
Authors’ response to Anonymous Referee #2 

 

Referee comment: This work presents the results of the computation of the Spatial 
Permutation Entropy (SPE) on two different sea-surface temperature datasets (ERA5 
and NOAA OI v2), for two different regions (Nino3.4 and Gulf Stream regions). This tool 
has not yet been applied on climate data in this setting and it allows to detect some 
temporal transitions in the datasets. There are mainly two parts to the results: the first 
part exposes how to detect temporal transitions in the datasets from temporal transitions 
in the SPEs (Sec. 4.1) and the second part compares the two datasets on the basis of 
their respective SPEs (Sec. 4.2). 

Overall, it seems also that this tool can provide some interesting insights about the 
spatiotemporal structure of the datasets, but precise conclusions and concrete results 
about the efficiency of the method are lacking or, at least, not clearly exposed. I would 
not recommend publication without major revisions because of this. 

Authors’ response: Our main conclusion is indeed that the Spatial Permutation Entropy 
(SPE) analysis provides new information about the spatiotemporal structure of climate 
datasets, and we demonstrate this by analyzing two SST products in two relevant 
geographical regions. Specifically, we show that two SST products consistently reflect 
climate warming effects in long spatial and temporal scales, while we found some 
discrepancies in short scales. 

A concrete statement about the “efficiency of the method”, it would require the definition 
of efficiency in a concrete task. However, in our study, we are demonstrating that SPE 
is able to compare and detect differences in the two datasets not limited to a point-by-
point comparison (such as the cross-correlation or the absolute difference), but analyzing 
the behavior by selecting the spatial scale of the analysis (by tuning two parameters: the 
spatial lag, d, and the length of the pattern, L), and by selecting the spatial orientation of 
the analysis (by using ordinal parameters orientation NS or WE orientation). 

Even thinking about the combination of SPE with PELT to build a sort of change detector, 
to measure any efficiency we would need to know all of the “changes” in the dataset that 
are supposed to give discontinuities that should impact the SST, which is not realistic 
(see the answer to the next comment).   

Moreover, as any method for analyzing complex spatiotemporal data, SPE captures 
partial information (in the same way as the analysis of the distribution of values of a 
climatological field gives no information about the scales of temporal or spatial 
oscillations). In this sense, we argue that SPE is a complementary analysis tool that does 
not replace standard methods such as Fourier analysis. We also argue that SPE has 
been applied to analyze data in different scientific areas (images, art works, textures, 
EEG and cardiac data) and we show here that it also returns relevant information when 
applied to SST spatio-temporal data. 

Referee comment: Major comments: The authors claim that the proposed method (SPE 
+ PELT) allows to detect temporal transitions in datasets. There is an effort to estimate 
the robustness of the detection of change points but a general assessment of the 
success rate is missing: if the goal is to provide a method to detect transitions in a given 
dataset, there should be an estimation of the number of transitions that the method will 
indeed detect. There is no estimation of the number of changes that the method did not 
detect (one transition is actually detected from the time series of SMI_{NS}, but not from 



H_{NS}, lines 216-217), even though the detected changes are all linked to some 
changes in the methodology to produce the datasets. 

Authors’ response: The main changes in SPE and in SMI over time are clearly visible, 
and we use the PELT algorithm to provide a complementary identification. We argue that 
our work is not about a method to detect transitions, but a method to characterize 
complex spatio-temporal data. Some main transitions seen in the evolution of SPE and 
SMI are confirmed by PELT, and can be attributed to changes in the methodologies and 
data used to construct the SST products. 
Regarding “a general assessment of the success rate is missing”. This is because the 
ordinal method detects some changes, but surely not all, because, as explained before, 
the method does not use all the available information (for instance, the ordinal patterns 
are defined in terms of relative values), therefore, we speculate that changes not 
detected by ordinal analysis can be found by using other analysis tools.  
Regarding “there should be an estimation of the number of transitions that the method 
will indeed detect”. Unfortunately, we don’t know how we can estimate such number. 
Over the years, several changes have been done in the methodologies and data used 
to construct the SST products. But not all of these changes can be expected to have 
significant consequences in the SST. 
 
