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Abstract 

Permafrost peatlands are especially important in the Northern Hemisphere, where global 

warming is observed at much faster rates than at lower latitudes. Yet, large-scale assessment 

of permafrost peatland water table trends has not been conducted. Here, we modeled 103 

peat records from high-latitude peatlands, calibrating against 53 explanatory variables that 

describe regional environmental conditions. We tested multiple modeling approaches and 

identified the area of applicability of the derived model. The random forest model achieved 

the best performance (RMSE = 0.48, MAE = 0.38). Our results reveal divergent peatland re-

sponses to global warming, with elevation, precipitation seasonality, and climate moisture in-

dex emerging as the most influential drivers. We further demonstrate that water table depth 

significantly influences wildfire occurrence, with marked differences in fire frequency be-

tween regions showing drying versus wetting trends. This study highlights key knowledge gaps 

in palaeoenvironmental high-latitude peatland research and underscores the need for inten-

sified global modeling of peatland hydrological conditions. 

Introduction 

Progressing global warming influences ecosystems worldwide, and the effect of this pressure 

are increasingly well predicted by models (Pörtner et al., 2022). Increasing annual tempera-

tures, heat waves, seasonal changes in rainfall patterns, and more frequent catastrophic 

events such as tornadoes, fires or floods are becoming more intense in many areas of the 



Earth (Lee et al., 2023). Environmental pressure is modifying various ecosystems, and the ac-

celeration of these changes is especially visible in high latitudes through shrubification of the 

Arctic and northern peatlands (Buchwal et al., 2020; Buttler et al., 2023). Comparing ongoing 

climate changes with past geological periods, there is a high probability that high-latitude re-

gions will be affected mainly through progressing global warming (Fischer et al., 2018). 

Peatlands are sensitive ecosystems responding to the impacts of changing climate and human 

activity. Many studies conducted in the past years have documented, through observation , 

monitoring and palaeoecology, significant disturbances of peatland functioning (e.g. perma-

frost thawing, more frequent droughts and fires) (Artz et al., 2022; Burdun, Bechtold, Sagris, 

Komisarenko, et al., 2020; Gałka et al., 2022; Heinemeyer & Swindles, 2018; Lamentowicz et 

al., 2019; Magnan et al., 2019; Marcisz et al., 2023; Słowińska et al., 2022; Zhang et al., 2022). 

Such observations underlined that disturbances connected with human impact and climate 

change negatively influence peatlands. Whether due to climate (Bragazza, 2008; Loisel et al., 

2021) or anthropogenic  (Tanneberger et al., 2021), the effect has been substantial water table 

lowering observed in peatlands over the last several hundred years (Swindles et al., 2019). 

Lower water tables lead to exposure of surface peat layers to fires (Kettridge et al., 2015; Tu-

retsky et al., 2015) or even zombie fires observed in northern peatlands (Witze, 2020). All 

these processes lead to a loss of peat carbon and carbon emissions to the atmosphere, 

strengthening climate warming (Harenda et al., 2018). Peatlands are a critical component in 

atmospheric carbon sequestration (Gallego-Sala et al., 2018; Karpińska-Kołaczek et al., 2024; 

Turetsky et al., 2015).  Yet, because it is challenging to model peatland functioning, including 

water table changes and carbon dynamics (Blodau, 2002; Zhang et al., 2022), peatlands are 

not included in most of the Earth System Models for the Coupled Model Intercomparison Pro-

ject Phase 6 (Canadell et al., 2021).  The difficulty arises from the strong spatial heterogeneity 

of peatlands, complex feedback mechanisms between hydrology and carbon cycling, and lim-

ited long-term datasets for model calibration and validation. Although recent advances such 

as ORCHIDEE-PEAT (Qiu et al., 2019) and the JULES peatland scheme (Chadburn et al., 2022) 

demonstrate progress toward explicitly representing peatland processes, substantial chal-

lenges remain in capturing their dynamic feedbacks under climate change. As peatland hy-

drology and carbon sequestration are tightly interconnected, improving their representation 

in Earth System Models is essential for more accurate estimates of their role in the global 

carbon balance.  

Large-scale spatial monitoring and modeling using remote sensing data have become increas-

ingly popular in environmental research due to advancements in satellite technology and data 

processing. Remote sensing provides a valuable tool for capturing vast areas over long peri-

ods, enabling the monitoring of ecosystems at a large scale with unprecedented precision. 

Traditional methods for large-scale mapping, such as the manual digitization of aerial photo-

graphs (Cruickshank & Tomlinson, 1990; Vitt et al., 2000), were labor-intensive, time-consum-

ing, and costly to implement. These approaches were limited in scope and primarily focused 

on visible environmental changes rather than the underlying processes causing those changes. 

As the demand for more efficient and scalable monitoring techniques grew, modern methods 

have been developed that leverage time series data from satellites, offering a more compre-



hensive and automated approach. Satellite-based monitoring allows for the continuous track-

ing of environmental changes across extensive regions, especially in remote and difficult-to-

access areas like peatlands.  

Recently, new techniques have been developed to monitor the conditions of peatlands over 

extended periods using satellite time series data. These methods allow for detecting subtle 

environmental shifts that may not be immediately visible through traditional observations. 

