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Abstract. Sea surface temperature anomaly (SSTA) fields over the tropical Pacific exhibit complex spatiotemporal15
variability that traditional regional average indices may fail to capture. In this study, we take the evolution of daily SSTA

fields as a dynamical system (DS) and compute the DS instantaneous dimension (DSID) to characterize local dynamical

properties. Our results reveal a significant shift in the mean value (SMV) of DSID around the year 2007 over the western

tropical Pacific (notably the Niño 4 and Niño 3.4 regions), a phenomenon that is absent in the eastern Pacific.To explain this

region-dependent SMV of DSID in SSTA fields, we examine the sensitivity of DSID to the changes of the system states20
using idealized system models, such low-dimensional (Lorenz-63) and high-dimensional (Lorenz-96) systems. Results

demonstrate that the estimation of DSID is sensitive to variations in both high-frequency variability and system states,for

both low-dimensional and high-dimensional systems. These findings from idealized systems provide a theoretical basis for

interpreting the observed SMV in SSTA fields. Further analysis reveals that the SMV in DSID can be largely attributed to

changes in high-frequency variability across different time spans. Collectively, these results advance our understanding of25
the physical interpretation of DSID and offer valuable insights for the study of complex real-world systems.
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1 Introduction

As one of the most studied sub-units in the climate system, sea surface temperature (SST) of tropical Pacific plays a30
critical role in impacting climate variations and variability. SST varies across a wide range of temporal and spatial scales
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(Deser and Blackmon, 1993; Kushnir, 1994; Wu and Liu, 2005; Fan and Schneider, 2012; Strobach et al, 2020; Girishkumar

et al, 2021), which is confirmed by the observed spectra for tropical SST with the dominated structures from intraseasonal to

interdecadal time scales (Kug et al, 2009) related to the El Niño-Southern Oscillation (ENSO). The usual way quantifying El

Niño event is to use some simple indices defined by averaging SST anomalies (SSTA) or from the empirical orthogonal35
decomposition coefficient of SSTA over some specific regions (Ashok et al, 2007; Kug et al, 2009; Kao and Yu, 2009;

Jeong and Ahn, 2017), such as Niño 3 index from Niño 3 region (5°N-5°S, 150°W-90°W), Niño 4 index from Niño 4 region

(5°N-5°S, 160°E-150°W), Niño 3.4 index from Niño 3.4 region (5°N-5°S, 170°W-120°W). However, such definition based

on the regional average or regional decomposition of SSTA may miss some important features of SSTA field (Trenberth and

Stepaniak, 2001), such as the gradients of regional averaged SST anomalies quantified by Trans-Niño index (TNI, defined as40
difference of the regional averaged SSTA between Niño 1+2 region (0°-10°S, 90°-80°W) and Niño 4 region). Moreover,

SSTA variability is not limited only to the ENSO events. Marine heat waves (MHW), which are episodes of anomalous

warm SSTA with timescales from days to months (Lima and Wethey, 2012; Frolicher and Laufkotter, 2108; Oliver et al,

2018; Holbrook et al, 2019), and coastal upwelling for episodes of anomalous cold SSTA lasting weekly (Kämpf et al, 2004;

Hu et al, 2021; Huang et al, 2022b), are two severe ocean extreme events. Actually, the evolution of all these SST anomalies45
from a wide range of scales over a given region can be taken as a dynamical system. For example, Vallis developed a

conceptual model of El Niño by modelling El Niño as a low-dimensional chaotic system (Vallis, 1986 and 1988), which can

be further transformed into the classical Lorenz-63 model (Garay and Indig, 2015; Borghezan and Rech, 2017). And results

from both simple low-order chaotic process and complicated climate models suggest that ENSO features are consistent with

the low-order chaotic behavior (Tziperman et al, 1994; Jin et al, 1994).50
Several methods have been proposed to characterize the dynamical properties of systems. Ding and Li (2007) proposed

the nonlinear local LE (NLLE) method to study predictability of the dynamical system. This method accounts for nonlinear

error growth of a finite size, and has been widely used in studies of atmospheric predictability ( Li and Ding, 2011; Feng et

al., 2014, 2018; Ding et al., 2015; Hou et al., 2018, 2022; Li et al., 2020a; He et al., 2021). Li et al. (2019) proposed the

