
The text in black are comments from the reviewer and text in blue is the response from the authors.

#Reviewer 1

Comment-1: The article only explains how signal and noise variance are defined and 
calculated. Since variance itself is not the actual component, it is unclear how the signal  and 
noise are extracted from the data. The concept and defintion are totally different between the 
variance and the variable itself.

The articles cited by the authors only discuss signal variance and noise variance. It is 
problematic to treat the ensemble mean directly as the signal/external component. As a 
measure of variability, the signal should not be constrained by sign—how does one interpret a 
“positive signal” versus a “negative signal”? Therefore, it is more appropriate to use the square
of the ensemble mean to represent the signal.

In the author’s statements in lines 104–109 as below, I could not find a clear definition of either
the signal or the noise.

Reply: We thank the reviewer for this comment. There are numerous paper on how signal and noise
components are extracted from model data and some of them are cited here (e.g. Kang and Shukla,
2006; Scaife et al., 2014; Saha et al., 2016a; Scaife and Smith, 2018; Weisheimer et al., 2018 and
many more). While inter-ensemble spread is considered as noise component, the ensemble mean is
the signal component (equation 1 and 2 respectively in our manuscript). How signal and noise are
extracted from data is clearly mentioned in lines 104-108 of the manuscript, section 2.3.1.

The ensemble mean is always treated as the more reliable predictor; it is not a matter of a “positive”
versus “negative” signal. In our analysis, the signal (or external variance) represents the seasonal
anomaly in the ensemble mean, with a correction term as defined in Equation (3). Our approach
follows the methodology established by Rowell et al. (1995) and subsequently applied in numerous
studies (e.g., Kang & Shukla, 2006; Scaife et al., 2014; Saha et al., 2016a; Scaife & Smith, 2018;
Weisheimer et al., 2018). To avoid confusion, we have included excerpts below, from several of these
references.  Regarding the suggestion to use the “square of the ensemble mean” to represent  the
signal,  we are not  aware of any such approach in  the existing literature.  We have followed the
standard and widely accepted method for estimating signal and noise components, as described in
our manuscript (beginning at line 104).

We regret that the reviewer was unable to locate the definitions of signal and noise in the manuscript,
which were clearly stated and also mentioned in our earlier response. Here is the cut-pest of our
manuscript, describing signal and noise (beginning line 104).



Paper by Rowell et al. (1995), describe how signal/variability due to SST/external and noise/internal
components, which are based on ‘analysis of variance’ methodology, are calculated. 



Where equation (A.2)  is equation (1) in our manuscript (A.4)  is equation (2) in our manuscript 
external variance/SST forced variance  (A.7) is equation (3) in our manuscript. 

Below is from Kang and Shukla (2006), Dynamic Seasonal Prediction and Predictability of the 
Monsoon, in: The Asian Monsoon, edited by Wang, B pp. 585–612, Praxis, Springer, Berlin.

Book Chapter by Kang and Shukla (2006)

Changes made in manuscript for this comment: 

Now to avoid confusion we have added couple of sentences to define signal and noise clearly in
introduction (lines 44-51):

“In real-world forecasting, predictability is limited by two primary sources of error: uncertainties in
the initial conditions, and model errors (arising from imperfect physics, dynamics, and numerical
schemes),  which  grow  nonlinearly  with  time.  The  perfect-model  framework,  however,  neglects
model errors by construction and considers only initial-condition uncertainty, thereby providing an
idealized upper bound on predictability (i.e. PPL). Within this framework, inter-ensemble spread is
assumed to arise solely from initial-condition uncertainty and is  treated as the noise component,



while deviations of the ensemble mean from the climatological mean are interpreted as the signal
component.  In  practice,  however,  model's  error  can  contribute  to  both  signal  and  noise,  which
potentially  could  giving  rise  to  SNP,  where  the  realized  forecast  skill  becomes greater  than  the
estimated PPL.”

In section 2.3.1 (lines 121-125) :

“external” and “internal” are replaced by “signal” and “noise” respectiely in section 2.3.1 and all
other places. 

Furthermore  a  sentence  is  added:   “The  variance  decomposition  framework  of  the  analysis  of
variance (ANOVA) methodology introduced by Rowell et al. (1995, p. 699), which is used in several
previous studies (e.g., Kang \& Shukla, 2006; Scaife et al., 2014; Saha et al., 2016a; Scaife \& Smith,
2018; Weisheimer et al., 2018), is employed here.”