However, despite the advancements in remote sensing technology, most current peatland 

monitoring still relies on data derived from optical or microwave sensors, thus only utilizing a 

fraction of the available spatial information (Asmuß et al., 2019; Bechtold et al., 2020; Burdun, 

et al., 2020a; Burdun, et al., 2020b; Räsänen et al., 2022). 

In-situ observations and remote sensing data are often used to model various environmental 

properties and processes. Statistical modelling, especially machine learning methods, allows 

for selecting explanatory variables and non-linear model building. Most studies use linear re-

gression or random forest, and the explanatory variables are based on optical or radar remote 

sensing (Bechtold et al., 2018; Bourgeau-Chavez et al., 2005; Kim et al., 2017; Klinke et al., 

2018; Millard & Richardson, 2018; Räsänen et al., 2022a; Torbick et al., 2012). In a recent 

study, Huang et al. (2021) used random forest method (RF) and multiple explanatory variables 

to assess the tradeoff between carbon dioxide and methane emissions from global peatlands. 

Pang et al. (2023) used the RF method for the upscaling field measurements in the peatlands. 

To our knowledge, global-scale modeling of peatland water table depth (WTD) trends has not 

yet been conducted. Previous studies have applied similar approaches at regional scales, such 

as in the Flow Country bogs of Scotland (Toca et al., 2020) and across Finland (Räsänen et al., 

2022b), providing valuable foundations. However, our study is the first to extend such model-

ing to high-latitude peatlands at the global scale, enabling the assessment of large-scale pat-

terns and drivers of WTD change. The availability of ground truth, climate, topography and 

land cover products opens new possibilities for using an indirect approach and modelling the 

WTD on a large scale (Olefeldt et al., 2021). Integrating multiple spatial data types makes it 

feasible to create entirely novel models (Olefeldt et al., 2021). Using wildfires as an example 

here, we demonstrate how valuable a product can be in assessing WTD trends. Understanding 

this relationship is crucial, as WTD is a key factor in regulating soil moisture and, consequently, 

the availability of combustible material (Turetsky et al., 2015). Previous research has shown 

that lower WTD levels, often associated with climate-induced drying trends, can increase the 

vulnerability of peatlands to fire, leading to more intense and widespread burn events (Van 

Der Werf et al., 2017). Since Arctic wetlands are significant carbon sinks (Hugelius et al., 2020), 

fires exacerbated by WTD fluctuations could contribute to increased carbon emissions and 

further climate feedback loops (Kettridge et al., 2015). Therefore, investigating this relation-

ship is essential for predicting future fire regimes in the Arctic and developing strategies for 

ecosystem conservation and climate mitigation. 

The primary purpose of this study is to model the WTD trends in the high-altitude peatlands 

of the Northern Hemisphere using remote sensing data. We used peatland palaeohydrological 

records and various explanatory variables to calibrate the model, which describe the region's 

environmental conditions. Our specific objectives were to: (a) find the most critical variables 



that influence the WTD in the area of interest; (b) model the WTD trends in the study area; (c) 

find the area of applicability of the derived model.  A secondary goal of our study was to de-

termine whether WTD fluctuations influence the scale of fire occurrences in the study area. 

 

Materials 

Peat records 

We used 103 peat records previously compiled and published by  Zhang et al. (2022). In that 

study, the authors derived the hydrological proxy used here by reconstructing water-table 

depth (WTD) from peat-core testate amoeba assemblages using established modern training 

sets and transfer functions. For each record, sample ages were assigned using Bayesian age-

depth models based on available chronological controls (e.g., radiocarbon, ^210Pb, and other 

stratigraphic markers), and taxa were harmonised to ensure compatibility with the training 

sets. WTD was then reconstructed using the most appropriate regional/Holarctic transfer 

function for each site. For a detailed description of the reconstruction process and hydrologi-

cal response analysis, see Zhang et al. (2022). 

From this dataset, we selected sites located in the permafrost areas only and filtered the WTD 

values for the years 2001-2018 (Fig. 1). The selection of these years was based on the availa-

bility of the MODIS satellite data for the specified period. Consequently, we generated a da-

taset comprising 181 annual WTD values from 52 sites within permafrost regions. Zhang et al. 

(2022) provide standardized (unitless) WTD reconstructions; therefore, our continuous mod-

els predict standardized WTD. The standardized values of WTD ranged from -3.00 to 3.60 with 

a mean of 0 and standard deviation of 0.97. We also performed a non-parametric Mann-Ken-

dall trend test (Hamed & Rao, 1998) to characterize both positive and negative trends of the 

WTD in the analyzed period, using the Kendall package (McLeod, 2005) in the R environment 

(R Development Core Team, 2023). We have divided the TAU values into two categories: those 

with drying trends and those with wetting trends. 



 

Fig. 1. Location of the study area and peat records analysed in the permafrost region of the 

northern hemisphere. 

Explanatory variables 

Based on the previously published data (Belyea & Baird, 2006; Gallego-Sala et al., 2018; Li et 

al., 2023; Loisel et al., 2012, 2021; Rydin et al., 2013)(Table 1), we selected to test 53 

explanatory variables. The variables were divided into six categories: meteorological, biocli-

matic, vegetation, permafrost, topography, and latitude. 

