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Abstract: In this article, the characterization of land subsidence with the spatial variability of soil
formation and groundwater withdrawals in Choshui delta, Taiwan, is presented. Levelling surveys,
borehole logging, multi-layer compaction monitoring network, multi-layer groundwater level mon-
itoring network, and the electricity consumption of wells in the study area are adopted. Various
factors, including the percentage of coarse-grained soil, percentage of fine-grained soil, length of
average maximum drainage path, percentage of agricultural land use, electricity consumption of
wells, and accumulated depth of land subsidence, are applied. Thematic maps based on these fac-
tors are established using geographic information system spatial analysis. A principal component
analysis (PCA) is then employed to obtain the dominant factors for land subsidence. The results
indicate that the largest subsidence rate is observed in the region that has both a high electricity
consumption of wells and a large percentage of fine-grained soil. The PCA results reveal that the
electricity consumption of wells is highly correlated with the accumulated depth of land subsidence.
The first principal component is the acquired factor causing land subsidence, such as the excessive
withdrawal of groundwater. The second principal component is the congenital factor causing land
subsidence, which corresponds to fine sand, silty and clayey soils.

Keywords: land subsidence; principal component analysis; geographic information system; groundwater
withdrawal; soil formation

1. Introduction

Due to overexploitation of groundwater resources, there is a worldwide land subsi-
dence problem [1,2]. Recent climate anomalies have continued to disturb the equilibrium
of water resources and to increase the frequency of flooding and droughts [3–5]. The con-
sumption of water demand from the use of groundwater has continued to accelerate in the
Choshui delta of central Taiwan [6–8]. The overexploitation of groundwater resources has
led to the compaction of the aquifer systems, which may cause rapid land subsidence, and
has taken place in countries such as Italy, United States, Mexico, Japan and Taiwan [9–13].
By the end of 2021, the maximum subsidence rate reached 7.8 cm/year in the Choshui delta
of central Taiwan.

Previous research has summarized that the key to the land subsidence problem was
the correct assessment of the aquitards’ behavior [14–16]. Consequently, the deformation
of aquifers was frequently underestimated. According to the results of the predictive
model, the behavior of sandy and clay layers obeys the elastic phenomena and the Terzaghi
consolidation theory, respectively [17,18]. Land subsidence is strongly affected by sea-
sonal variations with precipitation and declining groundwater levels [19]. The effect of
groundwater level variations on land subsidence can be simulated based on a stress–strain
relationship [20]. The modular three-dimensional groundwater flow mode (MODFLOW)
model of groundwater flow and the IBS model of land subsidence were utilized to evaluate
the stratum compaction coefficients and the groundwater safe yield [21]. The MODFLOW-
2000, subsidence and aquifer-system compaction package (SUB) and a computer code for
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universal inverse modeling (UCODE) have also been used to model groundwater flow
and land subsidence, and estimate the compaction coefficients in Antelope Valley, Cali-
fornia [22]. Several artificial intelligence technologies have been applied for the analysis
of land subsidence susceptibility. A new fuzzy-catastrophe scheme has been proposed to
transform subsidence vulnerability indexing based on ALPRIFT into risk indexing [23].
To estimate the possible land subsidence time variations, the dynamic subsidence vul-
nerability index was developed by considering changes in groundwater level based on
the ALPRIFT framework [24]. A two-level modeling strategy by combining multi-criteria
decision-making and artificial intelligence techniques was conducted to map land subsi-
dence risk [25]. Despite the success of the above artificial intelligence techniques as effective
numerical tools for subsidence assessment, there is still growing interest in the development
of a robust predictive model using artificial intelligence technologies.

To characterize the spatial variability in land subsidence and its relation to ground-
water withdrawals in the Choshui delta, this study collects several data including in situ
monitoring data, such as levelling surveys, borehole logging, multi-layer compaction mon-
itoring network, multi-layer groundwater level monitoring network, and the electricity
consumption of wells in the study area. Various factors, including the percentage of coarse-
grained soil, percentage of fine-grained soil, length of average maximum drainage path,
percentage of agricultural land use, electricity consumption of wells, and accumulated
depth of land subsidence, are applied. Thematic maps based on these factors are established
using geographic information system spatial analysis. A principal component analysis
(PCA) is then employed to obtain the dominant factors for the land subsidence. This work
is organized as follows. The materials and methods are introduced in Section 2. In Section 3,
the results are analyzed. The discussion is conducted in Section 4, and the significant
findings of this research are summarized in this section as well. Conclusions are presented
in Section 5.

