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Abstract 

The Earth’s climate is an ensemble of interacting, spatially extended oscillatory media (‘climate 

systems’) whose slow-changing averages coexist with chaotic, high-frequency weather 

fluctuations in quasi-equilibrium. The limit of deterministic predictability (LDP) for any climate 

system is determined by its fastest-growing errors. However, recent findings show that the Indian 

Summer Monsoon Rainfall (ISMR) can be predicted up to 18 months in advance—far beyond its 

LDP. Using a model of two interacting oscillatory media, we show that this extended predictability 

arises from lag synchronization between ISMR and its predictor, the Global El Niño–Southern 

Oscillation (G-ENSO), to which it is strongly coupled. We introduce complex order parameters 

representing the internal dynamics of the two climate systems. Their spatiotemporal evolution is 

governed by coupled Complex Ginzburg–Landau Equations, producing aperiodic yet strongly 

correlated time series at long lead times. Our findings have far-reaching consequences in 

advancing seasonal prediction across climate systems. 
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Introduction 

The Earth’s climate cannot exist without the weather disturbances that transport the excess heat 

from the tropics to the polar regions and maintain a climate in a dynamic equilibrium (Peixoto & 

Oort, 1984; Wallace et al., 2023). Thus, the regional weather (all sub-seasonal fluctuations) and 

the climate (mean state of the region, typically over a season) continuously interact with each other 

in time. The climate has a dominant annual cycle with the primary external driver being the solar 

energy. However, the Asian monsoon, the El Niño-Southern Oscillation (ENSO), the Pacific 

Decadal Oscillation (PDO) or the North Atlantic Oscillation (NAO) have also inter-annual and 

decadal variability not related to solar irradiance variations. The latter arises from feedback 

between the systems of the earth’s climate. A seminal example of internal climate variability is the 

ENSO arising from an interaction between the atmosphere and the ocean over the Pacific (Bjerknes, 

1969; Philander, 1983). Different regional climates have different spatio-temporal variability and 

interact with each other bidirectionally. For example, while the ENSO (Philander, 1983; 

Timmermann et al., 2018; Wang et al., 2017) is considered the primary driver of the Indian summer 

monsoon rainfall (ISMR) variability (Rasmusson & Carpenter, 1983; Shukla & Paolino, 1983; 

Walker, 1924; Webster et al., 1998), there is tangible evidence that ISMR may also influence the 

evolution of the ENSO cycle (Kirtman & Shukla, 2000). Thus, the predictability horizon or the 

length of lead time up to which useful predictions could be made would depend on the nonlinear 

interaction of the climate systems.  

While weather is a deterministic chaotic system (Lorenz, 1963, 1969) in the high frequency 

domain with dominant period in days, the regional climate systems are deterministic chaotic 

systems in the low frequency domain with a dominant period of a few years. The limit on 

deterministic predictability (LDP) of climate is determined by the growth of errors in the climate 

system just like for weather (Keane et al., 2025; Lorenz, 1969) although it remains poorly explored. 

It is solely influenced by the dynamics of their internal degrees of freedom (Philander, 1983; Wang 

et al., 2017) and was estimated for the ENSO (Andrew Moore & Kleeman, 1996; Battisti et al., 

1989; Goswami & Shukla, 1991; Griffies & Bryan, 1997; Latif, 1998; M. Benno Blumenthal, 1991; 

Webster, 1995).  
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Recently, by using a novel predictor discovery algorithm (Sharma et al., 2022) pointed out 

that the Global ENSO of the whole inter-tropical strip (G-ENSO) may provide the basis for long-

lead predictability for ISMR up to two years in advance. They showed that a predictor of ISMR 

based on G-ENSO at 18-month lead (Dp) is correlated with ISMR (Figure 1b) and demonstrated 

that potential predictability could be realized by using an AI/ML model trained on CMIP6 model 

simulations and fine-tuned with observations (Sharma et al., 2025). The methodology is promising 

for correlating G-ENSO to other monsoon or extra-tropical systems. In addition to the interannual 

variability associated with G-ENSO, it may be noted that ISMR has a multi-decadal variability 

associated with the North Atlantic Oscillation (NAO) (Borah et al., 2020; Goswami et al., 2006; 

Rajesh & Goswami, 2020). The length of the time series to represent the multi-decadal variability 

reliably should be carefully addressed. While for the ISMR we have about 150 years of rainfall 

data, for the predictor Dp, sufficient length of D20 analysis is available only from an older 

reanalysis (SODA) (Carton & Giese, 2008; Giese & Ray, 2011). 

