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Abstract 

 

Groundwater storage (GWS) is an indispensable component of Bangladesh’s water resources, serving as a key 

source for meeting agricultural irrigation and domestic water needs. Despite its immense significance, few studies 

have focused on analyzing the interrelation between the hydrological drivers and GWS in this region. This study 

aims to bridge that gap by identifying the key hydrological variables that influence GWS and quantifying their 

individual contributions. Key hydrological parameters selected as independent variables for analysis are average 

surface temperature, evapotranspiration, direct soil evaporation, surface runoff, baseflow runoff, root zone soil 

moisture, surface soil moisture, average monthly rainfall and transpiration. Long-term data (2003–2024) from the 

Global Land Data Assimilation System Version 2.2 (GLDAS-2.2) were extracted and processed using Google 

Earth Engine (GEE), and the subsequent regression analysis was conducted in SPSS. The final regression model 

reveals that root zone soil moisture is the most dominant positive contributor to GWS. Conversely, average surface 

temperature and monthly rainfall exhibit statistically significant negative relationships, highlighting the complex 

interplay between atmospheric demand, infiltration, and groundwater recharge. Groundwater levels in Bangladesh 

exhibit pronounced seasonal variation, declining significantly during the dry season (7–16 m) compared to the wet 

season (5–12 m). Seasonal variations reveal groundwater loss becomes more evident during dry season specially 

in northwestern regions. The study provides insights into the formulation of sustainable water resource 

management strategies and policies by unveiling the influence of crucial hydrological factors behind groundwater 

fluctuation. 

 

Keywords: Groundwater Storage; Multivariate Regression; Google Earth Engine; Hydrological Variables; 

Bangladesh. 

 

1 Introduction 

 

Groundwater is a vital source of freshwater globally, sustaining ecosystems and meeting the demands of a growing 

population for agriculture, industry and domestic use (Zektser & Loaiciga, 1993) essential resource is, under 

increasing pressure from both natural factors, such as climate variability and human activities, like excessive 

extraction (Konikow, 2011). Consequently, GWS depletion has emerged as a significant worldwide concern, 

especially in arid and densely populated regions (Famiglietti, 2014). Studies on groundwater dynamics have been 

conducted worldwide using various methods, often employing Gravity Recovery and Climate Experiment 

(GRACE) satellite data and hydrological models to assess changes in terrestrial and groundwater storage on a large 

scale (Tiwari et al., 2009). These studies frequently identify precipitation and evapotranspiration as key climatic 

drivers of GWS changes(Shilengwe, 2024). Bangladesh is a country heavily dependent on groundwater, the 

situation is particularly critical, as approximately 80% of irrigation water and 97% of drinking water are sourced 

from this resource (Shamsudduha, 2017). Numerous studies have documented a severe decline in groundwater 

levels, with some areas like Rangpur, Mymensingh and Rajshahi experiencing the most significant drops 

(Tabassum & Seddique, 2025). The seasonal variations are also pronounced, with levels dropping significantly 

during the dry season, especially in the northwestern regions (Tabassum & Seddique, 2025). While these studies 

confirm the decline and highlight seasonal and regional disparities, a significant research gap remains: few studies 

have comprehensively analyzed the interrelation between a wide range of hydrological drivers and GWS. Current 

research frequently concentrates on a small number of variables or employs scarce, expensive, and spatially sparse 

in-situ well data (Juel & Kutub, 2015). The specific contributions of individual hydrological parameters to GWS 

fluctuations in Bangladesh, especially on a long-term, country-wide scale, are not well-quantified. 
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This study addresses a critical research gap by applying multivariate regression analysis 

to quantify the influence of multiple hydrological variables on groundwater storage 

(GWS) in Bangladesh. Unlike studies based on limited datasets, it uses a long-term, 

continuous record from the Global Land Data Assimilation System (GLDAS), analyzed 

through Google Earth Engine (GEE) and SPSS. This integration enables not only the 

identification of trends but also an understanding of the underlying drivers of GWS 

variability. By quantifying the contributions of key variables such as rainfall, 

evapotranspiration, and soil moisture, the study provides a nuanced understanding of 

the processes controlling groundwater dynamics. The research focuses on Bangladesh, 

a deltaic country with dense river networks, high population pressure, and aquifers 

formed by unconsolidated fluvio-deltaic sediments, which are highly sensitive to 

recharge and withdrawal  (Miah, n.d.) . Seasonal variability, particularly between the 

monsoon and dry periods, further complicates groundwater sustainability. By examining spatial and temporal 

variations in GWS, the study identifies the hydrological parameters most strongly linked to storage changes. The 

findings offer critical insights for sustainable water management, including regulating abstraction, enhancing 

conservation, and implementing recharge programs. Such evidence-based strategies are essential to ensure long-

term water security and safeguard food production in Bangladesh. 
 