backward NLLE (BNLLE) method, based on the NLLE method, which is applicable to studies of the predictability of55
extreme events (Li and Ding, 2023). Li et al. (2017) introduced the attractor radius (AR) and global AR (GAR) to depict the

geometric characteristics and average behavior of chaotic systems. These two statistics can quantify the predictability limits

of chaotic systems from the geometric characteristics and average behavior of error growth, and have been applied to the

predictability of extreme weather or climate events (Li et al., 2023). However, these methods focus primarily on the

predictability of dynamical systems and do not explore the dynamical properties of the system from other perspectives.60
Recently, Lucarini, Faranda, and their collaborators developed a method based on dynamical systems and extreme

value theory to characterize the instantaneous dynamical properties of a given system, which is referred to as the dynamical

systems (DS) method (Lucarini et al., 2012; Faranda et al., 2017a and 2017b).This method reconstructs the attractor of the

dynamical system using the system trajectory X(t), and computes two dynamical parameters—the instantaneous dimension

d( ζ ) and the instantaneous persistence parameter θ ( ζ ) — to characterize the instantaneous dynamics of a given climate65
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system. The instantaneous dimension d(ζ) measures the degree of divergence of the attractor trajectories in the neighborhood

of time t = ζ in phase space, and is related to the local number of degrees of freedom of the dynamical system. The

instantaneous persistence parameter θ(ζ), defined as the inverse of the persistence, quantifies the strength of persistence of

the attractor in the vicinity of time t = ζ. This method provides an alternative perspective for understanding the behavior of

dynamical systems. Faranda and his collaborators (Faranda et al, 2017a) have interpreted the physical meaning of the DS70
instantaneous dimension (DSID) and inverse of persistence in some idealized systems, such as Lorenz system (Lorenz, 1963).

They found that the instantaneous dimension of the low-dimensional systems can provide a direct way to compute the

dimensions of the attractor without embedding (Faranda et al, 2017a), and the calculated minima and maxima of the

instantaneous dimension are able to track the extremes of the Lorenz attractor.

DS method has been employed to a wide range of fields, such as studies on the mid-latitude weather extremes (Messori75
et al, 2017), atmospheric circulation (Sun et al, 2022), atmospheric predictability (Faranda et al, 2019, Dong at al.,2025),

compound climate extremes (Luca et al, 2020a and 2020b; Faranda et al, 2020) and climate effects of ENSO (Franda et al.,

2025). And by taking the evolution of SSTA field over a specific region as a DS, its corresponding instantaneous dimension

and inverse of persistence can provide more information than those from the averaged SSTA (Huang et al, 2022a; Shi et al,

2022; Guo et al, 2022; Huang et al, 2022b; Huang and Fu, 2019 ).It is obvious that there is a marked shift in the mean value80
(SMV) of DSID, which is defined as distinguishable mean value difference of DSID between two intervals over a given

region, (Details for its calculation can be found in the subsection of 2.3 Dynamical Systems parameters) over only some

regions, but not discernible over others (Fig. 1). What are the reasons for this marked SMV of DSID over some preferred

regions (such as Niño 3.4 or Niño 4 in Fig. 1c and 1d) and predominant difference among different regions? Is it related to

the sensitivity of DSID to any factors?85
To answer these problems, we may find some clues by analyzing the sensitivity of DSID to some specific factors from

the idealized Lorenz system, since the physical meaning of DSID and inverse of persistence have been interpreted with this

idealized system. It should be pointed out that all results related to this idealized system are free from the noise. However,

the measurement noise is inevitable for observations from the real-world systems. Although there are some theoretical and

numerical studies on effects of observational noise or stochastic perturbations on extreme value law or dimension of systems90
(Faranda et al, 2013; Faranda and Vaieti, 2014, Faranda et al, 2016), the robustness of computed DSID to the noise and more

other factors has not been well explored, especially about the real-world systems.
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Figure 1: The evolution of calculated instantaneous dimension d of daily sea surface temperature anomalies over four typical Niño regions.