Comment 2: The article tries to discuss and analyze the paradox, but the purpose of using
Nino3.4 to predict precipitation remains unclear. What is the intention behind comparing it
with dynamic models? Is it  to demonstrate whether the actual or potential forecast skill of
dynamic models is higher or lower, reasonable or unreasonable? The objective is not clearly
stated. Moreover,  can using Nino3.4 to predict precipitation effectively achieve these goals?
Would the forecast skill be reliable? Was the forecast skill mentioned in the article derived
from training or test data? Similarly, were other modes affecting precipitation in the Indian
region, such as IOD, considered?  Such a simple linear regression approach is unreliable and
insufficient to explain any core issues discussed in this paper.

Reply: 

We thank the reviewer for this interesting comment. The idea is to asses prediction skill of not only
predictants (i.e. ISMR, PACR), but also the fidelity in simulating global predictors (e.g. ENSO) and
their  teleconnections.  Figure  9  shows  multiple  correlations  involving  major  global  predictors
(Niño3.4, IOD, PDO, AMO) and sub-seasonal components.

We would like to emphasize that linear regression is a well-established and reliable statistical tool,
particularly when the relationship is found to be statistically significant. Some of the questions raised
earlier (in black text above), such as  “Was the forecast skill mentioned in the article derived from
training or test data?”, are not relevant in this context . Our analysis is based on coupled model re-
forecast data; therefore, the concepts of “training” and “test” datasets do not apply here.  

To further clarify  the  purpose  and  intention  of  including  the  Niño3.4  index  as  a  baseline
predictor:

ENSO is the dominant mode of global climate variability and the primary large-scale predictor of
both the Indian summer monsoon rainfall (ISMR) and tropical Pacific variability. The Niño3.4 index
was therefore included to evaluate how the predictability of this key predictor compares with the
predictability of the predictand (regional precipitation), and to provide a baseline for assessing the
extent to which monsoon predictability arises from ENSO. Since ENSO is the single most influential
driver of ISMR interannual variability, its inclusion as a benchmark is both natural and essential.

Here,  "forecast  skill"  refers  to  the  Pearson  correlation  coefficient  between  the  ensemble-mean
forecast and observations.



Changes made in manuscript for this comment: 

To make our points clearer we have added sentences  (line 292-296): “ENSO, as the dominant mode
of global climate variability and a primary driver of both the ISMR and tropical Pacific variability,
provides a fundamental source of seasonal predictability in these regions. Therefore it is logical to
investigate whether and to what extent the model's actual skill aligns with the estimated potential
predictability by examining the predictability of the Nino3.4 index along with regional precipitation
in both paradoxical and non-paradoxical areas.”

Figure  3  caption  changed.  Added  “Correlation  skill  is  defined  as  the  correlation  between  the
ensemble-mean forecast and observations. The Nino3.4 index is used as a reference predictor to
provide a baseline for ENSO-driven predictability of regional precipitation,  allowing comparison
with the model's full dynamical skill.” 

Comment 3: Rowell (1995) never defined signal variance and noise variance using ANOVA.
While they did mention ANOVA, it was only used for statistical testing. The authors should
revisit  Rowell  (1995)  to  better  understand  the  content.  ANOVA has  exactly  defintion  in
statistics, which should be followed to avoide unnecessary confusion.

It should be noted that ANOVA has a rigorous statistical definition. The authors, however, only
performed variance partitioning, not ANOVA.

Reply: We regret for the confusion. It is clearly mentioned  in page no 699 of Rowell et al. (1995).
https://rmets.onlinelibrary.wiley.com/doi/epdf/10.1002/qj.49712152311

,which says “The approach we use to estimate the components of variance closely
follows an ‘analysis of variance’ methodology ...”

To clarify, we have now included pages 699 and 700 from Rowell et al. (1995) in our response to
Comment 1. As clearly indicated in the highlighted section (marked with a red rectangle), the method
indeed follows the “analysis of variance” (ANOVA) approach. 

While ANOVA is classically associated with hypothesis testing in pure statistics, in climate science
and seasonal predictability studies it is widely and legitimately used as a framework for variance
decomposition and uncertainty partitioning, precisely as applied here to estimate the signal-to-noise
ratio.  The same variance decomposition approach has been consistently employed in subsequent
literature (e.g., Rowell, 1998; Kang and Shukla, 2006; Saha et al., 2016a,b). The SNR calculation is
a standard, well-established application of this ANOVA-based framework in the field.

To avoid any potential confusion for readers from different backgrounds, we have added a clarifying
sentence  explicitly  noting  that  we  use  the  variance  decomposition  aspect  of  the  ANOVA
framework(not hypothesis testing).

