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Keywords: Study region: The Lithuania-Latvia transboundary gypsum karst region is highly prone to sinkhole
Karst aquifers formation, posing a significant geohazard to infrastructure, agriculture, and groundwater re-

Machine learning sources. Risk assessment is challenged by sparse groundwater monitoring networks and strongly

Sinkholes . heterogeneous karst hydrogeology.
Remote sensing : . . )
Geohazard Study focus: This study develops an end-to-end, remote-sensing-informed and data-driven

workflow to reconstruct missing daily groundwater-level (GWL) records and to forecast
monthly sinkhole formation risk. Daily GWL gaps were reconstructed using supervised machine-
learning models driven by satellite-derived climate and water-storage variables. Reconstructed
signals were aggregated to monthly resolution and translated into sinkhole risk classes using a
Random Forest classifier. A defensible operational target was applied at each well using an
empirical 90th-percentile threshold (>4 newly formed sinkholes per month). Model training
employed fold-scoped preprocessing and class-imbalance controls to ensure robust evaluation.

New hydrological insights for the region: Across seven wells (2003-2024), models combining
groundwater level, seasonal encoding and hydroclimatic features outperformed single-domain
baselines, achieving an accuracy of ~0.96, high-risk precision of ~0.98, and recall of ~0.85.
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Explainable analyses highlight multi-week hydroclimatic preconditioning as the dominant driver,
with sinkhole clusters occurring within +30 days of groundwater-level peaks. By integrating
forecasted groundwater and hydroclimatic features with remote-sensing inputs, the framework
can be implemented as an operational decision-support tool or dashboard to deliver up-to-date
sinkhole risk alerts, supporting coordinated cross-border infrastructure protection and ground-
water management.

1. Introduction

Karst terrain is characterised by a unique set of geotechnical and environmental problems, which in turn have a significant impact
on land use in these areas. A sinkhole is defined as a geologic feature that is characteristic of karst areas. It is a sudden collapse of the
ground surface or a slow, imperceptible subsidence, which have the potential to cause damage to structures. Collapse sinkholes are the
result of mechanical breakdowns, though chemical processes are important in the development of the cave in the underlaying rock and
the removal of the collapsed materials. The formation of caves is precipitated by the dissolution process occurring within the rock. In
the event of the rocks above the cave being rigid, they will only collapse when they are unable to support the weight above the cave.
Karst terrains are characterized by highly heterogeneous subsurface structures formed by the dissolution of soluble rocks such as
limestone, dolomite, and gypsum, leading to the development of conduits, caves, and sinkholes (Hartmann et al., 2014a). Sinkholes
may form abruptly as collapse features or gradually through subsidence, posing significant risks to infrastructure, land use, and
groundwater resources. Water plays a dominant role in these processes, as infiltration, groundwater-level fluctuations, and rapid
recharge can trigger mechanical failure of overburden materials above dissolution voids (Hartmann et al., 2014a). Due to the
non-linear and localized nature of karst processes, sinkhole formation remains difficult to predict using conventional deterministic
approaches.

Karst aquifers develop in soluble rocks (limestone, dolomite, gypsum, halite) where dissolution enlarges fractures, joints, and
bedding planes into conduits, caves, and sinkholes. Unlike porous-media aquifers that transmit water through intergranular pores,
flow in karst is dominated by highly heterogeneous fracture-conduit networks, sometimes with turbulent conditions and limited
matrix storage. This structure creates preferential pathways, rapid throughflow, and flashy responses of springs and water levels to
recharge. The same properties also heighten contamination risk: pollutants can bypass natural filtration and move quickly with little
attenuation, making vulnerability assessment and protection strategies essential.

Karst research is crucial for understanding groundwater resources, engineering geology, and environmental sustainability, as these
systems provide drinking water for many communities worldwide. Climate change and increasing freshwater demand may intensify
groundwater extraction from karst aquifers, potentially accelerating dissolution processes and sinkhole formation (Dzerins, 2023;
Linares et al., 2016). Water plays a central role in the development of cover-collapse, cave-collapse, and cover-subsidence sinkholes.
Downward percolation of water through unconsolidated overburden can erode soil into solution-enlarged fractures, while fluctuations
in groundwater levels alter effective stresses and hydraulic gradients within the subsurface. Numerous studies have demonstrated
empirical relationships between sinkhole occurrence, precipitation, and groundwater-level variability, supported by both observa-
tional analyses and numerical modeling (Alrowaimi, 2016; Byle et al., 2024; Liu et al., 2024; Oztiirk et al., 2025; Satkinas et al., 2007).

In the transboundary karst region of Lithuania and Latvia, gypsum karst is actively developing within Late Devonian (Frasnian)
evaporite formations (Paukstys and Narbutas, 1996). Although sulfate and carbonate karst occupy relatively small areas within the
Baltic region, they have significant engineering and geo-ecological implications, such as elevated sulfate levels and other chemical
alterations (Paukstys and Narbutas, 1996) pollution from nutrient leaching, which harms both surface and groundwater quality
(Rudzianskaite, 2017). Given that the hydrogeological system spans national boundaries, karst-related hazards and
groundwater-quality issues necessitate coordinated cross-border monitoring and management strategies between Lithuania and
Latvia. However, effective risk assessment is hindered by the limited density of groundwater observation wells operated by national
monitoring agencies, constraining the ability to characterize groundwater fluctuations and detect early warning signals of instability.
Sparse monitoring is particularly problematic in karst aquifers, where groundwater levels can respond rapidly to precipitation,
pumping, and dissolution processes. Traditional hydrogeological modeling approaches often struggle under these conditions due to
strong heterogeneity, non-linearity, and data scarcity (Jourde and Wang, 2023). As a result, there is growing interest in data-driven
methods capable of integrating diverse data sources to improve groundwater-level estimation and hazard assessment. Filtration studies
using electrical tomography show that high infiltration through cover rocks promotes active karst development in the Tatula
gypsum-bearing deposits, mainly driven by intense rainfall infiltration. Where cover deposits are thin or poorly sealed, sinkholes form,
and groundwater is highly vulnerable to surface pollution due to the high permeability of sandy soils and fractured Devonian car-
bonate rocks (Klizas and Seckus, 2007).

The application of Al-driven time-series machine learning models has proven successful in estimating groundwater levels by
integrating satellite-derived environmental data as predictive features (Collenteur et al., 2024; Rohde et al., 2021; Sun, 2013). Key
inputs such as river runoff, temperature, soil moisture, and precipitation, combined with historical groundwater level monitoring data,
enable the development of accurate predictive models that capture both short-term fluctuations and long-term trends in groundwater
dynamics. ML modeling for groundwater level imputation and sinkhole risk prediction benefit from feature engineering (Bianchini
et al., 2022; Bikse et al., 2023; Bilgilioglu et al., 2025; Collenteur et al., 2024; Ramirez et al., 2022; Sharma et al., 2025).

Al models can effectively learn complex, non-linear relationships between environmental variables and groundwater fluctuations,
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improving forecasting accuracy even in data-scarce regions like the Lithuanian-Latvian karst area, where monitoring well density is
low. Recent work shows how complementary ML approaches advance sinkhole analysis and predicting the risks of their formation.In
an Italian travertine karst plain, a full ML workflow produced susceptibility and risk maps—from inventory building and feature
engineering through model training and planning-ready outputs (Bianchini et al., 2022). A U-Net to high-resolution imagery to
delineate sinkholes and demonstrated that models trained on drone data can transfer effectively to satellite scales (Alrabayah et al.,
2024). In the Konya Basin, Turkey explainable ensemble models (RF, XGBoost, LightGBM) combined with SHAP yielded accurate
susceptibility maps while highlighting the most influential predictors, improving transparency for decision-makers (Bilgilioglu et al.,
2025). The effectiveness of tree-based ensemble methods in this study is further supported by who show that random forests robustly
capture non-linear interactions between geomorphology and hydrological response in karst aquifers (Janza et al., 2025).

Despite these advances, applications in the Baltic region remain limited. Existing studies have focused primarily on groundwater
isotope-geochemistry classification, gap imputation in groundwater time series, aquifer-spring associations, and impulse response
modeling, with relatively few remotely associated with karst region (Bikse et al., 2023; Jemeljanova et al., 2023; Koit et al., 2023;
Retike et al., 2016; Samalavicius et al., 2024, 2025a).

