Response to Anonymous Referee #1
Comments from Referee #1

In this paper, the authors mainly developed a partial wavelet coherency method, for
identifying the relationship between variables. It is an important issue but also a difficult
problem for geo-data analysis, and the method developed would be helpful for the data
analysis in geosciences. The following comments are suggested to be considered for further
improving the paper:

Comment #1:

(1) In lines 108-110: the “sufficient number” should be clarified, as it has a big influence on
the uncertainty estimation, that is, what number is sufficient? Furthermore, the reason of
using first-order autocorrelation coefficient for MC simulation should be explained and
discussed.

Response #1:
Many thanks for your review and positive general comment.

To address the “sufficient number” issue, different combinations of r1 (first-order
autocorrelation coefficient) values (i.e., 0.0, 0.5, and 0.9) were used to generate 10 to 10 000
AR(1) series with three, four and five variables. Our results indicate that the noise
combination has little impact on the PWC values at the 95% confidence level as also found
by Grinsted et al. (2004) for the BWC case (data not shown). The relative difference of PWC
at the 95% confidence level compared to that calculated from 10 000 AR(1) series decreases
with increase in number of AR(1) series. When the number of AR(1) is above 300, very low
maximum relative difference (e.g., <2%) is observed (Fig. RC1 which will be put in the
Supplement as Fig. S1 of Sect. S3). Therefore, a replication of 300 seems to be efficient for
significance test. If calculation time is not a barrier, however, greater replication number such
as =1000 is recommended. This will be added into the revision.
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Figure RC1. Relationship between maximum relative difference (%) of PWC compared to that
calculated from 10 000 AR(1) series (surrogate dataset) versus the number of AR(1) series
during the significance test using the Monte Carlo test. Number of scales per octave is 12.




The first-order autocorrelation coefficients (rl) in brackets refer to those for the response
variable (first), predictor variable (second), and excluding variables (third and onwards).

“The first-order autoregressive model (AR(1)) is chosen because it can be used to simulate
most geoscience data very well (Grinsted et al., 2004; Si and Farrell, 2004; Wendroth et al.,
1992)”

Comment #2:

(2) Lines 121-122, some theoretical lines can be provided to show the difference between Eq.
(9) and Eq. (14).

Response #2:
The difference between Eq. (9) and Eq. (14) will be explained by derivation of PWC in the
case of one excluding variable from Eq. (1).
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Namely, when only one variable (e.g., Z1) is excluded, Eq.(9) can be written as
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Eqg. (RC3) will be added to revision as Eq. (14), and the derivation process for this equation
will be added to the supplementary.

In the case of one excluding variable (Z = {Z,}), Mihanovi¢ et al. (2009) suggested that the
PWC can be calculated by an equation analogous to the traditional partial correlation squared
(Kenney and Keeping, 1939). Their equation is the same to Eq. (14 or RC3). Unfortunately,
Ng and Chan (2012a) might have misinterpreted the equation of Mihanovi¢ et al. (2009) and
developed Matlab code for calculating PWC using the equation expressed as
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where R,, (s, 7), Ry, z1(s,T), and R, 7, (s, T) are the square root of Rf,,x (s, 1), Rf,,Zl(s, T),

R 71 (s, 7), respectively. R ;1 (s, 7) and R 7, (s, ) can be calculated from Eg. (10) by
replacing y and x with their corresponding variables. Eg. (15) has been widely used to
calculate PWC in case of one excluding variable (Aloui et al., 2018; Altarturi et al., 2018; Jia
etal., 2018; Li et al., 2018; Mutascu and Sokic, 2020; Ng and Chan, 2012b; Rathinasamy et
al., 2017; Wu et al., 2020).

Note that complex coherence and real coherence are involved in the numerators of Egs. (14)
and (15), respectively, while the denominators are exactly the same. Further comparison
indicates that Eq. (RC4) underestimates PWC value relative to Eq. (14) unless y, . (s, T)



and vy 21 (S, T) ¥xz1(s, T) in Eq. (14) are collinear (i.e., their arguments are identical) under
which the two equations produce the same PWC values. Differences between Egs. (14) and
(15) will be discussed further using both artificial data and real dataset. For the comparison
purpose, we refer to Egs. (14) and (15) as new method and classical method, respectively.

Therefore, the differences in PWC values calculated from the two methods are context-
specific. As the Referee #2 mentioned, although the difference between the Mihanovic et al.
(2009) model (Eq.15) and the proposed model (Eq.14) are small, i.e., the difference of PWC
values is only 0.03 for the artificial data, but Eq.14 produces PWC closer to 1.

