reliably
forecast daily water-table depth using hydro-climatic inputs up to one week,
enabling wetland and groundwater managers to make informed decisions and
adapt to changing conditions. After one week, like other autoregressive models,
the prediction error has increased.

The conclusions are drawn as follows:

• BigVAR is a tools for modeling sparse high-dimensional multivariate time
series, which is moderately fast and efficient in computation. AR, VAR, and
VARX are technical approaches that can help predict water table depth.
BigVAR based model is another model like DRAINMOD which simulates
1-D (vertical) water table for a given point location of interest.

• Bigvar can be utilized as a predictive model for water table depth predic-
tion with reasonably good performance and interpretability of the variable
selection.

• Approximately 70% coefficients, we conclude they are sparse in daily predic-
tion.

• Different climate variables can describe water table dynamics. The lag struc-
ture in the model plays a key role in estimating water table depth. Using
the nearest previous water table depth estimates at any given time can
create a suitable predictive model for water table dynamics. Additionally, we
incorporate key weather variables along with their lagged effects.

Variables such as rainfall, solar radiation, net radiation, and wind direc-
tion substantially improve the predictive performance of the model. These
important variable selections are similar to Manna and Ghosh (2025) where
solar radiation, net radiation, and wind directions are concluded as important
covariates. solar radiation is a critical component in determining evapotran-
spiration (ET), which is a dominant factor affecting water table depth. High
solar radiation promotes increased plant transpiration, which can lead to fluc-
tuations in the water table. Studies have shown that forests exhibit higher daily
evapotranspiration rates compared to other land covers, primarily because
trees use water more effectively. For instance, forested areas can experience
ET rates ranging from 5.02 to 6.32 mm/day, which is substantially greater
than that of grassland or corn crops, demonstrating the direct impact of solar
energy on plant water demand (Schilling (2007)).

Additionally, solar radiation maintains plant function and phenology,
correlating with groundwater recharge processes in healthy and dense forest
landscapes. Wind direction and speed also play an important role in the water
dynamics of forested watersheds by affecting evapotranspiration and influ-
encing microclimates. Variations in wind can modulate evaporation rates and
transpiration efficiencies of plants. Increased wind speed enhances evapo-
transpiration by removing moisture from leaf surfaces more rapidly, signif-
icantly impacting water table depths. Research indicates that groundwater
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levels often display diurnal patterns linked to both wind patterns and solar
radiation, where interactions lead to distinct rises and falls of groundwater
in response to daily plant water use (Butler Jr et al. 2007; Loheide, Butler Jr,
and Gorelick 2005). Furthermore, localized wind patterns influenced by
landscape features can create a microclimate that either favors or inhibits
water table replenishment, underscoring the importance of wind direction
in hydrological assessments.

If water table depth measurement is discontinued, it can still be predicted
by solely different hydroclimatic variables if one has a pre-trained model as
described in Sec. 7.4.

• Out-of-sample predictions tend to deviate increasingly from actual water
depths over time, especially in later months like June in Table 9. This could
indicate a challenge in maintaining model accuracy over longer durations.
This might suggest seasonality or external factors influencing the predictions
(e.g., environmental changes affecting depth measurements). The model per-
forms better in predicting near-term values (e.g., Jan 1–Jan 7) and struggles
with later-term predictions in each period, suggesting overfitting to initial
data or underfitting to long-term patterns.

This study presents a modeling framework employing BigVAR with elastic
net regularization to forecast daily water table depths. The approach effectively
captures linear temporal dependencies while enabling automated variable selec-
tion, offering interpretability and computational efficiency. Our results demon-
strate that even relatively simple autoregressive structures, when combined with
regularization, can produce reasonable daily-scale predictions in hydrological
contexts.

Nonetheless, several limitations should be noted. The inherent linearity
assumption within BigVAR and related vector autoregressive models may inad-
equately represent the complex, nonlinear dynamics characteristic of ground-
water systems. Hydrological processes—such as stormwater responses, evapo-
transpiration variability, and subsurface feedback—often involve nonlinear and
threshold behaviors not fully captured by linear time series models. Future work
could consider nonlinear methods, including machine learning approaches such
as Random Forests or recurrent neural networks (e.g., LSTM) to better model
these processes and potentially improve predictive accuracy (Breiman 2001;
Hochreiter and Schmidhuber 1997).

The model assumes linear relationships between predictors and water table
depth, which may limit its accuracy during extreme weather events. Nonlinear
hydrological responses could lead to under- or over-prediction under such con-
ditions. Although BigVAR employs regularization to control model complexity,
high-dimensional predictor sets and long lag structures can still pose risks
of overfitting, potentially reducing generalization. In our study, however, the
number of hydroclimatic variables and selected lags is sufficiently modest that
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such overfitting concerns are unlikely to be substantial. These watersheds are
small, homogeneous catchments, and stable climatic conditions prevail. Also,
the hydrological behavior of the water table remains constant over a shorter
time span, which supports our argument to apply autoregressive modeling, and
assuming hydrological responses are linear holds good in this case.