2. Materials and Methods
2.1. Study Area

The study area is Yunlin County in the Choshui alluvial fan, known for its agriculture
and situated at the central-south part of western coast of Taiwan. Yunlin County covers
1290.84 km2 and is divided into 20 villages, as illustrated in Figure 1. The county is part
of the Chianan Plain in which 90% of Yunlin County are plains with an annual average
temperature of 23 ◦C and yearly rainfall of 1028.9 mm. According to Figure 1, high speed
rail, highway (no. 1 and no. 3) and provincial highway (no. 61 and no. 78) pass through
Yunlin County.

Due to the long-term groundwater exploitation for agriculture, industry, and public
water supply, Yunlin County has 75% of Taiwan’s total land subsidence, over an area of
600 km2 in 2015. According to the Water Resources Agency (WRA), Ministry of Economic
Affairs, Yunlin County currently is the most significant subsidence area. Additionally,
Yunlin County has the maximum annual subsidence rate of 5.5 cm, ranking the highest in
Taiwan in 2022 [26].

2.2. Data Preparation and Geospatial Layer

Levelling surveys, borehole logging, multi-layer compaction monitoring wells (MLCW),
multi-layer groundwater monitoring wells, and the electricity consumption of wells in the
study area were adopted [26–28]. Table 1 depicts the source data of the factors used in this
study. The geomorphologic area of Yunlin County and the relevant factors are shown in
Figure 2.
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Figure 1. Administration map of Yunlin County, Taiwan.

Table 1. The source data used in this study [26–28].

No. Factors Source Data

1 Percentage of coarse-grained soil
Borehole data from the CGS and WRA of Taiwan2 Percentage of fine-grained soil

3 Length of average maximum drainage path Borehole data from the CGS and WRA
4 Percentage of agricultural land use Land use data from the NLSC
5 Electricity consumption of wells Electricity consumption data from the WRA
6 Accumulated subsidence depth Land subsidence data from the WRA

Factors, including the percentage of coarse-grained soil, percentage of fine-grained
soil, and length of average maximum drainage path, were generated from the borehole
data of the Central Geological Survey (CGS) and WRA of Taiwan. The survey results of the
current state of land use from the National Land Surveying and Mapping Center (NLSC),
Ministry of the Interior, were used to generate the percentage of agricultural land use. The
electricity consumption of the managed wells and the accumulated subsidence depth from
WRA was utilized. The description of each factor is presented in the following.

2.2.1. Percentage of Coarse-Grained Soil

Based on the unified soil classification system, coarse-grained soils are gravelly and
sandy in nature with less than 50% passing through the No. 200 sieve [29]. As listed in
Table 2, two groups, the coarse-grained soils and the fine-grained soils, were classified from
the WRA [26]. The coarse-grained soils contain three types of soils, namely gravel, coarse
sand, and medium sand. The percentage of coarse-grained soil is the ratio of the thickness
of gravel, coarse sand, and medium sand to the total drilling depth.
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Figure 2. Thematic maps of Yunlin County, Taiwan, and relevant factors: (a) percentage of fine-

grained soil; (b) length of average maximum drainage path; (c) percentage of agricultural land use; 
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Figure 2. Thematic maps of Yunlin County, Taiwan, and relevant factors: (a) percentage of fine-
grained soil; (b) length of average maximum drainage path; (c) percentage of agricultural land use;
(d) distribution of the managed wells; (e) electricity consumption of wells; and (f) accumulated
subsidence depth from 1992 to 2020.
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Table 2. Soil classification from the Water Resources Agency [26].