Changes made in the revised manuscript:

Added the following clarifying sentence in Section 2.3.1  in lines 122-125:

“The  variance  decomposition  framework  of  the  analysis  of  variance  (ANOVA)  methodology
introduced by Rowell et al. (1995, p. 699), which is used in several previous studies (e.g., Kang &
Shukla,  2006; Scaife et  al.,  2014; Saha et  al.,  2016a; Scaife \& Smith,  2018; Weisheimer et  al.,
2018), is employed here.”

https://rmets.onlinelibrary.wiley.com/doi/epdf/10.1002/qj.49712152311


Comment 4: I do not understand the meaning of the statement: "The use of the orthogonality
assumption is a methodological simplification to partition variance across time scales; it does
not imply the absence of physical co-variability." Do physical and mathematical co-variability
have different interpretations? In my opinion, if  two quantities are physically related, they
cannot be assumed to be orthogonal in mathematics. Additionally, I do not comprehend the
authors' claim that "sub-seasonal components are the building blocks of the seasonal mean."
Following this logic, all time scales would be sources of error, since hourly components are the
building blocks of the daily mean, and daily components are the building blocks of the weekly
mean, and so on.

It  seems  no  basis  to  argue  the  "challenging  to  separate"  as  a  justification  for  such  an
assumption. This is the most critical weakness of the study: on the one hand, it attempts to
examine the effect of A on B using linear statistical analysis, while on the other hand, it assumes
that A and B are orthogonal, implying that their covariance (or correlation coefficient) is zero.

I am drawing this inference based on the authors' own argument. You may choose to ignore or
omit other scales of the atmospheric process, but I cannot overlook them. Isn't that ?

Reply: We understand this is a critical issue and need further explanation. The argument why we are
using assumption of orthogonality and not the actual one, lies on the fact that it is challenging (if not
impossible) in a non-linear system to separate individual components.

The assumption of orthogonality is  a widely used and mathematically  consistent methodological
simplification in the analysis of complex, multiscale geophysical systems. It does not imply that the
underlying physical processes are truly independent, but rather provides a tractable framework to
partition total  variance among distinct temporal (or spatial)  scales.  In nonlinear climate systems,
exact  separation  of  variability  across  scales  is  not  possible  because  physical  processes  are
dynamically  coupled  and  often  nonlinearly  interacting.  However,  for  the  purpose  of  statistical
decomposition  and  diagnostic  analysis,  an  orthogonal  representation  allows  us  to  quantify  the
relative contributions of different time-scale components (e.g., sub-seasonal, interannual, decadal) to
the total variance, without double-counting shared variability. This approach is conceptually similar
to other well-established methods that rely on orthogonality, such as Empirical Orthogonal Function
(EOF) analysis, spectral decomposition, and ANOVA, where the basis functions or components are
constructed  to  be  orthogonal  in  the  statistical  sense,  even  though  the  corresponding  physical
processes may interact. In this context, orthogonality is a mathematical convenience, not a physical
claim of independence.

In the specific context of monsoon rainfall decompositions, this assumption is well-supported by
practice: when separating the anomalous annual cycle (low-frequency: mean + first few harmonics)
from sub-seasonal/intraseasonal  residuals  (high-frequency:  periods  <  ~4 months),  the  cross-term
between them is typically very small (<5% of total variance on average). This near-additivity arises
because  Fourier/harmonic  basis  functions  of  different  frequency  bands  are  orthogonal  by
construction, and studies generally treat the variances as essentially additive after such separation.
Precisely  quantifying  all  non-zero  cross-scale  covariances  in  a  fully  nonlinear  system  remains
extremely challenging, so this diagnostic simplification is both practical and justified.

Thanks  for  your  comment  regarding  “sub-seasonal  components  are  the  building  blocks  of  the
seasonal mean.” We have added text here with additional analysis (Figures S1, S2, S3) to make thing
clearer to the reader.



Sub-seasonal components of the monsoon particularly have clear preferred band. Some of the band
are  more  vigorous  in  terms  of  their  spatial  scale,  strength  than  the  others.  In  terms  of  their
contribution to the mean and variability/predictability also varies.  While MISOs have very large
spatial  structure  and  strong  sub-seasonal  variability,  their  contribution  to  year-to-year  monsoon
rainfall variability is minimum (weak negative correlation). So, clearly, we are not talking here about
hourly/daily events but some known and prominent sub-seasonal variability/bands, which shape the
seasonal monsoon rainfall of a year. Here are literatures, cited in support of our arguments (Saha et
al., 2019; Borah et al., 2020). 

