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Abstract

We analyze forty-seven best-quality, ten-year-long daily Global Positioning System (GPS) position time series of Taiwan,
to understand the origin of the GPS’s common-mode error (CME) whose seasonality in the standard deviation evidences a
meteorological origin. We employ the efficient Empirical Orthogonal Function analysis to extract the CME as the leading
island-wide mode for all three components (whereas the second mode relates to the El Nifio-Southern Oscillation). We find that
the CME correlates well with the acquired variations in the atmospheric mass loading (AML) displacement field for Taiwan
courtesy of NASA Goddard Space Flight Center for the vertical component with high coherence around 11-14 cycles per year.
Further regression analysis shows that up to 90% of the non-seasonal AML displacements in Taiwan are evident in the CME

variations.
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Key Points:

Taiwan’s dense GPS network data show strong spatially coherent vertical displacement
and seasonality.

Common-mode errors (CME) solved using empirical orthogonal functions correlates well
with the atmospheric mass loading.

Up to 90% of CME can be quantitatively attributed to the non-seasonal atmospheric mass
loading displacements.
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Abstract

We analyze forty-seven best-quality, ten-year-long daily Global Positioning System (GPS)
position time series of Taiwan, to understand the origin of the GPS’s common-mode error
(CME) whose seasonality in the standard deviation evidences a meteorological origin. We
employ the efficient Empirical Orthogonal Function analysis to extract the CME as the leading
island-wide mode for all three components (whereas the second mode relates to the EI Nifio-
Southern Oscillation). We find that the CME correlates well with the acquired variations in the
atmospheric mass loading (AML) displacement field for Taiwan courtesy of NASA Goddard
Space Flight Center for the vertical component with high coherence around 11-14 cycles per
year. Further regression analysis shows that up to 90% of the non-seasonal AML displacements
in Taiwan are evident in the CME variations.

Plain Language Summary

The extracted common-mode error - long period, high amplitude, in-phase daily fluctuations,
from the continuous GPS data, is compared with the atmospheric mass loading displacements in
Taiwan. The time and frequency domain correlation study shows a significant correlation
between the two in between 26-33 days/cycle with lag around or less than one day. Up to 90% of
the common-mode error variations can be explained by the quantitative variations in atmospheric
mass loading.

1 Introduction

Continuous Global Positioning System (GPS) observations provide an efficient
measurement of the time-dependent displacement field for the understanding of processes of the
Earth’s crust such as fault motion detection (Heki et al., 2006; Malet et al., 2002; Massonnet et
al., 1996; Wdowinski et al., 2004), postglacial rebound (Johansson et al., 2002), postseismic
deformation (Dragert et al., 2001; Hudnut et al., 2002; Miller et al., 2002), and seasonal and
transient changes (Bock et al., 2004; Dong, Fang, Bock, Cheng, & Miyazaki, 2002a; Hatanaka et
al., 2014; Larson et al., 2003; Melbourne & Webb, 2002; vanDam et al., 1994). In practice any
systematic errors in the GPS end-products, if not treated properly, may contaminate or bias the
geophysical interpretations and applications. In regional networks especially in the tropical and
subtropical regions, a dominant systematic error exhibits strong spatial coherence, with
amplitudes as high as a few centimeters on the timescales of a few days to several months. It is
commonly known as the common-mode errors (CME), or common-mode signals depending on
the context. It is thought to be the aggregative outcome of errors in the preprocessing techniques,
alignment to reference frame, modeling of satellites (orbits, clocks, antenna phase center),
modeling of tropospheric and ionospheric media, and geophysical phenomena such as thermal
expansion, large-scale atmospheric and hydrological effects (Dong et al., 2006; Gruszczynski et
al., 2019; King et al., 2010; Wdowinski et al., 1997; Zhu, Zhou, Deng, et al., 2017).