Referee comment: The two datasets considered in this work are also compared, but I 
do not really understand what is the conclusion of this comparison. The detected change 
points (except one) are those detected from H’s time series, so is there any additional 
conclusion with respect to Sec. 4.1? It is mentioned that there are small-scales 
differences between the two datasets (which can be expected, to some extent), can we 
conclude that the datasets are not reliable at these scales? If yes, how to identify a scale 
above which the datasets agree sufficiently ? I also wonder how does this technique 
compare with a Fourier or spectral analysis of the datasets. 

Authors’ response: A main conclusion of the comparison of the two datasets is that as 
time passes, the two datasets become more similar because their spatial mutual 
information (SMI) increases (Fig. 7), the difference (AAD) decreases and the cross-
correlation (r) increases (Fig. 8). The added value of the SMI analysis is the detection of 
the change in the evolution of the SMI in 2007, which is not seen in Fig. 8 that reveals a 
gradual increase of the agreement of the two products over time. Another important 
conclusion is that differences between ERA5 and NOAA are larger at short scales (this 
can be seen by comparing the vertical scales of Fig. 7a-d and Fig.7e-h and to make this 
more evident, in the revised manuscript we plan to re-do Fig. 7 with the same vertical 
scale in all panels. We have also confirmed that with L=3 the same differences are found, 
shown in Fig. 1). 



 
Fig. 1. As Fig. 7 in the original manuscript but with L=3 and Nbin=6 for SMI_hist 

“is there any additional conclusion with respect to Sec. 4.1?”  
Because in Sec. 4.1 we analyzed each dataset separately, the additional conclusion that 
we obtain in Sec. 4.2 is that the two products tend to improve their agreement over time. 
The variation of SMI calculated with ordinal analysis (panels a-h in Fig. 7) is consistent 
with the variation of SMI calculated from the data values (without transforming the data 
points to ordinal patterns, panels i and j in Fig. 7). The increase of SMI over time is 
expected because the two SST products have improved over time, especially due to 
better remote observations.  

In addition in Sec. 4.1 we found that the evolution of H_WE with d=1 in the Gulf Stream 
region (Fig. 3d) differs in the last 10 years: H_WE calculated from ERA5 increases, while 
H_WE calculated from NOAA decreases. However, the corresponding SMI (Fig. 7b) 
increases in the last 10 years. Since SMI depends on both entropies as well as on the 
joint entropy (Eq. 4), and the entropy variations compensate (one increases and the other 
decreases), we can conclude that the joint entropy decreases, which in turn indicates 
that the joint distribution of ordinal patterns becomes narrower. In other words, this 
reveals the increase of the probability that the same pattern occurs, at a given time and 
geographical location, in the two datasets. In the resubmission we plan to clarify this 
point and also include, as supplementary material, videos displaying the temporal 
evolution of the joint probability distributions. 

Regarding “can we conclude that the datasets are not reliable at these scales?” No, our 
results do not allow us to conclude this. Our results indicate that the datasets were 
partially inconsistent in the past, but are increasingly consistent. For instance, in Figs. 8c 
and 8d we see that the cross-correlation r displayed large fluctuations, which have 
become smaller in the last few years (as r approaches 1). Complementing this 
information, in Fig. 7 we see a clear increase of their mutual information (SMI). 

Regarding “how to identify a scale above which the datasets agree sufficiently?” We 
thank the reviewer for this question. We studied the variation of SMI, considering the first 
10 years and last 10 years of the period analyzed, as a function of the spatial lag d. The 
results are shown in Fig. 2 (top row: first 10 years, bottom row: last 10 years, to be 
included in the revised manuscript). 



 

 
FIG. 2. Spatial Mutual Information (SMI) as a function of the spatial lag, d, in the two regions 
considered, and for the two orientations of the ordinal patterns (WE and NS). The analysis was 
done for the first 10 years (top row) and for the last 10 years (bottom row) of the time interval in 
which both, ERA5 and NOAA OI v2 datasets are available (1981-2025).  The symbols show the 
mean value and the error bars show the standard deviation. The analysis was performed with 
ordinal patterns of length L=3, but similar results were obtained with L=4 (not shown). Note the 
different vertical scales. 

