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system can enhance the forecasting accuracy of the IM and 
EREs.
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1  Introduction

 The Indian monsoon (IM) and associated extreme daily 
rain events (EREs) have a major influence on the welfare 
of over 1.2 billion people (Gadgil and Kumar 2006; Ashfaq 
et al. 2009). Variability in the IM is known to be modulated 
by two ocean–atmosphere phenomena, El Nino–Southern 
Oscillation (ENSO) and the more recently described Indian 
Ocean Dipole (IOD; Saji et  al. 1999; Ashok et  al. 2004). 
The possible linkages between ENSO and IOD are also an 
active area of investigation (Wang and Wang 2014).

Earlier studies have shown a weakening ENSO–IM rela-
tionship in recent decades attributed to a warmer climate 

Abstract  The El Nino Southern Oscillation (ENSO) and 
the Indian Ocean Dipole (IOD) are widely recognized as 
major drivers of inter-annual variability of the Indian mon-
soon (IM) and extreme rainfall events (EREs). We assess 
the time-varying strength and non-linearity of these link-
ages using dynamic linear regression and Generalized 
Additive Models. Our results suggest that IOD has evolved 
independently of ENSO, with its influence on IM and 
EREs strengthening in recent decades when compared to 
ENSO, whose relationship with IM seems to be weaken-
ing and more uncertain. A unit change in IOD currently has 
a proportionately greater impact on IM. ENSO positively 
influences EREs only below a threshold of 100 mm day−1. 
Furthermore, there is a non-linear and positive relationship 
between IOD and IM totals and the frequency of EREs 
(>100 mm day−1). Improvements in modeling this complex 
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(Kumar et  al. 1999; Ashrit et  al. 2001; Ihara et  al. 2008), 
and a concurrent strengthening of the IOD–IM relation-
ship (Ashok et al. 2001, 2004; Ashok and Saji 2007; Izumo 
et al. 2010; Ummenhofer et al. 2011) attributed to non-uni-
form warming of the Indian Ocean (Ihara et al. 2008; Cai 
et  al. 2009). Extreme rainfall events have also simultane-
ously increased over parts of India (Goswami et al. 2006; 
Rajeevan et al. 2008; Ghosh et al. 2012) and the same has 
been linked to global warming and warming of the Indian 
Ocean (Goswami et  al. 2006; Ajaymohan and Rao 2008; 
Rajeevan et  al. 2008). Interestingly, an overall decline in 
average IM in recent decades has been reported (Kumar 
et  al. 2011; Krishnan et  al. 2013). However certain parts 
of the country are witnessing an increase in average IM 
(Guhathakurta and Rajeevan 2008) and in the frequency 
of EREs (Guhathakurta et  al. 2011). The possible role of 
changes in the land-sea temperature gradient which explain 
these declines have been reported in earlier studies (Han 
et al. 2010; Kumar et al. 2011; Krishnan et al. 2013). The 
evolution of monsoon-IOD feedbacks are also well docu-
mented (Abram et  al. 2008; Vinayachandran et  al. 2009; 
Luo et al. 2010). Although the overall IM is declining, pre-
cipitable moisture for sustaining ERE’s could be increasing 
due to local processes (Trenberth et al. 2003) and also due 
to larger global phenomena such as SSTs in other ocean 
basins outside the Indo-Pacific sector (Turner and Anna-
malai 2012; Cherchi and Navarra 2013; Wang et al. 2013). 
On the other hand, a recent study (Prajeesh et  al. 2013) 
indicates the possibility of a weakened local mid-tropo-
spheric humidity resulting in reduction in monsoon depres-
sion frequency.

Previous studies have looked independently at either 
overall annual monsoon totals or daily rainfall at high 
exceedance thresholds (such as above 150  mm  day−1), 
rather than as a continuum from low to high and very high 
exceedance levels. However, the impact of EREs depend on 
the land-use and land-cover and antecedent moisture status, 
and thus a daily rainfall of 25 or 50 mm day−1.can have an 
“extreme” impact on people, property, ecosystem response 
and livelihoods. Existing studies have also addressed 
changes over time in monsoon and ocean–atmosphere phe-
nomena using moving window correlations, dividing time 
scale into arbitrary time-periods or linear regression mod-
els with time-invariant regression parameters. Most studies, 
with some exception (Ashok et al. 2001), have focused on 
specific years, e.g. El Nino, La Nina, positive and negative 
IOD years, rather than consider the full range of ocean–
atmosphere index values to assess their influence on IM 
and EREs.