Sinkhole occurrence is known to be strongly linked to groundwater dynamics, yet operational prediction is hindered by sparse
groundwater monitoring and fragmented modeling approaches. Satellite-derived water-storage states can substitute for dense in situ
monitoring and act as integrative predictors of karst instability. In this study the argument states that sinkhole formation is governed
less by isolated meteorological events than by the cumulative hydraulic state and seasonal memory of the aquifer-epikarst system.The
key novelty of this work lies in coupling groundwater-level gap reconstruction and sinkhole risk prediction into a unified, remote-
sensing-driven workflow, rather than treating these challenges as separate modeling tasks. This study address two difficult problems
simultaneously: 1) reconstructing daily gaps in sparse groundwater-level (GWL) records and; 2) producing operational predictors of
sinkhole risk—all at monthly resolution and without relying on dense in situ networks. In this study point-scale GWL observations with
satellite-derived climate forcings (precipitation, temperature), actual and potential evapotranspiration (AET, PET), and large-scale
terrestrial groundwater storage proxies (TWS and GWS) are used to train four supervised ML models. Unlike typical single-purpose
studies, our framework couples an ML regression for GWL imputation with a categorical classifier for sinkhole susceptibility, using
process-guided feature engineering (e.g., multi-scale hydroclimatic anomalies, AET-PET imbalance, antecedent moisture/recharge
indices, GLDAS-based storage anomalies and their rates of change, and recent GWL drawdown/recovery). Applied to separate wells
across the heterogeneous Lithuania-Latvia karst belt, this approach demonstrates that physically meaningful, satellite-informed
features can both stabilize groundwater time series and yield planning-ready risk signals in data-scarce transboundary settings.

By fusing limited in situ GWL data with satellite products, the approach both improves continuity of groundwater records and
generates operational predictors for sinkhole risk assessment, offering a scalable, cost-effective complement to traditional monitoring
in data-scarce karst settings.

2. Methods
2.1. Dataset

The study assembled a multi-source dataset integrating climate, water-storage, and groundwater observations for a transboundary
karst region spanning Latvia and Lithuania. Daily near-surface air temperature (°C) and precipitation (mm) were obtained from the
European gridded observational climate dataset (E-OBS) gridded dataset; available from 1950 onward (Cornes et al., 2018). AET and
PET were taken from Global Land Evaporation Amsterdam Model (GLEAM) available for 1980-2023 (Miralles et al., 2025).
GRACE-based TWS and GWS were sourced from Global Land Data Assimilation System (GLDAS); available from 2003-02-01 (Li et al.,
2020, 2019).

Groundwater observations were compiled from national agencies. The Latvian observation dataset was provided by the Latvian
Environment, Geology and Meteorology Centre. Lithuanian well records were supplied by the Lithuanian Geological Survey (LGT)
PozVIS information system; these wells form part of the national groundwater monitoring network. Open-access data on sinkholes
were also obtained from the LGT GEOLIS where sinkhole formation dates are comprised. Considering that it may take a few days to
weeks for sinkhole to be noticed the real data accuracy is monthly.

Seven wells provide GWL measurement time frame suitable for temporal overlap with the climate and storage series; analyses that
require the full set of variables are therefore constrained by the shortest record, namely the GLDAS products beginning on 2003-02-01.
After merging the climatic and storage series with the groundwater records, the number of daily GWL entries available for each well
was in range 3410-6186 entries with the single exception of LT_839, which has only 351 entries and was excluded from subsequent
analyses to avoid bias arising from its substantially limited sample size.

Feature engineering encompassed seasonal encodings, lagged terms, rolling summaries, and monthly averages to represent tem-
poral structure and data quality (Appendix 1).

These features capture the core hydrologic behaviors that govern groundwater and sinkhole dynamics while giving ML models
clean, learnable signals. Lagged variables encode delayed aquifer responses to meteorological forcing—e.g., the time it takes for
rainfall or snowmelt to percolate through the vadose zone and reach the water table—so models can learn cause—effect relationships
that unfold over weeks to months. Rolling sums and means approximate short-term memory: sums of precipitation or evapotrans-
piration act like accumulated inputs/outputs to storage, whereas rolling means denoise high-frequency variability in temperature,
GWS, or GWL, improving the signal-to-noise ratio. Cyclical encodings of day- and month-of-year let models learn seasonality without
artificial discontinuities at year boundaries, and the seasonal phase provides a compact representation of timing shifts (e.g., an early or
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late wet season). Climatological monthly baselines turn raw values into context-aware anomalies, helping models distinguish “normal
for this month” from genuinely unusual conditions.

Together, these engineered variables improve modeling by providing redundant, physically meaningful predictors when obser-
vations are missing, and they boost predictive models by embedding domain structure that reduces overfitting and enhances gener-
alization across wells and years.

2.2. Machine learning

The programming workflow was implemented in Python (version 3.11.13), employing a suite of open-source scientific computing
libraries. Additional graphical and tabular outputs were produced using AutoCAD for cross-sectional drawing and Microsoft Excel for
tabular summaries.

The modeling workflow addresses two linked objectives: (1) reconstruction of missing groundwater-level (GWL) observations and
(2) prediction of sinkhole formation risk. Groundwater-level imputation provides continuous, gap-free time series that serve as inputs
for subsequent sinkhole risk modeling, forming an integrated, two-stage framework (Fig. 1).

In the present study, both regression and classification approaches were implemented. For regression tasks—predicting continuous
numerical outcomes—ensemble-based algorithms such as ExtraTreesRegressor (ETR), RandomForestRegressor (RFR) and Gra-
dientBoostinRegresor (GBR) were employed to capture complex, non-linear relationships between predictor variables and target re-
sponses. For classification tasks—predicting discrete categorical outcomes—models such as the RandomForestClassifier (RFC),
LightGBM (LGBM), XGBoost (XGB) and ExtraTreesClassifier (ETC) were utilized, enabling the discrimination between classes based on
learned patterns in the feature space.

In this context, sinkhole risk was formulated as a categorical classification problem, distinguishing between low-risk and high-risk
conditions. The classification models aimed to identify the complex interplay between groundwater dynamics, climatic forcing, and
subsurface conditions that predispose an area to sinkhole occurrence. This dual-stage strategy ensures that the final predictive models
are trained on the most complete and representative datasets available, thereby enhancing both model performance and interpret-
ability in the context of groundwater-related hazard assessment.

2.2.1. Groundwater Level Imputation

Imputation was performed to reconstruct continuous groundwater level time series. Predictors were derived from hydroclimatic
and storage variables assembled into predefined feature sets. Core predictors included precipitation, air temperature, potential
evapotranspiration PET), actual evapotranspiration (AET), and their rolling sums or means with lags of 30, 90, 270, and 360 days. The
use of rolling aggregates of hydroclimatic variables follows the feature-construction framework proposed in Collenteur et al. (2024),
although that study addressed groundwater-level forecasting rather than gap imputation. Two feature-set configurations were eval-
uated: a no_seasonal set comprising only hydroclimatic and storage predictors and a with seasonal set that additionally included a
seasonal phase encoding.

The target variable was groundwater level referenced to mean sea level (gw_level m_asl). Records were grouped by monitoring point
(well no) and indexed by date. For each well, analyses were restricted to the period spanning the first to the last observed (non-null)
groundwater level to avoid leading/trailing regions with no targets.

Predictors were drawn from climate and storage variables (and potentially their transformations) assembled into predefined
feature sets.

To limit multicollinearity and stabilize model estimates, predictors were screened using the variance inflation factor (VIF). After
median imputation and standardization applied within training folds only, an iterative backward elimination was performed per well
and per candidate feature set until all retained predictors satisfied VIF < 5 (James et al., 2017). VIF diagnostics are provide in Ap-
pendix 2. Predictors exceeding this threshold, or rendered redundant by retained correlates, were removed. The resulting feature space
comprised low-collinearity climate and storage drivers. Modelling was conducted independently for each well with observations
indexed by date. Three machine learning algorithms were evaluated: Random Forest (RFC), LightGBM (LGBM), and Extra Trees (ETC).
Model performance was assessed using the coefficient of determination (R?) and mean absolute error (MAE) and the best performing
model was selected to be used for imputation for all wells.

Following established methodology for groundwater imputation assessment (Bikse et al., 2023), realistic missingness was simu-
lated by masking contiguous intervals that reflect empirically observed gap structures. Rather than randomly removing individual
observations, continuous blocks of 7-60 days were withheld for testing. The full 2003-2024 record was evaluated using a time-aware

1) Data 2) Feature 3) ML Step 1

Daily data. Engineering Daily data.
*  GW storage Groundwater Level

il b oy 3
* GW level ?als{ad:ta gap filling with
* Hydroclimatic . Rogls regressor
parameters s ol algorithm.

Encodin; Results evaluated
< with R? and MAE.

4) ML Step 2
Aggregated to
monthly data.
Sinkhole risk
prediction with
classifier algorithm.
Results evaluated
with F1, ROC AUC,
recall, precision,
accuracy.

Fig. 1. Workflow of the data processing and machine learning pipeline.
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cross-validation framework instead of a single static train-test split. Specifically, temporal cross-validation with block masking was
applied (Fig. 2a), whereby continuous intervals of 7-60 days were withheld for testing and the remaining observations were used for
training. This approach preserves temporal dependence in groundwater dynamics and accounts for potential non-stationarity in
hydroclimatic controls. The masked indices were explicitly flagged and excluded from all model-selection procedures, ensuring that
evaluation remained strictly out-of-sample and suitable for subsequent external validation or sensitivity analyses.