In Fig. 2 we see that: 

- The similarity between the two datasets for the same d in the two periods is quite 
different, being more similar in the second period (note the different vertical scale). 

- The agreement between the datasets improves with d.  
- In general, the two datasets are more similar in the Gulf than in the Pacific, which 

can be due to the fact that the North Atlantic is the area with the highest concentration 
of in-situ measurements globally (https://ioos.noaa.gov/community/global/). 

- In the Gulf Stream region, the similarity of the two datasets for the NS orientation 
saturates for d=5, that is, when the NS ordinal patterns cover 4 degrees, meaning 
the submesoscale (0.1-10 degrees), an intermediate scale between typical ocean 
turbulence and eddies. 

- In contrast, in the case of Niño 3.4, there does not appear to be a scale at which the 
similarity of the datasets stops increasing. 

Regarding “I also wonder how does this technique compare with a Fourier or spectral 
analysis of the datasets”. Ordinal analysis provides complementary information because 
it uses a symbolic technique (the relative values of L data points are encoded in ordinal 
patterns). In contrast, Fourier analysis is a linear method. For the SST datasets analyzed, 
SPE analysis provides information that cannot be obtained by Fourier analysis because 
the definition of the ordinal pattern allows to select a specific scale. In the revised 
manuscript we will include a discussion about this point. However, a comparison of 
ordinal and Fourier methods is outside the scope of the present work.  

 

Minor comments: 

Referee comment: 

1. A smaller SPE is systematically interpreted as a more pronounced gradient because 
ordered patterns like ‘0123’ would be more frequent. This is probably correct in most 
cases, but is it always true ? The fact that non-ordered patterns like ‘2031’ become more 

https://ioos.noaa.gov/community/global/


frequent is also consistent with a smaller SPE, in contradiction with the more pronounced 
gradient interpretation. Did previous studies on SPE establish that we can confidently 
interpret a decrease in the SPE as an increase of the gradient ? 

This is an interesting point, and as the referee said, the fact that a decrease in SPE is 
essentially determined by an increase in gradients is correct “in most cases”. To have 
non-ordered patterns to dominate the distribution we would need a spatial structure (or 
temporal structure in the case of PE computed using temporal patterns) with a high 
regularity at the spatial scale sampled by the ordinal patterns. This is usually not the case 
in SST data, which usually present high variability at many different scales, and not a 
few well defined spatial modes. Therefore, we can safely state that the evolution of the 
entropy is mostly ruled by the formation of large-scale gradients.   
To further assess this point, Fig. 3 displays the histograms of ordinal patterns, in El Niño 
region and in the Gulf Stream region, at a given time. Low entropy values occur when 
the most expressed patterns are those that encode gradients (0123 and 3210), and the 
variation in their frequencies of occurrence ultimately determines the temporal variation 
of the entropy. In the revised manuscript we plan to include this figure, and a video as 
supplementary information, showing how the probabilities change over time, in the two 
regions and for the two datasets analyzed. 

 

 

 
Fig. 3. Ordinal probabilities in El Niño region (top row) and in the Gulf Stream region (bottom row) 
calculated from NOAA For January 1, 2015) with d=1 (a, b) and with d=8 (c, d). The value of the 
spatial permutation entropy is indicated in each panel. 

Referee comment: 

2. I feel like some context about the physics of the SST in the studied regions is missing 
to understand some of the interpretations. For example, why asymmetries in the increase 
of the SST lead on one hand to a decrease of H_{WE} in the El Niño region, and to an 
increase of H_{WE} in the Gulf stream region on the other hand ? Why the behavior of 
H_{WE} is expected to be different for delta = 1 and delta = 8 for El Niño (lines 194-200) 
? Why H_{NS} with delta = 8 cannot capture the NS gradients appropriately (lines 198-
200) ? 