Several filtering techniques have been developed to extract the CME from the GPS data
based on the assumption of CME being spatially and temporally correlated (Blewitt & Lavallee,
2002; Gruszczynski et al., 2019; Miyazaki et al., 2003; Smith et al., 2004; Teferle et al., 2006;
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Wdowinski et al., 1997; Williams et al., 2004). CME is traditionally extracted by applying the
regional spatial processing (Ching et al., 2007; Wdowinski et al., 1997; Zhang et al., 2016; Zhu,
Zhou, & Liu, 2017), for example, by estimating the mean of the stack of position residuals. This
method has limitations when extended over extensive networks (maximum inter-station distance
of 600 km) where the assumption of spatial uniformity breaks down (Gruszczynski et al., 2019;
Marquez-Azla & DeMets, 2003; Wdowinski et al., 1997; Williams et al., 2004). The CME can
also be reduced via a similarity transformation algorithm (Blewitt et al., 2013). Alternatively,
Dong et al. (2006) proposed the spatio-temporal filtering of GPS data using the combination of
Principal Component Analysis (PCA) and the Karhunen-Loeve expansion. Empirical Orthogonal
Function (EOF) decomposition, a form of PCA, provides a more robust numerical framework for
the segregation of the signal and the CME from the regional GPS records than the stacking
approach (Dong et al., 2006; Gruszczynski, 2016; Serpelloni et al., 2013), by allowing for the
non-uniform spatial response of the network stations to a CME source and also accounting for
the timespans and the inter-station distances hence less sensitive to the abnormal single station
data (Méarquez-Azla & DeMets, 2003; Tian & Shen, 2016).

Detection of small scale crustal deformations in the GPS time series as a result of the
atmospheric mass loading effects has been acknowledged in multiple studies (e.g. Dong, Fang,
Bock, Cheng, & Miyazaki, 2002b; Tregoning & van Dam, 2005; vanDam & Herring, 1994).
Some studies (Dong et al., 2006; Yuan et al., 2008) found these crustal deformations to
contribute to the spatially correlated “errors” in the GPS data. Recent studies (Gruszczynska et
al., 2019; Gruszczynski et al., 2019; Zhu, Zhou, & Liu, 2017) have further explored the relation
of CME with the environmental sources. Zhu et al. (2017) examined the effects of environmental
loading and thermal expansion on the estimated CME from large network of the Crustal
Movement Observation Network of China. They found that the environmental loading
corrections on the CME reduces the inter-station correlation coefficients of the vertical
component up to 20% and that the thermal expansion corrections have negligible effect.
Gruszczynska et al., (2019) compared the joint environmental mass loading from atmospheric,
hydrological and non-tidal ocean loading with the CME computed using International GNSS
Service (IGS) stations in worldwide and Europe, respectively. However, Zhu et al. (2017) used
the regional stacking approach for the CME extraction which has limitation for the large region.
Although the spatio-temporal extraction of CME used by Gruszczynska et al., (2019) performed
better than the regional stacking methods, it has limitations in the reliable extraction of CME for
large regions. Despite some limitations, recent studies did provide insights in the relation of
CME with the environmental mass loading.

In the present study, we test the relation of CME with the atmospheric mass loading
(AML) 3-D displacement of the crust using data from Taiwan’s dense, continuous GPS stations
across the island that provides proper opportunity to conduct such a study. The size of Taiwan
island (394 km long and 144 km wide) assures a quality CME extraction, as the spatial
coherence is likely to be high within 600 km distance range (Marquez-Azla & DeMets, 2003;
Williams et al., 2004), and the least variation in the large wavelength source such as AML,
providing an optimal opportunity to test the relation of AML and CME. We shall implement the
Empirical Orthogonal Function (EOF) analysis to extract the CME signal. We shall examine
CME’s cross-correlation and coherence with the atmospheric mass loading (AML) 3-D
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displacement of the crust, and conclude positively a dominant role of the AML in causing the
CME, at least in Taiwan. The waveform analysis schemes such as cross-correlation and
coherence provides more reliable estimates than just the variance reduction analysis employed by
previous studies. We shall also compute the quantitative response of CME due to AML linear
least-squares regression which is further assessed for the confidence of the model.