(a) Niño1+2, (b) Niño 3, (c) Niño 3.4, (d) Niño 4. The blue curve in (c) represents Niño3.4 index. Shading denotes the typical El95
Niño events (red) and La Niña events (blue). The gray shaded area represents the periods after 2007. Red dashed lines are eye guides

for the variation of the DSID mean value. (e) The geographical locations of the four Niño regions: Niño1+2 region (0°-10°S, 90°-

80°W), Niño3 region (5°N-5°S, 150°W-90°W), Niño3.4 region (5°N-5°S, 170°W-120°W) and Niño4 region (5°N-5°S, 160°E-

150°W) .

100
The rest of this paper is organized as follows. Section 2 describes the SST data and related methods used in this study.

Section 3 presents the detailed results on the idealized Lorenz systems, especially the sensitivity of DSID to two kinds of

factors, measured noise and changes of system states. Section 4 shows the evolution of the calculated DSID over different

tropical Pacific regions where SMV of DSID is revealed and possible explanations are provided. Companied with the SMV

of DSID and its causes, some possible impacts on related studies are discussed. At last, a summary is given in Section 5.105

2 Data and Methods

2.1 Data

The daily SST data from 1982 to 2019 is retrieved from National Oceanic and Atmospheric Administration (NOAA),

and it is 1/4° daily Optimum Interpolation SST version 2 (dOISST.v2) high-resolution blended analysis of SST based on110
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infrared satellite observations (Reynolds et al, 2007; Banzon et al, 2016). To reduce the potential influences from the

periodic and long-term warming trend, the long-term climatological average for each calendar day over all of years and the

linear trend fitted by least square over the whole span are removed to derive the anomalies for computing DS parameters,

both the instantaneous dimension and the inverse of persistence.

2.2 Lorenz system115

To explore the sensitivity of DSID to different factors, the idealized model, Lorenz system (Lorenz-63) (Lorenz, 1963)

is adopted, following the work of Faranda and his collaborators (Faranda et al, 2017a). The classical Lorenz-63 system is

defined as follows
��
��

= �(� − �)
��
��

= �� − � − ��
��
��

= �� − ��

(1)

with the system parameters � = 10, � = 8
3
, � = 28 for typical chaotic regime. By the 4th-order Runge-Kutta method, Eq. (1)120

can be numerically solved with a time step of 0.025 to generate its trajectory �(t) = {�(t), �(t), �(t)} in phase space.

To confirm the sensitivity of DSID to noise is not limited only to the low-dimensional system, similar test is also carried

on a higher-dimensional system by using a 40-dimensional Lorenz 96 (Lorenz-96) model (Lorenz, 2006). Each degree of

freedom �� in the model evolves according to the following local interactions
���
��

= ��+1 − ��−2 ��−1 − �� + � (2)125

with periodic boundary conditions. We set � = 8 and numerical integration is performed with a time step ∆� = 0.05.

2.3 Dynamical Systems parameters

DS method takes the evolution of a given spatial-temporal field to be a dynamical system, and an observed phase-

space trajectory X(t) can approximate the temporal evolutions of the states of this dynamical system. For example, X(t) can

be the trajectory �(t) = {�(t), �(t), �(t)} in phase space for Lorenz-63 system, a reference point ζ for a specific time �0 on this130

trajectory would be a given point (�(�0), �(�0), �(�0)). Taking SSTA as an example, X(t) is a vector sequence of daily SSTA

latitude-longitude maps, a reference point ζ on this trajectory would be a SSTA latitude-longitude map for a specific day

(Huang et al, 2022b; Shi et al, 2022).

In order to describe an instantaneous state around a reference point ζ and measure the dynamical properties of the

given system near this point ζ , a distance function is defined by g(X(t), ζ) = -log[dist(X(t), ζ)] , in which “dist” denotes a135
Euclidean distance between ζ and each point on the trajectory X(t) . By this way, g(X(t), ζ) can sort out the points on the

trajectory X(t) most close to ζ . For a given threshold s, such as the top 2% percentile (the quantile threshold p = 0.98) of

g(X(t), ζ) , all points of the exceedances u(t, ζ) = g(X(t), ζ)-s (without taking u(t, ζ) < 0 into account) form a group of all
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analogues of ζ on the trajectory. And the cumulative probability distribution (CDF) of u(t, ζ) follows the Generalized Pareto

Distribution (GPD) function (Lucarini et al, 2012; Faranda et al, 2017a) as:140

P (u, ζ) ≃ exp [-θ(ζ) u(ζ)
σ(ζ)