Changes made in the revised manuscript:

To make above points clearer, we have added a paragraph section 2.3.3., lines 160-169 to define the
sub-seasonal scale : 

“Unlike variables such as temperature or surface pressure, which vary smoothly in time, rainfall is
inherently discrete and typically occurs in pulses (rain or no-rain) concentrated within preferred time
bands (i.e., sub-seasonal bands). Furthermore, the amplitude of these events in the tropical monsoon
region is often much larger than that of the annual cycle (Figure S1). As a result, variations in sub-
seasonal rainfall can significantly modify the annual cycle or seasonal anomaly. This can be easily
demonstrated by removing just one or two days of rainfall from daily time series over core monsoon
region. Upon removal of two-day rainfall event (>80 mm/day; red bar in Figure S1), assuming it
arises from sub-seasonal variability, the reconstructed annual cycle, becomes visibly weaker, with
decrease in seasonal anomaly by 59% of its interannual standard deviation. It may be noted that only
two snigle-day rainfall events are removed here; if a complete event is removed, as happens, the
impact  on the seasonal  anomaly would be substantially  larger.  This highlights why sub-seasonal
components are often termed the ``building blocks" of the monsoon.”

Relevan discussions are also added in lines 212-216;  225-235

Comment 5: So I have to feel sorry to decline this work again. The topic is interesting that is
the reason why I agreed with reviewing it. Unfortunately I do not learn more from this work.
To my understanding, the paradox should be from the "defintion" of potential predictability.
The ratio of signal to noise may not well represent the potential predictability. If authors wish
to  work  this  problem,  I  suggest  them  to  seek  other  measures  to  quantify  the  potential
predictabilty. 

The authors appear to lack a clear understanding of the PPL issue. PPL is fundamentally a
product of the “perfect model” framework. Once model errors are taken into account, it ceases
to be a PPL problem. Therefore, the very premise of this study is conceptually inconsistent.

Reply:  After carefully considering the reviewer’s comments, all of which are addressable, we have
adequately addressed each point and therefore believe that the decision to reject the manuscript is
unjustified.

The main content of the manuscript is the following:
i) Perfect model framework is used to estimate potential predictability of seasonal anomaly, which
often shows paradoxical behaviour. ‘Analysis of variance’ framework is used for calculating ‘signal’
and ‘noise’ components using 52-ensemble member re-forecasts.



ii) Here we argue that ‘perfect model framework’ is not adequate, as the error growth is not from
only initial condition errors but also from other sources, like physics, numerical scheme etc. We
demonstrated  that  sub-seasonal  component,  which  is  part  of  the  physics,  adds  error  (biased
contribution) in the seasonal forecast anomaly (i.e. Figure 7). However, ‘perfect model framework’
assumes,  ensemble spread solely  attributed  to  initial  condition error.  Consequently,  true limit  of
predictability is not known. So, here our argument matches with your point of view that the method
of estimating PPL based on perfect model framework is inadequate. 

iii) Finally we propose a method for estimating maximum possible skill, which may be considered
PPL, is free from paradox (section 3.4). Therefore, we believe the rationale provided for rejection
does not fully capture the merits of the manuscript

We respectfully disagree with the reviewer’s interpretation. The PPL is indeed defined within the
perfect-model framework; however, the objective of this study is to evaluate its practical limitations.
We do not attempt to redefine PPL, but rather to show that the conventional signal-to-noise–based
estimation becomes biased when ensemble spread is influenced not only by initial condition errors
but also by internal model processes such as physics and sub-seasonal variability. In this sense, our
work  extends,  not  contradicts,  the  original  concept  by  identifying  how  real-world  model
imperfections distort the theoretical upper bound of predictability. This perspective is consistent with
earlier  studies (e.g.,  Kumar & Hoerling,  2000; Scaife et  al.,  2014; Weisheimer et  al.,  2018) that
recognized limitations in the perfect-model assumption and gave plausible reasons. Therefore, the
premise  of  our  study  is  conceptually  coherent  and  offers  a  constructive  refinement  to  the
understanding of PPL.

Changes made in manuscript for this comment: 

We have made several changes throughout the manuscrip to avoid confusion with additional analysis
(Figures S1, S2, S3).  Changes are made in  line numbers 121-127; 160-169; 212-216;  225-235;
273-277; 292-296; figure caption in Figure 3; 

Conclusion  Due  to  issues  such  as  unclear  presentation,  conceptual  confusion,  and  logical
paradoxes, the conclusions of this manuscript are unreliable, and we recommend rejection.

We hope that we are able to address the concerns/comments. As mentioned in the point wise reply,
brief discussion in some part of the manuscript may make it easier to follow for readers.

#Reviewer 2

I think this study has value, for example in pointing out the lack of subseasonal variance in the
model, and trying to dispel the continuing myth about PPL being an upper limit.