Is there predictability of climate beyond the LDP? This question has become relevant after 

the recent studies (Sharma et al., 2022, 2025) mentioned above. In this letter, we affirmatively 

answer this question showing how incoherent patterns governing the spatiotemporal behavior of 

the internal degrees of freedom of climate systems can synchronize to a lead time that is well 

beyond their LDP. We formulate a model consisting of two coupled Complex Ginzburg-Landau 

Equations (CGLEs) that govern the evolution of model theoretical descriptors of the ISMR and its 

predictor. The model yields two aperiodic, yet strongly correlated time series to 18 months lead, 

far beyond the LDP of the ISMR.  
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Figure 1: Global-ENSO predictor of ISMR. (a) The spatial pattern of the first empirical 
orthogonal function (EOF1) of monthly mean D20 anomalies from SODA reanalysis for the period 
1871 to 2010. (b) Annual variation of ISMR and Dp(-18) with strong correlation r = 0.84. (c) 5-
month running mean monthly rainfall anomalies for all India from Indian Institute of Tropical 
Meteorology (IITM) (Parthasarathy et al., 1994) dataset from 1871-2010. (d) Time series of the 
first Principal Component (PC1) associated with EOF1of D20 anomalies from 1871-2010. 

Synchronization of interacting nonlinear oscillators is a well-established concept (Duane, 

2015; Kocarev & Parlitz, 1996; Pecora & Carroll, 1990; Pikovsky et al., 2001; Rosenblum et al., 

(b)

(a)

(c)

(d)
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1996, 1997; Zhou, 2006) There also exist studies on synchronization of low-dimensional systems 

relevant to weather and climate prediction (Duane et al., 2006; Duane, 1997; Gregory S. Duane et 

al., 1999; Duane & Tribbia, 2001; Duane & Tribbia, 2004; Yang et al., 2006). However, 

synchronization of incoherent patterns in ensembles of spatially extended oscillatory media (i.e. 

high-dimensional systems) remains to be better explored.  

Perfect synchrony of incoherent (turbulent) spatial patterns was reported by Zhou (2006). 

Here we present a more general possibility: lag synchronization, with specific time intervals 

between incoherent spatial patterns. Although this behavior looks superficially similar to so-called 

anticipated synchronization reported in (Ciszak et al., 2015), there is no time delay introduced ad 

hoc in our model (it emerges dynamically in a natural way) and our coupling is bidirectional. When 

lag synchronization arises in the ensemble of spatially extended oscillatory media, this provides a 

basis for long-lead predictability of climate systems even in the presence of incoherence. Neither 

the existence of lag synchronization in ensembles of climate systems nor its link to long-lead 

predictability of the separate systems has ever been addressed. 

The CGLE (Aranson & Kramer, 2002; Cross & Hohenberg, 1993; García-Morales & 

Krischer, 2012) is the model building block of each spatially extended oscillatory medium within 

the ensemble. In fluid mechanical systems, the CGLE describes the universal behavior of the 

transition from noise to regular oscillations (García-Morales et al., 2024). In the context of weather 

and climate systems, the CGLE was used to develop a machine-learning-based prediction 

framework (Jiang et al., 2022)  and to model cloud pattern formation (Monroy & Naumis, 2021). 

2 Data and Methods 

2.1 Data 

The ISMR is defined as the total rainfall accumulated over the Indian landmass during June-

September (JJAS). The ISMR dataset is obtained from a fixed network of 306 rain stations 

distributed across the Indian landmass, excluding hilly regions such as Jammu and Kashmir, 

Himachal Pradesh, West Uttar Pradesh Hills, and Arunachal Pradesh (Parthasarathy et al., 1994). 