] (3)

with two DS parameters � ζ = 1/�(ζ) and θ(ζ). � ζ is a parameter related to the instantaneous dimension and θ(ζ) related

to the inverse of the mean residence time at ζ (dynamical persistence parameter) (Faranda et al, 2017a; Faranda et al, 2017b;

Messori et al, 2017). Since each point ζ on �(t) can derive a certain value for � ζ or �(ζ), the computed results for all the

time points will obtain the time series of instantaneous dimension and instantaneous persistence parameters, which are145

denoted by � t and �(t). In this study, since �(t) is not so sensitive to noise as � t (Figure not shown here) and detailed

results about �(t) have been reported (Shi et al, 2022), we focus on the sensitivity of � t and its application. It should be

pointed out that the estimation of DSID is calculated over the whole span. Datseris et al.(2023) discused the caveats of this

methodology: (1) The choice of quantile threshold p should satisfy the condition that N(1 - p) ≥ 100-1000 (N is the data

length), to ensure that the number of exceedances is sufficient for a reliable fit. And the p should satisfy the NRMSE test. (2)150
There does not exist a method (visual or statistical) in the literature that can confidently falsify this approach, nor that it can

quantify its significance meaningfully. Further research is needed in this regard. To assess the robustness of our results, we

added a sensitivity analysis on the choice of quantile thresholds (5% and 1%, i.e., p = 0.95 and p = 0.99); see the Supporting

Information for details. We conclude that the selection of the quantile threshold does not affect the findings of this study.

2.4 Significance test on SMV of DSID155

From the results shown in Fig. 1, it is obvious that there may exist a mark shift, mean value or standard deviation, for

the estimation of DSID. In order to test whether this shift is significant or not, we employ the block bootstrap method for

statistical testing considering strong autocorrelation in the DSID time series. The bootstrap method (a resampling technique)

was proposed by Efron in 1979 (Efron, 1992). Its principle is to conduct repeated sampling with replacement from the

original data, thereby increasing the sample size and facilitating the estimation of parameters and confidence intervals.The160
classical bootstrap method assumes that the data are independent and identically distributed.(i.i.d.) (Efron, 1992). However,

for data with autocorrelation, directly resampling individual points would disrupt their inherent structure, resulting in biased

estimations. The block bootstrap method can solve this problem.The procedure is as follows: the data are divided into blocks,

the blocks are resampled with replacement, and the resampled blocks are then concatenated to form a new sequence. The

dependency characteristics of the original sequence can be completely preserved within each block in this way. Depending165
on the different block partitioning methods, it can be classified into the moving block bootstrap (MBB) (Künsch, 1989), the

non-overlapping block bootstrap (NBB) (Hall, 1985; Carlstein, 1986), and the stationary bootstrap (SB) (Politis and Romano,

1994).

We employ the most commonly used moving block bootstrap (MBB) method for statistical testing and determine the

block length l using the Hall–Horowitz–Jing method (Hall at al., 1995). The specific steps are as follows. We generated 1000170
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pseudo-sequences using the MBB method to estimate the DSID. Then we have tested the significance of all results by

repeatedly calculating the mean values or standard deviation of the estimated DSID over two periods separated by a break

found in Fig. 1 or other figures. From 1000 calculated DSID differences, we can obtain the confidence intervals at a given

significance level. By this way, all resulted SMV of DSID found in this study are significant at the 0.001 level.

3 Instantaneous dimension and its sensitivity in Lorenz systems175

3.1 Instantaneous dimension and the effect of noise

Figure 2a shows the temporal evolution of the instantaneous dimension from the Lorenz-63 system with the classical

chaotic parameter setting. The average value of DSID is close to the asymptotic mean of d (2.06), which is the theoretical

value of dimension of the Lorenz attractor reported in the literature (see Faranda et al, 2017a; Faranda et al, 2017b; Messori

et al, 2017 and references therein). It is also obvious that the values of the DSID fluctuate largely around this asymptotic180
mean with a range from 1.59 to 3.65 due to different states. The asymptotic mean of DSID only quantifies the global mean

dimension of the attractor, not the local details of the attractor, let alone the transitions among different states. The details of