2 Data Preparation

2.1 Continuous GPS Data

We obtain the continuous GPS daily data from the GPS Lab of the Academia Sinica
(Chen et al., 2013) that comprises Taiwan’s local networks of the Central Weather Bureau,
Academia Sinica, and Central Geological Survey. The GPS data are routinely compiled,
processed by the means of Bernese software and solved relative to the tectonically stable station
(SO1R) of Penghu off the west coast (Chang & Chao, 2014; Chen et al., 2013; Yu et al., 1997).
The International GPS Service final orbits and the standard antenna calibration were employed to
reduce the effects of the orbit errors and the phase center biases. The GPS Lab processing
mitigates the first-order ionospheric bias by forming the double-differenced ionosphere-free
linear combination of carrier phase observations (Bos & Spakman, 2003; Chen et al., 2013; Yu et
al., 1997).

In our study, we select data out of two hundred eighty-three available GPS stations in
Taiwan observed for over 10 years and one hundred nine stations observed less than 10 years.
Many of these stations have significant intermittent time gaps and hence unsuitable for this
study. The application of EOF analysis requires complete dataset with no missing values. Several
techniques have been developed to deal with data gaps. Shen et al. (2014) proposed the use of a
modified PCA to interpolate the data gaps by minimizing the weighted quadratic norm of the
Principal Component (PCs) unknowns. Li et al. (2015) filled the gap epoch with the available
values from other stations, assuming spatially averaged initial residuals. These schemes fail
when gaps occur with common epochs of observation in a network. Gruszczynski et al. (2019)
introduced the probabilistic PCA method that is robust for dealing with data gaps and provide
more reliable results. We select the 47 best time series stations (Figure 1a) based on the
consistency, quality and data length from Jan 1, 2006, to Dec 31, 2015 (10-year span). We
consider the records above the chosen threshold of 2o of the mean variations as outliers and
linearly-interpolate over the data gaps and average them to obtain the daily samplings. We
ensure that the selected stations have continuous recordings with intermittent gaps of less than 5
days with cumulative gaps no more than 5%. We deselect the stations that are not characterized
by any common observational epochs in the time series (see Figure S1 for the data availability at
the selected stations). The average number of epochs of 47 selected stations is 3834 for 10 years
compared to 4538 epochs used by Zhu et al. (2017) for 13.8 years. Selected stations (colored
circles in Figure 1a) sample the whole of Taiwan reasonably well. The maximum distance
between the two stations is 380 km, which is well within the 1000 km distance to obtain the good
spatial correlations of the GPS residuals (Marquez-Azua & DeMets, 2003). The timespan is
essential in the estimation of reliable correlation between two time series. Santamaria-Gomez
and Mémin (2015) found that at least 4 years of continuous data is important for the reliable
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152 estimation of secular velocities. Chao and Chung (2019) demonstrated that sufficiently large
153  degrees of freedom is crucial for finding the reliable correlation in both time and frequency

154  domains. The 10-year long daily time series used in this study provide sufficient temporal

155  resolution to reliably investigate the relationship of the extracted CME to the possible source of
156  CME (Blewitt & Lavallee, 2002; Klos et al., 2015).

157
Figure 1(a) Topographical map of Taiwan displaying 392 available stations (shown by gray-filled circles)

and 47 selected stations (colored circles) from the dense GPS array of Taiwan. The color of the selected
stations shows the vertical component cross-correlation values of the given station with the arbitrarily
chosen reference station SHJU (shown by the magenta star). The AML displacement data is retrieved at the
station TAIW (shown by the white square). (b) (TOP) The time-variable standard deviation of the daily
fluctuations of the GPS residuals for the three components for all the selected GPS stations exhibiting
apparent seasonality. (BOTTOM) The calculated AML displacements (see text later) for the three

components at TAIW. vertical: red, north: green, east: blue.