Table 1. The explanatory variables employed in the study were categorised into six distinct 

groups: meteorological (blue), bioclimatic (yellow), vegetation (green), permafrost (grey), to-

pography (black) and latitude (orange). 

Variable Full name 
Temporal 
resolution 

[years] 
Lag 

Spatial resolu-
tion [m] 

Source 

clt cloud area fraction 

1 Yes 1000 

CHELSA-W5E5 
v1.0: W5E5 v1.0 
downscaled with 

CHELSA v2.0 

cmi climate moisture index 

hurs near-surface relative humidity 

pet potential evapotranspiration 

pr precipitation amount 

rsds surface downwelling shortwave flux in air 

sfcWind near-surface wind speed 

tas mean daily air temperature 

tasmax mean daily maximum 2 m air temperature 



tasmin mean daily minimum air temperature 

vpd vapor pressure deficit 

bio1 annual mean temperature 

- No 1000 WorldClim 1 

bio2 
mean diurnal range (mean of monthly (max temp - min 

temp)) 

bio3 isothermality (bio2/bio7) (×100) 

bio4 temperature seasonality (standard deviation ×100) 

bio5 max temperature of warmest month 

bio6 min temperature of coldest month 

bio7 temperature annual range (bio5-bio6) 

bio8 mean temperature of wettest quarter 

bio9 mean temperature of driest quarter 

bio10 mean temperature of warmest quarter 

bio11 mean temperature of coldest quarter 

bio12 annual precipitation 

bio13 precipitation of wettest month 

bio14 precipitation of driest month 

bio15 precipitation seasonality (coefficient of variation) 

bio16 precipitation of wettest quarter 

bio17 precipitation of driest quarter 

bio18 precipitation of warmest quarter 

bio19 precipitation of coldest quarter 

EVI enhanced vegetation index 

1 Yes 250 
MO-

DIS/006/MOD13Q1 NDVI normalized differenced vegetation index 

Greenup_1 
date when EVI first crossed 15% of the segment EVI am-

plitude 

1 Yes 500 MCD12Q2 

MidGree-
nup_1 

date when EVI first crossed 50% of the segment EVI am-
plitude 



Peak_1 date when EVI reached the segment maximum 

Maturity_1 
date when EVI2 first crossed 90% of the segment EVI am-

plitude 

MidGreen-
down_1 

date when EVI last crossed 50% of the segment EVI am-
plitude 

Sene-
scense_1 

date when EVI last crossed 90% of the segment EVI am-
plitude 

Dor-
mancy_1 

Date when EVI last crossed 15% of the segment EVI am-
plitude 

EVI_Mini-
mum_1 

segment minimum EVI value 

EVI_Ampli-
tude_1 

segment maximum - minimum EVI 

EVI_Area_1 sum of daily interpolated EVI from Greenup to Dormancy 

ALT permafrost active layer thickness 

1 Yes 1000 

ESA Permafrost Cli-
mate Change Initi-

ative (Perma-
frost_cci): Perma-
frost active layer 
thickness for the 
Northern Hemi-

sphere, v3.0 

GST ground permafrost surface temperature 
Permafrost ground 

temperature for 
the Northern Hem-
isphere, v3.0 from 
MODIS LST, ERA5, 

1997-2019 

T1m ground  temperature 1 m 

T2m ground temperature 2 m 

T5m ground temperature 5 m  

T10m ground temperature 10 m 

DEM elevation 

- No 90 

MERIT DEM: Multi-
Error-Removed Im-

proved-Terrain 
DEM 

slope sine slope 

aspect_cos cosine aspect 

aspect_sin sine aspect 

latitude Y - No - - 

 

The meteorological variables were derived from the CHELSA data set (Brun et al., 2022). The 

data had 30 arc sec (~1 km) spatial resolution. We calculated the annual mean values of the 

11 variables from the monthly rasters. We also used 19 bioclimatic variables from the World-

Clim data set (Hijmans et al., 2005) with the spatial resolution of 30 arc sec (~1 km). In order 

to generate more biologically meaningful variables, the monthly temperature and rainfall val-

ues were used as the basis for the derivation of bioclimatic variables. To ensure the reliability 

of the analysis, bioclimatic and meteorological variables from various sources were employed 



to account for the discrepancies in the methodologies utilized in the generation of the two 

data sets. This approach was undertaken to prevent the analysis from being unduly influenced 

by the inherent limitations of the data sources. 

To assess the influence of vegetation on the WTD, we employed the use of the Normalized 

Difference Vegetation Index (NDVI) and the Enhanced Vegetation Index (EVI) from the 

MODIS/006/MOD13Q1 product, which has a spatial resolution of 250 meters and a temporal 

resolution of 16 days. The mean annual values were calculated for each of the indexes. Besides 

this, we used 10 global land cover dynamics variables derived from the MCD12Q2 product 

with the 500 meters' spatial resolution and annual temporal resolution. These products are 

based on the MODIS (Terra Moderate Resolution Imaging Spectroradiometer) (Savtchenko et 

al., 2004). The data were processed in the Google Earth Engine (GEE) (Gorelick et al., 2017).  