To achieve the best performing model per well ETR was wrapped in GridSearchCV (3-fold, scoring = 'r2', n_jobs = -1) to tune key
hyperparameters: n_estimators € {100, 200}, max_depth € {None, 20}, min_samples_split = 2, min_samples_leaf € {1, 2}. The
hyperparameter search ranges were defined based on an initial screening analysis. Higher values of n_estimators were tested, but no
further performance improvement was observed beyond 200 trees. Consequently, the search space for n_estimators was limited to
{100, 200} to reduce computational cost without sacrificing model performance. The max_depth parameter showed sensitivity
depending on the selected feature set, with shallow and moderately deep trees producing comparable results; therefore, the search was
restricted to {None, 20} to capture this influence while avoiding overfitting. The winning (model, feature set) per well, were used to
impute missing GW levels were imputed.

2.2.2. Sinkhole formation risk assessment

In the sinkhole risk assesment ML step risk indicator derived from risk_level, restricted to the Low and High categories was selected as
a target. Observations were stratified by well and ordered by year and month to preserve temporal dependence. Class labels were
encoded as binary_label € {0,1}, mapping Low — 0 and High — 1.

Performance reporting included class-specific precision, recall, and F1 for both Low risk and High risk labels, alongside overall
accuracy and area Under the Receiver Operating Characteristic Curve (ROC AUC). Precision for a class quantifies the proportion of
samples predicted as that class that are truly members of it (e.g., High risk precision measures the reliability of positive alarms); recall
quantifies the proportion of true members of that class that are correctly identified (e.g., High risk recall reflects sensitivity to minority
events).

In this pipeline, ROC AUC is computed on the available predictions as implemented and reported alongside accuracy (Fig. 1b). To
explicitly characterize prevalence, label counts were aggregated across all wells and feature sets, yielding a pronounced class
imbalance with approximately 89% Low risk and 11% High risk. These totals both motivate the use of imbalance-aware training

INPUTS (monthly data)

* Target: Per-well, per-month sinkhole count —
Low risk and High risk cathegories on
threshold 4 per month

* Predictors: climate, groundwater and seasonal

INPUTS (daily data) variables
* Target: Per-well gw_level_m_asl (trimmed to ¢

observed window)
 Predictors: climate, groundwater storage and
seasonal variables

VIF CURATION AND FEATURE

SELECTION
\ o Drop until VIF < 5 — feature sets
VIF CURATION AND FEATURE
SELECTION
* Drop until VIF < 5 — two sets: with_seasonal /

no_seasonal

CROSS-VALIDATION
« Timeseries split allocating four most recent
years for testing
o 5-fold CV per well x feature set preserves class

HOLD-OUT MASKING AND proportions
CROSS-VALIDATION
* 20% of targets as random continuous 7-60 day
blocks
* 5% block CV (20% blocks) CLASS IMBALANCE HANDLING
* SMOTE-Tomek applied within training folds
 SMOTE neighbor count adaptive to minority size
MODEL SELECTION
» Candidates: ExtraTrees, RandomForest,
GradientBoosting
o Iterativelmputer (combined with all three
models) MODEL SELECTION
Candidates RandomForestClassifier, LightGBM,
XGBoost, and ExtraTreesClassifier

MODEL TUNING

GridSearchCV on ExtraTrees (R?) — obtain best
hyperparameters

MODEL TUNING

GridSearchCV on RandomForestClassifier (ROC
\ AUC) — best hyperparameters

FINAL FIT & IMPUTATION
e Predict missing groundwater levels.
e Store complete (actual+imputed) record of
groundwater level data.

EVALUATION
« Primary metrics: Accuracy and ROC AUC
(threshold-independent ranking quality).
« Class-specific precision, recall, F1 reported for
a) b) Low and High risk.

Fig. 2. Study design. a) Imputation of missing groundwater level data; b) Sinkhole formation risk assessment ML modeling.



V. Samalavicius et al. Journal of Hydrology: Regional Studies 65 (2026) 103372

(resampling and class-weight exploration) and contextualize the metrics: stable or high accuracy and strong Low risk scores can co-
occur with deficient High risk recall, whereas improved High risk recall and F1 indicate better minority detection at the potential
cost of some majority accuracy.

For each well, numeric columns were subset, features missing from a set were skipped, and VIF values were obtained on the
standardized design matrix. Per-feature VIFs were then aggregated across wells to yield mean + SD, together with counts of
contributing wells (Appendix 3).

Predictor specification relied on predefined feature sets, with the sets motivated by the study’s hydrologic conceptual model and
exploratory analyses (Appendix 3): Climatic Features; Groundwater Features; Groundwater-storage (GWS) Features; GWS-Seasonal
Features; Total Water-Storage (TWS) Features; and three combined specifications—CS (Climatic + Seasonal), GS Combined, and
CGS Combined (Climatic + Groundwater/Storage + Seasonal). To control multicollinearity, each feature set was first diminished
through variance inflation factor (VIF) screening For every well and VIF-curated set, models were trained and evaluated within the
blocked time-series cross-validation pipeline: within each training fold, class imbalance was corrected using SMOTE-Tomek, cate-
gorical variables were encoded, and predictors were standardized using a scaler fit only on the training data; an inner grid search
selected the classifier and its hyperparameters. The tuned model was then refit on the training fold and evaluated on the corresponding
test split, and out-of-fold predictions were aggregated across repeats to compare feature sets, with all preprocessing and tuning strictly
confined to the training data to prevent information leakage (Fig. 2b).

Model performance was estimated with a timeseries five-fold cross-validation design applied independently for each well and
feature set. The test set was delegated with the values of four recent years 2020-2023, while the training set was left with the previous
observation ensuring no data leakage could occur between them (Fig. 2b). Within each cross-validation fold, all data-dependent
operations were fitted strictly on the training portion to also prevent information leakage.

Model selection adopted RFC as the base learner following a comparative benchmark in which LightGBM, XGBoost, and Extra-
TreesClassifier were trained under identical preprocessing (SMOTE-Tomek, fold-scoped encoding), feature sets, and timeseries five-
fold cross-validation; these alternatives exhibited approximately 10-15% lower accuracy on average across wells and feature sets,
establishing RFC as the preferred model.

In order to achieve better performance, hyperparameters were tuned by an inner three-fold grid search that maximized mean area
under the ROC curve. The objective optimized mean ROC AUC (Fig. 2b). The grid comprised n _estimators € {200, 400}, max_depth €
{20, 30}, min_samples_leaf € {2, 3, 5}, and class_weight € {balanced_subsample, {0:1,1:4}, {0:1,1:6}}. The design targets class imbalance
and temporal structure by conducting grid search on the native class distribution (avoiding resampling inside CV to prevent leakage
and instability in small temporal folds), constraining tree depth and enforcing larger leaf sizes to reduce variance and suppress brittle
minority splits, and comparing data-driven (balanced_subsample) versus fixed positive-class weighting to calibrate emphasis on the
minority class. The configuration achieving the highest inner-fold ROC AUC was retained. The tuned model was refitted on the selected
training features and evaluated on the held-out fold; both discrete class predictions and class probabilities were recorded.

For each well and feature set, out-of-fold predictions from the five splits were concatenated to form well-level assessments. These
well-level results were subsequently pooled across wells to produce feature-set summaries. Primary metrics comprised overall accu-
racy and ROC AUC (computed on the discrete predictions as implemented), complemented by class-wise precision, recall, and F1
scores. Confusion matrices were aggregated across wells, normalized by row to emphasize per-class recall, and visualized in a tiled
panel figure with one panel per feature set. To ensure proper data wrangling, an exception was set for wells containing only a single
class after label filtering to be excluded from analysis for that feature set. This exception was not executed during the analysis and
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Fig. 3. Location of the transboundary karst region, rivers (blue), borders (black), cities > 50k (black dots), and groundwater-monitoring wells
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red) after (Levins and Buzajevs, 1999; Lithuanian Geological Survey under the Ministry of Environment, 2025).
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modeling process.
3. Environmental setting

The transboundary karst region is a part of the Baltic Artesian Basin. The land surface altitude in the region varies from 25 to 150 m
above sea level (Fig. 3). The Region’s climate is classified as Dfb (snow, fully humid, warm summer) (Kottek et al., 2006).

The map differentiates four karst classes: stabilized carbonate karst, stabilized gypsum karst, active gypsum karst (shown with
hatch fills, after (Paukstys and Narbutas, 1996), original map authored by Paukstys, Vodzinskas, Heinsalu), active gypsum karst (red
linework), and modern active karst (dark-red linework) (Levins and Buzajevs, 1999; Lithuanian Geological Survey under the Ministry
of Environment, 2025) (Fig. 3). These units delineate a NW-SE~trending belt from north-central Lithuania into southern Latvia,
broadly coincident with the outcrop/subcrop of Devonian evaporites and carbonates. The hatched polygon that defines the principal
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Fig. 4. Daily climate variables for the Lithuanian-Latvian transboundary area: (a) precipitation (mm/d, E-OBS), (b) air temperature (°C, E-OBS), (c)
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V. Samalavicius et al. Journal of Hydrology: Regional Studies 65 (2026) 103372

karst belt, its long axis is ~150-170 km, with a typical width of ~50-80 km (Fig. 3).