Regarding “Why asymmetries in the increase of the SST lead on one hand to a decrease 
of H_{WE} in the El Niño region, and to an increase of H_{WE} in the Gulf stream region 
on the other hand?: the different effects of asymmetrical heating, in the El Niño, the 
differential heating enhances the temperature gradient across the region, favoring 



monotonous symbols in the distribution and therefore reducing the entropy. In the Gulf 
Stream region the opposite happens because differential heating decreases the gradient 
in the area, producing a distribution of ordinal patterns that is more and more uniform, 
therefore increasing the entropy. This is discussed in the manuscript (lines 177-178 and 
181-184), and we will revise the text to clarify these points. 

Regarding “Why the behavior of H_{WE} is expected to be different for delta = 1 and 
delta = 8 for El Niño (lines 194-200) ?” Our argument is that, for d=1, L=4, the ordinal 
patterns span 1 degree, and the SST variations at these distances are relatively small. 
On the other hand, for d=8, L=4, the patterns span 6–7 degrees, allowing us to observe 
the horizontal gradients associated with ENSO SST anomalies. For this reason, entropy 
decreases in the latter case. The gradients in the WE direction are larger than those in 
the NS direction, which explains the different behavior the entropies for d=1 and d=8. 

Regarding “Why H_{NS} with delta = 8 cannot capture the NS gradients appropriately?:  

We thank the reviewer for the questions as it allows us to better explain the idea. NS 
gradients are detected with d=8, but not as clear as with d=1. 

El Niño develops in a waveguide around the equator, between 5°S and 5°N. This means 
that SST anomalies develop particularly in that area, and the NS gradients are highly 
concentrated near the equator. Therefore, they can be clearly seen with d=1. If d=8 is 
used, 6-7 degrees are considered, which can include the SST variations north and south 
of the equator (SST decreases north and south of the equator, mixing both gradients). 

Referee comment: 

3. There is no uncertainty quantification on the SPE, so that we do not know if some 
observed trends are really relevant. For example, are the trends in H_{WE} in Fig. 4a 
and 4d really significant ? In addition, these trends are qualitatively consistent with the 
mentioned asymmetries in the increase of the SST, but are these asymmetries really the 
cause of these trends ? (lines 177-184). It would be interesting to analyze which patterns 
become prevalent to give some sound basis for these explanations. 

The estimation of entropy from the frequencies of the symbols has a variance that scales 
as 1/n, where n is the number of samples. Then, in the most under-sampled case 
(delta=8) the variance is of the order of 1/1440 ~ 7E-4, which is much smaller than the 
variance of the time series in Fig. 4 in the manuscript. Therefore, SPE uncertainties 
should not affect significantly the trends estimation of those time series and their 
significance levels. 

Regarding “are the trends in H_{WE} in Fig. 4a and 4d really significant ?” We have 
performed a statistical test to confirm that the trends are significant, and we will include 
the results in the supplementary information in the revised manuscript. 

Regarding “but are these asymmetries really the cause of these trends? It would be 
interesting to analyze which patterns become prevalent to give some sound basis for 
these explanations”: we have inspected the histograms to determine which patterns are 
prevalent (see Fig. 3 in this document) and we found that the trend patterns become 
more prevalent over time, but their probabilities fluctuate over the seasons. In the 
resubmission we will include as supplementary material a video showing, for the two 
datasets, how the histograms (shown in Fig. 3) vary over time, covering the time interval 
when the two datasets are available (1981-2025). 

 



Referee comment: 

4. The PELT algorithm contains a penalty parameter P which must be chosen and a 
method is proposed to test with respect to P the robustness of the detection of change 
points. I find it difficult to understand precisely the different steps of the method, and 
therefore to assess its effectiveness. For example, how is used the 99.5th percentile of 
P* (line 344) ? How precisely are the surrogates used in this method ?  

The surrogates time series are used to compute the 99.5th percentile of P* that fixes the 
threshold for the change point significance. 

Change points are considered robust if their R is larger than the median value of R (lines 
350-351), does that mean that half of the points change points are robust ? 

Yes, this was an attempt to make a global comparison of the various significant change 
points detected by PELT. Some change points have a relatively low robustness score, 
and they are significant in the sense that the surrogate timeseries did not display almost 
any change points. However, we acknowledge that using the median is not the best 
strategy. Therefore, in the revised manuscript we will present the R score as it is, without 
doing a binary categorization into robust/non-robust labels. 