Soil Properties Soil Type Classification Main Type

Gravel and coarse gravel Gravel 1

Coarse-grained soil (Aquifer)
Grey coarse sand and coarse sand Coarse sand 2

Coarse to medium sand and medium sand Medium sand 3
Grey silty sand, grey fine sand, blue-gray silty

sand, and fine to very fine sand Fine sand 4

Mud, muddy sand, sandy mud,
silty sand, surface soil, silt, backfill sand,

brown-gray sandy silt, and grey sandy silt
Silt 5 Fine-grained soil (Aquitard)

Grey silty clay, grey clay, and clay Clay 6

Using 75 borehole logging data from WRA and the CGS, we established the geological
histogram, as demonstrated in Figure 3. Figure 3a illustrate examples of borehole logging
data from WRA. Based on the soil classification as listed in Table 2, we classified the borehole
logging data into six different soil type, as depicted in Figure 3b. The soil composition
of the geological histogram was then used to classify and calculate the proportion of
coarse-grained and fine-grained soils, as shown in Figure 3c. The coarse-grained soils
were categorized as the aquifer. On the other hand, the fine-grained soils corresponded to
the aquitard.
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To evaluate the percentage of coarse-grained soil [29], we utilized the following equation.

Sc =
Hc

Ht
, (1)

where Sc denotes the percentage of coarse-grained soil, Hc denotes the soil thickness of
coarse-grained soil, and Ht denotes the total drilling depth.
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2.2.2. Percentage of Fine-Grained Soil

According to the unified soil classification system, fine-grained soils are defined with
50% or more passing through the No. 200 sieve [30]. Particles of this size cannot usually be
seen with the naked eye, even with the aid of a magnifying glass. Fine-grained soils contain
three types of soils, including fine sand, silt, and clay, as listed in Table 2. The percentage
of fine-grained soil is the ratio of the thickness of fine sand, silt, and clay to the total
drilling depth.

Using same procedure as demonstrated in Figure 3, we evaluated the percentage of
fine-grained soil using the following equation [31].

S f =
H f

Ht
, (2)

where S f denotes the percentage of fine-grained soil and H f denotes the soil thickness of
fine-grained soil. Figure 2a shows the percentage of fine-grained soil of Yunlin County.
According to Figure 2a, it is clear that the percentage of fine-grained soil in the near shore
land zone of western Yunlin County is higher than that of the eastern Yunlin County.

2.2.3. Length of Average Maximum Drainage Path

When stress increases in a saturated soil layer, the pore water pressure suddenly
increases. The reduction in the volume of the soil mass results in settlement. The settlement
in clayey soil may be several times greater than the elastic settlement. The deformation of
clayey soil can be described with the consideration of the length of the average maximum
drainage path. Considering the top and bottom drainage conditions for the soil layer, the
length of average maximum drainage path is defined as the average drainage path length,
which can be expressed as follows [30].

Hdr =
1
n

n

∑
i=1

(Hi f /2), (3)

where Hdr denotes the length of the average maximum drainage path during compaction
and Hi f denotes the soil thickness of fine-grained soil. Figure 2b shows the length of the
average maximum drainage path of Yunlin County. As demonstrated in Figure 2b, it is
found that the length of average maximum drainage path in the near shore land zone of
western Yunlin County is lower than that of the eastern Yunlin County.

2.2.4. Percentage of Agricultural Land Use

The thematic map of land use inventory of Yunlin County is illustrated in Figure 2c.
The study area is classified into nine land use types, including agricultural land, forestry
land, transportation land, hydrological land, construction land, public facility land, recre-
ational land, mine industry land, and other regulation district [28], as depicted in Figure 2c. As
demonstrated in Figure 2c, the land use in Yunlin County is mainly categorized as agriculture.

This study calculated the proportion of the agricultural land use within 250 m of
each multi-layer compaction monitoring well (MLCW), as shown in Figure 4. The buffer
analysis tool in ArcGIS creates buffer polygons around input features to a specified distance
to adopt the spatial analysis and calculates the proportion of the agricultural land of the
specified area. The percentage of agricultural land use is defined as follows.

L f =
Fa

Ta
, (4)

where L f denotes percentage of agricultural land use, Fa denotes area of agricultural land
use in the division unit, and Ta denotes total area of the unit.
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2.2.5. Electricity Consumption of Wells

The electricity consumption of managed wells within a radius of 250 m for each
MLCW was collected. Considering the agricultural use, the wells located at the depth
of 0 to 60 m from 2015 to 2020 were filtered [26]. The point density tool in ArcGIS was
adopted to calculate the density of features in a neighborhood around the features, to
analyze the spatial electricity consumption of the managed wells of the area. The electricity
consumption of the managed water wells per unit area was calculated as

We =
E
Ta

, (5)

where We denotes the electricity consumption of managed wells per unit area and E denotes
the total electricity consumption of managed wells by division unit. Figure 2d,e illustrate
the distribution of the managed wells and the electricity consumption of the managed wells
of Yunlin County. According to Figure 2e, it is clear that the electricity consumption of
the managed wells at the middle of Yunlin County is higher than that of the eastern and
western Yunlin County.