The “stabilized” zones represent relict or presently quiescent features where karstification in carbonate or gypsum strata is subdued
by thicker Quaternary cover, lower hydraulic gradients, or infilled sinkholes. In contrast, the active gypsum karst traces narrow
corridors and clusters, particularly northeast of Panevézys and toward the Latvian border, where shallow Upper Devonian gypsum is
intersected by river valleys. The modern active karst highlights the most dynamic sectors with ongoing subsidence and sinkhole
formation; these sectors are topographically low, intersect fluvial corridors, and coincide with the highest density of mapped wells,
underscoring groundwater sensitivity.

3.1. Climate

The Lithuanian-Latvian border region is shaped by a cool-temperate hydroclimate with pronounced annual cycles that are broadly
coherent across monitoring locations (Fig. 4a—d). Precipitation and temperature span the full mid-twentieth-century to present record,
whereas evapotranspiration (ET) commences later, yielding fewer observations for AET and PET (Fig. 4c-d; Table 1). The daily
precipitation distribution is highly right-skewed—many dry or low-intensity days (median 0 mm/d; IQR 0-2.1 mm/day) punctuated
by rare extremes up to 110.5 mm/d—while temperature exhibits large seasonal amplitude around a mean of 6.45 °C (range —32.2 to
27.3 °C) (Fig. 4a-b; Table 1). These features mirror regional analyses showing frequent light precipitation punctuated by heavy-rain
episodes and an observed/expected increase in extremes through the 21st century (Rimkus et al., 2011). Evaporative demand
generally exceeds supply (PET mean 1.77, AET 1.31 mm/d), with seasonal maxima aligned with summer warmth; small negative ET
minima reflect processing artefacts and are negligible for water-balance purposes (Fig. 4c—d; Table 1). A similar warm-season evap-
orative deficit has been quantified for the Nemunas basin, where ETo increasingly outpaces precipitation from April-August
(Stonevicius et al., 2018).

These joint characteristics translate directly into boundary conditions for karst development where carbonate or evaporite strata
are present. The precipitation regime favors event-driven recharge: long sequences of low inputs followed by short, intense storms
overcome soil moisture deficits and drive focused infiltration through karst and fractures (Fig. 4a; Table 1). Such hydraulic bursts
efficiently widen preferential pathways and, in evaporitic settings, can accelerate dissolution and cover-collapse. Field evidence of
sinkhole clustering and rapid hydraulic responses is well documented in the Birzai-Pasvalys/Skaistkalne gypsum-karst belt (Delina
et al., 2012; Paukstys et al., 1999).

Thermal seasonality structures the chemical aggressiveness of infiltrating waters. Cool-season and snowmelt recharge, with higher
CO:2 solubility and typically undersaturated chemistry, enhances carbonic-acid dissolution; warm-season soils, with elevated pCO-
from respiration, can be equally effective when moisture is available. Consequently, transitional periods (spring, autumn) often
combine chemically aggressive water with sufficient supply, producing disproportionate dissolution relative to their duration
(Fig. 4b—d). The regional snow-cover regime (shorter seasons, frequent late-winter thaws) further concentrates effective recharge into
shoulder seasons, sharpening these windows of karst aggressiveness (Rimkus et al., 2018)

The persistent evaporative deficit (PET > AET) implies hydrologic intermittency: extended dry periods interrupted by recharge
pulses (Fig. 4c—d). Drying promotes desiccation cracking and soil piping, increasing connectivity to the subsurface; the subsequent
first-flush after drought commonly carries high CO- and organic acids and can generate large hydraulic gradients, fostering both
dissolution and suffosion. The same climate also heightens sensitivity to runoff focusing, which localizes recharge into karst-prone
zones and amplifies subsidence hazard.

The regime summarized above—many dry days, strong thermal seasonality, and episodic high-intensity rainfall—suggests a
suitable hydroclimatic set features for sinkhole risk modelling and groundwater level (GWL) reconstruction in the Lithuanian-Latvian
karst transboundary area. The observed tendency toward heavier precipitation events and shorter, more variable snow seasons
(Rimkus et al., 2018, 2011) suggests these contrasts—leading to intensified geohazards.

3.2. Geology and karst formation

Karstified gypsum and gypsiferous-dolomitic rocks in the Baltic States occur at two primary stratigraphic levels: the Narva For-
mation (Middle Devonian) and the Tatula and Salaspils formations (Dubnik regional stage) (Late Devonian, Frasnian age) (Paukstys
and Narbutas, 1996). The gypsum deposits of the Narva Formation are buried at depths exceeding 100 m, preventing the development

Table 1
Summary statistics (count, mean, standard deviation, minimum, quartiles, maximum, and median) of daily precipitation and temperature (E-OBS)
and daily actual and potential evapotranspiration (GLEAM) for the Lithuanian-Latvian transboundary area.

Count Mean std min 25% 50% 75% max

Precipitation, 324,344 1.58 3.24 0 0 0 2.1 110.5
mm E-OBS

Temperature, 324,344 6.45 9.09 -32.2 0.24 6.61 14.12 27.31
C° E-OBS

Actual Evapotranspiration, 192,860 1.31 1.10 -0.14 0.351 0.974 2.114 6.63
mm GLEAM

Potential Evapotranspiration, 192,860 1.77 1.59 -0.15 0.376 1.268 2.929 9.553
mm GLEAM
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of visible karst features at the surface (Fig. 5). However, evidence of ancient palaeokarst structures, including breccia-filled pipes and
carbonate debris, indicates past dissolution and collapse processes (Narbutas, 1979; Paukstys and Narbutas, 1996). Variations in level
and chemical composition of groundwater are determined by the rate of infiltration of precipitation (Satkunas et al., 2007, 2006;
Taminskas et al., 2020).

Dubnik regional stage formations in Lithuania and Latvia host well-developed gypsum successions. These gypsiferous strata overlie
dolomites and marls of the Plavinas Formation, which rest upon a thin (2-9 m) interval of clays and marls. Beneath this, thick
sandstone and argillaceous sandstone packages of the Sventoji and Upninkai formations constitute a major regional aquifer system. At
the base of the gypsum-karst succession, clays of the Narva Formation act as a regional aquitard, restricting vertical groundwater flow
(Narbutas, 1979; Paukstys and Narbutas, 1996).

In this study three-stage regional scheme is derived from the stratigraphy of Dsfr (Upper Devonian Frasnian) (Luksevics et al.,
2012). The Dubnik Stage comprises the Late Devonian gypsum units—Tatula Formation in Lithuania (Pasvalys (Dstps), Kirdonys
(Dstkd), Nemunélis (D3tnm)) and Salaspils Formation in Latvia. The Daugava Stage corresponds to the Istras Formation in Lithuania
and the Daugava Formation in Latvia. The Plavinas Stage is represented regionally by the dolomitic Plavinas/Pliavinias Formation in
both countries (Fig. 5).

The active gypsum-karst belt shows dense dissolution features. In Lithuania, ~1100 sinkholes are mapped across 400 km?, with
local densities > 20 km™ and a maximum of 200 km™2 in the Karajimiskis Geological Reserve (Paukstys and Narbutas, 1996; Sama-
lavicius et al., 2025b). In Latvia, Skaistkalne averages 13 km2 with peaks to 138 km™2, while Baldone, Adazi, and Saulkalne register
lower densities (~2-5 km2) (Paukstys and Narbutas, 1996).

Sinkholes in the Gypsum Karst Region are predominantly small to medium-sized dolines, 1-2 to 10-15 m in diameter and 1-6 m
deep. Most remain dry, though some are intermittently water-filled. The deepest structures commonly intersect the phreatic surface of
the unconfined aquifer and, locally, the potentiometric surface of confined (artesian) systems, thereby inducing spring discharge,
particularly along river valleys (Paukstys and Narbutas, 1996).

Karst lakes produced by the coalescence of dolines are characteristic of the region. In Lithuania, Lake Ilgasis (Kirkilai) comprises
~30 hydraulically connected sinkholes that form an elongate basin ~1.1 km long and ~0.2 km wide (Kilkus, 1977; Paukstys and
Narbutas, 1996). These water bodies receive mixed meteoric and groundwater recharge and commonly exhibit faint hydrogen-sulfide
odors reflecting the ambient groundwater geochemistry (Paukstys and Narbutas, 1996).