158 We apply the standard procedure to deterministically model each GPS time series f(t),
159  in three components (north, east, and vertical) independently, as a linear combination of the
160  form:

7
2mt 2mt
f(®t)=a+ bt + Z c, H(t —ty) + Z [Akcos(P—) + Bksin(P—) + residual
k k
k k=1

161  where a + bt accounts for the linear trends due to the "secular” tectonic motion, and the

162  Heaviside function H(t — t,) account for all the vertical offsets on the known occurrence day ¢,
163 mostly for coseismic deformation due to Taiwan’s frequent earthquakes but also including

164  instrument and antenna changes, or modification in analysis strategy. The seven pairs of periodic
165  signals (k = 1 to 7) with amplitude A, and B, comprise two seasonal signals (annual,

166 semiannual) plus four tidal signals (with periods 13.6608 days, Mf; 14.7653 days, Msf; 27.5546
167  days, Mm; 18.6 years) and a draconitic signal (with period 351.6 days). Although draconitic

168  periods are difficult to resolve by the spectral analysis with timespan less than 25.6 years (Klos
169  etal., 2019), previous studies suggest that draconitic signal contribute significantly to the overall
170  data variance and should be mitigated prior to the CME extraction (Amiri-Simkooei, 2013;

171 Blewitt & Lavallee, 2002). We then conduct a linear least-squares regression by minimizing the
172 variance of the residual, and obtain the estimates for the unknown coefficients a, b, c, A, By, for
173 each 10-year GPS time series. We subtract the estimated terms to reveal the residual on the right
174 side of Equation (1), hereinafter called GPS residuals, constituting the set of target time series to
175  be analyzed below. The GPS residuals is thus the sum of the spatially correlated CME and

176  random noises.

177
178
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2.2 CME and the seasonality of the GPS residuals

Figure 1a presents the Pearson correlation coefficients (p) of all vertical component GPS
residuals series with the arbitrarily selected reference station SHJU having similar elevation as
most of the other stations, to assess the consistent and simultaneous spatial fluctuations across
the network. The color of the circles represents the ps of all stations with SHJU. Given the 10-
year long, broad-band daily fluctuations with high statistical degrees of freedom, the expected
correlation of two random time series is 0 + 0.04 as obtained in our Monte Carlo simulation test
(cf. Chao and Chung, 2019). So, we observe significant correlations among the GPS residuals for
the stations in Taiwan. As the maximum inter-station distance in the network is only 380 km, no
appreciable differences are seen in the correlation for farther stations than the nearer ones.

The apparent strong spatial coherence on timescales of weeks among GPS residuals of all
stations reflects the presence of CME in the region (Chang & Chao, 2014; Dong, Fang, Bock,
Cheng, & Miyazaki, 2002a; Mao et al., 1999; Marquez-Azua & DeMets, 2003; Tiampo et al.,
2004; Wdowinski et al., 2004; Williams et al., 2004). We segregate the GPS network stations
into west and east to differentiate any possible direct effect of the meteorological difference on
the two opposite coasts of Taiwan (Figure S2). We do not find any quantifiable difference in the
fluctuations among them.

The time-variable standard deviation of the envelope of the daily fluctuations of all the
GPS residuals series (Figure 1b) exhibits a significant seasonality in all three components
(Chang & Chao, 2014; Dong et al., 2006). The fluctuation during summertime is nearly two-fold
of the wintertime’s. This implies CME’s meteorology-related origin. The horizontal components
are less variant than the vertical by a factor of 2-3, indicating that the CME is strongly sensitive
to vertical phenomena.

The Kaiser-Meyer-Olkin (KMO) Test statistically measures the suitability of selected
GPS residuals to efficiently extract the CME using multivariate analysis such as EOF by
estimating the proportion of variance among all the observed variables (Cerny & Kaiser, 1977;
Gruszczynski et al., 2019; Hill, 2011; Santos et al., 2014). The resulting KMO index ranges from
0 and 1 where values close to 1 represents significant variance among the observed variables. For
the observation matrix of our 47 selected GPS residual time series, the KMO index is 0.95, 0.99,
0.99 for the vertical, north and east components, respectively. These high index values suggest
the presence of good quality of spatial correlation in the data in addition to the direct
measurement of correlation coefficients among the stations and enables us to proceed with the
extraction of CME.