There is thus a need for robust methods to model non-
stationarity in a continuous and consistent manner across 
the full range of ocean–atmosphere indices for both Mon-
soon totals and frequency of EREs across a range of 

exceedance thresholds with clearly identified parameters 
that are easy to interpret, along with the quantification of 
uncertainties. Potential non-linearities in the relationships 
also need to be identified as the basis for better understand-
ing and forecasting. To this end, we introduce the applica-
tion of two robust methods to study changes in the relation-
ship between two principal ocean–atmosphere phenomena 
as well as their evolving influence on monsoon dynamics 
and annual frequency of EREs at multiple exceedance 
thresholds over multi-decadal time-scales. We demon-
strate that the application of these two methods: Bayesian 
dynamic linear regression (DLM) to model non-stationarity 
based on time-varying regression parameters over multi-
decadal scales, and generalized additive models (GAMs) 
to model non-linearity in the relationships, averaged over 
larger time periods, and show how this helps us understand 
recent shifts and trends in influence of ENSO and IOD on 
IM and EREs.The scope of this work is primarily to intro-
duce more robust methods for evaluating the impacts of 
ENSO–IOD on IM extreme rainfall, both for studying and 
understanding past dynamics as well as for forecasting.

Dynamic state-space models (DLM) including those 
with time-varying regression parameters (Harrisons and 
Stevens 1976) have been familiar to statisticians and time-
series modellers since the mid-80s when it was applied 
to economic and industrial output time-series (West et  al. 
1985; Harrison and West 1997). Dynamic models with 
time-varying regression coefficients have been used to 
study changes in stream hydrology and population ecology 
(Krishnaswamy et al. 2000, 2001; Calder et al. 2003) and 
more recently to analyze changes in vegetation greenness 
in response to climate change (Krishnaswamy et al. 2014). 
Their application in understanding monsoon dynamics in 
relation to ocean–atmosphere phenomena, however, has 
been limited (Maity and Nagesh Kumar 2006).

An important statistical development in the last few 
decades has been advances in GAMs. GAMs (Hastie and 
Tibshirani 1986, 1990) are semi-parametric extensions of 
generalized linear models (GLMs), and are based on an 
assumed relationship (called a link function) between the 
mean of the response variable and a smoothed, additive, 
non-parametric function of the explanatory variables rather 
than a linear function of the covariates as in a GLM.

Data may be assumed to be from several families of prob-
ability distributions, including normal, binomial, poisson, 
negative binomial, or gamma distributions, many of which 
better fit the non-normal error structures of most ecological 
and biophysical data. The only underlying assumption made 
is that the functions are additive and that the components are 
smooth. The strength of GAMs lies in their ability to deal 
with highly non-linear and non-monotonic relationships 
between the response and the set of explanatory variables. 
GAMs are data rather than model driven. This is because 
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the data determine the nature of the relationship between the 
response and the explanatory variables rather than assum-
ing some form of parametric relationship (Yee and Mitchell 
1991). Like GLMs, the ability of the method to handle non-
linear data structures can aid in the development of models 
that better represent the underlying data, and hence increase 
our understanding of biophysical systems. GAMs have been 
widely used in a range of scientific domains to model non-
linearity in regression type data (Lehmann et al. 2002). This 
provides a better fit to environmental, ecological or meteor-
ological data when compared to linear models (Guisan et al. 
2002; Pearce et al. 2011; Wang et al. 2012).

