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Abstract
Many developing countries experience widespread groundwater declination. Sustainable management actions include gen-
eration of an accurate groundwater distribution based on an extensive groundwater monitoring network which is often cost 
prohibiting in the context of a developing country such as Bangladesh. Further, such knowledge is lacking for the Sylhet 
region where groundwater was documented to be under tremendous pressure. Specifically, the gap in the current literature 
exists regarding groundwater trends and its areal extent for this region. This paper bridges the gap in research by focusing 
on trends and spatial and temporal variation of groundwater level changes for this area. This study addresses this problem 
by creating groundwater level predictions at the ungauged areas using geostatistical methods applied to a detailed set of 
data. In this study, the spatial variability of annual-average depth to the water table at 46 observation wells in the Sylhet 
division in Bangladesh is analyzed for 2000, 2005, 2010, and 2015. The geostatistical analysis applies the ordinary kriging 
method with cross-validation to create the water table maps for the study area. The results indicate a substantial increase 
in groundwater depths during the studied period from 2000 to 2015 in some locations in the study area. Importantly, this 
work identifies the vulnerable zones in the area due to the groundwater lowering trend. The study adds to the groundwater 
management research in developing countries and focuses on the spatial and temporal groundwater variation. The findings 
from the modeling exercise contribute to identification of the vulnerable areas and therefore help policymakers in making 
informed decisions to manage groundwater resources in this sensitive region sustainably.

Keywords  Geostatistical analysis · Spatial map · Ordinary kriging · Groundwater depth · Groundwater management

Introduction

The groundwater system, which is very dynamic by nature, 
constitutes about 98% percent of the Earth’s freshwater 
(Zaporozec 2004). The increasing demand due to population 
growth and rapid industrialization has rendered it vulner-
able which especially concerning in developing countries 
where resources for sustainable groundwater management 
are scarce. Over-abstraction, poor irrigation management, 

and reduced groundwater recharge are the primary causes of 
groundwater lowering (Bellingeri et al. 2017). The decline 
of groundwater also has significant environmental impacts 
that include groundwater quality degradation (Foster et al. 
2018). Consequently, the combined effect of groundwater 
depletion along with water quality degradation results in 
the uncertainty of future water availability (Tabari et al. 
2012). Other environmental effects include the increased 
risk of land subsidence (Cui et al. 2018), reduction in the 
amount of water in streams and lakes (Perkins et al. 2017), 
and increased production costs due to greater energy needs 
for pumping (Turner et al. 2019).

Groundwater declination is a common and widespread 
problem in developing countries; Bangladesh is no excep-
tion. Irrigation and household water supply in the country 
primarily depend on groundwater. It is declining at a rate 
of 0.1 to 0.5 cubic-meter per year (m3/yr) in the country 
(Dey et al. 2017). Consequently, the country’s groundwater 
resource needs proper management actions for sustainability. 
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For effective groundwater management, the knowledge of 
the spatial and temporal variation of groundwater condi-
tions over the concerned area is essential (Varouchakis 
et al. 2012). However, generating an accurate groundwater 
distribution over an area needs an extensive groundwater 
monitoring network. In reality, the monitoring networks are 
not always uniformly distributed due to inaccessibility, high 
installation and maintenance costs. Therefore, groundwater 
level predictions at the ungauged areas are warranted while 
making informed management decisions.

In hydrogeology, the environmental quality assessment 
analysis is commonly conducted to evaluate the total pollu-
tion level in a water body including Nemerow pollution index 
and risk assessment index (Mishra et al. 2016), and a scoring 
methodology is used to assess the performance of freshwater 
conservation plan (Singh et al. 2021). Groundwater research 
commonly relies on geostatistics as it produces the accurate 
estimates (Ma et al. 1999). For example, geostatistical interpo-
lation methods are extensively used for generating data for the 
ungauged areas (Theodossiou and Latinopoulos 2006), and to 
derive the groundwater trends over the long term (Reghunath 
et al. 2005). Similarly, Kumar (2007) used geostatistics to inter-
polate the groundwater levels by applying universal kriging for 
optimal contour mapping of groundwater levels. Besides, geo-
statistical techniques are used in hydrogeochemistry to identify 
the contaminant sources and control or mitigate them (Elumalai 
et al. 2017). It is also applied in agricultural management to 
assess the spatiotemporal variability of groundwater quality 
parameters for irrigation (Yazdanpanah 2016).