2.3 Atmospheric mass loading (AML) data

We obtain the calculated AML displacement (in units of mm) for all three components
from the webpage of the International Mass Loading Service® (Dobslaw et al., 2017; Petrov,

! http://massloading.net
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2015; Petrov & Boy, 2004; Rienecker et al., 2008) , which maintains the AML displacement
time series induced for 1272 space geodesy sites worldwide from 1976.01.01 to the present in
EPHEDISP format. They are derived from the surface pressure fields from the National Centers
for Environmental Prediction (NCEP) Reanalysis numerical weather model at 2.5° x 2.5° grid
with 6-hour time resolution (Kalnay et al., 1996). The root-mean square difference between this
model and the observed mass loading is typically around 5% (Petrov & Boy, 2004; Velicogna et
al., 2001).

We simply download the pre-computed 3-D AML displacement time series at the station
TAIW (121.5365°, 24.8742°, 44.0 m) out of the two available locations in Taiwan. We average
the 6-hourly samples to obtain the daily values to match the GPS daily sampling. We, again,
conduct the least-squares fitting of the AML displacement time series to remove the linear trend
and the seasonal signals as in Equation (1) to retrieve the non-linear, non-seasonal AML
displacement, or the AML residuals.

3 Results

Our task is to first extract the CME part of the signal from the GPS residuals and then
compare quantitatively the CME with the AML residuals to reveal their inter-relationship.

3.1 EOF of GPS residuals to extract CME

The EOF, a form of PCA, decomposes the space-time observations into a set of
orthogonal spatial patterns along with a corresponding set of orthogonal time series (Fukuoka,
1951; Hannachi et al., 2007; Lorenz, 1956; Menke, 2018). We construct the space-time data
matrix D(t;, x;) of the GPS residuals where i = 1, 2,...,3652 stands for the daily time tag for 10
years,and j = 1,2,...,47 for the selected stations. EOF retrieves the coherent spatio-temporal
signals mathematically by solving for a series of eigenmodes of the covariance matrix, D™D,
expressed in standing oscillations in the form of the product of spatial pattern and time series,
Si(x) - T, (t) for a given target region and selected timespan, with mode index k = 1,2, ...
(Chang & Chao, 2014; Chao & Liau, 2019). The spatial pattern S, (x) is the kth eigenvector
solution and the time series T}, (t) is the projection of the data matrix onto the spatial pattern
obtained by the inner product D - S; (x). We arrange the eigenmodes in decreasing order of (the
positive) eigenvalues, such that the first eigenmode represents the biggest contributor to the
variance (measured by the ratio of the eigenvalue for the given mode index to the sum of all
eigenvalues) of the GPS residuals. Here we expect that the first mode is for the CME, while the
higher modes reflect secondary effects or local and short-period signals or noises not of interest
here. This is consistent with previous studies (Dong et al., 2006; Gruszczynski et al., 2019; Y.
Shen et al., 2014). The calculated eigenvalue spectrum of the EOF along with their standard
errors (calculated using Monte Carlo simulations) shows that the first mode is nondegenerate and
separated from the rest.
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Figure 2 shows the first two modes solved for the 47 selected GPS residual records for
10 years, each given in terms of spatial (S, linearly interpolated at 0.01 degrees) and
corresponding time series (T, daily). We normalize the spatial pattern S, (x) for the first mode
by dividing with the RMS value (given that it is near-uniform in space), whereas for the second
mode by dividing with the standard deviation (given its fluctuation around 0). The corresponding
time series, or principal components, are scaled by multiplying by the same normalization value,
transferring the magnitude information of eigenvectors into the principal components, which
hence has the same unit as the data (mm in our study). The first EOF mode captures 56% of the
vertical, 75% of the north, and 63% of the east component variances, whereas the second mode
captures only 7%, 4%, and 9% variance, respectively. The relatively high variance in the north
component than the east and vertical is because of the higher spatial correlation of the north
(Amiri-Simkooei, 2013; Williams et al., 2004).