2 � Data and methods

2.1 � Data

Datasets used in the study included the following: (1) the 
homogeneous, area-weighted time-series of annual sum-
mer (Jun–Sep) monsoon rainfall totals (JJAS) for the 
period 1871–2011 (Parthasarathy et  al. 1994); (2) sum-
mer NINO4 (sea surface temperature (SST) averaged over 
160°E–150°W and 5°S–5°N) which is an ENSO index 
based on the Extended Reconstructed SST dataset (Smith 
et al. 2008; ERSSTvb3); (3) the summer IOD index-differ-
ence in SST anomalies between the western (50°E–70°E 
and 10°S–10°N) and eastern (90°E–110°E and 10°S–0°S) 
tropical Indian Ocean (Saji et  al. 1999), also computed 
using the ERSSTvb3 (4) the summer El Niño Modoki 
Index (EMI; Ashok et al. 2007)-difference in SST anoma-
lies over three regions (165°E–140°W and 10°S–10°N; 
110°W–70°W and 15°S–5°N; 125°E–145°E and 
10°S–20°N) computed using the ERSSTvb3 (5) NINO4 
and IOD indices from the Extended Kaplan SST (Kaplan 
et al. 1998) dataset and (6) daily gridded rainfall data over 
India for the period 1901–2004 (Rajeevan et  al. 2006). 
From the latter, ERE frequencies—the number of days of 
rainfall exceeding a given threshold over all grids in India 
in each year—were determined. EREs are increasingly 
being defined in terms of their impacts in certain regions 
or under specific antecedent moisture conditions and the 
carrying capacity of the ecosystem rather than based only 
on absolute or relative values (Pielke and Downton 2000). 
For example, in the Himalayas, 25 mm day−1 is considered 
a critical threshold for the occurrence of major landslides 
once adequate antecedent moisture has accumulated (Gabet 
et  al. 2004). Similarly, other global and regional studies, 
which define heavy and extreme precipitation for studying 
long-terms trends or impacts of climate change, have clas-
sified events of 25 mm day−1as extreme events (Zhai et al. 
2005; Hennessy et al. 1997; Groisman et al. 1999). In this 
work, the following exceedance thresholds were therefore 

selected: 25, 50, 100, 150 and 200  mm per day. The IM 
data was obtained from http://www.tropmet.res.in/and the 
indices from http://iridl.ldeo.columbia.edu/.

It is important to note that the NINO4 index was chosen 
based on recent results that showed this region in the equa-
torial Pacific to have a stronger teleconnection with the IM 
(Kumar et  al. 2006; Rajagopalan and Molnar 2012). The 
sign of the index was reversed to give a positive correlation 
with IM rainfall for easier interpretation and comparison 
with influence of IOD, whose positive phase is associated 
with higher rainfall in IM. Positive values of the redefined 
NINO4 index thus correspond to the La Nina phase, which 
is associated with higher IM rainfall and potentially higher 
frequency of EREs and the lower negative end of the scale 
corresponds to the extreme El Nino phase.

3 � Methods

3.1 � Bayesian dynamic linear regression

In a traditional (or static) linear regression model, the 
regression coefficients estimated based on historical data do 
not change over time. In contrast, in dynamic linear mod-
els the regression coefficients such as intercepts and regres-
sion slopes can vary as a function of time, i.e. they allow 
us to capture the time-varying nature of the relationship. 
Dynamic linear models (Petris et al. 2009) consider a time 
series as the output of a dynamical system perturbed by ran-
dom disturbances. This allows a robust quantification and 
elegant visualization of the changing influences of covari-
ates. In Bayesian dynamic regression models (Harrison and 
West 1997; Petris et al. 2009), a type of dynamic state space 
model, regression coefficients are updated at each time step, 
conditional on available data and the model using Bayes 
theorem. The general form of the model is represented as

where Y is the dependent variable (e.g., IM annual totals 
and square root of annual counts of EREs in this study) and 
X1, X2,… are the independent variables (e.g., NINO4 and 
IOD in this study), t denotes the time (t = 1, 2,…, N) and 
β0t, β1t, β2t,… are the time varying intercept and slopes, 
respectively (i.e., regression coefficients). et is the noise or 
error distributed normally with a mean of 0 and variance 
V, and can be obtained from the residual variance from the 
traditional regression model fitted to the data. The time-
varying intercept represents the level at time t correspond-
ing to the covariate model. Its time-trajectory constitutes an 
overall level/trend that can be interpreted as variability in 
the response variable that is not captured by the covariates 

(1)Yt = β0t + β1tX1t + β2tX2t + . . .+ et

et ≈ N(0,V)
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alone. The trends in the time-varying slope can be directly 
interpreted as changes in the influence of that covariate on 
the response variable.