2 Methodology 

 

2.1 Data Acquisition and Variable Selection 

Monthly hydrological data (2003–2023) from NASA’s GLDAS-2.2 were accessed via Google Earth Engine 

(GEE), which integrates land surface modeling with satellite observations and GRACE-DA for improved 

groundwater estimates. With 0.25° spatial resolution and high temporal frequency, the dataset is well-suited for 

regional groundwater studies. Data were exported as CSV, processed in Python (Pandas), and analyzed using 

multivariate regression in SPSS to assess relationships between GWS and selected hydrological variables. 

 

Table 1. Variable Details 
 

Type of Variables Parameters Symbol used Units 

Independent 

Average Surface Temperature avgsurft K 

Evapotranspiration evap kg/m2/s 

Direct Soil Evaporation esoil kg/m2/s 

Surface Runoff Qs kg/m2/s 

Baseflow Runoff Qsb kg/m2/s 

Root Zone Soil Moisture soilmoist_rz kg/m2 

Surface Soil Moisture soilmoist_s kg/m2 

Total Monthly Rainfall rainfall mm 

Dependent Ground water storage GWS mm 

 

2.2 Data Preprocessing 

Missing values was checked and zero missing entries were found. Linear interpolation was performed to fill up 

potential future gaps. Then all variables were standardized by Z-score transformation to eliminate unit-based 

diversity. The Z score is calculated by, 

Z =
X − μ

σ
(1) 

Here, X is the original value of variable, μ is the mean variable and σ is the standard deviation of the variable. 

Descriptive statistics was computed to understand the range and variability of each variable. 
 

 

Table 2. Descriptive statistics of original variables 

 

   Parameters 

Statistical      

values 

gws avgsurft evap Qs Qsb soilmoist_rz soilmoist_s rainfall 

count 251 251 251 251 251 251 251 251 

mean 872.609 298.807 0.000041 0.000035 0.000028 347.327 6.903 198.098 

std 122.232 4.149 0.000015 0.000021 0.000016 59.386 1.045 188.785 

min 635.034 289.841 0.000012 0.000004 0.000005 234.27 4.581 3.657 

25% 762.452 295.064 0.000029 0.000018 0.000014 297.011 6.072 14.752 

50% 895.87 300.577 0.000040 0.000031 0.000025 344.283 6.923 175.411 

Figure 1. Study area 
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75% 994.752 302.162 0.000052 0.000049 0.000041 400.79 7.824 342.358 

max 1030.57 304.164 0.000078 0.000092 0.000065 445.879 8.662 735.913 

 

2.3 Statistical Screening: Seasonal Significance Test 

Kruskal-Wallis H-test is a non-parametric alternative to one way ANOVA test used to determine hydrological 

variables that exhibit meaningful seasonal variation. The test is appropriate for non-normal distribution of time 

series data. (Hecke, 2012) Kruskal-Wallis H-test equation is, 

H =
12

N(N + 1)
∑ niRi

2 − 3(N + 1)

k

i=1

(2) 

Where, k is the number of groups (12 months), 𝑛𝑖 is the number of observations in group i and 𝑅𝑖 are the mean 

rank of group i. The test confirmed that root zone soil moisture, surface soil moisture, rainfall, and average surface 

temperature all showed highly significant seasonality (p < 0.01). Conversely, variables such as evapotranspiration 

and runoff components showed no temporal variation in the aggregated dataset and were thus excluded from further 

analysis. 
 

2.4 Multicollinearity Assessment 

To ensure a stable regression model, the retained variables were assessed for multicollinearity using the Pearson 

Correlation Coefficient and the Variance Inflation Factor (VIF). 

The analysis revealed a near-perfect linear relationship between root zone soil moisture (soilmoist_rz) and surface 

soil moisture (soilmoist_s), indicated by a Pearson correlation coefficient of r = 0.996. This severe multicollinearity 

was confirmed by their VIF scores, which were 143.16 for soilmoist_rz and 150.92 for soilmoist_s—both 

substantially exceeding the common threshold of 10. To resolve this redundancy, the variable with the higher VIF, 

surface soil moisture (soilmoist_s), was eliminated from the set of predictors. This step ensures that the final 

regression model is not biased by collinear effects. 

 

2.4.1 Pearson correlation coefficient 

The Pearson correlation coefficient measures the linear relation of two variables by determining strength and 

direction. It was evaluated by the following equation,  

 

rij =
cov(Xi, Xj)

σi × σj

(3) 

 

Here, 𝑟𝑖𝑗 is the Pearson correlation coefficient between variable Xi and Xj , cov (Xi, Xj) is the covariance between 

variables 𝑋𝑖 and 𝑋𝑗 , σi  and σj are the standard deviation of variable Xi and Xj . Pearson correlation coefficient 

greater than 0.8 means the parameters have strong positive correlation. In this study, higher correlation between 

soilmoist_rz (Root Zone Soil Moisture) and soilmoist_s (Surface Soil Moisture) is observed (r =0.996). 