Figure 2 The first two EOF modes of the GPS residuals. The columns correspond to the three components - U,
N and E. The upper panel shows the spatial and temporal pattern of the Mode 1; the lower panel those of
Mode 2. The spatial pattern of the first mode is normalized by its RMS value, whereas the second mode by its

standard deviation.

3.2 Comparison of CME with the AML residuals

Figure 3a compares the extracted CME signal in the form of the EOF mode 1 with the
AML residuals time series alongside each other. They oscillate in-phase for the U, N and E
components. The scatter of CME solutions is 2-3 folds greater than the AML residuals for the U
component (Petrov & Boy, 2004).

The calculated cross-correlation function of CME with respect to time-shifted copies of
AML residuals (Figure 3b) shows the striking correlation around the zero time lag. The p for the
U components of CME and AML residuals is 0.43 while that of N and E components are 0.19
and 0.21, respectively. For reference, the probability of an uncorrelated system producing
datasets that have a p of 0.43 is extremely minimal (nominal p-value of the order 10~162)
(Granger & Newbold, 2014). Furthermore, we conduct the cross-correlation of the three CME
components among themselves (Figure S3). The ps between the vertical and horizontal
components are significantly low, while that of the two horizontal components is significantly
high (significance evaluated by Monte Carlo tests).

Additionally, we calculate the Lin's concordance correlation coefficient (p.) that is based
on covariation and correspondence between two sets of scores in contrast to the linear
covariation for the p (Gruszczynski et al., 2019; Lin, 1989; Tian & Shen, 2016). Unlike p that
measures how far the data points are from the line, the p. evaluates the joint deviation of the data
points from a 45-degree line through the origin representing perfect agreement. We use this
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metric to quantify the agreement (degree of concordance) between the CME and AML time
series. We find the p,. values of 0.33, 0.19, 0.18 for the vertical, north and east components,
respectively. The value of 0.33 for the vertical component suggests that the variations in CME
are in ~33% agreement with AML. It should be emphasized that the p,. value is always less than
the p value because p,. is not exact linear correlation between two continuous variables and only
estimate the degree to which the pairs fall on the 45-degree line intersecting the origin (intercept
of 0).

Figure 3 Comparison of AML residuals variations with the CME. (a) Plot of the vertical, north and east
components of AML residuals (red) and CME (blue) signals. (b) Cross-correlation of CME with the AML
residuals displacement for all three components. CME time series is correlated with AML residuals. (c)
Magnitude-squared coherence (TOP) and phase spectrum (MIDDLE) between the vertical component CME
and AML residuals time series, normalized Lomb-Scargle periodogram w.r.t the standard deviation
(BOTTOM)

Besides, the frequency dependence between two time series at different time scales can
be quantified by calculating the complex cross-coherence spectra (Bath, 2012; Stoica & Moses,
2005). Figure 3c shows the coherence spectra of the U component time series of CME and AML
residual in terms of the coherence magnitude spectrum and coherence phase computed using the
multitaper technique (Chao & Chung, 2019; Chao & Eanes, 1995; Thomson, 1982). Notice the
high coherence concentrated in the spectral band of 11 - 14 cycles per year (cpy; 26 - 33 days per
cycle) with corresponding phase spectrum at near zero. The fraction of the integrated power
between 11 - 14 cycles for U component CME and AML residuals is 10% and 13% of the total
power, respectively. The significance of the strong coherence for frequency higher than 20 cpy is
uncertain because the underlying power spectrum at these periods for both vertical component
CME and AML residuals is fairly small (<1% of total power). The power and coherence
spectrum for north and east components are presented in Supporting Information (see Figure S5).

Unlike Fourier analysis, wavelet analysis provides more localized temporal (or spatial)
and frequency information (Chao et al., 2014). We calculate the continuous wavelet spectrum of
the CME and AML residuals time series to compare the two signals; they look very similar to
each other, particularly at longer periods. These are present in Supporting Information (Figure
S4).