The observations from this network are available at a monthly temporal resolution for the period 

1871-2016. To construct the G-ENSO index, the depth of the 20°C isotherm (D20) over the global 
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tropics (0°-360°E, 30°S-30°N) is obtained from Simple Ocean Data Assimilation (SODA) version 

2.2.4 (Carton & Giese, 2008; Giese & Ray, 2011). Several versions of the SODA datasets exist, 

differing in their data assimilation configuration (Carton et al., 2018; Carton & Giese, 2008). The 

output variables from SODA version 2.2.4, include ocean temperature, salinity, horizontal and 

vertical ocean velocity, sea level, and wind stress. These variables are available as monthly 

averages on a global grid with a spatial resolution of 0.5° x 0.5°, with 40 vertical levels, covering 

the period 1871-2010. Monthly anomalies are obtained by removing the climatological mean 

annual cycle. For gridded dataset, this procedure is applied independently at each grid point. 

Further, linear trends are removed from all monthly anomalies. 

2.2 Predictor discovery Algorithm for G-ENSO Predictors  

The influence of ENSO on ISMR at a given lead time depends on the global tropical sea surface 

temperature (SST) configuration at that lead. Consequently, the regional Niño 3.4 index alone is 

insufficient to represent the full impact of ENSO on ISMR. The correlation between Niño 3.4 and 

ISMR captures only a partial teleconnection and may become misleading at longer lead times. 

Recognizing these limitations and the role of the global tropical oceans (0–360°E, 30°S–30°N), 

(Sharma et al., 2022) introduced the G-ENSO for studying teleconnections with ISMR. The G-

ENSO indices (Dp) are constructed for lead times up to 48 months to incorporate the combined 

influence of all potential tropical oceanic teleconnections associated with ISMR. First, we obtain 

the correlation maps between global tropical D20 and ISMR anomalies over a long time period. 

The D20-ISMR correlation maps constructed at different lead times represent the monthly 

evolution of ENSO in the Pacific Ocean and the associated teleconnection patterns in the Atlantic 

and Indian Oceans. Next, for each lead, the index is obtained by projecting the D20 anomalies onto 

the statistically significant regions of the long-term correlation map between D20 and ISMR 

anomalies. For example, the 18-month lead G-ENSO index (Dp(-18)) is obtained by projecting 

the December D20 anomaly field over the global tropics for the period 1873-2008 onto regions 

that exhibit statistically significant (≥95%) correlation between December D20 anomalies (1873-

2008) and ISMR anomalies (1875-2010). The projection is computed through a Hadamard 

(element-wise) multiplication between the D20 anomaly field and the correlation map, followed 

by spatial summation over all grid points as shown in Figure 1 of (Sharma et al., 2022). A 
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schematic representation and detailed description of the methodology are provided in 

Supplementary Figure S1 and Text S1, respectively.  

2.3 Modelling Two Interacting Climate Systems 

Descriptors of the ISMR and the G-ENSO can be quantified by averaged order parameters arising 

from the interaction of two spatially extended oscillatory media. Let A(x,y,t) and B(x,y,t) denote 

complex-valued order parameters whose spatiotemporal evolution is governed by two coupled 

CGLEs  

𝜕!𝐴 = 𝐴 + (1 + 𝑖𝑎")∇#𝐴 − (1 + 𝑖𝑎$)|𝐴|#𝐴 − 𝛾𝐵    (1) 

𝜅𝜕!𝐵 = 𝐵 + (1 + 𝑖𝑏")∇#𝐵 − (1 + 𝑖𝑏$)|𝐵|#𝐵 + 𝛾𝐴    (2) 

We define the theoretical ISMR (I) and G-ENSO (E) descriptors as 

𝐼(𝑡) = %!
&"∬d𝑥d𝑦	Re𝐴      (3) 

𝐸(𝑡) = '!
&"∬d𝑥d𝑦	Re𝐵      (4) 

Here N is the spatial resolution (we have taken N = 256 in all simulations) and Re denotes the real 

part. The dimensionless constants E0 = I0 = 25 are fixed to match the window of the experimentally 

observed amplitudes. A and B depend on time t and on two spatial coordinates x, y. The Laplacian 

∇#  operator introduces a diffusive (local) coupling within each oscillatory media (‘weather’ 

interactions). The real parameters a1 and b1 characterize linear dispersion while parameters a3 and 

b3 describe nonlinear saturation. Parameter k sets the time scale of B compared to the one of A. For 

k >1 (k < 1), B evolves slower (faster) than A. Since the “oceanic” G-ENSO is slower than the 

“atmospheric” ISMR, we shall take k = 2 in the simulations.  