Another important consideration is the stationarity assumption implicit in
autoregressive frameworks. Although penalized regression techniques and dif-
ferencing can partially mitigate non-stationarity, the evolving climatic and envi-
ronmental conditions, alongside seasonal vegetation effects and anthropogenic
impacts, limit the model’s ability to generalize across extended periods or
diverse hydrological regimes. Addressing non-stationarity explicitly through
time-varying coefficient models or regime-switching frameworks may enhance
model robustness (Hamilton 1989; Hastie and Tibshirani 1993).

We evaluated the temporal structure in model residuals using the autocor-
relation function (ACF). For the first three locations, residual autocorrelations
remained close to zero across lags, indicating minimal temporal dependence
and suggesting that the autoregressive structure captures short-term dynam-
ics effectively. In contrast, the fourth location exhibited substantial positive
autocorrelation, with lag-1 correlation exceeding 0.5 and sustained dependence
across subsequent lags, suggesting that additional lagged predictors or location-
specific dynamics may be required to fully explain temporal variation. Overall,
these diagnostics support the adequacy of the model for most sites while
highlighting spatial heterogeneity in groundwater behavior.

Spatial dependence across monitoring wells was not incorporated in the
present model due to the limited number of sites, which constrains the feasibility
of spatial statistical methods. Nonetheless, groundwater levels are spatially
correlated through underlying watershed characteristics such as soil texture,
topography, and land cover. Incorporating spatial dependence via Gaussian pro-
cess models or spatio-temporal hierarchical Bayesian models could yield more
physically consistent and accurate forecasts (Banerjee, Carlin, and Gelfand 2014;
Cressie 1993). The integration of spatial information represents a promising
direction for future research.

Lastly, the model’s predictive performance varied by temporal aggregation
scale. In particular, the low coefficient of determination for monthly aver-
age predictions suggests that linear autoregressive models calibrated at daily
resolutions may not be appropriate for coarser temporal scales. This finding
highlights the trade-off between model interpretability and accuracy, motivating
the exploration of models tailored to different temporal resolutions.

In conclusion, while the BigVAR-based elastic net approach provides a useful
and interpretable baseline for daily water table forecasting, advancing ground-
water predictive modeling will benefit from addressing nonlinear dynamics,
nonstationarity, and spatial dependence. Ongoing work aims to incorporate
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these complexities and to evaluate hybrid modeling frameworks for improved
hydrological inference and forecasting.

9. Recommendations and future goals

We do highly recommend to utilize a time series auto regressive model where
we can incorporate water table depth lag values in addition to different climate
variables with different lag structures for predicting water table depth. This
model is well developed in theory and practice. In many scenarios, practitioners
include different covariates based on their experience. “BigVAR” allows a penal-
ized regression to do variable selection for inference and utilize that model for
prediction. We want to explore the following directions in the future:

• Determine the instances duration and frequency within both the observed
and simulated data where the water table depth remained within 30 cm for
14 consecutive days for wetland hydrology conditions.

• Explore the implementation of a hierarchical structure, for example Manna
and Ghosh (2025) to manage missing data. In the current study, days with any
missing variables were discarded. Investigate whether new data imputation
methods could enhance our predictions. A better confidence interval for the
estimates or water table depth should be also considered for time series data
as mentioned in Manna et al. (2025a).

• A valuable future direction is to systematically investigate how seasonal
patterns influence model performance by incorporating explicit seasonal
decomposition or Fourier-based components, enabling a deeper understand-
ing of seasonal effects on water table prediction.

• Consider developing a more complex spatiotemporal model using a larger
dataset from various locations to improve prediction and interpretation. Is it
feasible to create a model for a broader region, such as the entire state of South
Carolina or the United States? Incorporating factors such as the distance and
elevation of oceans, different watersheds, and the locations of wells may lead
to better predictive models.

• Develop Models for predicting water table through spatial smoothing and
uncertainties quantification which can predict where no monitoring data is
available in 2-D or 3-D setup. For now, it was out of scope in our study as
we require a larger database to encounter more variability across different
locations.

• Through the use of priors, Bayesian models can naturally introduce regu-
larization. For instance, priors like the spike-and-slab or horseshoe priors
encourage sparsity, effectively shrinking less important parameters towards
zero without manually tuning penalties as in ridge or Lasso regressions. A
new model development in parallel to “BigVAR” is also under consideration
for future research. Note that, In hydrological modeling, the primary goal
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is often short- to medium-term forecasting rather than long-term seasonal
analysis. While seasonality can be important for understanding annual pat-
terns, our focus is on capturing daily and weekly dynamics that directly
influence water table fluctuations. BigVAR efficiently models multivariate
and autoregressive dependencies across wells without explicitly decomposing
seasonal components, allowing accurate short-term predictions which is the
main focus of the work. For studies requiring long-term seasonal trends,
preprocessing or seasonal adjustments can be applied prior to model fitting.

• Long-term changes in climate, including shifts in precipitation patterns, tem-
perature, and extreme weather events, may alter the underlying relationships
captured by the model. As a result, the predictive capability of models trained
on historical data could degrade over time. Practitioners should consider
periodically retraining or updating the model with recent observations to
maintain accuracy under evolving climatic conditions.