Referee comment: 

5. It would increase the readability if all details about the results presented (which value 
of delta is used, which region is considered) were indicated on the Figures themselves 
(in particular for Fig. 3, Fig. 4, Fig. 5, Fig. 6, Fig.7 and Fig. 8), next to each subplot. 
Ideally, this would appear even if there is only value of delta or one region considered in 
the Figure. This information is available in the captions, but the comparison of Figures 
would be easier if they were more visually explicit. 

We will add these annotations to the figure of the revised manuscript. 

 

Referee comment: Technical comments 

Explicit formulas for H_{WE} and H_{NS} would be appreciable, since these are the main 
quantities in the paper. 

The entropies are calculated with Eq. (1) (line 102) and in the revised manuscript we will 
include, in Sec. 3.2 explicit formulas: H=H_{WE} when the ordinal patterns have WE 
orientation, and H=H_{NS} when they have NS orientation 

Line 101: is the j index of p_j(t) the same index as the j index of X_{ij} ? 

No, and in the revised manuscript we will change p_j to p_k to avoid confusion. 

Lines 145-157: it would increase the readability if this paragraph on the details of PELT 
and its penalty parameter is moved to the appendix (so that everything about PELT is in 
the appendix) 

We will move the paragraph to the appendix. 

Lines 185-186: which dataset is used here to compute the SST anomaly ? Could this 
influence the results ? 

In Fig. 5 we have used NOAA OI v2 to compute the temperature anomaly. The two 
datasets are highly correlated at the basin scale, as shown in Fig. 1, so using one or the 



other to compute the NINO34 index (black curve) gives very similar results. In the revised 
manuscript we will clarify this point. 

Line 191: I do not understand what ‘reflecting the north-south gradients that occur as the 
equatorial zone is warmer than the north-south edges of the region’ means. How can 
there be a uniform pattern across the region if the central part is warmer than the edges? 

We are talking here about two north-south gradients, one in the northern hemisphere, 
and one in the southern. One contributes to an increase of 0123 pattern, the other to 
3210 pattern. Overall, the prevalence of these two patterns decreases the entropy. In 
the revised manuscript we will rephrase the sentence clarify this point. 

Line 199: why \delta = 8 is equivalent to each word spanning 6° ? I would say that each 
word spans 2°, in agreement with what is written in line 205. 

For delta = 8 the 4 datapoints that define a pattern with L=4 are separated by 2º, and 
therefore, the geographical distance covered by the pattern is 3 x 2= 6º. We will revise 
the sentence to clarify this point. 

Lines 185-200: has this analysis been done for the Gulf stream region ? Are the 
conclusions the same ? 

The analysis was indeed carried out, but SST anomalies in the Gulf region, even if 
aggregated at the basin scale, do not present a smooth behavior as in the ENSO region. 
In the revised manuscript we will include a comment about this point. 

 

Line 205: write → right 

Thanks, we will correct this typo. 

Lines 216-222: El Niño is written differently 3 times 

Thanks, we will correct this typo. 

Line 221: should Fig. 7e be Fig. 7i ? 

Thanks, we will correct this typo. 

Line 223: should ‘relative constant’ be ‘relatively constant’ ? 

Thanks, we will correct this typo. 

Line 238: there seems to be a verb missing in the sentence ‘Increased cloud coverage 
in this region during winters could difficult infrared measurement’ 

We will change to ” Increased cloud cover in this region during winters could make 
infrared measurement difficult.” 

Line 243: the acronym CPD should be explained before the appendix 

Thanks, we will introduce the acronym in sec. 4.1 

Lines 245-285 (Sec. 4.3): the discussion in this Section seems to be partly redundant 
with Appendix A, and difficult to understand without reading first this Appendix. Could it 
be moved to the Appendix ? 

We thank the reviewer for the suggestion and we will move it to the Appendix   



Line 291: what models are referred to ?  

We are refereeing to the models used in the reanalysis and we will re-word the sentence 
accordingly to make it clear. 