Equation  2 models the time varying regression coef-
ficients—i.e., system dynamics. The parameter W which 
controls the dynamics of the time-evolution of the regres-
sion coefficients is specified a priori by setting W/V, the 
signal to noise ratio. As V is known (obtained from the 
residual error variance from a traditional regression), 
assuming the ratio W/V specifies W—a conservative value 
of 0.1 is adopted in our study.

The posterior predictive distribution of model coeffi-
cients at each time t is based on the distribution of coef-
ficients from the previous time step t-1 (i.e., prior), and 
the probability of the data Yt conditional on the model 
parameters at time t, (i.e., likelihood) using Bayes theo-
rem as:

(2)
β0t = β0(t−1) + wt ,β1t = β1(t−1) + wt ,β2t

= β2(t−1) + wt , . . . , where

wt ≈ N(0,W)

(3)P(θt |Yt) ∝ P(Yt|θt)P
(

θt|Y(t−1)

)

where θt represents the vector containing the regression 
coefficients at time t.

At the start, the regression coefficients are estimated 
from a traditional static linear regression which provides 
the mean value and the variance of the coefficients with a 
normal distribution—i.e., θ0 ≈ N(m0, C0) where m0 and C0 
are the mean vector and the variance–covariance matrix of 
the regression parameters. Posterior distributions of param-
eters at any time t can be obtained recursively using a Kal-
man filtering approach along with Markov chain Monte 
Carlo simulation approach. Bayesian confidence intervals 
can be generated from the posterior distributions. Here, we 
used the library dlm in R (Petris et al. 2009).

Although in this study we used a retrospective analy-
sis, DLMs can also be used in forecasting and predictions 
at time t + k using the regression models conditioning on 
information known up to a particular time period t.

One of the advantages of DLMs is that they offer a 
frame-work for prediction and forecasting as well, which 
a moving window correlation cannot. Their ability to have 
both time-varying intercept and slopes in the model makes 
it easier to attribute linkages of the response to not only 
the covariates but also to unmodeled factors. In addition, 
since a bayesian updating of model parameters evolves 
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Fig. 1   Changes in the relationship between IOD and NINO4, and the 
relationships between these indices and the Indian monsoon over time. 
Each plot includes a regression parameter (intercept or slope; solid line) 
along with the 25th and 75th percentile credible interval lines (dotted 
lines) estimated using dynamic regression models. a Plot of the time-
varying slope of the relationship between NINO4 and IOD, b Time 
varying intercept (monsoon level) for the regression of IM with NINO4 

and IOD as co-variates, c Time-varying slope of the IM–NINO4 rela-
tionship, d Time varying slope of the IM–IOD relationship, and e plot 
of the estimated rainfall from the dynamic regression model (dotted blue 
line) and the observed rainfall (solid green line) over time. f Actual and 
estimated monsoon totals using the ordinary static regression model. 
g Actual and estimated monsoon totals using the dynamic regression 
model. p values for regression model in f and g are less than 0.0001

Author's personal copy



179Indian monsoon rainfall and extreme rain events

1 3

through the time-series, the transition across major 
changes, whether abrupt or gradual is easily captured.

3.2 � Generalized additive model (GAM)

Generalised Additive Models were used to detect nonlin-
earities that might be present in the relationship between 
covariates (NINO4 and IOD) and monsoon attributes (IM 
totals, annual frequency of EREs), which are typically hard 
to capture using traditional linear regression methods. The 
general form of these models used were:

The function g(.) is the link function. The functions fi 
for each variable Xi used was nonparametric–splines, thus 
providing the ability to capture appropriate levels of non-
linearities in these variables. The smoothing function for 
each predictor is derived separately from the data and these 
are combined additively to generate the fitted values. The 
covariate range is covered using knots which define seg-
ments where the local spline functional form is fitted to 
define the response. In the case of Y being the monsoon 
totals, the covariates were the monsoon seasonal aver-
age NINO4 and IOD indices for each year and, we used 
the identity link and Gaussian distribution for the error. In 
the case of EREs the response variables, Y, are the square 
transformed counts of monsoon seasonal EREs in each 
year at different exceedance thresholds and the covariates 
were the same as described above. However, the link func-
tion chosen was the log, the standard link function for Pois-
son distribution appropriate for count data, such as the case 
here. The difficulty in specifying a probability distribution 
for the response and error terms is overcome by the use of 
quasi-likelihood models where only a relationship between 
mean and variance is specified, and the variance or dis-
persion is derived from the data. Therefore GAM models 
are very flexible in accommodating different distributions 
within the same broad family (i.e. Poisson in the case of 
count data).The p values obtained from the GAM mod-
els are based on the chi square distribution. GAM models 
are very flexible in being able to accommodate a variety 
of non-linear shapes and thus are particularly suitable for 
studying teleconnections between ocean–atmosphere phe-
nomena and climate as these are non-linear and complex 
(Hoerling et al. 1997).

The output of the GAM models included the fitted val-
ues obtained as the expected value of the counts using 
back-transformation using the link function. The fitted val-
ues can be plotted against the covariates and the uncertainty 
in the scatter quantified using non-parametric smoothing 
method using the qplot function in R. This enables the 
interpretation of the response variable in the original units. 
Uncertainty in fitted GAM models was assessed in two 

(4)g(E(Yt)) = β0 + f1(X1t)+ f2(X2t)

distinct ways: p values from the GAM models, as well as 
visual interpretation of standard error bands on the fitted 
values plotted against the individual covariate.

4 � Results and discussion

We fitted a DLM to IOD with NINO4 as the covariate to 
investigate the changing relationship between these two 
indices. Results (Fig. 1a) show a generally negative slope 
suggesting that that the La Nina phase of NINO4 and the 
positive IOD positive do not co-occur. It also suggests 
that IOD’s correlation with NINO4 may be weakening in 
the last decade, indicated by the time-varying slopes tend-
ing towards zero. A DLM was fitted to IM as a function 
of NINO4 and IOD. The time varying intercept (or level) 
is shown in Fig.  1b, which shows multi-decadal variabil-
ity with three peaks and troughs. Further, such variability 
is consistent with multi-decadal variability of the IM rain-
fall documented by others (e.g., Ummenhofer et al. 2011).
The slope of IM–NINO4 shows a recent recovery from 
the decline from 1960s (Fig.  1c), but the most interest-
ing and clear trend is in the IM–IOD slope which shows a 
consistent increase since the 1960s (Fig. 1d). Thus, a unit 
change in IOD is producing proportionately more impacts 
on the IM relative to earlier periods. Interestingly, the 
period since 1960s is also the period for which a reduced 
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Fig. 3   Time-varying influence of NINO4 and IOD on the annual 
counts of EREs (square root transformed) for the periods 1901–
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third column f–j show the time-varying regression slope coefficient 
of ERE with NINO4, while the last column k–o shows the regression 
coefficient slope of ERE against IOD. Note the increasing influence 
of IOD in recent decades relative to earlier periods

Author's personal copy



181Indian monsoon rainfall and extreme rain events

1 3

monsoon-ENSO relationship was reported (Kumar et  al. 
1999). The mean estimates of IM from the dynamic regres-
sion model capture the observed variations in the IM quite 
well (Fig. 1e). Furthermore, this model outperforms tradi-
tional linear regression models (Fig.  1f, g). Additionally, 
the results were verified using the Kaplan SST dataset for 
NINO4 and IOD. We also used the NINO3 and EMI indi-
ces derived from ERSSTvb3, to verify the increasing influ-
ence of IOD on the IM (Fig. 2). Despite some differences, 
the overall trends and patterns in results are robust over 
different SST sources and ENSO indices, suggesting the 
increasing influence of IOD on the IM.