 

      Table 3. Pearson Correlation matrix for retained predictors              Table 4. Variance Inflation Factor results 

Variables soilmoist_rz   soilmoist_s   rainfall  avgsurft 

soilmoist_rz   1 0.996 0.467 0.126 

soilmoist_s   0.996 1 0.492 0.133 

rainfall  0.467 0.492 1 0.728 

avgsurft 0.126 0.133 0.728 1 

 

2.4.2 Variance Inflation Factor 

Variance Inflation Factor (VIF) quantifies how much the variance of a regression coefficient is inflated due to 

multicollinearity. VIF is calculated by, 

VIF =
1

1 − Ri
2

(5) 

Where, Ri
2 is coefficient of determination when variable in regressed on all other predictors. VIF value greater than 

5 is considered as highly correlated. From Table 4, it can be observed that soilmoist_s (Surface Soil Moisture) 

shows maximum VIF value, so it was dropped to avoid collinearity effect. This step ensures that the final regression 

model is not biased by collinear effects. 

 

 

 

 

Variables VIF 

soilmoist_rz 143.161675 

soilmoist_s 150.920519 

rainfall 3.756048 

avgsurft 2.660746 
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2.5 Multivariable Regression Modeling 

Ordinary Least Square (OLS) regression was employed between dependent variable (GWS) and independent 

variable (soilmoist_rz, avgsurft, rainfall). The regression model was implemented using the statsmodels package 

in Python. Model was trained on 21 years monthly data including 251 observations. OLS regression model process,  

 

GWSt = β0 + β1 × soilmoistrz + β2 × rainfall + β3 × avgsurft +∈t (6) 

 

Here, β0, is intercept and  β1, β2,…  are slope coefficient of each predictor variables and ∈t is the error. 
Assumptions were validated by Shapiro-Wilk (S-W) test and Durbin Watson (D-W) test. 

 

 2.5.1 Shapiro-Wilk (S-W) test and Durbin-Watson (D-W) test 

S-W test is a statistical test used to check whether a dataset is normally distributed, used for small or medium sized 

dataset. The test statistics is called W and it is calculated by, (Hanusz et al., 2016) 

W =
(∑ aix(i))n

i=1
2

∑ (xi − x̅)2n
i=1

(7) 

Where, where X(1) ≤ X(2) ≤ ··· ≤ X(n) are the ordered values of a sample X1, X2, ..., Xn, and ai are coefficients. A 

lower tail of W indicates nonnormality. Normality of residual, W= 0.993 for this study with p-value = 0.2528 

which is greater than 0.05. It indicates the residual is normally distributed, null hypothesis failed to reject. 

D-W test is done to detect serial correlation in the residual regression model to identify if the residual is 

independent. 

𝐷𝑊 =
∑ (𝑒𝑡 − 𝑒𝑡−1)2𝑛

𝑡=2

∑ 𝑒𝑡
2𝑛

𝑡=1

(8) 

Where, DW is Durbin-Watson statistics and 𝑒𝑡 is the residual at time t. DW value less than 2 means positive auto 

correlation, in this test DW=1.365 which is acceptable. 

 

3. Results and Discussion 

 

This section presents the statistical outcomes of the multivariable regression analysis, followed by a discussion of 

the findings in the context of Bangladesh's hydrogeology and water resource management. 

 

3.1 Model Performance and Correlation Analysis 

The Ordinary Least Squares (OLS) regression model developed to predict GWS demonstrated exceptional 

explanatory power. The model yielded a coefficient of determination (R²) of 0.965 and an Adjusted R² of 0.964, 

indicating that 96.4% of the monthly variance in GWS is explained by the combined influence of root zone soil 

moisture, average surface temperature, and rainfall. The overall statistical significance of the model is confirmed 

by a high F-statistic of 2251 (p < 0.001).  

 

The relationships between the final variables are visualized in the correlation matrix below. Figure 2 reveals a 

near-perfect positive correlation between GWS and root zone soil moisture (r = 0.97), establishing it as the most 

influential direct indicator of groundwater levels. The time series plots further illustrate the strong seasonal 

coherence between GWS and its drivers over the 21-year study period 
 

3.2 Impact and Interpretation of Hydrological Drivers 

Figure 3. Time Series of Variables Used in Final       

Model (2003-2023) 

 

Figure 2. Correlation Matrix of Final Model 

Variables         

 



A. Chowdhury, M. Israt, M. M. Islam & A. Nawar 

ICCEI 2025 
 

2150 

The individual contribution and significance of each predictor were quantified through the regression coefficients, 

as summarized in Table 5. 