The sinkholes often correspond with surface depressions on the bog, though some remain undetectable without geophysical
methods (Dzerins et al., 2023). Active karst processes drive peat subsidence, forming sinkholes with disrupted or concave peat
layering, highlighting the need for further geohazard assessments in other peatland areas with potential karst activity (Dzerins et al.,
2023).

Monthly sinkhole counts in Lithuania (2003-2024) show a low background rate punctuated by sharp bursts, mostly in early spring,
with peaks up to 40 events (Fig. 6a). Aggregated by month, occurrences are overwhelmingly concentrated in April, with smaller rises in
March and September—October; February and July are minima (Fig. 6b). The pattern indicates hydrologic control: snowmelt and
spring rains rapidly raise heads and infiltration, triggering collapses; weaker autumn peaks align with rainfall recharge, while frozen
ground (winter) and low water tables plus high evapotranspiration (summer) suppress activity. No clear long-term trend is evi-
dent—hazard appears event-driven.

3.3. Hydrogeology

The Lithuania Latvia transboundary area karst region forms part of the Baltic Artesian Basin, within an active groundwater cir-
culation zone, where freshwater (< 1 g/L) is a dominant. However, karst region is unique due to gypsum dissolution leading to
elevated TDS (up to 3 g/L). The hydrogeological system consists of multiple interconnected aquifers spanning both Devonian and
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Fig. 5. Cross-section of karst region. In green shades — karst affected layers. Dark brown - aquitards, light brown aquifers. With regional stages
(Spalvins et al., 2013; Virbulis et al., 2013).
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Fig. 6. Lithuania sinkhole dataset—(a) monthly counts, 2003-2024; (b) monthly totals.

Quaternary formations (Fig. 5), which are utilized for domestic and industrial water supply.

Time series (2003-2024) of TWS and GWS anomalies for the Lithuania-Latvia transboundary area display a pronounced,
repeatable annual cycle (Fig. 7). TWS exhibits the larger seasonal amplitude and typically reaches its maximum in late winter—early
spring; GWS covaries but peaks later, with a systematic lag of ~1-2 months. Both records show interannual variability—a relatively
drier phase in the mid-2000s and higher peaks around 2018-2021—yet no clear monotonic long-term trend (Fig. 7). The seasonal
pattern reflects cold-season accumulation and spring recharge from snowmelt and precipitation, followed by summer drawdown
driven by evapotranspiration. The consistent TWS to GWS phase lag indicates delayed percolation through the vadose zone and aquifer
response times. Year-to-year swings represent wet and dry years rather than a persistent increase or decline in storage, underscoring
event- and climate-variability control on regional water availability (Fig. 7).

The clear phase lag (TWS leading GWS by ~1-2 months) and strong seasonality argue for usage of lagged and rolling-window
features in ML models. Hydrologically, vadose percolation and aquifer response introduce memory, so past states carry predictive
power for present groundwater level.

Quaternary aquifer system: Shallow glacial-sand aquifer with mainly fresh Ca—HCOs water (TDS 0.5-0.8 g/L); highly vulnerable to
agricultural and urban pollution, with frequent elevations of nitrogen and organic contaminants (Paukstys and Narbutas, 1996).
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Fig. 7. Lithuania-Latvia transboundary karst area: 2003-2024 TWS and GWS show a pronounced annual cycle with GWS lagging TWS by ~1-2
months, strong interannual variability, and little long-term trend.
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Daugava & Dubnik Stages: Gypsum formations yielding slightly mineralized Ca—SOa water (TDS 1.5-2.4 g/L); karst conduits make this
aquifer extremely susceptible to contamination, and nitrogen compounds and organics often exceed drinking-water limits (Klimas and
Paukstys, 1993). Plavinas Stage: Beneath the gypsum, chiefly Ca-Mg-HCOs water (TDS 0.5-0.8 g/L); local hydraulic links to the
overlying karst introduce Ca-SO4 water (TDS 1-2 g/L), and some wells show contamination (Paukstys and Narbutas, 1996).

4. Results and discussion
4.1. Imputation of missing groundwater level data

Before detailed interpretation, candidate algorithms were compared under identical conditions, including VIF-curated feature sets,
block-masked 5-fold temporal cross-validation, and training-only preprocessing. Random Forest (RFR), Gradient Boosting (GBR), and
pipelines incorporating Iterativelmputer were evaluated against the Extra Trees model (ETR). Across wells and for both feature-set
configurations, ETR consistently achieved higher predictive skill, with mean CV R? values approximately 5-10% greater and corre-
spondingly lower MAE relative to competing approaches. Iterativelmputer-based pipelines did not yield systematic improvements. On
this basis, Extra Trees was selected as the primary model for subsequent imputation.

Imputation of missing groundwater-level records by ETR model was evaluated using block-based temporal cross-validation to
assess both predictive performance and hydrogeological consistency. Across wells, reconstruction skill varied substantially (CV R% =
0.44-0.79; MAE = 0.12-0.40 m), indicating marked site-specific differences in the recoverability of groundwater dynamics from
hydroclimatic and storage predictors. To examine the controlling factors behind this variability, feature attribution was analysed using
SHAP diagnostics for the best-performing Extra Trees models (Fig. 8).

SHAP beeswarm plots reveal that same-day GLDAS groundwater storage (gws mm_tavg gldas) is the dominant predictor in both
feature-set configurations, with higher storage values systematically associated with increased predicted groundwater levels. In the
no_seasonal specification (Fig. 8a), importance is distributed across contemporaneous storage, 90-360-day storage lags, and multi-
month precipitation aggregates, whereas temperature lags exhibit comparatively weak and inconsistent effects. When an explicit
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Fig. 8. SHAP feature attribution for groundwater-level imputation. Beeswarm plots show tuned ExtraTrees models (a) no_seasonal and (b)
with_seasonal. Horizontal position = SHAP value (impact on predicted head); color = feature value (blue = low, pink = high).
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seasonal term is included (Fig. 8b), attribution concentrates more strongly on present storage state and seasonal phase, and the
contribution of long storage lags diminishes, indicating that the seasonal encoding absorbs part of the cyclic signal previously captured
through lagged predictors.

Dominance of the GWS state, together with appreciable weights on 3-12 month lags, indicates strong state persistence in
groundwater levels characteristic of karst systems with dual-porosity storage and delayed epikarst and matrix drainage. These findings
are consistent with established representations of dual-porosity karst systems, where delayed epikarst and matrix drainage generate
multi-month memory and attenuated recharge signals (Hartmann et al., 2012; Jodar et al., 2020; Martin-Rodriguez et al., 2023).

While attribution patterns indicate a broadly consistent hydroclimatic control across sites, imputation performance varies sub-
stantially between wells (Table 2). Cross-validated R? ranges from 0.44 to 0.79, suggesting that storage persistence alone does not fully
determine reconstruction skill. Wells exhibiting smoother seasonal oscillations and gradual recessions tend to achieve higher pre-
dictive accuracy, whereas those characterized by abrupt drawdowns or short-timescale variability show reduced recoverability from
hydroclimatic and storage predictors.

Across wells, optimal Extra Trees configurations favored deep trees (max_depth = None or 20) and small leaf sizes (min_sam-
ples_leaf = 1-2), indicating the importance of capturing nonlinear thresholds and sharp transitions typical of karst dynamics. Ensemble
averaging maintained variance control despite model depth, consistent with the observed cross-validated stability.Across blocked CV,
the best Extra-Trees setups favored very deep trees (max_depth = None or 20), minimal node constraints (min_samples_leaf = 2, min -
samples_split = 2), and moderate ensemble sizes (n_estimators = 100-200) (Table 2). In Extra-Trees, random split thresholds decorrelate
trees and act as built-in regularization, so added depth reduces bias without a matching rise in variance (Geurts et al., 2006). Such
flexibility is particularly relevant in karst systems, where recharge-discharge dynamics often exhibit sharp transitions associated with
conduit activation and variable hydraulic connectivity (Hartmann et al., 2014b, 2012; Jodar et al., 2020). Ensemble sizes of 100-200
trees were sufficient to stabilize cross-validated performance, in line with established findings on diminishing marginal gains from
larger forests (Probst et al., 2019), and the overall configuration yields a low-bias, variance-controlled fit consistent with the
cross-validated gains in Table 2.

Hydrogeologically, the wide spread in metrics is consistent with the intrinsic heterogeneity of karst systems. Wells strongly con-
nected to conduit networks typically exhibit rapid, event-driven responses and step-like drawdowns, while matrix-dominated settings
show smoother, more diffusive behavior (Jodar et al., 2020; Martin-Rodriguez et al., 2023). Elevated errors and reduced CV R? are
compatible with a noisy groundwater-level signal generated by high-frequency recharge pulses, variable boundary conditions (e.g.,
stream-aquifer exchange) or episodic pumping. The well LV_22610 results, in particular, align with disturbance by groundwater
abstraction or other anthropogenic operations that introduce abrupt, nonseasonal fluctuations not captured by meteorological pre-
dictors alone.