Apart from groundwater quality evaluation, geostatistics 
is used for assessing aquifer vulnerability (Machiwal et al. 
2018). Machiwal et al. (2012) used kriging to analyze the 
groundwater level data from 50 sites in Western India to 
find the spatial autocorrelation and variances in groundwater 
levels. The study found the kriging advantageous to spot 
critical locations where groundwater resource management 
strategies are required. Xiao et al. (2016) used seven discrete 
interpolation methods to interpolate the groundwater level in 
Beijing, China, and found that the simple kriging provides 
the best fit for the model. Furthermore, Nikroo et al. (2010) 
applied different kriging methods to identify the best geo-
statistical interpolation technique and predicted groundwater 
depth and elevation in Southwest Iran.

Understanding the groundwater variability and trend in 
the Sylhet division of Bangladesh is the primary motivation 
of this work. Although the area is vulnerable to groundwater 
lowering, understanding its trend and areal extent has mostly 
been ignored in the previous works (Zafor, 2017). To fill 
the gap, we explore the spatial and temporal groundwater 

variation using the collected data from 46 observation wells 
in the Sylhet division for 2000, 2005, 2010, and 2015. The 
specific aim of the study is creation of groundwater level 
predictions at the ungauged areas using geostatistical meth-
ods and identification of vulnerable areas in the Sylhet 
region of Bangladesh. The results of this study will help 
authorities to make informed decisions for efficient manage-
ment of the groundwater resource in the study area.

Study area and data collection

The study area is the Sylhet division (24°30′N, 91°40′E), 
which is located at the northeast region of Bangladesh (Fig. 1) 
and also addresses as the tea capital of Bangladesh (Nury et al. 
2017). It is also known as the tea capital of Bangladesh (Nury 
et al. 2017). It borders the Chittagong and Dhaka divisions to 
the southwest and west, respectively, as well as Meghalaya, 
Assam, and Tripura states of India to the north, east, and south, 
respectively. The study area is vulnerable to groundwater low-
ering as it is the primary source for domestic and irrigation 
water supplies (Zafor et al. 2017). This study investigates the 
depth to the water table throughout the study area.

The study area, the Sylhet division, is subdivided into four 
major districts, namely Habiganj, Moulvibazar, Sunamganj, 
and Sylhet. These four districts are subdivided into 36 sub-
districts called Upazila (Nury et al. 2017; Zafor et al. 2017). 
Its climate is humid subtropical, with a predominantly hot 
and humid summer and a relatively cold winter. The aver-
age annual highest and lowest temperature recorded as 23 °C 
(Aug–Oct) and 7 °C (Jan), respectively (Zafor et al. 2017).

The aquifer of the study area is semi-confined to confined 
in nature. It is made of weathered alluvial sands of the Dupi 
Tila formation (Zafor et al. 2017). Its thickness varies from 
20 to 98 m in some areas (Ahmed et al. 2019). Groundwater 
is the primary drinking water source in the area because the 
study area does not have a central water distribution net-
work. Most of the houses have deep tube wells for ground-
water extraction. For this reason, a continuous monitoring 
of groundwater depth and quality is necessary.

The Bangladesh Water Development Board (BWDB) 
(www.​bwdb.​gov.​bd) is one of the main responsible authori-
ties to monitor the groundwater throughout the year. The 
organization maintains a distributed network of monitoring 
wells across the country. The BWDB staffs take water table 
reading weekly from the monitoring wells and send the data 

Fig. 1   a Map of the administrative division of Bangladesh b adminis-
trative district of the Sylhet division c Map of the study area with the 
piezometric observation well location. Source: DIVA-GIS, 2021

◂

Table 1   Types of data transformation

Depth to the water table (m)

2000 2005 2010 2015

Transformation None Log Box-Cox Log

http://www.bwdb.gov.bd
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to a central processing unit for storing. For this work, the 
observed water table data for 2000, 2005, 2010, and 2015 
at the 46 observation wells distributed across the study area 
were collected from the BWBD website. Figure S-1 illus-
trates how a depth to water table is measured from the top 
of the observation well to the water table using a measuring 
tape.