• If monitoring locations are available across multiple regions or climate zones,
one can study spatio-temporal dynamics using hierarchical Bayesian models
to capture regional heterogeneity and temporal evolution, as in Manna,
Spencer, and Dey (2026).
Remark 2. The sparsity-aware autoregressive framework developed in this
work provides a general methodology for forecasting high-dimensional tem-
poral systems where (i) many lagged predictors are available and (ii) only a
small subset meaningfully contributes to predictive skill. While our empirical
focus is long-term groundwater forecasting across hydroclimatic drivers, the
methodological components; particularly lag-based dependence modeling,
Granger-style interpretability via sparse coefficients, and scalable estimation
in a high-dimensional regime; naturally extend to several cross-disciplinary
application domains. Based on the reviewer’s suggestions, we discuss the
applicability of our model in different scenarios such as biomedical applica-
tions, environmental studies, engineering, e.t.c. in Remark 3–5.
Remark 3. Recent biomedical research increasingly uses machine learning
to support clinical decision-making, but most studies rely on static feature
sets or black-box models without explicit representation of lagged depen-
dencies or principled variable selection. For example, multi-criteria decision
frameworks for optimal drug selection (Ghorbani et al. 2025a, 2025b) and
strategic medical resource allocation (Rezaei et al. 2025) use analytic hierar-
chy and multi-criteria reasoning, yet do not model longitudinal physiological
responses or dynamic treatment effects. Similarly, studies in rheumatology
and implant technology (Ye et al. 2025; Zhang et al. 2025) advance AI-guided
clinical tools but rely primarily on static predictors, while clinical meta-
analyses and systematic reviews (Ding et al. 2024) lack temporal forecasting
components. Research on psychological resilience and therapeutic response
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prediction (Ghorbani et al. 2023) incorporates predictive modeling but does
not impose sparsity on temporal dependencies.

In these contexts, our autoregressive variable selection approach can (i)
identify minimal biomarker sets that predict treatment outcomes through
time, (ii) quantify temporal lag structure between dosage, physiological
response, and adverse events, and (iii) retain interpretability required in
clinical decision-making. Future work should integrate high-frequency
patient monitoring data with sparse dynamic modeling pipelines to produce
clinically actionable time-dependent risk predictions.
Remark 4. Our proposed method is not limited to hydrological applications.
Environmental studies increasingly leverage machine learning for climate-
driven hydrologic forecasting (Lu et al. 2025), yet many such models are non-
linear neural approaches that lack transparency regarding which hydrocli-
matic drivers matter most and over what lag windows. Work on citizen-driven
pollution surveillance (Voskanyan, Ghorbani, and Azodinia 2024) provides
valuable sensing data but does not incorporate autoregressive structured
modeling, thus limiting short-term anomaly forecasting. Our framework
directly addresses these gaps by enabling (i) sparse identification of dom-
inant climatic drivers, (ii) spatio-temporal multivariate lag structures, and
(iii) interpretable forecasting suitable for environmental governance. Future
research should combine citizen-sensor datasets with sparse multivariate AR
modeling to produce early-warning signals for pollution and lake eutrophi-
cation events.
Remark 5. Engineering and reservoir studies often apply machine learning
for prediction, but most rely on nonlinear deep learning without struc-
tured temporal dependence or coefficient-level interpretability. For example,
machine learning studies on reservoir recovery, drilling dynamics, and oil
rate estimation (Beheshtian et al. 2024b, 2024a; Hazbeh et al. 2022) demon-
strate predictive advances but without explicit sparse lag modeling. Work on
geomechanical failure and sand production (Ghorbani and Abad 2022) and
polymer injection processes (Tehrani et al. 2022) applies physics-based rea-
soning but lacks data-driven autoregressive modeling. Studies predicting
reservoir quality (Hu et al. 2025) and petrophysical dynamics (Deng et al.
2025) employ sequential deep learning yet do not prioritize variable selection
or explainability.

Our methodology can serve as a hybrid bridge between physics-based
constraints and interpretable data-driven predictions. Sparse autoregressive
models can (i) identify minimal operational parameters that drive well per-
formance across lags, (ii) integrate physical variables as constrained predic-
tors, and (iii) provide interpretable alternatives to deep networks in high-
stakes engineering decisions. Future research should explore constrained
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sparse-AR models that embed reservoir physics while producing operational
forecasts with uncertainty quantification.

Beyond domain applications, several methodological extensions warrant
further study:

– Time-varying and seasonal coefficients to capture regime-dependent
hydrologic response.

– Nonlinear residual components layered atop sparse linear lags for hybrid
interpretable–nonlinear models.

– Causal discovery using sparse VAR structures for testing driver-response
relationships.

– Uncertainty quantification through conformal or Bayesian variants of
penalized autoregressive models.

These extensions would generalize our modeling framework from predictive
analytics toward mechanistic inference, enabling deployment in regulatory,
engineering, and clinical decision support contexts.
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