The six topography variables were calculated from the MERIT DEM (Multi-Error-Removed Im-

proved-Terrain Digital Elevation Model). The MERIT DEM is a high-accuracy global DEM at 3 

arc second resolution (~90 m) produced by eliminating major error components from existing 

DEMs (Digital Elevation Models) (NASA SRTM3 DEM, JAXA AW3D DEM, Viewfinder Panoramas 

DEM) (Yamazaki et al., 2017). For the aspect calculation, we used cosine-sine encoding (Stage, 

1976), a commonly used approach for preprocessing cyclical variables in machine learning 

models to avoid misinterpreting by the algorithms (Brenning et al., 2015; Stage & Salas, 2007). 

We also included latitude in the model to incorporate the geographical location of the sample 

plots. This approach has been tested in multiple studies and has improved the model accuracy 

(Andersen et al., 2022; Lyons & Willig, 2002; Zintzen et al., 2017).  

Fire data 

To assess the impact of WTD trends on wildfire occurrence, we utilized data from the Fire 

Information for Resource Management System (FIRMS) archive (Davies et al., 2008). FIRMS 

provides near real-time fire detection data from NASA’s satellite-based sensors, including the 

Moderate Resolution Imaging Spectroradiometer (MODIS) and the Visible Infrared Imaging 

Radiometer Suite (VIIRS). For this study, we selected MODIS fire data for its longer temporal 

record, allowing for a more extended historical analysis of wildfire patterns. We used the data 

recorded between 2001 – 2018. MODIS, aboard the Terra and Aqua satellites, provides global 

fire observations at a spatial resolution of 1000 m and a temporal resolution of four daily ob-

servations per location. For the analysis we filtered only records with a confidence higher than 

50 %.  

Methods 

Overall workflow of the WTD modelling 

The proposed methodology is based on the processing of explanatory variables and their mod-

elling for the purpose of developing a WTD changes model (Fig. 2). 



 

Fig. 2. General workflow of the WTD modelling. 

Preprocessing 

Ecological systems often exhibit temporally lagged responses to environmental changes (Lira 

et al., 2019). To account for this temporal lag, we generated two versions of each time-varying 

predictor: a contemporaneous (year t) dataset and a one-year lagged (year t-1) dataset. All 

subsequent analyses were performed in parallel using both predictor sets to evaluate whether 

lagged conditions improved the prediction of WTD. We resampled the variables to a spatial 

resolution of 1000 meters and ensured all data were aligned within the same coordinate sys-

tem (WGS 1984). The resampling was performed by adjusting the data grid to match the de-

sired resolution using the bilinear interpolation method. In the subsequent phase of the anal-

ysis, the pixel values were extracted from each variable within the designated area of each 

sample plot. Thereafter, the mean values of the variables were calculated for each WTD value 

and WTD trend.  

Variable importance 

We used the Boruta algorithm implemented in the “Boruta” R package (Kursa & Rudnicki, 

2010) to compare the importance of each variable to randomly permuted variables and find 

the significant ones. Boruta is based on the RF classifier. The algorithm duplicates the variables 

and shuffles them to remove correlations with the response. In the next step, Z-scores are 

computed during the random forest computations. Then, the algorithm checks if the real var-

iables have higher Z-scores than the maximum Z-score of shadow variables. The Z-score 

measures how many standard deviations below or above the population mean a raw score is. 

The variables which have Z-score significantly lower importance than shadow variables are 

“unimportant”. The variables that have a Z-score significantly higher importance than shadow 

variables are marked as “important” (Kursa & Rudnicki, 2010). We applied the Boruta algo-

rithm for two scenarios: WTD continuous values and WTD trends.  



Models 

We tested three techniques for WTD continuous values modeling: multiple linear regression 

(MLR), generalized additive models (GAM), and random forest (RF). Each technique was tested 

using only important variables selected by the Boruta algorithm.  

An MLR is an extension of the simple linear regression model for data with multiple predictor 

variables and one response variable. It models the linear relationship between the predictor 

and response variable (Eberly, 2007). The MLR formula is as follows (Eberly, 2007): 

𝑦𝑖 = 𝛽0 + 𝛽1𝑥𝑖1 + 𝛽2𝑥𝑖2 +⋯+ 𝛽𝑝−1𝑥𝑖,𝑝−1 + 𝜀𝑖 

where, for i = n observations, refers to the intercept and 𝛽𝑝 are slope coefficients for each 

explanatory variable. 𝜀𝑖 is a model’s error term, also known as the residuals. The MLR algo-

rithm is commonly used for modeling spatial ecological data due to its simplicity of calculation 

and interpretation (Beale et al., 2010; Knoll et al., 2019; Xie et al., 2021). The main disad-

vantage of the MLR is that we cannot observe the nonlinear relationships between the pre-

dictors and response variables (Zhang et al., 2017). 

To include the nonlinear relationships in the model we used GAM, which is a semiparametric 

extension of generalized linear models (GLM) (Guisan et al., 2002; Hastie, 1992). The general 

form of the GAM model is described by the equation: 

𝑔(𝜇𝑖) = 𝑥𝑖𝛼 +∑𝑓𝑗(𝑥𝑖, j)

𝑚

𝑗=1

 

where  𝜇𝑖 = 𝐸(𝑦𝑖), 𝑦𝑖 is the response variable, 𝐸(. )  denotes the expected value of a random 

variable, 𝑥𝑖  is the i-th row of the model matrix for the parametric model components, and 𝑓𝑗 

is a smoothing function of 𝑥𝑗 (Hastie, 1992).  GAM models are widely used in ecological mod-

eling due to their high flexibility and easy interpretation (Leathwick et al., 2006). 