Methodology

Kriging is the best linear optimum unbiased interpolation 
method of estimating unknown values of spatial and tem-
poral variables with a minimum mean interpolation error 
(Chung et al. 2019). Generally, several types of kriging 
methods are available: ordinary, simple, universal, Pois-
son probability, and more (Böhner & Bechtel 2017). The 
selection of the method depends on the characteristics of 

the available data. For instance, universal kriging is appro-
priate for nonstationary data, and cokriging suits better for 
a group of correlated data (Chung et al. 2019).

The ordinary kriging (OK) is a standardized type of 
kriging and known as the best linear unbiased estimator 
(BLUE) (Cressie 2015). This method assumes that the 
data sets are stationary and exploits semivariogram, which 
approximates the values without bias and least variance, 
to determine the best fit for the spatial relationship model 
(Cressie 2015). Considering the precedence of ordinary 
kriging and the characteristics of the available data, this 
study adopted the ordinary kriging method.

After the acquisition, the water table data (i.e., depth 
to the water table measured in meters) were checked for 
normality by observing histograms and normal Quan-
tile–Quantile (QQ) plots. To fit the spatial map and to get a 
better prediction result in the map, the data should exhibit 
a normal distribution either in a histogram or a normal 

Fig. 2   Semivariogram plot for the depth to water table for 2000
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QQ plot. If the data show a skewed pattern revealed in the 
histogram, then the data need to be transformed.

The histogram of the mean annual groundwater depth 
data of 2000 (Figure S-2) is skewed right, meaning that 
a small number of samples with high groundwater depths 
lie on the right tail. Although 2000 data appear to be posi-
tively skewed, the skewness is not severe. This is also sup-
ported by the similarity of mean and median values, and 
most of the points falling on the straight line seen in the 
Normal QQ plot (Figure S-3). Therefore, no transforma-
tion is needed for the 2000 data.

However, the skewed pattern is observed for the water 
table data for 2005, 2010 and 2015 (Figure S-2). Con-
trasting to 2000, the mean and median values for 2005, 
2010, and 2015 are more dissimilar, indicating that the 
water table data are not normally distributed. Additionally, 
most points deviate from the straight line on the normal 

QQ-plots for 2005, 2010, and 2015 providing additional 
evidence of a non-normal distribution (Figure S-3). 
Accordingly, to meet the assumption of normality, 2005, 
2010, and 2015 data are transformed using the log, Box-
Cox, and log transformation, respectively. Table 1 shows 
the required transformations for the mean annual water 
table data of 2000, 2005, 2010, and 2015.

Following the data transformation, global trends of ground-
water (i.e., a rising or deepening trend of water table along 
with the spatial directions) were evaluated. The semivari-
ogram �(h) is the primary tool in geostatistics that expresses 
the spatial dependence between the neighboring observations 
(Ahmadi and Sedghamiz 2008). It is defined as one-half of the 
variance of the difference between the attribute values at all 
points separated by h as given in Eq. 1.

Fig. 3   Directional influence for the groundwater level of 2000
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where z(xi) and z(xi + h) are the magnitudes of the variable 
(e.g., depth to the water table measured from the ground sur-
face in meter as shown in Fig. 2) at the point xi and a point of 
distance h from the point xi. N(h) is the total number of fea-
ture pairs (i.e., pair of wells) separated by the distance of h.

For examining and quantifying spatial autocorrelation, 
empirical semivariogram models were developed for 2000, 
2005, 2010, and 2015 using Eq. 2. Each model was fitted to 
the points which were used for its development. The semivari-
ogram modeling is identical to fitting a least-squares line in the 
regression analysis.

(1)�(h) =
1

2N(h)

N
∑

i=1

[

z
(

xi
)

− z
(

xi + h
)]2

where value at location i and j is a depth to the water table 
in meters.

Following the model fitting, the differences between estimated 
and observed values were summarized using the cross-validation 
statistics described by Ahmed and De Marsily (1987). The cross-
validation statistics include the estimates of root-mean-square 
error (RMSE) and average standard error (SE) (Chung et al. 
2019; Taye et al. 2018). A smaller RMSE and SE indicate a 
closer observed and predicted groundwater depths by the empiri-
cal semivariogram models. Besides, the value of RMSE close 
to zero suggests an unbiased prediction. Finally, the residual for 
the prediction map were checked for normality using a QQ plot.