Improved average performance under the with_seasonal specification indicates a pronounced seasonal component at several sites;
however, limited gains or increased variance at others point to dominance of nonseasonal variability and nonstationarity (e.g.,
intermittent pumping, transient hydraulic connectivity). The elevated fold-to-fold variability at LT_35996 (CV R? SD = 0.19) further
supports temporal instability in controlling processes (Table 2).

Short term GWL noise has previously been identified as a limiting factor in data-driven modeling approaches (Bo et al., 2025). The
imputation results in this study (R? from 0.44 to 0.79) for masked windows of 7-60 days is therefore consistent with the challenges
imposed by high-frequency dynamics. The groundwater-level series were used in their raw form, without smoothing or filtering, and
no autoregressive groundwater lags were included and the reconstruction relied exclusively on hydroclimatic and remotely sensed
storage predictors. A study within the Baltic countries focusing solely on GWL gap imputation likewise did not include any lagged or
smoothed GWL values but instead used all available GWL observations from other sites as inputs, achieving median Nash-Sutcliffe
efficiencies (NSE) of 0.58-0.76 for 24-63-day gaps and substantially higher accuracy for shorter gaps (median NSE = 0.92 for mean
gap length of 7.8 days), achieving median Nash-Sutcliffe efficiencies (NSE) of 0.58-0.76 for 24-63-day gaps and substantially higher

Table 2
Classification performance for predicting monthly sinkhole risk using alternative feature sets.
Well No CV R? CV R? CV MAE cv Feature set Best Hyperparameters
mean std mean MAEstd
LT 35994 0.79 0.08 0.16 0.01 with_seasonal {'max_depth': None, 'min_samples_leaf": 2, 'min_samples_split" 2,
'n_estimators': 100}
LV_12225 0.67 0.08 0.12 0.01 no_seasonal {'max_depth" 20, 'min_samples_leaf": 2, 'min_samples_split": 2,
'n_estimators": 200}
LT 35995 0.64 0.08 0.12 0.01 no_seasonal {'max_depth": 20, 'min_samples_leaf": 2, 'min_samples_split" 2,
'n_estimators': 100}
LT 220 0.58 0.13 0.17 0.02 no_seasonal {'max_depth": None, 'min_samples_leaf": 2, 'min_samples_split": 2,
'n_estimators": 200}
LV_22606 0.58 0.13 0.16 0.01 with_seasonal ~ {'max_depth": None, 'min_samples_leaf: 2, 'min_samples_split": 2,
'n_estimators'": 200}
LV_22610 0.49 0.09 0.4 0.03 no_seasonal {'max_depth": None, 'min_samples_leaf": 2, 'min_samples_split": 2,
'n_estimators': 100}
LT_35996 0.44 0.19 0.16 0.02 no_seasonal {'max_depth": 20, 'min_samples_leaf": 2, 'min_samples_split" 2,

'n_estimators": 200}
AVERAGE 0.6 0.11 0.18 0.02
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accuracy for shorter gaps (median NSE = 0.92 for mean gap length of 7.8 days) (Bikse et al., 2023).

Overall, the large inter-well differences in CV R? and CV MAE reflect varying mixtures of diffuse and versus conduit flow, differing
levels of anthropogenic influence, and site-specific noise characteristics that modulate the recoverability of groundwater dynamics
from hydroclimatic and storage predictors.

To quantify the influence of short-timescale variability on imputation performance, groundwater-level noisiness was characterized
using the standard deviation of first differences (Eqs. (1), (2))

Ahy=Ahy= h — h, t = 2,.,N (€D)]

The dispersion of these increments defines the noise metric:

1 _
oun = sqrt(N_IZiv ,(Ah Ah)z) @

where: h; — groundwater level at time index ttt (meters, relative to the chosen datum), Ah, — first difference, between consecutive
observations (meters per sampling interval), N — total number of observations in the groundwater-level series, A" h — sample mean of
the first differences, o, — sample standard deviation of the first differences, used here as a metric of high-frequency variability (meters
per sampling interval).

Larger o, reflects greater high-frequency variability and step-like disturbances, associated with recharge pulses, stream-aquifer
exchanges, or episodic pumping.

A negative linear trend (Fig. 9) albeit with a broad confidence intervals due to the limited number of wells, indicates that increasing
signal noise is associated with reduced model performance. Wells exhibiting larger standard deviation of first differences (oap)
consistently return lower mean cross-validated R, implying diminished recoverability of GWL dynamics from the available predictors.

Several hydrogeological and operational mechanisms can generate the observed noise. Conduit-dominated flow in karst produces
rapid, event-scale fluctuations; stream-aquifer exchanges and introduce short-term variability; and episodic pumping impose step
changes not represented by meteorological predictors. Measurement artifacts—such as venting issues, sensor drift, or irregular
sampling—can further elevate the first-difference variance.

The observed degradation of performance with increasing noise is consistent with the model’s reliance on low- to mid-frequency
signals (seasonality, multi-month recharge integration, and state persistence). When high-frequency disturbances dominate, pre-
dictor-response alignment weakens, and cross-validated R? declines despite moderate absolute errors.

Reconstruction accuracy is highest in wells with smooth, low-noise groundwater dynamics (LT_35994, LV_22606, LV_12225;
Fig. 10). Performance degrades in wells dominated by short-timescale variability and abrupt drawdowns (LV_22610; Fig. 10 g),
consistent with reduced predictor-response coherence under conduit-driven recharge, stream-aquifer interactions, or episodic
pumping.

Several wells (LT_220, LT 35996, LT_35995) exhibit regime shifts and nonstationary baselines, visible as level offsets, amplitude
changes, and variance breaks, with markedly noisier signals after 2014 (Fig. 10 a, c, d). These discontinuities likely reflect instru-
mentation changes, datum re-referencing, maintenance, or well rehabilitation. When cross-validation spans such regime boundaries,
distribution shifts reduce model performance even if absolute errors remain moderate. This highlights the need for homogenization
and metadata-informed preprocessing—such as offset correction, variance stabilization, regime segmentation, or intervention indi-
cators—to suppress instrumentation artifacts and better isolate the hydroclimatic signal governing imputation.

Similar process-guided variable screening has proven effective in karst soil-moisture modeling (Zhu et al., 2026). The present study
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Fig. 9. Relationship between groundwater-level noise (c4p, standard deviation of first differences) and mean cross-validated R? across wells.
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cross-validation. Each panel (a-g) corresponds to one monitoring well (LT_35994, LV_22606, LT_220, LT_35995, LT_35996, LV_12225, LV_22610).

extends this framework to groundwater-level reconstruction by explicitly quantifying storage memory, seasonal structure, and
high-frequency noise effects in saturated-zone dynamics.

4.2. Sinkhole formation risk assesment

4.2.1. Risk threshold definition and feature importance
Sinkholes in evaporate karst terrain are promoted by rapid GWL rise, intense rainfall or snowmelt, and human-induced drainage
(Gutiérrez et al., 2008, 2007; Lucha et al., 2008). Because collapses may occur in clusters, a small monthly mean does not necessarily
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Fig. 11. Histogram of the average sinkhole count per month across all sites and years. Vertical dashed lines denote candidate anomaly thresholds:
IQR-based (red), empirical 90th percentile (green), and z-score-based (blue), illustrating how different criteria select progressively rarer, more

extreme months.
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indicate low risk to infrastructure, agriculture, or settlements; consequently, a clear threshold is required to separate routine variability
from months with conditions unusually favorable for multiple collapses. The > 4 sinkholes month™ threshold refers to the regional
monthly total for the Lithuanian gypsum-karst area (national sinkhole inventory), rather than a per-well or local monitoring-area rate.
The histogram of average monthly counts exhibits a zero-inflated, strongly right-skewed distribution: most months register 0-1 events,
with a long tail extending beyond 30 (Fig. 11). Among candidate cutoffs, the interquartile-range rule (~2-3) is overly sensitive and
prone to false alarms, whereas a z-score criterion (>=11) is too permissive and would miss practically significant clusters. A
percentile-based criterion is preferable: the 90th percentile occurs at approximately four sinkholes per month, indicating that 90% of
months fall at or below this level (Fig. 18). The 90th-percentile threshold was selected based on the empirical distribution of monthly
regional sinkhole counts, where it lies between more conservative IQR-based and more extreme z-score thresholds (Fig. 11). This
choice balances sensitivity and robustness, capturing anomalously active months while remaining minimally influenced by rare
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extremes in the heavy-tailed sinkhole distribution. Importantly, months with 0-4 sinkholes constitute a moderate occurrence that
warrants routine monitoring and seasonal preparedness, with enhanced measures triggered once the monthly average exceeds four.
This threshold provides consistent categorical labels for model training and evaluation and enables rigorous testing of the added value
of GWL relative to climatic, TWS/GWS, and seasonal predictors.