The RF algorithm is relatively quick and can usually be run without tuning parameters in the 

comparison with other machine learning algorithms. RF is an extension of CART (classification 

and regression trees) developed by Breiman (2001). RF is defined as a collection of tree-struc-

tured weak learners comprised of identically distributed random vectors where each tree con-

tributes to a prediction for x. Ensemble-based weak learning hinges on diversity and minimal 

correlation between learners. RF introduces diversity by using bootstrap sampling of the train-

ing data and, at each split in a tree, randomly selecting a subset of predictor variables from 

the full set of variables (Breiman, 2001; Evans et al., 2011). 

Validation and best model selection 

The main objective of the study was to identify the variables and algorithms capable of ex-

plaining the change in WTD levels in permafrost peatlands. As we had a very limited number 

of observations (181) for a very diverse area and a large aerial extent, we decided not to split 

the data on the training and validation datasets during the best model selection phase (con-

tinuous WTD values). To assess the WTD error in the models we calculated mean absolute 

error (MAE) and RMSE (root mean squared error) based on the equations: 



𝑅𝑀𝑆𝐸(𝑦, 𝑦) = √
∑ (𝑦𝑖 − 𝑦𝑖̂)

2𝑁−1
𝑖=0

𝑁
 

 

where, 𝑦𝑖 is the measured value; 𝑦𝑖̂ is the predicted value; i is the summation index; N is the 

number of cases. We also calculated bias as the average amount by which the actual value is 

greater than the predicted value. 

After the best model selection for the continuous WTD data, we tested the categorical model 

(drying or wetting trends), with best performing algorithm. We used the 10-fold cross-valida-

tion for the model validation. We have calculated Cohen’s kappa coefficient (K) and Overall 

Accuracy (OA) based on the confusion matrix (Cohen, 1960): 

𝐾 =
𝑂𝐴 − 𝐸𝐴

1 − 𝐸𝐴
 

where, the overall accuracy (OA) was calculated by dividing the sum of all true positive (TP) 

and true negative (TN) classification results by the total amount of data. 

Prediction and area of applicability  

The objective was to predict the spatial WTD trends over the past 20 years, with the aim of 

identifying the most appropriate model for this purpose. The northern circumpolar perma-

frost zone was selected as the area of interest based on the Arctic Circumpolar Distribution 

and Soil Carbon of Thermokarst Landscapes map (Olefeldt et al., 2016). Given the limited train-

ing data available for the model, we sought to evaluate its area of applicability (AoA) (Meyer 

& Pebesma, 2021). Based on the available training data, the AoA refers to the spatial extent 

under which a model's predictions or outputs are reliable and valid. For this purpose, we em-

ployed the AOA  function from the CAST R package (Meyer et al., 2025). The function estimates 

the Dissimilarity Index (DI) and the derived AOA of spatial prediction models by considering 

the distance of new data in the predictor variable space to the data used for model training. 

The AOA is derived by applying a threshold on the DI which is the (outlier-removed) maximum 

DI of the cross-validated training data (Meyer & Pebesma, 2021). We created a WTD trends 

map based on predictions and AOA results in areas where our model is applicable. 

Impact of the WTD trends on fire occurrence 

We applied the Chi-Square test for independence to determine whether the distribu-

tion of wildfire occurrences significantly differed across areas with different WTD trends 

(McHugh, 2013). The calculations were performed using the chisq.test() function in the R en-

vironment. This statistical test evaluates whether there is a significant difference between 

wildfire occurrence and WTD trends across four categorical groups: (1) areas with wetting 

trends and fire occurrence, (2) areas with drying trends and fire occurrence, (3) areas with 

wetting trends and no fire occurrence, and (4) areas with drying trends and no fire occurrence. 

The analysis was conducted only for areas where our model was applicable, as determined by 

the AOA criteria. 



Results 

Variable importance 

 

Fig. 3. Variable importance for the continuous WTD model of the variables selected by the 

Boruta algorithm. Variable codes are described in Table 1. 

Of the 83 variables, 26 were of high importance for the WTD (Fig. 3). Lagged variables were 

more significant than non-lagged variables. The precipitation with a one-year lag (pr_lag1) was 

the most significant. All significant meteorological variables were related to humidity condi-

tions. Bio15 was the only significant bioclimatic variable. The derivative layers of the EVI and 

NDVI indices were also found to be of significant importance, and the variables related to the 

duration of the growing season were particularly important. Permafrost-related variables 

were also significant. It is notable that the ground temperature at specific altitudes exhibits a 

considerable degree of variation. However, this phenomenon is only discernible when a one-



year lag is applied. The variables pertaining to topography and latitude were found to be in-

significant.

 

Fig. 4. Variable importance for the WTD trend model based on the variables selected by the 

Boruta algorithm. Variable codes are described in Table 1. 