Result and discussion

The trend analysis identifies the presence of trends, if any, 
existing in the data and the order of polynomial that fits the 
data. Figure S-4 shows the global trend of groundwater for 
2000, 2005, 2010, and 2015. Here, the green line indicates 

(2)

Semivariogram (distance h)

= 0.5 ∗ average
[

(value at location i − value at location j)2
]

Fig. 4   Results of the semivariogram modeling for depth to the water table data for 2000

Table 2   Cross-validation for the predictive models

Criteria Depth to the water table (m)

2000 2005 2010 2015

Root-mean-square error 1.198 1.915 2.479 2.538
Average standard error 1.269 1.862 2.415 2.565
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a lowering trend toward the center along the east–west 
direction (X-axis), and the blue line demonstrates a rising 
trend toward the center along the north–south direction 
(Y-axis). Similar patterns are observed for the water table 
data for 2000, 2005, 2010 and 2015. Besides, Figure S-4 
shows that the best fit lines using data points projected 
on the perpendicular planes (North–South or East–West) 
are curvilinear. Therefore, a second-order polynomial 
(quadratic) can capture the groundwater trend for 2000, 
2005, 2010, and 2015. These trends need to be removed 
beforehand to capture the short-range local variation. After 

modeling the residuals, the global trends are added to the 
analysis to obtain a better prediction surface.

Before semivariogram modeling, the spatial autocor-
relation and a directional influence among the collected 
water table data were checked. Four pairs of locations are 
selected in the semivariogram within the close range of 0 to 
450 m distance indicating different adjacent points (Fig. 2). 
Besides, the lines linking the locations fall in the area within 
different colors. Consequently, the spatial autocorrelation 
exists in the data for 2000. Similarly, results show that spa-
tial autocorrelation exists for 2005, 2010, and 2015.

Fig. 5   Quantile–Quantile (QQ) plot for the residual of the prediction map of 2000, 2005, 2010, and 2015
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The semivariogram modeling was implemented to deter-
mine the best fit for the spatial relationship models. Some 
values were grouped according to the separation distance 
(bin) to obtain the semivariogram curve. Figure 3 illustrates 
the directional influence on water table data for 2000. It 
shows pairs of the semivariogram value within an approxi-
mately same distance. Since most of the lines are scattered, 
there is no directional influence exists in the 2000 data. 
Similarly, no directional influence is detected for 2005, 
2010, and 2015 data. Finally, the values of the parameters, 
including nugget, range, sill, and shape, were obtained. To 
illustrate, Fig. 4 shows the obtained parameters for 2000.

Cross-validation checks for the predictive models were 
performed to identify the model’s accuracy before generat-
ing the prediction maps. As stated earlier, both the RMSE 
and average SE should be as small as possible. The results 
of the checks for the water table data are shown in Table 2. 
Besides, Fig. 5 shows the QQ plot for the residuals of the 
prediction model for 2000, 2005, 2010, and 2015. The 
results suggest that the residuals are normally distributed, 
with most of the points falling on the straight line of the 
QQ plot.

The study area is divided into six zones to analyze 
the groundwater variability– east, west, south, central, 

Fig. 6   Temporal plots showing 
mean annual-average depth to 
the water tables in the six zones 
formulated under the study
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northeast, and northwest. Figure 6 shows the groundwater 
trend corresponding to each zone. Specifically, the tempo-
ral plots show the mean annual-average depths to the water 
tables in the six zones (Fig. 6). In addition, Table 3 lists all 
the Upazilas inside the study area with the corresponding 
zone and provides the mean annual depth to water table 
along with the temporal percent change for each Upazila. 
The major findings of the trend analysis are as follows:

•	 The average water table depth at the Central zone was 
3.50 m in 2000. It rose to a shallower depth (3.18 m) in 
2005. However, the water table dropped by 0.12 m to a 
deeper depth in 2010 and remains the same in 2015.

•	 The east zone also showed a rising trend during 2000–
2005 and then a lowering trend during 2005–2010. 
Again, it showed a rising trend again during 2010–
2015.

•	 The water table in the west region deepened by 0.49 m 
during 2000–2005 which was regained during 2005–
2015 and reached to a shallower depth (3.42 m).