The coupling constant 𝛾 describes the in-phase amplification of B by A and the weakening of A by 

B: Regions with high A tend to produce regions with high in-phase B which, in turn, weaken high-

A regions. The resulting lower-A regions receive then an increased A through diffusion from 

neighboring high-A regions, creating a time delay between the in-phase synchrony of A and B. 
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These locally linear dynamical balances are at the very heart of our nonlinear model. The resulting 

cycles exhibit complex behavior because the spatial regions migrate fueled by the nonlinear 

instability present in the system. The latter creates incoherent (i.e. turbulent) patterns: The 

parameters a1, a3, b1, b3 are selected so that the individual media are both in the Benjamin-Feir 

unstable regime 1+a1a3 < 0 and 1+b1b3 < 0.  

3 Results 

3.1 Estimate of LDP from observations 

The ISMR is the summer phase of annual cycle of rainfall over the Indian land mass (Figure S3). 

The ISMR oscillator time series is represented by the 5-month moving average of the monthly 

mean rainfall time series spatially averaged over the Indian land mass (Figure 1c) while the G-

ENSO is represented by the first Principal Component of monthly mean D20 over the tropics 

between 30OS and 30ON (Figure 1d) with its spatial structure represented by the EOF1 (Figure 1a). 

The high correlation between ISMR and G-ENSO happens at a lag of 18-month and is shown in 

Figure 1b. There, the ISMR curve is the June to September mean rainfall over India and the Dp 

curve is a G-ENSO based predictor of ISMR, derived from projection of D20 at 18-month lag 

(Sharma et al., 2022).  

To get an estimate of the LDP of ISMR, we calculate the growth of errors from the observed 

ISMR time series (Figure1c) following a method described in (Goswami & Xavier, 2003) 

(Supplementary text and Figure S2). At the peak of the monsoon season, the initial error is very 

high due to large event-to-event variability but the error decreases with lead time and has a 

minimum in the winter and increases again peaking in the next summer (Figure 2a). A strong 

locking of ISMR with the annual cycle makes growth of errors also follow an annual cycle. Thus, 

the growth of errors is a function of initial conditions coming from different calendar months 

giving an LDP of ISMR of about 6 months with best forecasts coming from the previous winter. 

The growth rate of errors in ISMR with lead time (Figure 2a) shows that there are minima 

of error growth at 19-months and 31-months with potential predictability at those leads. A similar 

error growth estimate from the peaks of the G-ENSO oscillator (Figure 1d) indicates that initial 

conditions starting from the peak (El-Niño) also has large initial error (Figure 2b) and is limited 
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by the ‘fast’ growth of errors (Goswami & Shukla, 1991) and saturate quickly limiting 

predictability up to only about 10 months, consistent with the skill of most dynamical prediction 

systems (Ham et al., 2019). However, for initial conditions starting from the trough of the 

oscillation (La-Niña), the initial error is relatively small, and the error grows following the ‘slower’ 

of the two modes of growth, limiting potential ENSO predictability up to approximately 30-months 

(Goswami & Shukla, 1991) (Figure 2b). However, dynamical models may not be able to harness 

this predictability as the initial error is also a function of the annual cycle with large errors (event 

to event variability) during certain seasons (e.g., the spring predictability barrier) (Figure 2c-e). In 

contrast, data driven deep learning models use advanced ‘signal processing’ and have 

demonstrated that they may be able to overcome the error growth issue and harness such 

predictability up to 18-month lead (Ham et al., 2019). Due to paucity of oceanic sub-surface 

observations, the ‘initial error’ in the coupled seasonal prediction systems is in the nonlinear 

regime.  It is notable that due to the locking of both ISMR and G-ENSO with the annual cycle, 

there is a minimum in the forecast errors starting from the peak at approximately 19-month lead 