DSID evolution also show that the local extreme values of the DSID, high or low, always appear in clusters and they track

the extremes of Lorenz attractor (Faranda et al, 2017a). These results indicate that the DSID can indeed capture the detailed

evolution features of Lorenz attractor, including the transitions among different states, such as extremes and non-extremes.185

Figure 2 : (a) Time series of calculated instantaneous dimension d from Lorenz-63 system (with a time step ∆t=0.025, data length

N=5000). The red line denotes the asymptotic mean of d (2.06). (b) The variation of mean (dots) and standard deviation (bars) of d

with the noise intensity α from noise-corrupted Lorenz-63 system. The red line for the asymptotic mean of d (3.08).190
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The above results are from noise-free Lorenz-63 system, however, the measurement noise is inevitable for

observations from the real-world systems. It is necessary to check the effect of noise on the estimation of DSID. For this

purpose, the noise-corrupted observations from Lorenz systems can be taken as

������(t)=�(t)+α�(t) (4)195

where �(t) = {�(t), �(t), �(t)} is normalized output from noise-free Lorenz-63 system Eq. (1) or �(t) = {��, � = 1, …, �}

normalized output from noise-free Lorenz-96 system Eq. (2) with � its system dimension, �(t) = {��(t), ��(t), ��(t)} is

Gaussian noise with zero mean and unit variance, α for the noise intensity. And ������(t) is measured data with observational

noise.

As expected, the mean values of DSID from the noise-corrupted Lorenz-63 system Eq. (4) increase with the200
enhancing noise intensity (Fig. 2b) when the noise intensity is not so strong. When the noise intensity reaches a critical value,

such as 0.25, the mean values of DSID saturates to a dimension around 3.0, which is consistent with the previously reported

studies (Faranda et al, 2013; Faranda and Vaienti, 2014; Faranda et al, 2016), where noise dominates the system and it makes

the Lorenz-63 attractor difficult to detect.

Similar behaviors (Figure not shown here) can also be revealed in noise-free Lorenz-96 system Eq.(2) and noise-205
corrupted Lorenz-96 system Eq.(4). These results indicate that the estimation of DSID is sensitive to noise or high-frequency

variability for both low-dimensional and high-dimensional systems.

3.2 Shift of instantaneous dimension and possible ways

Since the estimation of DSID is sensitive to noise or high-frequency variability for both low-dimensional and high-

dimensional systems, this feature may be universal for all dynamical systems, partly as reported in the previous studies210
(Faranda et al, 2013; Faranda and Vaienti, 2014; Faranda et al, 2016). Then we can test whether we can reproduce the

marked SMV of DSID found from SSTA field in Lorenz systems. The results in Fig. 2 suggest that there may exist the SMV

of the estimated DSID when the system is dominated by different dynamics over different spans, such as from noise-free

chaotic attractor to noise-corrupted chaotic attractor. Here we consider two possible routines in which the SMV of estimated

DSID may take place.215
The first one is the effect of noise, where the system follows

�'(t)=
�(t),0≤t≤N/2

�(t)+α�(t),N/2≤t≤N (5)

where �(t) and �(t) are defined same as in Eq.(4), N for data length.

The estimated DSID from system Eq.(5) indeed can reproduce the regime-shift of DSID at the breaking point of N/2.

For Lorenz-63 system, the mean values of DSID are 2.14 (noise-free) and 2.50 (noise-corrupted) before and after the220
breaking point of N/2 (N=8000 in this study) with different variances 0.36 and 0.83, respectively (Fig. 3a). From the

temporal evolution of DSID, it is also obvious that there exist marked differences before and after the breaking point of N/2.

The added noise destroys the ordinal patterns and enlarge the system dimension with more high-frequency variability.
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Similar behaviors can also be reproduced in the Lorenz-96 system (Fig. 3c). These results indicate that observational noise or

high-frequency variability indeed can induce the shift of DSID in both low-dimensional and high-dimensional systems.225
The second case is a transition of states under a special system state, such as r=71.535, Lorenz-63 system is under the

intermittent chaotic state (Manneville and Pomeau, 1979 and 1980), under which the evolution of system can change from

chaotic state to periodic state even the system parameters unchanged. Similarly, the temporal evolution of the DSID is

indeed able to capture this transition exactly, see Fig. 3b.