Table 5. Regression coefficients 

Variable 
B 

(Unstandardized) 
Std. Error 

Beta 

(Standardized) 
t Sig. (p-value) 

const 817.991 165.692 -0.000 4.937 < 0.001 

soilmoist_rz 2.134 0.030 1.037 71.832 < 0.001 

avgsurft -2.241 0.548 -0.076 -4.086 < 0.001 

rainfall -0.086 0.014 -0.132 -6.344 < 0.001 

 

• Root Zone Soil Moisture (soilmoist_rz) emerged as the strongest predictor of GWS, showing a significant 

positive relationship (B = 2.134, p < 0.001; Beta = 1.037). This highlights its primary influence in Bangladesh, 

where alluvial soils act as a buffer and transmission zone for rainfall. The finding confirms that antecedent 

soil moisture, rather than immediate rainfall, is the key control on deep percolation and groundwater recharge. 

• Average Surface Temperature (avgsurft) displayed a significant negative relationship with GWS (B = -

2.241, p < 0.001). This implies that as surface temperatures rise, GWS tends to decrease. The physical 

mechanism is increased atmospheric water demand, leading to higher rates of evapotranspiration. This process 

intercepts water within the soil profile that would otherwise be available for recharge, effectively reducing the 

potential for groundwater replenishment. This finding has significant implications in the context of climate 

change, suggesting that rising temperatures could exacerbate groundwater stress even if rainfall patterns 

remain unchanged. 

• Rainfall showed a significant negative coefficient (B = -0.086, p < 0.001), which does not imply reduced 

groundwater storage (GWS) but reflects an important hydrological process. The soilmoist_rz variable already 

captures cumulative rainfall effects over prior weeks or months, so the negative coefficient indicates that 

immediate rainfall has little additional impact once antecedent soil moisture is considered. This underscores 

the lag effect, where rainfall takes time to contribute to aquifer recharge through infiltration and percolation 

across the vadose zone. 

Figure 4. Regression Diagnostic Plots 

The model's statistical validity was substantiated by diagnostic tests, as visually supported by the diagnostic plots 

in Figure 4. The Normal Q-Q Plot shows that the residuals closely follow the theoretical diagonal line, confirming 

the normality assumption (Shapiro-Wilk p = 0.253). Furthermore, the Residuals vs. Fitted Values plot displays a 

random scatter of points around the zero line with no discernible pattern, satisfying the assumptions of linearity 

and homoscedasticity. The Durbin-Watson statistic of 1.365 also indicates that the model is free from severe serial 

autocorrelation. 

 

3.3 Discussion and Implications 

The findings of this study underscore that groundwater storage dynamics in Bangladesh are shaped by a complex 

interplay of climatic factors, with soil moisture as the most critical intermediary. The dominance of soilmoist_rz 

in the model aligns with regional studies that highlight the role of antecedent moisture in monsoon recharge 

processes. The negative impact of temperature on GWS provides quantitative evidence that rising temperatures 

can diminish groundwater resources by enhancing atmospheric losses, stressing the need for climate-resilient water 

management strategies. This research shows that relying solely on rainfall as an indicator of groundwater 

availability can be misleading; monitoring root zone soil moisture, via remote sensing or in-situ sensors, offers a 

timelier tool for forecasting groundwater stress and guiding irrigation or abstraction management. Although the 

model is robust, it is limited by the spatial resolution of GLDAS and the absence of high-resolution abstraction 

data; future studies should integrate these to disentangle climatic and anthropogenic drivers of groundwater change. 

4 Conclusions 
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This study successfully developed a robust multivariable regression model that explains 96.4% of the monthly 

variance in Bangladesh's groundwater storage (GWS), providing critical insights into its climatic drivers. The 

findings empirically confirm that root zone soil moisture is the most dominant positive predictor, serving as the 

primary control for groundwater recharge. Conversely, average surface temperature exhibits a significant negative 

impact, likely by increasing evapotranspiration and reducing water availability for percolation. The model also 

reveals the importance of a time lag between rainfall and aquifer response, with soil moisture acting as a more 

integrated and immediate indicator of recharge potential. While this research establishes a strong climatic baseline, 

it is acknowledged that anthropogenic factors, particularly groundwater abstraction, were not included. Therefore, 

this study concludes that for sustainable water resource management in Bangladesh, a policy shift towards 

monitoring soil moisture over instantaneous rainfall is recommended. Future research must prioritize integrating 

abstraction data to fully disentangle climatic and human-induced pressures on this vital resource. 
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