(Figure 2b). The strong correlation between the two systems at 18-month lead is consistent with 

minimum in growth of errors in both oscillators at 19-month lead. 
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Figure 2: Growth of errors in ISMR and G-ENSO. (a) Growth rate of errors in ISMR as a 
function of lead forecast month estimated from a 5-month window time series of ISMR following 
the method described in the Supplementary Text S2. Since the error growth here is dominated by 
an annual cycle, we present the growth of errors starting from the peak monsoon season only. (b) 
Same as (a) but for the G-ENSO time series (Figure 1d) and starting from the peak and trough of 
the oscillation. (c) Growth of errors of ISMR as a function of lead month and as a function of initial 
conditions from all calendar months. (d) Same as (c) but for G-ENSO time series starting from 
trough (<-1, Figure 1d). The dominant modulation by the annual cycle is evident. (e) Same as (c) 
but for G-ENSO time series starting from peak (>1, Figure 1d). The dominant modulation by the 
annual cycle is evident. 

3.2 Lag synchronization between ISMR and G-ENSO 

Order parameters A and B are initialized with different random uniform noises and integration of 

Eqs. (1) and (2) is carried over 4000 time steps, each of size ∆T = 0.05 by using a pseudoespectral 

method implementing an exponential time-stepping algorithm (Cox & Matthews, 2002). We set t 

= 0 for the generic situation reached after eliminating the transient behavior contained in the first 

1600 time steps. Snapshots of the spatial arrangement at t = 0 of A and B are shown in Figure 3a 

(c) (d) (e)

(a) (b)
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(left) and 3b respectively. There is no obvious apparent relationship between these patterns. 

However, the spatial arrangement of A after 18 months shown in Figure 3a (right) shows strong 

similarities with the snapshot of B in Figure 3b, which can act as a predicted pattern for A. These 

similarities arise because of the impact of the coupling between A and B in their self-organization. 

This coupling, caused by terms g A and -g B, is stronger in regions where the amplitudes are large 

(light regions). Because of it, A and B are strongly correlated with 18-month lag, keeping this good 

correlation for any arbitrary long time and making it predictable. 

  
Figure 3: Lag synchronization between non-linear aperiodic oscillators. (a) Spatial snapshots 
of the real part of order parameter A at t = 0 (left) and t =18 months (right). (b) Spatial snapshot of 
B at t = 0; in both (a) and (b) high amplitude values are yellow (light) and low amplitude values 
are blue (dark). The transient behavior before t = 0 (starting from uniformly random initial 
conditions) has been eliminated. The pattern of B in (b) is strongly correlated to the pattern of A 
that emerges from Eqs. (1) and (2) after 18 months and can be used as a predictor. (c) Time series 
for I (black curve) and E (red curve) obtained from Eqs. (3) and (4) respectively. (d) The same as 
in (d) but with E shifted 18 months to the future. Parameter values: a1 = b1 = -0.4; a3 = 3.0, b3 = 2.5, 
k = 2, 𝛾 = 0.8.  

The order parameters A and B are internal degrees of freedom of the averaged variables I 

and E, respectively. Incoherent patterns in A or B, lead to aperiodic, chaotic-like oscillations in I 

and E, respectively. In Figure 3c the time series of I and E are shown. The time lag with which E 

anticipates I is apparent. Although the 0-lag correlation in Figure 3c is poor (r = 0.2), by shifting 

E 18 months to the future, excellent 18 month-lag correlation (r = 0.89) is found. This implies that 
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E can be used to predict I with 18 months in advance. Figure 3d is in excellent qualitative 

agreement with the observation from meteorological data in Figure 1b.  