230

Figure 3: Shift of instantaneous dimension d from Lorenz systems. (a) Noise effect for Lorenz-63 system under chaotic state r=28: the

first half is noise-free and the second half (after 4000) with α=0.1 random noise. (b) State changes for Lorenz-63 system under

intermittent chaotic state r=71.535 : the chaotic state transition to periodic state at t=3450. (c) Noise effect for Lorenz-96 system

under chaotic state: the first half is noise-free and the second half (after 7500) with α=0.3 random noise. Both mean and standard235
deviation shifts of DSID are significant at the level of 0.001 from moving block bootstrap (MBB) test.

4 SMV of instantaneous dimension in SSTA over tropical Pacific and its causes and impacts

4.1 SMV of instantaneous dimension in SSTA over tropical Pacific

The distinguishable SMV of the DSID found in the SSTA field is with more complicated underlying dynamics (Fig.

1). First of all, when the typical ENSO events occur, the values of the DSID drop sharply. This result is consistent with the240
previous findings about the DSID that it can track the extremes of the underlying systems (Jin et al, 1994; Messori et al,
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2017; Huang et al, 2022b, Shi et al, 2022), since both the El Niño and La Niña events are all extreme states of SSTA

(Trenberth and Stepaniak, 2001; Ashok et al, 2007; Kug et al, 2009; Kao and Yu, 2009; Jeong and Ahn, 2017; Huang et al,

2022b). These sharp drops indicate that the spatial pattern of SST is relatively uniform at extreme states and can be described

with fewer degrees of freedom in phase space. In contrast, when the SST is in neutral state, the DSID is higher, reflecting a245
more complex and irregular spatial pattern of SST. This phenomenon is consistent with observations. These sharp drops

correspond to the situation of Lorenz systems dominated with low-frequency variability or quasi-periodic component.

Apart from these sharp drops over all studied regions, there is also a marked SMV of the DSID revealed around the

year of 2007 from the temporal evolution of the calculated DSID over some specific regions, for example, Niño 3.4 region

(Fig. 1c) and Niño 4 region (Fig. 1d). The details of statistics for the mean value and variance of the DSID before and after250
2007 are summarized in Table 1, in which transitions of both mean value and variance are more predominant over both Niño

3.4 and Niño 4 regions.

Table 1 Statistics for the mean value and variance of the DSID before and after 2007, bold for significant at the level of 0.001

from moving block bootstrap (MBB) test.255

d� σ2

Before

2007

After

2007

d�Diff Before

2007

After

2007

σ2Diff

Niño 1+2 8.80 8.01 -0.79 5.39 3.79 -1.60

Niño 3 9.82 8.17 -1.65 4.43 2.49 -1.94

Niño 3.4 11.55 8.14 -3.41 8.11 2.66 -5.45

Niño 4 14.72 9.28 -5.44 12.33 3.98 -8.35

4.2 Possible causes of SMV of instantaneous dimension in SSTA over tropical Pacific

Different from the sharp drops of the DSID closely related with the typical ENSO events, the reasons for the SMV

found around the year of 2007 are not easily determined. Inspired by the results from low-dimensional and high-dimensional

Lorenz systems in section 3, we may conjecture that the major cause of this shift found around the year of 2007 is from the260
effect of the noise or high-frequency variability. To validate this conjecture, the contribution of the noise or high-frequency

variability has to be filtered out from the raw SSTA. The simplest way is to make difference by defining the increment of the

SSTA over each grid as follows

����'� � = ����� � + 1 − ����� � (6)

where the subscript � denotes the specific grid.265
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Obviously, the high-frequency variability of SSTA indeed contributes differently over different Niño regions. The

high-frequency variability is nearly indistinguishable by eye between before and after the year of 2007 over Niño 1+2 region.

However, there are prominent differences in the high-frequency variability between these two periods over the Niño 3.4 and

Niño 4 regions (Fig. 4a). The different contributions from the high-frequency variability of SSTA between two periods can

be also revealed clearly in the scatter plot of their variance (Fig. 4c, black points), where the variance from Niño 1+2 region270
is the closest to the one-to-one diagonal line, but the largest deviation from Niño 4 region (Fig. 4c).