Dear Prof Adam Scaife,

Thank you very much for your constructive comments on our manuscript. We greatly appreciate the
time you have taken to review it.  Below, we address major and minor points in detail, outlining our
responses and revisions to the manuscript.



However, I also see some issues, some of which have been highlighted in the reviews. Some
specific comments follow:

 Major points:

L146-147, L188, L281, Fig.6: I don’t think we can make the general statement that seasonal
precipitation is only modulated by sub-seasonal components. This is one of the points of the
reviewer and I think it has some weight. Similarly, it is not clear that you can just dismiss the
first term on the right of eqn12. On this, I think reviewer 1 also has a point. In fact there is
evidence this term could be large, for example for the NAO (see Keeley et al GRL 2009 for an
illustration of where it is the interannual variability per se and not the shorter timescales that
dominates). I therefore don’t think L188 is justified in general.

Reply: 

We agree that  our  statement  regarding the modulation of  seasonal  precipitation by sub-seasonal
components  may have been overly general  and not  applicable  universally.  Our intention  was to
emphasize this mechanism in the context of tropical and subtropical precipitation (e.g., during the
boreal summer monsoon), where sub-seasonal events like synoptic systems (e.g.  Yoon and Chen
(2005)) and intra-seasonal oscillations (e.g.  Goswami et al.,  2006; Webster eet  al.   1998) play a
dominant role in building the seasonal mean.    

Unlike variables such as temperature or surface pressure, which vary smoothly in time, rainfall is
inherently discrete and typically occurs in pulses (rain or no-rain) concentrated within preferred time
bands (i.e., sub-seasonal bands). Furthermore, the amplitude of these events is often much larger than
that of the annual cycle. As a result, variations in sub-seasonal rainfall can significantly modify the
annual cycle or seasonal anomaly.

To illustrate this, here we use daily 1°×1° IMD rainfall over a grid point in central India (20°N,
80°E),  a homogeneous monsoon region.  The amplitude of  the climatological  mean annual  cycle
(1901–2018) is about 20 mm/day (upper panel). The daily rainfall and corresponding annual cycle
for  a  particular  year  (here,  2002;  lower  panel)  show  strong  temporal  fluctuations  with  large
amplitudes  (blue).  The smooth  annual  cycle  is  reconstructed  using  the  mean and the  first  three
harmonics.  The difference  between  the  climatological  mean annual  cycle  (black  curve)  and the
annual cycle for 2002 represents the seasonal summer monsoon rainfall anomaly (a deficit monsoon
year).

To demonstrate how rainfall event of just one or two days could influence the annual cycle and
seasonal anomaly, two-day rainfall event (>80 mm/day; red bar in Figure R1) are removed, assuming
it  arises  from sub-seasonal  variability.  The  reconstructed  annual  cycle,  without  these  two  days
rainfall becomes visibly weaker (red curve). The resulting change in seasonal mean rainfall amounts
to about 59% of the interannual standard deviation. We also note that only two 1-day rainfall events
are removed here; if a complete event is removed, as happens, the impact on the seasonal anomaly
would be substantially larger. This highlights why sub-seasonal components are often termed the
“building blocks” of the monsoon.



Figure R1: Climatological mean daily rainfall (black solid bar) and smooth annual cycle (black
line) over an area in the homogeneous central India region are shown in the upper panel. Lower
panel shows rainfall of a particular year (here 2002) with smooth annual cycle (blue line), smooth
annual cycle after removing two days of rainfall events (red line) and climatological mean smooth
annual cycle (black line).

Because rainfall  is a discrete phenomenon, it does not possess true, physically persistent modes.
Thus,  global  predictors  influence  monsoon  rainfall  primarily  by  modulating  the  sub-seasonal
components either through their strength, their duration, or both. The “persistent modes” that emerge
from various data-analysis techniques are projections or statistical composites of these sub-seasonal
rainfall components. We have now modified the manuscript with above discussion and added above
figures in the supplementary section.  

Regarding  the  first  term  on  the  right-hand  side  of  Eq.  (12),  we  acknowledge  that  the  earlier
description may have caused confusion. The seasonal anomaly is treated as an external term, under
the assumption that it is entirely generated by the predictors, which act as the drivers of the seasonal
anomaly. To address this issue, we have revised the manuscript. Now the manuscript is modified as



Although the anomalous annual cycle (xa) and sub-seasonal components (xf) are orthogonal, their
seasonal variances (equation 11) are interlinked on year-to-year time scale (Figure R2), indicating
role of sub-seasonal components on seasonal anomaly (Figure R2). Correlations > 0.35 (< -0.35) are
significant at 95% level. 