 A sufficiently large coupling constant 𝛾 is necessary to achieve lag synchronization. By 

keeping all other parameters as in Figure 3, we can study the impact of changing g in the lag to 

which maximum correlation happens. We show in Figure 4 the correlation as a function of all leads 

from 0 to 30 months, as obtained from Eqs. (1) to (4). When g  = 0, A and B are independent and, 

therefore, I and E are uncorrelated. When g  is increased to a significant value above zero, a lead 

for which the correlation is maximum appears. The maximum correlation increases with 

increasing g . When g  = 0.8, the maximum correlation 0.89 is found at 18 months lead. This red 

curve in Figure 4 compares qualitatively well with the red curve found for Dp in Figure 2c in 

(Sharma et al., 2022).   

A lead-lag correlation study between ISMR (assuming July as center) and monthly Niño 

3.4 SST (Figure S4c) shows that maximum negative correlation between the two occurs about 

three months after the peak monsoon. This is likely to be a result of positive feedback between the 

two. An evolving El Niño during June-September results in a weakening of the monsoon rainfall 

(in our model, B weakens A) and an anomalous negative monsoon heat source and anomalous 

westerly wind anomaly over equatorial western Pacific through the Gill response (Gill, 1980). 

Enhancement of the westerly wind bursts in the western Pacific further amplifies the El Niño (i.e. 

A enhances B). During La Niña, the situation simply reverses and a stronger monsoon rainfall 

further strengthens La Niña. These observations form the basis for the assumption of strong 

antisymmetric bi-directional coupling in our model. 
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Figure 4: Correlation coefficient r between I and E as a function of lead and coupling strength. 
Each curve is obtained from Eqs. (1) to (4) by fixing the value of g indicated close to the curve and 
shifting the time series of E to the future according to the lead values. All other parameter values 
are as in Figure 3.  

4 Conclusions 

In this letter we have shown that lag synchronization between interacting climate systems (viewed 

as nonlinear spatially extended oscillatory media) is the dynamical basis behind the experimentally 

observed high potential predictability of the ISMR from the G-ENSO at 18-month lead (Sharma 

et al., 2022). Appropriate complex-valued order parameters characterize the internal degrees of 

freedom of different climate systems. The dynamical impact of the antisymmetric bidirectional 

coupling of the order parameters can be summarized as follows: The coupling leads to the internal 

self-organization of the degrees of freedom within each climate system so that lag synchronization 

arises between different climate systems as an emergent phenomenon. If the coupling constants 

were zero, predictability beyond the LDP would not be possible.  

We have shown the relevance of lag synchronization for weather and climate science and 

its potential for long-lead climate predictability. Our findings have far-reaching implications in 

long-lead seasonal prediction to other regional climates driven by the G-ENSO as well (not shown 

here). Our preliminary investigation indicates that extra-tropical climates such as the NAO could 

be more predictable than previously thought. So far, seasonal predictability is still being looked 

within the LDP of the climate systems (Charney & Shukla, 1981; Shukla, 1981, 1998). We have 
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unraveled here a novel source of long-lead predictability beyond the LDP with help of a model 

that is able to capture the high correlation observed in the observation ‘experiments’. Our findings 

pave the way for data driven models to make useful forecasts of seasonal climate at long-leads, 

thought impossible previously. 
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Text S1: Global-ENSO indices 

The Global-ENSO index Dp at a given lead month is constructed to incorporate the combined 

influence of all potential tropical oceanic teleconnections associated with Indian Summer 

Monsoon Rainfall (ISMR) at that lead (Sharma et al., 2022). 

Figure S1: Schematic representation of the algorithm developed by (Sharma et al., 2022) for 
generating D20-based Global-ENSO indices.  

For example, Dp at a one-month lead is constructed using global tropical May D20 anomalies over 

0°–360°E and 30°S–30°N from the Simple Ocean Data Assimilation (SODA) version 2.2.4 dataset 

for the period 1875–2010. These anomalies are multiplied element-wise by the statistically 

significant regions (95% confidence level) of the correlation map between global tropical D20 

anomalies and ISMR anomalies from (Parthasarathy et al., 1994) for the same period (1875–2010). 

The resulting values are then summed over all grid boxes to obtain a single time series, referred to 

as Dp at one-month lead or Dp(-1). 