•	 A rising trend is observed in the northwest zone dur-
ing 2000 to 2010. The mean depth to the water table 
was 6.64 m in 2000 and reached to a shallower depth of 
2.47 m in 2010. The water table showed a lowering trend 
during 2010–2015.

Table 3   The table shows the mean annual groundwater levels and 
their temporal percent change by Upazila under the study area. A 
positive percent change indicates a decrease in depth to water table 
(a water table is closer to the ground) while a negative percent change 

indicates a lowering (a water table is deeper from the ground). 
Besides, it lists the corresponding zones of the studied Upazilas 
defined in this work

Mean depth to the water table (m) Percent Change (%)

Upazila Zone 2000 2005 2010 2015 2000–2005 2005–2010 2010–2015 2000–2010 2005–2015 2000–2015

Barlekha East 3.65 3.72 3.59 3.41 − 1.92 3.49 5.01 1.64 8.33 6.58
Fenchuganj East 3.21 3.23 3.3 3.05 − 0.62 − 2.17 7.58 − 2.80 5.57 4.98
Kulaura East 4.13 2.97 3.26 3.36 28.09 − 9.76 − 3.07 21.07 − 13.13 18.64
Rajnagar East 2.86 2.97 2.93 3.08 − 3.85 1.35 − 5.12 − 2.45 − 3.70 − 7.69
Ajmiriganj West 3.58 4.8 3.67 3.06 − 34.08 23.54 16.62 − 2.51 36.25 14.53
Baniachong West 3.36 4.21 3.72 3.37 − 25.30 11.64 9.41 − 10.71 19.95 − 0.30
Derai West 4.17 4.4 3.27 2.99 − 5.52 25.68 8.56 21.58 32.05 28.30
Lakhai West 3.9 4.33 4.32 3.74 − 11.03 0.23 13.43 − 10.77 13.63 4.10
Madhabpur West 3.93 3.04 4.59 4.39 22.65 − 50.99 4.36 − 16.79 − 44.41 − 11.70
Sullah West 4.12 5.17 3.61 2.99 − 25.49 30.17 17.17 12.38 42.17 27.43
Bahubal South 2.93 3.28 3.41 3.53 − 11.95 − 3.96 − 3.52 − 16.38 − 7.62 − 20.48
Chunarughat South 3.43 2.58 3.49 3.76 24.78 − 35.27 − 7.74 − 1.75 − 45.74 − 9.62
Jamalganj South 6.02 4.66 2.82 2.83 22.59 39.48 − 0.35 53.16 39.27 52.99
Sreemangal South 2.76 2.55 2.9 3.17 7.61 − 13.73 − 9.31 − 5.07 − 24.31 − 14.86
Balaganj Central 3.45 3.02 3.25 3.32 12.46 − 7.62 − 2.15 5.80 − 9.93 3.77
Bishwanath Central 3.62 3.07 3.09 2.93 15.19 − 0.65 5.18 14.64 4.56 19.06
Chhatak Central 3.95 3.14 2.94 2.86 20.51 6.37 2.72 25.57 8.92 27.59
Jagannathpur Central 3.7 3.54 3.58 3.63 4.32 − 1.13 − 1.40 3.24 − 2.54 1.89
Maulvibazar Sadar Central 2.73 2.93 3.09 3.31 − 7.33 − 5.46 − 7.12 − 13.19 − 12.97 − 21.25
Nabiganj Central 3.57 3.35 3.85 3.76 6.16 − 14.93 2.34 − 7.84 − 12.24 − 5.32
Companiganj Northeast 2.64 2.25 2.89 2.63 14.77 − 28.44 9.00 − 9.47 − 16.89 0.38
Golabganj Northeast 3.32 3.2 3.27 2.67 3.61 − 2.19 18.35 1.51 16.56 19.58
Gowainghat Northeast 2.06 2.31 3.2 2.82 − 12.14 − 38.53 11.88 − 55.34 − 22.08 − 36.89
Jaintiapur Northeast 1.63 2.59 3.26 3.15 − 58.90 − 25.87 3.37 − 100.0 − 21.62 − 93.25
Kanaighat Northeast 2.7 3.22 3.65 3.27 − 19.26 − 13.35 10.41 − 35.19 − 1.55 − 21.11
Sylhet Sadar Northeast 3.05 2.83 3.42 2.73 7.21 − 20.85 20.18 − 12.13 3.53 10.49
Zakiganj Northeast 3.85 4.34 4.59 3.97 − 12.73 − 5.76 13.51 − 19.22 8.53 − 3.12
Bishwamvarpur Northwest 6.57 3.28 2.06 2.45 50.08 37.20 − 18.93 68.65 25.30 62.71
Dharampasha Northwest 7.58 6.1 2.89 2.82 19.53 52.62 2.42 61.87 53.77 62.80
Jamalganj Northwest 6.02 4.66 2.82 2.83 22.59 39.48 − 0.35 53.16 39.27 52.99
Sunamganj Sadar Northwest 4.82 3.41 2.56 2.72 29.25 24.93 − 6.25 46.89 20.23 43.57
Tahirpur Northwest 8.19 3.75 2.03 2.39 54.21 45.87 − 17.73 75.21 36.27 70.82
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•	 The south zone of the study area shows an increasing 
trend from 2000 to 2010. According to the result, the 
water table rose to a shallower depth of 3.15 m in 2010 
compared to a deeper depth of 3.78 m in 2000. Then, 
water table showed a lowering trend again.