The variables used to assess WTD trends differed from those used to assess continuous WTD 

(Fig. 4), where 15 variables were found to be significant. The most significant variable was the 

DEM, contrary to the continuous WTD values model, where the DEM was found to be insig-

nificant. Of the bioclimatic variables, only bio15 was found to be significant.  The CMI was 

found to be a significant factor concerning the meteorological variables. The principal varia-

bles associated with vegetation were those pertaining to the duration of the growing season, 

as exemplified by the continuous WTD model. In contrast with the variables that are pertinent 

to the evaluation of the continuous WTD value, the permafrost-related variables are not ap-

plicable to the assessment of its trends. However, three topographical variables were im-

portant in the model (dem, sin_aspect, slope). Moreover, latitude was important in contrast 

to the continuous WTD model. 

Models and validation 

Based on the selected variables, we developed three continuous models for the WTD model-

ling, each with a different level of accuracy (Table 2).  

Table 2. The accuracy of the models tested for the standarized continuous WTD prediction.  



model bias RMSE MAE 

RF 0.001385 0.48 0.38 

LM 6.86E-13 0.75 0.61 

GAM -0.08362 1.10 0.88 

 

The RF model characterized the smallest RMSE (0.48) and MAE (0.38). The GAM model had 

the highest RMSE (1.10) and MAE (0.88).  The bias values closest to 0 were characterized by 

the LM model, although the other models were also characterized by bias only slightly deviat-

ing from 0. Based on the validation results, we selected the RF model for further analysis.  

In the next stage, we built categorical (trend) models on each peat record. We have tuned the 

RF algorithm using variables from the Boruta algorithm that were calculated for trend values. 

The model was characterized by OA = 0.75 and K = 0.43. The best accuracy was obtained by 

the model with five predictors: cmi, dem, EVI_Area_1, bio15 and sin_aspect (Fig. 6). 

 

Fig. 6. Density distributions of the highest importance predictors in the categorical WTD trend 

model (Drying vs Wetting). Lines representdistributions of predictor values for each class. 

The drying WTD trend peaks at moderate to high CMI, higher elevations, moderate EVI, and 

moderate bio15, while the wetting trend was more spread out at lower CMI, lower elevations, 

lower EVI, and higher bio15. Additionally, the rising WTD trend was linked to negative sin_as-

pect values, whereas the drying trend was centered around zero. 

Prediction and area of applicability  

Table 3. The areas of the WTD trends and its area of applicability.  

WTD trends Area [km2] % of total area % within applicable 
areas 

Drying 3330902 22.16 54.43 

Wetting 2788547 18.55 45.57 

Non-aplicable 8914977 59.3 - 



The results indicate that our model is applicable to 40.71% of the study area. Specifically, 

18.55% of the area exhibits wetting trends, while 22.16% shows a drying trend. However 

within applicable areas 54.43% of the areas exhibits drying trends and 45.57% of the areas 

exhibits wetting trends. The remaining 59.29% of the area did not demonstrate model applica-

bility (Table 3). 

Fig 7. WTD trends model prediction results and area of applicability of the model.  

In the Canadian Arctic, where the model is applicable, WTD exhibited drying trends in Eastern 

Canada over the past 20 years, while central Canada showed wetting trends (Fig. 7). In the 

European Arctic, WTD generally declined, whereas the Russian Arctic displayed mixed trends, 

particularly in the Ural region. Southern Siberia experienced drying trends, in contrast to the 

Far East, where western Yakutia showed wetting trends and the Kolyma region exhibited 

mixed patterns. The model could not be applied to most of Alaska and to Northern and Eastern 

Canada based on the area of applicability analysis. Similarly, it was not applicable in central 

Yakutia or in mountainous regions of the Russian Arctic, notably the Sayan and Yablonovy 

ranges, as well as parts of the northwestern European Arctic. 

Impact of the WTD trends on fire occurrence 

Through the development of the WTD map for the study area, we were able to assess whether 

fires occurring in recent years were related to WTD fluctuations. We also observed a substan-

tial difference between burned areas with drying and wetting trends (Table 4).  

Table 4. WTD trends and fire occurrence distribution. 

WTD trends Fire occurence Area [km2] Area percentage 

Drying No fire 3077564 50.29 



Fire 253337 4.14 

Wetting No fire 2613438 42.71 

Fire 175108 2.86 

The results revealed a significant difference in fire incidence between areas with drying and 

wetting trends (Chi-Square test, p < 2.2e-16). Most areas experiencing drying trends did not 

have burning events, accounting for 50.29% of the total area, while only 4.14% of the drying-

trend area was affected by fire. For wetting trends, 42.71% of the area showed no burning 

events, whereas 2.86% experienced fire. When comparing across trends, the proportion of 

fire-affected areas was slightly higher under drying trends (7.6%) than under wetting trends 

(6.3%), suggesting that fires occur more frequently in drying regions. 

Discussion 

Modeling of long-term water table changes 

We tested one linear modeling method (MLR) and two non-linear methods (GAM and RF) for 

predicting WTD. The non-linear models produced the most accurate results, aligning with find-

ings from other studies (Toca et al., 2020). Among these, the RF model demonstrated the 

highest accuracy.  To enhance model efficiency and interpretability, we significantly simplified 

the model by reducing the number of predictor variables using the Boruta feature selection 

algorithm. While our large-scale approach is valuable for generating broader generalizations, 

it inevitably overlooks fine-scale ecological and hydrological processes, potentially obscuring 

important dynamics. This limitation is particularly relevant in the context of incorporating 

complex feedback mechanisms into Earth System Models. Our work contributes to this effort 

by enhancing model efficiency and interpretability: we reduced the number of predictor vari-

ables using the Boruta feature selection algorithm, retaining only those most relevant for pre-

diction. This step improves computational efficiency without sacrificing predictive power and 

is especially important for large-scale or global models, where minimizing input variables re-

duces data pre-processing time and accelerates predictions while maintaining robustness. 