Figure R2: Linking sub-seasonal components of ISMR with anomalous annual cycle (i.e. seasonal
anomaly) in terms of their variances. Moving window correlation (31-years) between Va and Vf  (20-
90 days, 10-20 days, <10 days band) and multiple correlation. 

The variance of sub-seasonal components in a season represents its energy or vigour, which also, in
principle, should be linked with seasonal rainfall anomaly (i.e. last term in equation 12). A strong
correlation  of  all  India  seasonal  rainfall  (i.e.  ISMR)  anomaly  with  variance  of  individual  sub-
seasonal components (Figure R3) support our arguments that sub-seasonal components are key to
generating seasonal anomaly. 

Figure R3:: Linking sub-seasonal components of ISMR with its seasonal anomaly. Moving window
correlation (31-years)  between I  and Vf  (20-90 days,  10-20 days,  <5 days band) and multiple
correlation. Correlations > 0.35 (< -0.35) are significant at 95% level.



Changes made in manuscript for this comment: 

Added a sentence in lines 160-169: “Unlike variables such as temperature or surface pressure, which
vary smoothly in time, rainfall is inherently discrete and typically occurs in pulses (rain or no-rain)
concentrated within preferred time bands (i.e., sub-seasonal bands). Furthermore, the amplitude of
these events in the tropical monsoon region is often much larger than that of the annual cycle (Figure
S1).  As a result,  variations in  sub-seasonal rainfall  can significantly modify the annual cycle  or
seasonal anomaly. This can be easily demonstrated by removing just one or two days of rainfall from
daily time series over core monsoon region. Upon removal of two-day rainfall event (>80 mm/day;
red bar  in  Figure S1),  assuming it  arises from sub-seasonal  variability,  the reconstructed annual
cycle,  becomes  visibly  weaker,  with  decrease  in  seasonal  anomaly  by  59\%  of  its  interannual
standard deviation. It may be noted that only two snigle-day rainfall events are removed here; if a
complete event is removed, as happens, the impact on the seasonal anomaly would be substantially
larger. This highlights why sub-seasonal components are often termed the ``building blocks" of the
monsoon.”

Notation in equations 10, 11, 12 are changed accordingly and relevant disscussions are added in lines
203-205; 212-216; 225-235 

L234 and abstract: I don’t think anyone is saying that partitioning into signal and noise is
going to eliminate paradoxical behaviour so I don’t really understand this line.

Reply: Thank you for pointing this out.  In variance analysis, total variance is equal to signal plus
noise components. It is assumend that signal and noise componets are inherenly independent to each
other (orthogonality is imposed).  Here, we did not intend to claim that perfect partitioning into
signal and noise would eliminate paradoxical behaviour entirely. Rather, our point was to highlight
that even with accurate separation (as assumed in the perfect model framework), paradoxes persist
due to other factors like model imperfections. We have rephrased line 234 and the relevant abstract
sentence for clarity. 

Changes made in manuscript for this comment: 

In Abstract the sentence “Moreover, paradoxical regions do not align with significant correlations
between signal and noise, indicating that the accurate separation of seasonal forecasts into signal
and noise components alone is not sufficient to avoid paradoxes.” 

changed  to:  “A  significant  correlation  between  signal  and  noise  violates  the  perfect-model
framework.  Moreover,  paradoxical  regions  show  no  clear  correspondence  with  signal–noise
correlation, indicating that while accurate signal–noise separation is necessary, it is not sufficient to
eliminate paradoxes.”

Added a sentence in section 3.1, lines 275-277:

“Under  the  perfect-model  assumption  and  within  the  ANOVA framework,  the  signal  and  noise
components are expected to be clearly separated, that is, statistically independent of each other.”

Other changes are made in lines 320-322; 



L319: In this case the total variance is too strong. In our original papers we were careful to say
that the paradox only really arises  if  the total  variance is  close to the observed variance -
otherwise it could simply be a case of overdispersion - is that possibly the case here?

Reply:

We appreciate  this  insight  and  agree  that  the  paradox  is  most  pronounced  when  total  variance
matches observations, whereas overdispersion (excessive total variance in the model) could explain
apparent paradoxes in some cases. In our analysis, the total variance in the model for rainfall over the
study regions (South Asia Monsoon region) is indeed higher than observed (as noted in Section 3.2
and Fig. 5b, 8c, 8d), which may indicate overdispersion rather than a "pure" low signal-to-noise
issue.  We have expanded the  discussion  to  explicitly  report  on  total  variance  comparisons  with
observations, referencing relevant papers. 