In addition, the comparison of these two methods using real data indicated that the difference
between the two methods can be large. As an example, Figure RC2 and Figure RC3a shows
big differences of PWC values between these two methods at scales of around 12 months (1
year). Mean PWC values by the new method were consistently higher than the classical
method, and the differences ranged from 0.4 to 0.6 around the scale of 1 year (Figure
RC3Db).This highlights that the new method produces more accurate results than the classical
method.

In the revision, we will incorporate these discussions either in the main body of the paper or
in the supplementary.

(d E~RH - T

Figure RC2. Partial wavelet coherency (PWC) between evaporation (E) and relative humidity
(RH) after excluding the effect of mean temperature (T) calculated by the new method.
(subplot of Figure 3d in the revision)
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Figure RC3. Partial wavelet coherency (PWC) between evaporation (E) and relative humidity
(RH) after excluding the effect of mean temperature (T) using the classical method (a) and
differences in PWC between the new method and classical method as a function of scale (b).

Comment #3:

(3) Regarding the structure, is it more suitable to reorganize the Section 3 and 4, that is, the
artificial data and their results are analyzed and discussed in Section 3, while those of real
data are analyzed and discussed in Section 4?

Response #3:

Thanks for the good suggestion on paper structure. In the revision, we will follow the order of
data description, data analysis, results and discussion for each of artificial dataset and real
data. To reduce the length of this paper, we will take the suggestion from Referee #2 to
remove the real data related to soil water content by adding more about the introduction of
the wavelet methods and in-depth discussion of the advantages and weaknesses of the new
method.

Thanks again for your constructive comment.

References:

Aloui, C., Hkiri, B., Hammoudeh, S., Shahbaz, M., 2018. A multiple and partial wavelet analysis of the
oil price, inflation, exchange rate, and economic growth nexus in Saudi Arabia. Emerging
Markets Finance and Trade 54(4), 935-956.

Altarturi, B.H.M., Alshammari, A.A., Saiti, B., Erol, T., 2018. A three-way analysis of the relationship
between the USD value and the prices of oil and gold: A wavelet analysis. Aims Energy 6(3),
487-504.

Grinsted, A., Moore, J.C., Jevrejeva, S., 2004. Application of the cross wavelet transform and wavelet
coherence to geophysical time series. Nonlinear Processes in Geophysics 11(5/6), 561-566.

Jia, X., Zha, T., Gong, J., Zhang, Y., Wu, B., Qin, S., Peltola, H., 2018. Multi-scale dynamics and
environmental controls on net ecosystem CO; exchange over a temperate semiarid shrubland.
Agricultural and Forest Meteorology 259, 250-259.

Kenney, J.F., Keeping, E.S., 1939. Mayhematics of Statistics. D. van Nostrand.

Li, H., Dai, S., Ouyang, Z., Xie, X., Guo, H., Gu, C,, Xiao, X., Ge, Z., Peng, C., Zhao, B., 2018. Multi-scale
temporal variation of methane flux and its controls in a subtropical tidal salt marsh in eastern
China. Biogeochemistry 137(1-2), 163-179.

Mihanovié, H., Orli¢, M., Pasaric¢, Z., 2009. Diurnal thermocline oscillations driven by tidal flow around
anisland in the Middle Adriatic. Journal of Marine Systems 78, S157-S168.

Mutascu, M., Sokic, A., 2020. Trade openness-CO, emissions nexus: a wavelet evidence from EU.
Environmental Modeling & Assessment 25, 1-18.

Ng, E.K., Chan, J.C., 2012a. Geophysical applications of partial wavelet coherence and multiple wavelet
coherence. Journal of Atmospheric and Oceanic Technology 29(12), 1845-1853.

Ng, E.K., Chan, J.C., 2012b. Interannual variations of tropical cyclone activity over the north Indian
Ocean. International Journal of Climatology 32(6), 819-830.

Rathinasamy, M., Agarwal, A., Parmar, V., Khosa, R., Bairwa, A., 2017. Partial wavelet coherence
analysis for understanding the standalone relationship between Indian Precipitation and



Teleconnection patterns. arXiv preprint arXiv:1702.06568.

Si, B.C., Farrell, R.E., 2004. Scale-dependent relationship between wheat yield and topographic indices:
A wavelet approach. Soil Sci Soc Am J 68(2), 577-587.

Wendroth, O., Alomran, A.M,, Kirda, C., Reichardt, K., Nielsen, D.R., 1992. State-Space Approach to
Spatial Variability of Crop Yield. Soil Sci Soc Am J 56(3), 801-807.

Wu, K., Zhu, J., Xu, M., Yang, L., 2020. Can crude oil drive the co-movement in the international stock
market? Evidence from partial wavelet coherence analysis. The North American Journal of
Economics and Finance, 101194.