2.2.6. Accumulated Subsidence Depth

The land subsidence in Yunlin County by levelling surveys ranging from 1992 to
2020 was used. The inverse distance weighting tool in ArcGIS was adopted to interpolate
the land subsidence data to find the spatial and temporal subsidence characteristics in
Yunlin County. According to Figure 2f, the most significant land subsidence area is situated
in the Tuku Township and Yuanchang Township. The maximum accumulated subsidence
depth reached 180 cm in the past thirty years from 1992 to 2020, as shown in Figure 2f.

However, the subsidence characteristics are significantly affected by the change in
environmental impacts of groundwater in the inland and coastal areas. The characteristics
and trends of land subsidence were slowed in the coastal areas, while the subsidence areas
are mainly in inland areas in the past 10 years. The significant subsidence area is mainly
located in the central area of the Choshui delta.



Appl. Sci. 2022, 12, 12464 10 of 15

2.3. Principal Component Analysis

Since the data dimensionality can be evaluated by the independent variables, the
PCA was used to observe a set of principal components that are linearly uncorrelated. The
eigenvector satisfies

Ax = xλ (6)

where x denotes the input data, A denotes a matrix, and λ denotes a scalar. The left-hand
side of Equation (6) transforms the input data x, and the right-hand side of Equation (6)
scales the data by λ. The PCA for the dimensionality reduction can be carried out using the
linear transformation as follows [32–34].

Aw = wλ, (7)

y = w′x, (8)

where w denotes the eigenvector (principal component), λ denotes the eigenvalues, and y
denotes the transformed variable. The above equations [34,35] were rewritten as

Ap×pwp×k = wp×kλk×k, (9)

yk×n = w′k×pxp×n, (10)

where n denotes the number of features. Utilizing Equations (9) and (10), the original data
set were transformed from p to k dimensions, where k ≤ p. The features were reduced from
p to k. Utilizing the principal components as the weights, the original input data x was
transformed into y, as shown in Equation (10) [34–36]. Adopting the covariance matrix C,
we can achieve

Cp×pwp×k = wp×kλk×k, (11)

yk×n = w′k×pxp×n, (12)

where C is the covariance matrix, which is a symmetric square. The C matrix can be
estimated as

Cp×p =
1

n− 1
xp×nx′n×p. (13)

If the dimensionality reduction is not required, Equations (11) and (12) can be rewritten
as [36]:

Cp×pwp×p = wp×pλp×p, (14)

yp×n = w′p×pxp×n. (15)

The objective of the above equations is to deal with the eigenvector equations to
estimate the eigenvectors and eigenvalues for a covariance matrix [36].

3. Results

This study utilized the PCA to investigate the dominant environmental factors affect-
ing land subsidence [37–39]. In this study, five factors were considered as the dominant
environmental factors for land subsidence as listed in Table 3. According to Table 3, the
following factors include factor #1 (percentage of agricultural land use), factor #2 (elec-
tricity consumption of wells), factor #3 (percentage of fine-grained soil), factor #4 (length
of maximum drainage path), and factor #5 (accumulation depth of land subsidence from
2015 to 2020).

Factor #1 was utilized by the survey results of the current state of land use from the
NLSC, Ministry of the Interior. The proportion of the agricultural land use within 250 m of
each MLCW was examined. Factor #2 was collected from the electricity consumption of the
managed wells from the WRA. The electricity consumption of managed wells located at
the depth of 0 to 60 m from 2015 to 2020 within a radius of 250 m centered on each MLCW
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was then calculated. Factors, including factor #3 and factor #4, were generated from the
borehole data from the CGS and WRA of Taiwan. Factor #5 was collected from the WRA.

Table 3. The dominant environmental factors for land subsidence in this study.