Changes made in manuscript for this comment: 

Added to lines 379-384: 

“ Although the paradox has been shown to be most pronounced when the model’s total variance
closely matches that of observations (e.g., Scaife et al., 2014; Scaife and Smith, 2018), the model
used here exhibits higher total variance than observed over the South Asian monsoon region (Section
3.2; Figs. 5b, 8c, 8d). This suggests that over-dispersion may contribute to the low signal-to-noise
ratios diagnosed. Nevertheless, the persistence of paradoxical behavior even under these conditions
underscores the influence of other model imperfections, including biases in sub-seasonal variability,
in limiting predictability.”

Finally, I’m afraid I do not agree that the proposed method of selecting the ensemble members
that yield the highest correlation with the observations is a viable algorithm for determining
the upper limit of predictability. This can be illustrated if we consider a system with no skill but
some random noise. Some combinations of ensemble members (half of them in fact) will then
exhibit apparent skill even though none is present. The problem is particularly acute for small
ensembles as you find in Fig.10 so I think this section should be removed.

Reply:

We thank the reviewer for this important cautionary comment. Here our objective is to find out the
range of actual skill achievable by this particular model. With limited number of ensemble members,
we may be able to find out the population statistics using random choice of ensemble members. The
distribution  of  actual  skill  with  possible  maximum and minimum defines  the  model’s  ability  to
predict seasonal monsoon rainfall. Improvements of model is likely to shift the whole distribution
towards higher correlation side (e.g. Figure 4b in Saha et al., 2019). We agree that with ensemble
members  having  no  skill  (half  of  the  members  negative  correlation  and  half  with  positive
correlation), could show higher predictability. However, this is not the case here. We have shown
minimum, mean, and maximum possible skill and all of them are positive (Figure 10). We do not
propose  this  as  a  formal,  universally  applicable  algorithm  for  redefining  the  PPL,  nor  as  an
operational technique. Rather, it is an experimental diagnostic to illustrate the maximum possible
skill  that  can be  obtained.  We believe,  it  is  an important  diagnostic,  which  helps  to  understand
predicative  capability  of  a  model  and  would  like  to  retain  in  the  manuscript  with  some
modification/caveats.



Changes made in manuscript for this comment: 

We have now revised the manuscript  to reflect the same. In the abstract,  we have modified the
sentence  “In this context, we propose a novel method to estimate the PPL of seasonal climate, which
can  be  free  from  paradoxical  situations.”  to  “IIn  this  context,  we  present  a  simple  diagnostic
approach to estimate the maximum achievable seasonal prediction skill, which may be interpreted as
an empirical upper bound of skill or the PPL.”  in lines 18-19.

Similarly in several places, including result and discussion section, we have modified/added caveat,
keeping in mind that it is just a diagnostic and not the true PPL (lnes 87-91; 413; 436; 449-452; 534-
539)

 Minor points: 

L7:  Regarding  the  orthogonality  of  noise  and  signal,  there  is  a  relevant  recent  paper by
Brocker et al in QJRMS 2023 which makes a similar point. It certainly should be referenced
and this may make it easier to justify the point about signal and noise not being orthogonal in
time. See:  https://rmets.onlinelibrary.wiley.com/doi/10.1002/qj.4440

Thank you for suggesting this. We have included this citation and point in the results section. 

Changes made:

Added/modified in  lines 281-284: “Bröcker et al., (2023) also shows that signal and noise are not
orthogonal in time, further undermining the assumptions underlying standard RPC estimation.”

L30: I think that although it is not perfect, monsoon prediction skill is now well established so
is this statement a little negative?

We agree. We have modified the statement (lines 34-35)

L33-35: As we both know, the PPL is not an upper limit of predictability (or even the prediction
skill of the model) so could rephrase to something like “…it is commonly assumed that the PPL
is an upper limit on predictability…”

Thanks for the suggestion. We have made the changes (lines 38-39). 

 

L48: “…can arise…” rather than “…arises…”

Changed to “can arise”

L57: skills

modified

L114: should it be “…is often an overestimate of external….”



Changed accordingly

L224: I think we need to be careful about saying internal variability = noise as ENSO, the QBO
etc are all  internal oscillation but are still  predictable on these timescales.  Suggest you use
“internal unpredictable variability (noise)…” or similar

Thank you very much for pointing out this. We have now used signal and noise terms only and
avoided using ‘external’ and ‘internal’ terms.

Changed: ‘internal variability (i.e., noise)’ to ‘internal unpredictable variability (i.e., noise)’

L253-254: I don think the paradox arises from splitting into signal and noise because the other
measure we use is the ratio of Rmo/Rmm in Scaife and Smith 2018 which also exceeds 1, again
showing the paradox but with no separation into signal and noise.