Similarly, Dp at an 18-month lead is constructed using global tropical December D20 anomalies 

over 0°–360°E and 30°S–30°N from SODA version 2.2.4 for the period 1873–2008. These 
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anomalies are multiplied element-wise by the correlation map between global tropical D20 

anomalies (1873–2008) and ISMR anomalies from (Parthasarathy et al., 1994) for the period 

1875–2010. The resulting grid-box values are then summed to produce the Dp(-18) time series. 

Text S2: Growth of Errors 

The growth of error from different initial conditions (January–December) was calculated for both 

rainfall and the first principal component (PC1) of the dominant empirical orthogonal function 

(EOF) of global tropical monthly D20 anomalies, following the method of (Goswami & Xavier, 

2003). In this approach, the standard deviation in the evolution of the system from a given initial 

condition is used as a proxy for error growth. 

For example, in the case of 5-month running mean rainfall anomalies (Figure S2a and 1c), the time 

step at which July lies at the center of the running mean is taken as the initial condition (lead 0) 

(Figure S2c). The standard deviation of all rainfall anomaly values corresponding to this July-

centered time steps is defined as the error at lead 0 (Figure S2g). The same procedure is then 

repeated for subsequent time steps: the standard deviation corresponding to the August-centered 

running mean gives the error at lead 1, the September-centered running mean gives the error at 

lead 2, and so on (Figure S2g and 2a). This procedure provides the evolution of error growth in 

the 5-month running mean rainfall anomalies for the June initial condition. 

The same analysis was repeated by individually considering January- to December-centered time 

steps as the initial condition (lead 0). This resulted in a matrix of error growth (Figure 2c), which 

represents the evolution of error in the 5-month running mean rainfall anomaly for different initial 

conditions throughout the annual cycle. 

For the PC1 of the dominant EOF of global tropical monthly D20 anomalies (Figure S2b and 1d), 

time steps with PC1 values greater than 1 (less than −1) were considered as the initial conditions 

(lead 0) for peak (trough) events (Figure S2e-f). The standard deviation of these selected time steps 

was defined as the error at lead 0. Subsequently, the standard deviation of all time steps one month 

ahead of the selected events was calculated as the error at lead 1, and the procedure was repeated 

for successive months. Using this approach, the error growth associated with strong positive 

(negative) D20 events was estimated up to 36-month leads (Figure S2h and 2b). 
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Further, the analysis was repeated separately for events occurring during January to December by 

individually considering each calendar month as the initial condition. This resulted in a matrix of 

error growth (Figure 2d-e), which represents the evolution of error growth up to 36-month leads 

in global tropical monthly D20 anomalies for strong positive (negative) events initiated in different 

months of the year. 

Figure S2: (a) Time series of 5-month running mean of ISMR annual cycle for 30-years, (b) Same 
as (a) but for G-ENSO (PC1) for 30-years. (c) Spaghetti diagram of evolution of evolution of 

(a) (b)

(c) (d)Summer Initial Condition Winter Initial Condition

(e) (f)From Peak (PC1>1) From Trough (PC1<-1)

(g) (h)
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ISMR from the all peaks (summer), (d) same as (c) but for all troughs (winter), (e) Spaghetti 
diagram of evolution of evolution of G-ENSO from the all peaks, (f) same as (e) but for all troughs. 
(g) Growth of errors as a function of lead time for ISMR starting from peaks and troughs based on 
the 30-year data shown in (a), (h) Same as (f) but for G-ENSO based on 30-year data shown in (b). 

Figure S3: (a) Climatological mean June-September rainfall over the Indian monsoon region from 
ERA5. (b) Monthly climatological annual cycle of ISMR (mm/day). 
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Figure S4: (a) Power spectrum of 5-month running mean of monthly rainfall anomalies shown in 
Figure 1c. (b) Power spectrum of first principal component of monthly D20 anomalies shown in 
Figure 1d. Red noise spectra at 95% confidence level is shown in red. (c) Lead-lag correlation 
between Nino 3.4 index and JJA mean ISMR. COBE (Hirahara et al., 2014) and IITM dataset are 
used for SST and ISMR, respectively. JJA mean ISMR is obtained between 1873 and 2008. 
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