SHAP results indicate that sinkhole hazard is governed primarily by the long-term hydraulic state of the groundwater system and its
seasonal modulation. Absolute GW level and site-specific anomalies consistently dominate predictions, whereas short-lived transients
have little influence (Fig. 12 a, c), consistent with earlier sinkhole susceptibility studies emphasizing hydrogeological and climatic
controls over event-scale trigger, where modeling likewise emphasize geological-tectonic (fault proximity, lithology), hydrogeological
(bicarbonate difference, groundwater-level change), and climatic (annual average precipitation) factors as the principal drivers of
sinkhole occurrence (Bilgilioglu et al., 2025). Elevated groundwater levels and positive anomalies increase risk, while spike indicators
contribute weakly, underscoring the importance of persistence.

Climatic effects are led by actual evapotranspiration (current and lagged) and the evaporative ratio, with precipitation playing a
secondary, indirect role through storage and groundwater recharge (Fig. 12 b, d). Storage metrics corroborate these patterns: higher
terrestrial and groundwater storage and their multi-month means are associated with increased risk, highlighting system memory
(Fig. 13 a, b). In the combined model, three-month mean temperature and groundwater seasonal phase dominate, confirming that
sinkhole occurrence reflects longer-term aquifer and epikarst conditions rather than individual storm events (Fig. 13 d). This inter-
pretation aligns closely with hydrological analyses of karst aquifer functioning with RF models link spring-discharge dynamics to
geomorphological controls such as catchment area, cave density, and slope gradient (Janza et al., 2025).
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4.2.2. Model performance assessment

Across all seven wells, the largest sinkhole counts (red bars, right axis) systematically cluster within the shaded “near-peak”
windows (green), which mark +30 days around each flagged center of the GWL peak (Fig. 14). Visual inspection shows that episodes of
elevated sinkhole formation frequently coincide with—or follow within the +30-day interval of—local maxima in GWL (blue curve,
left axis). In many instances these event clusters also exceed the risk threshold (black dashed line), reinforcing a consistent temporal co-
occurrence between peak GWL conditions and heightened sinkhole activity (Fig. 14).

An increase in the groundwater level from below the soil-rock interface to above will increase the degree of saturation of the soil,
thereby decreasing its strength i.e. decrease in cohesion (c) and angles of internal friction (¢). It is important to note that the process of
erosion may not be instantaneous, as the rising water can provide a temporary stabilising effect on the soil. However, a subsequent
drop in that groundwater level is accompanied by the loss of buoyancy support, which may initiate the acceleration of the raveling
process. Field-based evidence for drawdown-induced sinkhole formation is provided by who document widespread collapses in
northeastern Thailand linked to rapid groundwater descent caused by quarry dewatering and intensive pumping (Arjwech and Everett,
2024). The presence of a large void may not be a necessary prerequisite for a cover-collapse sinkhole to form if rapid water level
drawdown occurs (Alrowaimi, 2016; Byle et al., 2024; Liu et al., 2024; Oztiirk et al., 2025).

This pattern suggests that groundwater peaks act as a short-term trigger for sinkhole collapse primarily through suffosion: the
upward hydraulic gradient mobilizes and flushes fine overburden particles into pre-existing karst voids, undermining the cover and
causing sudden surface failure. By contrast, rapid dissolution is generally too slow to explain the abrupt timing of collapse. Never-
theless, dissolution plays an essential preparatory role over longer timescales (Romanov et al., 2020): water percolation gradually
dissolves carbonate or evaporite minerals, creating cavities and weakened rock frameworks. These dissolution-induced voids then
provide the pathways and storage space into which soil can be suffused during groundwater rise. In other words, slow dissolution
primes the subsurface, while suffosion governs the rapid collapse once groundwater gradients fluctuate. Lowering of groundwater
levels may further remove buoyant support for loose fill and accelerate particle flushing, meaning that both rising and falling GWL can
destabilize the system. Together, these coupled processes—long-term dissolution and short-term suffosion—explain why near-peak
GWL conditions consistently align with heightened sinkhole activity. Evidence for multi-source recharge mixing and structurally
guided connectivity in karst groundwater systems is shown by Yang et al. (2025), where combined ML (SOM-K-means clustering)
where used to resolve triple mixing between distinct recharge contributions

The strength of the association varies among sites in ways that are hydrogeologically sensible and visible in the figure. Wells
LT_35994, LT_35995, and LV_22606 exhibit sharp groundwater peaks and the tightest synchronization with elevated sinkhole counts, a
pattern consistent with strong hydraulic connectivity to high-permeability conduit networks (Fig. 14 b, c, f). In contrast, LT_35996 and
LV_12225 show more muted or irregular hydrographs with weaker temporal alignment to sinkhole activity, as would be expected in
more diffuse or partially confined systems (Fig. 14 d, e). LT_220 and LV_22610 fall between these endmembers, showing moderate
synchronization (Fig. 14 a, g). karst systems are spatially partitioned into recharge, transfer, and discharge/enrichment zones
controlled by lithostratigraphy and structures (e.g., fault-guided conduit flow), which naturally produces site-to-site differences in
signal coherence (Yang et al., 2025). In our case, wells more strongly linked to high-connectivity pathways show sharper peaks and
tighter alignment with hazard windows.

On contrary, the case in Florida show that below-normal base water levels combined with cold temperatures increase the likelihood
of widespread sinkhole formation (Aurit et al., 2013). Drop of GWL may initiate the collapse due to increased effective weight of the
sediments (Gutiérrez et al., 2008; Lamoreaux and Newton, 1986). However, this seems not the case in Lithuania-Latvia karst region
where elevated groundwater level clearly show the rapid increase in sinkhole formation.

The dataset is strongly imbalanced (301 low- versus 35 high-risk months), making ROC AUC and high-risk recall the most infor-
mative metrics (Table 3). Climate-only models provide the best class separability (Accuracy = 0.90; AUC = 0.91) and high precision
(0.94) but moderate recall (0.52), missing many high-risk months. Groundwater-only models perform poorly (Accuracy = 0.67; AUC =

Table 3
Classification performance for predicting monthly sinkhole risk using alternative feature sets.

Feature Set Accuracy ROC AUC Low Risk Count High Risk Count

Groundwater Features 0.67 0.61 301 35

Climatic Features 0.90 0.91 301 35

GS Combined Features 0.96 0.87 301 35

CS Combined Features 0.91 0.84 301 35

TWS Features 0.78 0.75 301 35

GWS Features 0.78 0.77 301 35

GWS-Seasonal-Features 0.86 0.82 301 35

CGS Combined Features 0.93 0.86 301 35

Precision (Low) Recall (Low) F1 (Low) Precision (High) Recall (High) F1 (High)

Groundwater Features 0.93 0.93 0.68 0.79 0.17 0.54
Climatic Features 0.97 0.97 0.92 0.94 0.52 0.71
GS Combined Features 0.98 0.98 0.98 0.98 0.85 0.80
CS Combined Features 0.98 0.98 0.92 0.95 0.54 0.80
TWS Features 0.97 0.96 0.79 0.87 0.28 0.71
GWS Features 0.96 0.96 0.79 0.86 0.28 0.71
GWS-Seasonal-Features 0.97 0.97 0.87 0.92 0.40 0.77
CGS Combined Features 0.97 0.97 0.96 0.96 0.66 0.71
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0.61; recall = 0.17), indicating limited standalone predictive skill.

Adding seasonality to groundwater (GS) yields the strongest performance (Accuracy = 0.96; AUC = 0.86) and the highest high-risk
recall (0.85) with minimal false alarms (precision = 0.98), indicating high early-warning potential. Climate-season models improve
over climate alone but remain less sensitive. Storage-based models show intermediate skill (AUC ~ 0.75-0.77), with recall increasing
when seasonality is included. The full CGS model balances all predictors (Accuracy = 0.93; AUC = 0.86; recall = 0.66), confirming
complementary information across domains.

Overall, results indicate that sinkhole occurrence is controlled less by instantaneous conditions than by seasonally modulated
groundwater—climate coupling. Climate energy variables define broad susceptibility, while groundwater levels become hazardous
when elevated within the seasonal window of maximum recharge. Storage metrics capture system memory but lack timing unless
combined with seasonality. These findings support early-warning approaches that track groundwater anomalies in seasonal context
and use climate metrics to anticipate multi-week to multi-month preconditioning.

Table 3 and the confusion matrices (Fig. 15) collectively show that models that encode seasonally modulated groundwater—climate
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Fig. 15. Normalized confusion matrices for monthly sinkhole-risk classification using eight feature sets: (a) CGS Combined, (b) CS Combined, (c)
Climatic, (d) GS Combined, (e) GWS, (f) GWS-Seasonal, (g) Groundwater, and (h) TWS. C - climatic, G — groundwater, S — seasonal features.
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states outperform those based on a single data domain. The GS Combined model attains the highest overall accuracy and the best
sensitivity to the high-risk class, while maintaining a very low false-alarm rate in the confusion matrix (1% of low-risk months
misclassified; Fig. 15). The CS Combined and CGS models also perform strongly: CS retrieves most high-risk months but tolerates a
slightly higher false-positive rate (Fig. 15 b), whereas CGS is more conservative, trading a small reduction in high-risk recall for fewer
false positives (Fig. 15 a). By contrast, groundwater-only models show the weakest separability and the highest burden of false alarms
(Fig. 15 g), and TWS/GWS-only models achieve intermediate skill, which improves when explicit seasonal terms are added (Fig. 15 e—f,
h).