No. Factors Data Source

1 Percentage of agricultural land use Land use data from the NLSC
2 Electricity consumption of wells Electricity consumption data from the WRA
3 Percentage of fine-grained soil Borehole data from the CGS and WRA
4 Length of average maximum drainage path Borehole data from the CGS and WRA
5 Accumulation depth of land subsidence from 2015 to 2020 Land subsidence data from the WRA

The PCA was used to analyze the environmental factors for land subsidence [37–39].
This study used the drilling data of 24 stratified subsidence monitoring wells (from the
WRA) in Yunlin County, and the drilling data of 51 hydrogeological drilling wells (from
the CGS) in Yunlin County. A total of 75 drilling wells were analyzed, where the average
depth of the drilling wells was 200.75 m. This study calculated the environmental factors
of each drilling well in the Yunlin County, and conducted a PCA to capture the relationship
between each environmental factor and the land subsidence.

To examine the influence of different environmental factors on land subsidence, the
correlation coefficient was first calculated. The results of the correlation coefficient matrix
were then obtained to evaluate the correlation between the factors. Table 4 depicts the
results of the correlation coefficient matrix. According to Table 4, factor #5 (accumulation
depth of land subsidence from 2015 to 2020) is the cumulative subsidence factor, which
is positively correlated with the factor #1 (percentage of agricultural land use), factor #2
(electricity consumption of wells), and factor #3 (percentage of fine-grained soil). The
results obtained show that the correlation with factor #2 (electricity consumption of wells)
is the highest, which is 0.46, indicating the high electricity consumption of the wells increase
the accumulated land subsidence. Since the main diagonal is the correlation coefficient of
the factor itself, the correlation coefficients were all 1, as listed in Table 4.

Table 4. The covariance matrix.

Factor

1 2 3 4 5

Factor

1 1.00 0.31 0.06 −0.04 0.33
2 0.31 1.00 0.02 −0.08 0.46
3 0.06 0.02 1.00 0.34 0.41
4 −0.04 −0.08 0.34 1.00 −0.06
5 0.33 0.46 0.41 −0.06 1.00

Table 5 shows the values of component loading in the PCA component matrix. Accord-
ing to Table 5, the loading of the factor in different principal components can be obtained
to evaluate the correlation between the factor and the principal component (PC). Table 6
shows the eigenvalue and contribution table of the principal components. Each principal
component has a certain degree of representativeness for the interpretation of the entire data,
which is determined by the contribution rate. As depicted in Table 6, the eigenvalues and
contribution rates of factors demonstrate that the cumulative contribution of the first two
principal components is 64.06%. It was found that the first two principal components can
explain 64% of the data, which is representative to a certain extent. The contribution is 93.31%,
which means that the first four principal components can explain almost all the data.

According to the loading of the first two principal components in Table 6, the distribu-
tion of principal components can then be analyzed. Figure 5 displays the distribution of
the principal component. As shown in Figure 5, all factors utilized are positive on principal
component 1. Among them, factor #1 (percentage of agricultural land use), factor #2 (elec-
tricity consumption of wells), and factor #5 (accumulation depth of land subsidence from
2015 to 2020) have higher loading in the first principal component. It appears that the first
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principal component is mainly based on the proportion of agricultural land use, electricity
consumption of wells, and accumulated subsidence data, while other factors also show a
positive correlation with the accumulated land subsidence. According to Figure 5, factor #3
(percentage of fine-grained soil) and factor #4 (length of average maximum drainage path)
have a higher loading in the second principal component. It was found that the second
principal component is more correlated with the length of average maximum drainage path
in terms of fine aggregate content, which can also be obtained from Figure 5. The results
obtained illustrate that the electricity consumption of the wells and the loading of the
accumulated land subsidence on the first principal component are very similar, indicating
that these two factors are highly correlated. The results of this example demonstrate that the
electricity consumption of wells is highly correlated with the accumulated land subsidence.
In addition, the first principal component can be explained as an acquired factor causing
land subsidence, such as the excessive withdrawal of groundwater. In addition, the second
principal component can be interpreted as the congenital factor causing land subsidence,
that is, the data related to the characteristics of the soil layer. Since the electricity con-
sumption of wells has the highest correlation with the accumulated subsidence, factor #5
(accumulation depth of land subsidence from 2015 to 2020) is closer to the first principal
component in the distribution of the principal components, as shown in Figure 5.