Striking a balance between accuracy, simplicity, interpretability, and practical applicability is 

therefore essential. Future improvements should focus on integrating finer-scale ecological 

and hydrological processes into ESMs while leveraging efficient feature selection to ensure 

models remain tractable at global scales (Austin, 2007). 

Bechtold et al. (2014) emphasize the need for robust remote sensing-based predictors to ex-

plain WTD variability. Combining proxy-based local water table, meteorological, remote sens-

ing and topographical data, we obtained a synthetic look at the causes of the recent hydrology 

of the high-latitude peatlands. Variables that best explain the water table trend mainly relate 

to the balance in different biogeographic settings. Interestingly, when modelling WTD annual 

WTD values, the most important were lagged variables. This suggests that past hydrological 

conditions, rather than just the current state of the WTD, significantly increase fire risk 

(Benscoter & Wieder, 2003; Blodau, 2002; Tuittila et al., 2007; Zoltai et al., 1998). Lagged var-

iables represent the delayed effects of prior wet or dry conditions on the ecosystem, particu-

larly in peatland environments where the water table responds slowly to seasonal and inter-

annual fluctuations. When modelling the WTD trends CMI was the most critical factor. CMI is 



an indicator of drought calculated as the difference between annual precipitation and poten-

tial evapotranspiration; it represents the potential water loss (through evaporation) from a 

landscape covered by vegetation. This variable related to water availability might be inter-

preted as the primary driver of peatland wetness and growth (Baird et al., 2009), while it is 

affected by global warming extremes like progressing heat waves, wetting the water table 

deficit (Gallego-Sala et al., 2018). CMI (climate moisture index) reflects the consequences of 

the wetting temperature and higher evapotranspiration that leads to more intensive water 

loss from peatlands; however, in permafrost areas, it conversely leads to accelerated thawing 

(Beer et al., 2023; Natali et al., 2021; Piilo et al., 2023; Schuur et al., 2022; Turetsky et al., 

2020). Especially in continental regions like Western Siberia, CMI represents the negative wa-

ter table trends leading to higher carbon emissions and peat fires (Gibson et al., 2018). This 

variable might predict the occurrence of peat fires (including zombie fires). CMI, in reality, best 

reflects the recent global climatic trends that are well visible in the peatland vegetation state 

reflected by the enhanced vegetation index EVI_AREA_1, which is related to the greenness 

reflecting the vegetation state/health and land cover changes. CMI is correlated with the wa-

ter availability for peatland plants (Burdun et al., 2023; Connolly et al., 2011; Lees et al., 2020; 

Schubert et al., 2010; Setiawan et al., 2017). Another variable related to water table position 

was bio 15 (the Seasonality (standard deviation *100) of Precipitation); different distributions 

of the precipitation throughout the year might lead to deeper water table deficits, especially 

during the summer (Li et al., 2007; Nichols et al., 2009; Radu & Duval, 2018). The model also 

captured strong relationship to the stable variables like altitude (DEM) and sin_aspect (expo-

sition), confirming that peatlands located in lowlands are more susceptible to negative effects 

of climate changes. Consequently, our spatial modelling illustrated the hydrological states of 

northern peatlands and their possible future conditions (Gallego-Sala et al., 2018; Loisel et al., 

2021; Treat et al., 2022). 

Lagged variables were important in our model. It is well known that ecological systems 

frequently show delayed responses to environmental change (Lira et al., 2019). In peatlands, 

this is plausible for testate amoebae because community composition can take time to adjust 

to new hydrological conditions. Experiments show detectable shifts within a few months after 

water-table manipulation, and transplantation studies show strong responses over 1 year 

(Koenig et al., 2017). In addition,  reconstructions are commonly interpreted as reflecting 

mean annual moisture conditions, which can inherently smooth short-term variability and 

emphasize antecedent conditions. Seasonal variability in testate amoebae communities 

reported in field studies is consistent with the idea that the inferred hydrological signal 

integrates conditions over preceding months rather than a single date (Lamentowicz et al., 

2013). Together, these points suggest that the strong performance of one-year lagged 

predictors in our models is ecologically plausible, but it also warrants cautious interpretation 

because the proxy and ecosystem may both incorporate earlier conditions. 

We chose to evaluate our model using the area of applicability approach. Due to the limited 

number of samples, we initially anticipated that the model might not be applicable across the 

entire region. However, the AOA analysis enabled us to identify areas where field surveys are 

still insufficient. This insight provides valuable guidance for planning future ground-based pal-



aeoecological studies, ultimately improving prediction accuracy. The results underscore a sig-

nificant lack of field data on WTD in high-latitude regions, particularly in the permafrost areas 

of Asia, with the most extensive data gaps occurring in the most remote and inaccessible lo-

cations. The lack of data from local monitoring of WTD changes in these regions, combined 

with the rapid changes occurring due to climate change, presents a significant challenge for 

accurately modeling the state of these ecosystems. Without reliable data, predicting how wet-

lands might shift, adapt, or contribute to broader climate feedback loops is difficult. 