Well-specific model selection (Table 4) confirms spatial heterogeneity in the controlling signals. Four of seven wells are best
predicted by climate-only features (ROC AUC = 0.88-0.97), two wells favor the fully combined CGS feature set (AUC = 0.91-0.93),
and one well is best described by GS.

The well-level optimizations reveal a consistent pattern: high skill is obtained with deep ensembles and explicit imbalance handling
and small leaf sizes. All selected models use max_depth = 20, effectively permitting near-unconstrained trees given the monthly sample
sizes. This choice allows the forest to model strong non-linearities and higher-order interactions among hydroclimatic variables (e.g.,
temperature x evapotranspiration x groundwater phase) that are expected in karst systems. Model complexity is tempered by
min_samples_leaf = 2 or 5. Wells requiring min_samples_leaf = 5 (e.g., LT_35995) benefited from additional smoothing, indicating that
their signal-to-noise ratio is lower or that several predictors are collinear; leaves must then aggregate more observations to avoid
spurious, well-specific partitions. Where min_samples_leaf = 2 was optimal, the data supported finer partitions without overfitting,
consistent with clearer class separation (Table 4).

All best models employ large ensembles (n_estimators = 200-400). Increasing tree count primarily reduces variance; the jump from
200 to 400 trees was selected only for the most complex feature set (CGS at LT_35996), suggesting diminishing returns beyond ~200
trees for most wells but a measurable gain when interactions between climate, groundwater, and season are all present.

Given the pronounced class imbalance (x1:9 high-risk to low-risk months overall), class weighting was essential. Most wells
favored class weight = "balanced_subsample", which reweights classes inversely to their frequency within each bootstrap sample and
thereby shifts split criteria to protect recall of the high-risk class while still averaging over resampled prevalence. One well (LT_35996)
selected an explicit weight of {0:1, 1:6}, i.e., a milder up-weighting than the global imbalance (~8.6:1). This tuned weight trades a
modest increase in false positives for a larger gain in true positives, aligning with the operational objective of not missing hazardous
months. The need for explicit up-weighting at this well is consistent with site-specific attenuation of the signal (e.g., stronger pumping
influence or weaker seasonal contrast), which requires a more aggressive prior toward the minority class (Table 4).

Overall, persistent hydroclimatic conditions—groundwater state and seasonal phase, basin storage, and temperature/evapo-
transpiration—are the primary determinants of sinkhole risk, while short-lived precipitation pulses add limited predictive value.
Increase anthropogenic activity can also lead to intensified karst formation, as was demonstrated by Brinkmann et al. (2008).

4.2.3. Advantages and limitations of the Al-based pipeline

The proposed Al-based pipeline offers several advantages for sinkhole risk assessment in data-limited karst regions. Its primary
strength lies in the integration of sparse in situ groundwater observations with satellite-derived hydroclimatic and water-storage
variables, enabling both the reconstruction of near-continuous groundwater-level time series and the generation of planning-
relevant sinkhole risk indicators without reliance on dense monitoring networks. The use of process-guided feature engineering
and explainable ML methods allows the models to capture physically meaningful relationships, such as multi-week recharge pre-
conditioning and groundwater-level peaks preceding sinkhole formation, thereby supporting both prediction and process under-
standing. The workflow is modular, transferable, and scalable, making it suitable for other karst regions with similar monitoring
constraints.

Uncertainty in the proposed framework arises from three main sources: groundwater-level (GWL) reconstruction, sinkhole in-
ventory completeness, and risk classification. In this study, uncertainty related to GWL reconstruction is limited because most

Table 4
Best-performing model by well for predicting monthly sinkhole risk. Selected by the best ROC AUC.
Well No. Feature Set Accuracy ROC Best Hyperparameters
AUC
LT 220 Climatic Features 0.92 0.88 {"class_weight": "balanced_subsample", "max_depth": 20, "min_samples_leaf™: 2, "n_estimators":
200}
LT 35994 Climatic Features 0.96 0.97 {"class_weight": "balanced_subsample", "'max_depth": 20, "min_samples_leaf": 2, "n_estimators":
200}
LT_35995 CGS Combined 0.96 0.91 {"class_weight": "balanced_subsample", "max_depth": 20, "min_samples_leaf™: 5, "n_estimators":
Features 200}
LT 35996 CGS Combined 0.92 0.93 {"class_weight": {"0": 1, "1": 6}, "max_depth": 20, "min_samples_leaf": 2, "n_estimators": 400}
Features
LV_12225 GS Combined Features 0.98 0.92 {"class_weight": "balanced_subsample", "'max_depth": 20, "min_samples_leaf": 2, "n_estimators":
200}
LV_22606 Climatic Features 0.88 0.90 {"class_weight": "balanced_subsample", "max_depth": 20, "min_samples_leaf": 5, "n_estimators":
400}
LV_22610 Climatic Features 0.88 0.90 {"class_weight": "balanced_subsample", "'max_depth": 20, "min_samples_leaf": 5, "n_estimators":
200}
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monitoring wells contain long and relatively complete observation records, with gaps occurring intermittently rather than system-
atically. The imputation models are therefore constrained by abundant local observations and physically consistent hydroclimatic
predictors. Uncertainty in the sinkhole inventory is also moderate: sinkhole formation in the Lithuanian gypsum-karst region is
typically abrupt and geomorphologically distinct, occurring predominantly in agricultural land where detection likelihood is high.
Some underreporting may occur in forested areas, and short delays between formation and recording may introduce temporal noise,
but these effects are mitigated by monthly aggregation. Finally, uncertainty in risk classification reflects both data limitations and
process complexity. Importantly, the machine-learning pipeline functions not only as a predictive tool but also as a process-exploration
framework: its tuning and explainability analyses link sinkhole occurrence to hydroclimatic and groundwater dynamics, strengthening
confidence in the inferred mechanisms despite inherent uncertainties.

Rather than investing in expensive, dense groundwater monitoring networks, authorities should maintain a limited number of
strategically placed, high-quality observation wells and ensure their long-term continuity. When combined with satellite-derived
hydroclimatic and water-storage products, even sparse in situ data can support reliable sinkhole risk assessment. Policy should
therefore emphasize data continuity, sensor maintenance, and metadata documentation over spatial density.

Sinkhole management policies should move beyond static susceptibility maps toward dynamic, time-varying risk indicators that
reflect seasonal groundwater and hydroclimatic conditions. Monthly or seasonal sinkhole risk bulletins—based on groundwater
anomalies, recharge preconditioning, and storage trends—can support early-warning systems, agricultural planning, and infrastruc-
ture maintenance scheduling. Generative Al approaches should encompass real time data collection and model retraining when more
data become available.

Models that integrate groundwater with seasonality (and, secondarily, climate) achieve the best balance of accuracy and sensi-
tivity, whereas single-domain models perform inconsistently. Site-to-site variability is substantial, so the optimal feature mix and
decision threshold should be tuned locally, with random-forest settings that allow deep, non-linear interactions and apply explicit class
weighting. Operational monitoring should therefore emphasize seasonally contextualized groundwater anomalies, storage indicators,
and energy-climate metrics to anticipate hazardous periods. Results are constrained by sparse wells and monthly sinkhole timing,
storage product availability from 2003 onward, and instrumentation regime shifts that introduce distribution changes. Incorporating
anthropogenic pressures (e.g., pumping, drainage works), richer recharge proxies, and targeted homogenization should further sta-
bilize models and improve minority-class recall. Finally, operational deployment should use well-level tuning and uncertainty-aware
alerting to match local hydrogeologic conditions.

5. Conclusions

This study highlights the importance of integrated ML pipelines for geohazard analysis in data-scarce karst regions. By combining
remote-sensing products with limited in situ groundwater observations, the proposed workflow demonstrates how fragmented
monitoring data can be converted into statistically meaningful indicators of sinkhole hazard.

The results show that satellite-derived hydroclimatic and water-storage information, when coupled with reconstructed ground-
water states, contains sufficient signal to support categorical sinkhole risk prognosis. The pipeline structure—linking groundwater
reconstruction and hazard classification—enhances consistency, interpretability, and robustness compared to isolated modeling
approaches.

The main scientific value lies in demonstrating that process-informed ML pipelines can bridge the gap between sparse observations
and operationally relevant geohazard assessment. This approach is transferable to other karst and data-limited regions and provides a
foundation for scalable, statistically based early-warning systems when dense monitoring or deterministic modeling is not feasible.
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