Figure 4: (a) The normalized increment series of daily SSTA averaged over four different Niño regions. The blue part denotes time series

before 2007 and the pink part for after 2007. (b) The evolution of calculated instantaneous dimension d from the original (black) and

7-day low-pass filtered (blue) daily SSTA over Niño 3.4 region. (c) The scatter plot of variance of increment series before v.s. after275
2007 from the original (black) and 7-day low-pass filtered (red) daily SSTA averaged over four different Niño regions with Niño

1+2 square, Niño 3 circle, Niño 3.4 up-triangle and Niño 4 down-triangle. Shifts for both DSID and increment of SSTA are

significant at the level of 0.001 from moving block bootstrap (MBB) test for original data, filtered Niño 3.4 and Niño 4 data, but not

significant for filtered Niño 1+2 and Niño 3 data.

280
To further confirm that the SMV of the DSID results from the high-frequency variability, we filter the SSTA for each

grid over a specific region with 7-day low-pass Butterworth filter to remove the high-frequency variability lower than 7 days.

Taking the results from Niño 3.4 region as an example, the marked SMV almost disappear after this filtering (see Fig. 4b),

with the DSID difference before and after the year of 2007 changing from 3.41 to 0.76. This result indicates that the high-

frequency variability difference before and after the year of 2007 is the major cause to induce the SMV of the DSID between285
two periods. Moreover, after 7-day low-pass filtering, the variances from different regions all lie along the one to one
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diagonal line (Fig. 4c). These results further validate that the high-frequency variability difference between two periods

contributes mainly to the SMV of DSID in SSTA.

Figure 5: Results for x component of Lorenz-63 system with noise: the first half is noise-free and the second half (after 2500) with α=0.25290
random noise. (a) The increment series: noise-free (blue) and with α =0.25 random noise (pink). (b) The evolution of calculated

instantaneous dimension d for the original (black) and 30-step low-pass filtered (orange). (c) The scatter plot of variance of increment

series before and after 2500 for the original (black) and 30-step low-pass filtered. Shifts for both DSID and increment are significant

at the level of 0.001 from moving block bootstrap (MBB) test for original data and filtered data.

295
The dominated contribution of high-frequency variability on the SMV of DSID in SSTA can be also validated in the

idealized models. For Lorenz systems, when the measurement noise strong enough, there will be a SMV of DSID (Fig. 3a

and 3c). For example, when the noise strength is α=0.25 (Fig. 5a) for Lorenz-63 system, a SMV of DSID takes place with

the mean value of DSID before and after the breaking point of 2500 changing from 2.30 to 3.47 (Fig. 5b). This marked

transition almost disappears after the 30-step low-pass filtering (Fig. 5b) with the variances changing from large departing to300
on the one-to-one diagonal line (Fig. 5c). Similar behaviors can also be revealed in the high-dimensional Lorenz-96 system,

and filtering works even better for the high-dimensional Lorenz-96 system than for the low-dimensional Lorenz-63 system

(Fig. 6). And when the similar filtering is employed to case of the Lorenz-63 system under intermittent chaotic state shown

in Fig. 3b, the SMV of DSID cannot be weaken considerably (Figure not shown here). All these results confirm the vital role

of high-frequency variability in inducing the marked SMV of DSID in SSTA over some of the tropical Pacific regions.305
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Figure 6: Results for x component of Lorenz-96 system with noise: the first half is noise-free and the second half (after 7500) with α=0.30

random noise. (a) The increment series: noise-free (blue) and with α =0.30 random noise (pink). (b) The evolution of calculated

instantaneous dimension d for the original (black) and 10-step low-pass filtered (orange). (c) The scatter plot of variance of increment310
series before and after 7500 for the original (black) and 10-step low-pass filtered. Shifts for both DSID and increment are significant

at the level of 0.001 from moving block bootstrap (MBB) test for original data, but not significant for filtered data.