We agree,  the paradox persists even without explicit  signal-noise separation.  We have tested the
possibility  from the  point  of  view  how signal  and  noise  are  estimated.  As  the  current  method
considers only role of initial error and no other sources of error, the estimate of signal and noise is
not accurate. As a result, signal and noise are not orthogonal. From this perspective also, it suggests
perfect model framework is not adequate for estimating PPL. We have now revised the manuscript
and included discussion related to finding using Rmo/Rmm (lines 285-286).

L273: agreed could this be due to mean bias for example?

As mean is related with variance, yes, it is a possibility. mean bias could contribute. 

L302: bad not band

Changed ‘band’ to ‘bad’.

We believe these changes will address your concerns and improve the manuscript's clarity, rigor, and
scope. We will submit a revised version incorporating these revisions shortly. Thank you very much
for the constructive comments. 

Thanking you,  

Yashas Shivamurthy 



#Community comment CC3

Strength:

1) In the perfect model framework, signal and noise component of a parameter is estimated,
assuming that ensemble spread is due to initial error, which is more appropriate for short-
range forecast (e.g.  weather),  but may not hold true for long-range forecast (i.e.  seasonal),
where  noise/error  introduced  by  slowly  varying  boundary  conditions  are  also  important.
Therefore, estimates of PPL for seasonal climate in this framework may not represent the true
limit, which is all about paradox here.

2) Figure 7 shows an important aspect: how the internal variability could contribute to the
prediction skill/predictability of ISMR. However noise component is fully attributed to initial
error in ‘perfect model’ assumption.

4) Although signal and noise are estimated under the assumption of orthogonality, it is clear
that this assumption does not always hold.

3) Interestingly, proposed method of estimating PPL and ANOVA based PPL are similar in
their maximum predictability of rainfall over tropical Pacific region and more importantly free
from paradox.

Dear Prof Goswami,

We thank you for your constructive comments on our manuscript. We value your recognition of the
study's contributions. And appreciate mentioning the highlights of our work. Here are reply point
wise, which we are going to incorporate in the next version of the manuscript to address all the
concerns and suggestions. We thank you for highlighting these key aspects of our work.

Weakness:

PPLs  are  model  dependent,  improvements  in  model  likely  to  increase  the  limit.  Longer
observations may be required to estimate actual PPL.

We agree with this statement. We have acknowledged these points in the revised manuscript (lines
534-536).

Suggestions:

For  readers  from  other  domain,  some  basic  discussions,  like  what  is  the  basic
premise/hypothesis of the ‘perfect model’ framework while using ensemble forecast is required.

Thank you for this suggestion. We have now provided the context about perfect model framework in
the introduction.

Changes made:

Added a short paragraph in Introduction section (lines 44-51).

“In real-world forecasting, predictability is limited by two primary sources of error: uncertainties in
the initial conditions, and model errors (arising from imperfect physics, dynamics, and numerical
schemes),  which  grow  nonlinearly  with  time.  The  perfect-model  framework,  however,  neglects
model errors by construction and considers only initial-condition uncertainty, thereby providing an
idealized upper bound on predictability (i.e. PPL). Within this framework, inter-ensemble spread is
assumed to arise solely from initial-condition uncertainty and is  treated as the noise component,



while deviations of the ensemble mean from the climatological mean are interpreted as the signal
component.  In  practice,  however,  model's  error  can  contribute  to  both  signal  and  noise,  which
potentially  could  giving  rise  to  SNP,  where  the  realized  forecast  skill  becomes greater  than  the
estimated PPL.”

The estimate of PPL by using a seasonal prediction model from a large ensemble of hindcasts
by choosing the ensemble mean of ‘best’ initial conditions may be acceptable. However, the
manuscript does not provide a discussion on how to realise the PPL in operational framework.
It is possible that growth of ‘initial error’ may never allow the model to achieve the PPL. Even
if we knew what are the ‘best initial conditions’ in the ensemble, it would lead to overfitting
and unreliable forecast. A discussion on how the PPL could be achieved either by tradition
methods or by a deep learning/AI model trained on the large ensemble of hindcast experiments
would significantly enhance the quality of the manuscript.

We agree that this method is a diagnostic/post-hoc sensitivity tool rather than a ready-to-implement
operational algorithm. In real-time forecasting, growth of initial condition errors, along with model
physics errors make it difficult to achieve PPL. Selecting “best” members in real time would lead to
overfitting.  We will  include a  discussion on how PPL could be achieved by other  methods like
AI/deep learning technique. We have added relevant discussion (in lines 538-544).

We believe these changes will address your concerns and improve the manuscript's clarity. We will
submit a revised version incorporating these revisions shortly. Please let us know if you have any
further suggestions.

Thanking you,

Yashas Shivamurthy