•	 The water table at the northeast zone fall continuously 
from 2.75 m (in 2000) to 3.47 m in 2010 followed by a 
rising trend during 2010–2015.

Groundwater showed a declining trend in some of the 
past study areas (Zafor et al. 2017). The present study has 
also found a water table declining trend in the northeast 
zone, which is in consistent with Zafor et al. (2017). In 
contrast, for the other five zones, results show an over-
all rising trend of groundwater depth in recent years 
(2010–2015). In 2015, Upazilas like Kanaighat, Syl-
het Sadar, Derai, Sunamgonj, Hobigonj were flooded 
above their respective danger level from mid-June to 

2000 2005

2010 2015
Depth to the water table (m)

0.50 - 1.00

1.01 - 1.50

1.51 - 2.00

2.01 - 2.50

2.51 - 3.00
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3.51 - 4.00

4.01 - 4.50

4.51 - 6.00

6.01 - 7.50

7.51 - 9.00

9.01 - 10.50
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0.5 – 1

1 – 1.5

1.5 – 2

2 – 2.5

2.5 – 3

3 – 3.5

3.5 – 4

4 – 4.5

4.5 – 6

6 – 7.5

7.5 – 9

9 – 10.5

Fig. 7   Spatial distribution map of water table for 2000, 2005, 2010, and 2015
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mid-September, reported by the Bangladesh water devel-
opment board (BWDB, 2015). Also, 32% percent of the 
total area of Bangladesh affected by flood in the year 
2015, whereas total percentage was 18% in the year of 
2010 (BWDB, 2015). This might be the reason of rising 
groundwater trend in the year of 2015 compared to 2010.

However, local declination is also observed in some 
Upazilas like Madhabpur in west, Rajnagar in east, Bahu-
bal, Chunarughat, and Sreemangal in south zones as shown 
in Fig. 7 and Table 3. The change in rainfall and local irri-
gation practices could be the primary reason behind the 
groundwater table fluctuation which is beyond the scope 
of this current study and requires further investigation.

Conclusion

The study compared the groundwater spatial distribution 
map of 2000, 2005, 2010, and 2015 to assess the ground-
water trend in the study area. It was found that the water 
table rose to a shallower depth in 62.5 percent of the 32 
Upazilas studied under the study during 2000–2015. In 
contrast, water table deepened in 37.5 percent Upazilas. 
Upazilas like Jaintapur, Gowainghat, Maulvibazar Sadar, 
Kanaighat, and Bahubal are the susceptible zones due to 
groundwater lowering. Indiscriminate groundwater with-
drawals and reduced recharge due to industrialization and 
urbanization could be the probable causes of groundwater 
lowering in the study area. A relatively small sample size 
was the primary limitation of the study. Additional piezo-
metric wells with higher resolution data for a long dura-
tion might generate a better prediction map and capture 
the trend with seasonal variation. Therefore, the future 
works should focus on the application of various geosta-
tistical techniques and inclusion of seasonality into the 
data analysis.
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