Table 5. The values of component loading in the PCA component matrix.

No. Factor Definition PC 1 PC 2 PC 3 PC 4

Factor #1 Percentage of agricultural land use 0.46 −0.22 0.67 −0.54
Factor #2 Electricity consumption of wells 0.51 −0.30 0.07 0.71
Factor #3 Percentage of fine-grained soil 0.36 0.62 −0.33 −0.26
Factor #4 Length of average maximum drainage path 0.03 0.69 0.54 0.37
Factor #5 Accumulation depth of land subsidence from 2015 to 2020 0.63 0.01 −0.38 −0.06

Table 6. Rates of principal components.

Eigenvalue Rate of Contribution (%) Cumulative Contribution (%)

Principal component 1 1.85 37.00 37.00
Principal component 2 1.35 27.05 64.06
Principal component 3 0.78 15.67 79.73
Principal component 4 0.68 13.58 93.31
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4. Discussion

To investigate the dominant environmental factors affecting land subsidence in Yunlin
County, this study used principal component analysis to analyze five factors, i.e., factor #1,
factor #2, factor #3, factor #4, and factor #5. Based on the PCA results, the first principal
component can be interpreted as the data related to the pumping behavior, and the second
principal component can be interpreted as the soil layer. The cumulative subsidence has
the highest correlation with electricity consumption, and is also distributed on the first
principal component. Furthermore, the results indicate that the largest subsidence rate is
observed within the region that has both a high electricity consumption of wells and a large
percentage of fine-grained soil. The PCA results reveal that the electricity consumption
of wells is highly correlated with the accumulated depth of land subsidence. The first
principal component is the acquired factor causing land subsidence, such as the excessive
withdrawal of groundwater. The second principal component is the congenital factor
causing land subsidence, which corresponds to fine sand, silty, and clayey soils.

The proposed method, based on GIS spatial analysis and PCA, can characterize land
subsidence with the spatial variability of soil formation and groundwater withdrawals
and present results in a spatial environment in the Choshui delta, Taiwan. The main
advantage of the GIS spatial analysis capability is integrated into the PCA. Accordingly,
the proposed approach may represent spatial continuity and the investigation of the
dominant environmental factors for characterizing of land subsidence. However, the
purpose of the PCA adopted in this study may only limited to evaluate the inter-correlations
among variables

5. Conclusions

This study presented the characterization of land subsidence with the spatial variabil-
ity of soil formation and groundwater withdrawals in the Choshui delta, Taiwan. Various
factors, including the percentage of coarse-grained soil, percentage of fine-grained soil,
length of maximum drainage path, percentage of agricultural land use, electricity consump-
tion of wells, and accumulated depth of land subsidence, were adopted. The thematic maps
based on these factors were established utilizing the GIS spatial analysis. The fundamental
concepts and construct of the proposed method were addressed in detail. The findings are
as follows:

1. To examine the influence of different environmental factors on land subsidence, the
correlation coefficient was calculated. The results obtained show that factor #5 (accu-
mulation depth of land subsidence from 2015 to 2020) is the cumulative subsidence
factor, which is positively correlated with factor #1 (percentage of agricultural land
use), factor #2 (electricity consumption of wells), and factor #3 (percentage of fine-
grained soil). Furthermore, it was found that the correlation with factor #2 (electricity
consumption of wells) is the highest, which is 0.46, indicating the high electricity
consumption of the wells increases the accumulated land subsidence.

2. The eigenvalues and contribution rates of factors demonstrate that the cumulative
contribution of the first two principal components is 64.06%. It is found that the first
two principal components can explain 64% of the data, which is representative to a
certain extent. The contribution is 93.31%, which means that the first four principal
components can explain almost all the data.

3. From the PCA results, the largest subsidence rate was observed within the region that
has both a high electricity consumption of wells and a large percentage of fine-grained
soil. It appears that the electricity consumption of wells is highly correlated with the
accumulated depth of land subsidence. The first principal component is the acquired
factor causing land subsidence, such as the excessive withdrawal of groundwater.
The second principal component is the congenital factor causing land subsidence,
which corresponds to fine sand, silty, and clayey soils. The findings observed in this
study may provide authorities with more information for planning future mitigation
measures in significant land subsidence areas.
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