As the correlation function only takes into account the normalized measure of the
waveform pattern, we need an estimate of the relative amplitude between the AML and GPS
residuals. We establish the linear regression relation such that the GPS resd are a product
A x AML resd where the unknown proportional constant A is hereinafter called admittance
factor (Petrov & Boy, 2004).
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GPSresd = A+« AML resd + noise 2

The variation in the estimated admittance factor at each station across the GPS network in
Taiwan is close to 1 (see Figure S6 in Supporting Information). The direct admittance factor of
AML residuals and extracted CME from the GPS residuals is 0.93 indicating the strong
relationship of CME and AML residuals. We find the p-value (95% confidence interval) of the
AML residuals to be nominally as small as 8.35 x 107168, confirming the existence of definite
relationship between the AML residuals and CME. To evaluate the overall fit of the model, we
calculated the R-squared value, which is the proportion of variance in the observed data that can
be explained by the model. The R-squared value for the linear regression model between AML
residuals and the CME is 0.19. The summary of the regression analysis is shown in Figure S7 in
the Supporting Information.

4 Discussion and Conclusions

Before we conduct our CME-AML correlation-coherence studies, there are already
several considerations that would corroborate the notion of AML cause for CME: (i) the evident
seasonality in the strength of GPS residual standard deviation (Figure 1b); (ii) the dominance of
the effect in vertical over horizontals; (iii) the CME spatial pattern matching the topography
(Figure 2); (iv) the “breathing” behavior of CME (Figure 2) as the AML is of large spatial scale
in general. We find a significant time-domain correlation of 0.43 between the CME and AML
residuals for the vertical fluctuations (Figure 2b). Coherence amplitude (Figure 2c [TOP]) and
phase (Figure 2c [MIDDLE]) results along with the periodogram (Figure 2c [BOTTOM)])
indicate that the CME is predominantly influenced by AML on the monthly timescale or the
frequency band of 11-14 cpy with latency less than a day. The estimated admittance factor of
0.9x between CME and AML using the least-squares regression tells us that up to 90% of the
vertical component CME amplitudes can be accounted for by the AML residuals.

We apply EOF analysis to efficiently extract CME from the GPS residuals by breaking it
into series of orthogonal modes. The near-uniform amplitude of the first mode’s spatial pattern
illustrates the in-phase “breathing” motion, signifying the CME that follows the corresponding
PC temporal variation. The slight deviation from uniformity of the spatial amplitude at the
topographically elevated and lower regions reveals that the CME shows nearly same spatial
amplitude variation for the similarly elevated regions of the study area. If we compensate the
CME's spatial pattern for the differences in topography, then relative variations in the spatial
amplitude will be significantly diminished (not shown). The coherent variation in CME’s spatial
amplitude and apparent topography can likely be a result of AML on the CME since the AML
varies strongly with elevation (Tregoning & van Dam, 2005; van Dam et al., 2010). The near
uniform spatial variations of CME is also consistent with the notion of a large wavelength AML
source found by Dong et al. (2006).

In comparison, the second mode's spatial amplitude undulates notably and contributes
only up to 7 % of the total variance for the vertical component. The temporal variations for the
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mode 2’s three components' temporal variations over the 10 years display some systematic
structure (Figure 2 lower panel), indicating the essential relationship with some geophysical
phenomena. We find, perhaps not surprisingly, the high correlation for all three components of
the second mode of EOF with the global dynamic climatic changes associated with tropical
stratospheric circulation - EI Nifio—Southern Oscillation (ENSO) and Pacific Decadal Oscillation
(PDO) (see Figure S8 in Supporting Information for the correlation results). ENSO is the
strongest interannual perturbation to the climate system and is associated with a strong re-
distribution of heat, especially in the Pacific Ocean. The "recharge-discharge oscillator”, where
the equatorial ocean accumulates heat prior to El Nifio and depletes it during and after El Nifio
(Cane & Zebiak, 1985; Wyrtki, 1975), set up the time scale of ENSO (Jin & Jin, 1997). PDO is
the reddened response to both atmospheric noise and ENSO and hence results in more decadal
variability than either (Mantua & Hare, 2002; Newman et al., 2003). The strong correlation of
PDO and ENSO with the EOF second mode may be related to their strong dependence on all
timescales (Newman et al., 2003). The correlation of EOF 2 is shifted nominally in time by 16
months for the vertical and north component, while 4 months for the east component from the
ENSO, which may be the manifestation of the recharge-discharge oscillation. Further studies are
required to establish the causal relationship between the ENSO/PDO and GPS fluctuations.