Consequences of peatland drying for fire trajectories  

Previous studies have demonstrated that contrasting water table trends yield different green-

house gas (GHG) emissions. Specifically, high and low water tables have been shown to in-

crease GHG emissions, with flooded peatlands emitting more methane and dry ones more 

carbon dioxide (Jurasinski et al., 2016; Li et al., 2023; Tanneberger et al., 2021; Tiemeyer et 

al., 2020). Anthropogenic global warming deepens hydrological contrasts, leading to wetter 

peatlands in the areas where thawing of permafrost is observed (Hugelius et al., 2020;  Schuur 

et al., 2022; Turetsky et al., 2020) and drying of subarctic, temperate and continental peat-

lands (Loisel et al., 2021; Swindles et al., 2019; Piilo et al. 2023). The progressing consequence 

of peatlands drying leads, for instance, to increased fire risk (Kettridge et al., 2015; Moore et 

al., 2021; Sim et al., 2023; Wilkinson et al., 2023). Our observations align with these findings, 

demonstrating a clear relationship between declining WTD and fire frequency. In regions 

where WTD has been consistently decreasing, we recorded a substantially higher incidence of 

fires than areas exhibiting rising WTD trends. The increased fire activity in drying peatlands 

can be attributed to several interrelated mechanisms. First, a lower WTD exposes deeper lay-

ers of peat to aerobic conditions, promoting decomposition and reducing the moisture reten-

tion capacity of the soil, which in turn enhances its flammability (Kettridge et al., 2015). Sec-

ond, drying trends can lead to shifts in vegetation composition, with more fire-prone species 

colonizing degraded wetland areas, further exacerbating fire risk (Laine et al., 2021). Third, 

prolonged droughts, which are becoming more frequent due to climate change, interact with 

long-term WTD decline, creating conditions where fires ignite more easily and burn more in-

tensely, often smoldering deep into the peat layers and releasing substantial amounts of 

stored carbon (Davies et al., 2013; Turetsky et al., 2015; Van Der Werf et al., 2017; Witze, 

2020). Conversely, in regions where WTD trends indicate stable or wetting moisture levels, 

fire occurrences were significantly lower. This suggests that wetland conservation and hydro-

logical restoration efforts could play a crucial role in mitigating fire risk in peat-dominated 

landscapes (Ellis et al., 2022). Protection of wetlands as water reservoirs and carbon sinks is 

especially important now when there is more evidence documenting replacement of dry 

Sphagnum habitats by sedge-dominated vegetation which is less effective in carbon seques-

tration, for example in the European sub-Arctic (Piilo et al., 2023). These findings emphasize 

the importance of continuous WTD monitoring as an integral component of fire risk assess-

ment and peatland management strategies. Incorporating WTD levels into Arctic fire risk mod-

els is essential, as WTD directly influences peatland moisture and, consequently, fuel flamma-

bility. Lower WTD levels, often resulting from climate-induced drying trends, increase the sus-

ceptibility of peat to ignition and smoldering combustion, leading to more severe and pro-

longed fires (Gibson et al., 2018). Furthermore, hydrological trends in high-latitude peatlands 



show the contemporary regime shifts (Zhang et al., 2022) into unstable states driven by global 

warming. 

Conclusions 

This study provides a comprehensive analysis of WTD trends in high-latitude peatlands across 

the permafrost areas of the Northern Hemisphere over the past two decades, offering critical 

insights into the hydrological responses of these sensitive ecosystems to global warming. By 

integrating peat records (WTD reconstructions based on testate amoebae), remote sensing 

data, and a diverse set of explanatory variables, we have developed a model that captures the 

divergent responses of peatlands to recent change, revealing both drying and wetting trends 

in different regions.  

The key findings of this study highlight the role of climatic and environmental variables, such 

as the Climate Moisture Index, precipitation seasonality, and elevation, in driving WTD trends. 

These variables, combined with vegetation indices like the Enhanced Vegetation Index, pro-

vide a robust framework for modeling peatland hydrology. Our results demonstrate that dry-

ing trends are associated with increased wildfire occurrences. The application of machine 

learning techniques, particularly the Random Forest model, proved to be highly effective in 

predicting WTD trends, offering a balance between accuracy and interpretability.  

While the model's accuracy is moderate, the results demonstrate the significant potential for 

modeling WTD in permafrost regions. Incorporating environmental variables related to topog-

raphy, climate, and vegetation enhances our understanding of the processes driving WTD 

trends. However, the study also highlights the limitations of current models due to the scarcity 

of field data, particularly in remote and inaccessible regions of the Arctic. This underscores the 

need for expanded field campaigns to improve the accuracy and applicability of future models. 

In the future, it is essential to expand our research using additional training data and develop 

more nuanced models to analyze wetland trends in permafrost regions. Machine learning 

holds great promise for enhancing WTD modeling. Using more sophisticated techniques, such 

as neural networks, could improve model accuracy while offering deeper insights into wetland 

dynamics in a changing climate. 
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