4.3 Potential impacts of SSTA high-frequency variability difference over tropical Pacific

The high-frequency variability difference found in the tropical Pacific SSTA may have important implications for

wide fields in climate research. The high-frequency variability is a fundamental aspect of weather and climate (Karl et al,315
1995; Thompson et al, 2009). Many leading topics in weather and climate fields are closely related to and heavily rely on

these high-frequency variability (Madden and Julian, 1971; Karl et al, 1995; Kämpf et al, 2004; Thompson et al, 2009; Lima

and Wethey, 2012; Frolicher and Laufkotter, 2108; Oliver et al, 2018; Holbrook et al, 2019; Li et al, 2020; Ma et al, 2020;

Strobach et al, 2020; Girishkumar et al, 2021; Hu et al, 2021; Huang et al, 2021; Huang et al, 2022a). For example, the trend

estimation of high-frequency variability may be biased when there exists the variance shift of high-frequency variability over320
two periods (Karl et al, 1995). Three-to-six-day air-sea oscillation (Strobach et al, 2020) may be weaken when the high-

frequency variability of SSTA is different over two periods. Atmospheric cold pools (Girishkumar et al, 2021) and tropical

cyclone's cold wakes (Ma et al, 2020) induced intense rapid variations in SSTA may be masked by the variance shift of high-

frequency variability over two periods. Moreover, the short-lasting intense MHW and its trend estimation (Lima and Wethey,

2012; Frolicher and Laufkotter, 2108; Oliver et al, 2018; Holbrook et al, 2019) may also be biased by the existence of shift325
in the high-frequency variability.
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4 Discussions and Conclusions

It is found that there exists a marked SMV in the DSID from SSTA field over some tropical Pacific regions, especially

the regions close to Maritime Continent and the Western Pacific warm pool, where the warm SST is mostly favorable to the330
anomalous convection to link the weather and climate over the tropics and extra-tropics (Huang et al 2021). This SMV in the

DSID may be mainly caused by the high-frequency variability difference over different spans. The filtering test and the

identical results obtained in the ideal Lorenz system, as well as the phenomenon of region dependence in the SMV, can all

jointly support this viewpoint. If SMV originates from large-scale climate transitions, such as the state transition of the

Pacific Decadal Oscillation (PDO), its impact should be spatially consistent. However, we found that SMV is more335
significant in the tropical central-western Pacific region. This regional dependence characteristic is incompatible with the

attribution of large-scale climate transitions. The physical or non-physical mechanism that causes this SMV in the high-

frequency variability of SSTA and its region-dependence is still unclear now. The drop in high-frequency variance in global-

mean land temperature data in 1940s has been attributed to the incomplete spatial coverage of the station network and the

decline in sampling variability during the late 1940s (Thompson et al, 2009). Similarly, this can also be taken as a possible340
reason for the shift in the high-frequency variability of SSTA over some tropical Pacific regions since it has been found that

sparse satellite data might introduce artificial noise in OISST analyses (Reynolds et al, 2007; Banzon et al, 2016; Hu et al,

2021). Most importantly, it was documented that the input data sets to the daily OISST version 2 were changed from

reprocessed or higher-quality data sets to operational data sets around the year of 2007 (Banzon et al, 2016), and the time

changing the input data sets is consistent with the breaking point found in this study. However, the SMV strength of DSID is345
considerably different over different regions and there is a marked region-dependence in SMV strength of DSID (Fig. 1),

which cannot be solely explained by the measurement operational changes and there must be more physical mechanisms

unrevealed. More in-depth work along this line is still required in this field.

The shifts in the high-frequency variability of SSTA over some tropical Pacific regions are well characterized by the

dynamical systems method with its instantaneous dimension. And it should be pointed out that even we calculate the DSID350
separately before and after the break point of shifts, the marked region-dependence in SMV strength of DSID found in Fig.1

is unchanged. Falasca and Bracco(2022) applied the same methodology over the entire tropical Pacific domain (20°S–20°N,

120°E–70°W) and failed to detect a significant mean decrease of DSID. This may be attributable to the choice of a larger

research region and the multivariate approach, which together mask the structural change in the high‑frequency variability of

SSTA over the tropical central–western Pacific. It indicate that, when applying DSID to diagnose climate data, a refined355
regional analysis is more effective than a global aggregation in capturing regionally distinct variations in dynamical

properties. The DSID can track the instantaneous variations of the SSTA field, and it can capture not only the shift related to

the high-frequency variability of SSTA but also the transition to SSTA extreme states related to the changing of system

states or controlling parameters. Since the changes of both the high-frequency variability and system controlling parameters

are common things in the real-world systems, findings in this study can be easily extended to these systems and fields. At the360
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same time, duo to the sensitivity of the DSID to the noise and high-frequency variability, the shift found in DSID over

different intervals can be employed to detect the consistence and homogenous of used data sets over different periods.
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