We find that the vertical CME variations explain 56% of the variance in the GPS
residuals that are strongly correlated to the AML variations in Taiwan. The north and east
component CME explain significantly higher variance in the GPS residuals, however, the
correlation with the corresponding components of AML is considerably low. Since Taiwan is an
island, the CME variations (mainly in the horizontal components) may additionally be related to
the crustal response of hydrological load and non-tidal oceanic load variations (Bettinelli et al.,
2008). It is crucial to study and assess their contribution in relation to CME oscillations. There
could be other minor physical and nonphysical factors that can possibly have influence on the
CME such as tropospheric water vapor, bedrock thermal expansion, phase center variation
models, thermal noise of the antenna, environmental effects near the antenna (more common in
humid tropics), local multi-path, mismodeled satellite orbits, reference frame limitations, etc. and
is not regarded in this study (Dixon & Wolf, 1990; Dong, Fang, Bock, Cheng, & Miyazaki,
2002a; Mao et al., 1999; Miyazaki et al., 2003; Prawirodirdjo et al., 2006; Wdowinski et al.,
1997).

The correlation coefficient value of 0.43 is significantly high for the broad-band vertical
data of length 10 years (Chao & Chung, 2019). It strongly suggests that the AML influences the
CME in the vertical GPS data of Taiwan. The uncorrelated vertical and horizontal components of
CME signify no effect of the CME horizontal fluctuations on the AML fluctuations that is
correlated with vertical CME fluctuations. Using the EOF analysis, we estimate ~54% of the
vertical GPS residuals' fluctuations are CME, and the fraction is much larger for the horizontal
components. In the absence of any significant tectonic processes and strong local effects in a
region, up to ~50% of vertical CME can be attributed to the AML residuals judging from the
estimate of the fraction of variance present in the first mode EOF and the admittance factor. This
estimate agrees with the ~60% of atmospheric mass loading contributions evident from the GPS
vertical position measurements (for 19 global stations) estimated by van Dam et al., (1994). Our
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results also agrees with the recent study of Gruszczynska et al. (2019) for the overall reduction of
68% for 229 global stations when compared to the environmental mass loading models.

Our results are constrained by the quality of the data obtained from the NCEP Reanalysis.
The typical misfit of 5% between the observed and modeled AML can potentially affect the
results (Petrov & Boy, 2004). The 2.5° spatial resolution limit of the obtained data, even after
applying the land-sea mask of 0.25° resolution, may also not have sufficiently modeled the
atmospheric loading field at the station TAIW (nearly 1.5° from the coast). This error is 2-3
times larger for the horizontal components than the vertical, that being so we have focused on the
results for the vertical component only. Also, several previous studies (Gruszczynska et al.,
2019; Zhu, Zhou, & Liu, 2017) suggest the significantly larger effect of vertical components on
CME than the horizontals. Since our initial dataset features some missing values that was filled
using the interpolation schemes, we expect some implicit error (maximum of 10%) in our
computed CME (Gruszczynski et al., 2019).

Understanding the relation of CME with the atmospheric mass loading is critical for
extending various spatial filtering methods to extensive networks. It can potentially enhance the
precision of the models that are required in the routine analysis of geodetic observations. The
knowledge of GPS noise content is essential in the estimation and assignment of realistic
uncertainties to the parameters estimated from them. Comprehension of the origin and source of
CME is valuable in classifying noise components, which affects the resulting rate uncertainties
and hence the derivation of crustal motion models. Our study also suggests an alternative of
constricting the effect of CME by removing the effects of atmospheric mass loading from the
continuous GPS data.
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