A dynamic regression model was applied to ERE 
counts at various thresholds and the time varying coef-
ficients are shown in Fig. 3. The time-varying regression 
intercept (Fig.  3a–e) indicates multi-decadal variabil-
ity and highlights an overall increasing trend in EREs of 
150 and 200 mm exceedance since the early 1900s, how-
ever there is a lot of variability in recent decades. Earlier 
studies across multi-decadal scales have shown a similar 
increasing trend in EREs over the Indian subcontinent 
(Goswami et  al. 2006; Rajeevan et  al. 2008). The time 
varying slopes of NINO4 and IOD can be seen in Fig. 3f–
j and k–o, respectively. The influence of IOD has been 
increasing, while that of NINO4 has been declining, over 
the last few decades, particularly for the higher exceed-
ance thresholds. The non-stationarity in the influence of 
NINO4 and IOD on the IM and corresponding EREs is 
quite clear from DLM—they both point to an increas-
ing influence of IOD on EREs since the 1940s with the 
slope changing from negative to positive, albeit with a 
high degree of uncertainty. The influence of IOD on EREs 
remains consistent across different sources of SST and 
ENSO indices (Fig S1).

The non-linear relationship between NINO4 and IOD 
with IM totals was explored by fitting a GAM (Fig. 4, Fig 
S2 and S3). Based on the DLM analysis, the early 1940s 
emerged as a turning point in the relationship between fre-
quency of EREs and IOD (Fig.  3). We thus explored the 
non-linearity of the IM total NINO4–IOD relationships 
in the two periods preceding and after the year 1941. The 
associated p values from the GAM models and stand-
ard errors of the fitted values clearly highlight that that 
the relationships between ENSO and IOD indices and IM 
changed after the 1940s (Fig. 4, Fig S2 and Fig S3). A sim-
ilar changing influence of IOD on EREs (above 150 mm) 
is also evident during the second half (1942–2011) of the 
study period (Fig.  3n–o and Fig S1). The changing influ-
ence of ENSO and IOD on IM since 1940s remains con-
sistent across different types of ENSO indices. However, 
this is not necessarily true across different SST sources 
(Fig.  3 and Fig S3). Overall, it’s evident that the influ-
ence of IOD has strengthened in the 1942–2011 period 

compared to ENSO, whose relationship with IM seems to 
be more uncertain and more non-linear relative to 1871–
1941 period.

In order to investigate the nature of relationship between 
NINO4 and IOD with EREs, a GAM was fitted to the ERE 
counts for different thresholds (Fig.  5). As the number 
EREs are sparse, especially for higher exceedance thresh-
olds, we applied the GAM model to data from the entire 
time-period (1901–2007). For lower exceedance thresholds 
(25, 50  mm  day−1), IOD has an influence on frequency 
of EREs only in its positive phase, but for higher exceed-
ance thresholds, the positive influence of IOD is evident 
across the range of the IOD index values (Fig.  5 and Fig 
S4). Thus, IOD is more important for influencing EREs 
at higher exceedance levels. Furthermore, for the higher 
exceedance EREs there is a pronounced non-linear dip in 
the influence of IOD at the higher end, possibly suggesting 
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Fig. 4   Non linear response of annual IM totals to NINO4 and IOD. 
Modelled IM total as a function of NINO4 (a–b) and IOD (c–d). 
The solid lines represent the fitted values of IM total as a function of 
either NINO4 or IOD based on generalized additive modelling, while 
the shaded areas represent the standard error bands. IOD emerges 
as the more monotonic and consistent driver of IM especially in the 
recent decades. The associated p value of GAM model was signifi-
cant (p < 0.03) for influence of IOD for the period 1942–2011, how-
ever the standard error bands on the fitted values suggests shifts in 
the relative role of NINO4 and IOD on the IM between 1942–2011 
relative to the earlier period
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the inhibiting influence of un-modelled processes or the 
influence of different physical processes when compared to 
lower thresholds.

Nonlinearities in the relationships are quite appar-
ent from these plots. Positive values of IOD are gener-
ally associated with an increase in ERE counts (all results 
were significant at p < 0.001), but for 100 mm and above 
EREs increase with the IOD index, but flatten out at posi-
tive IOD values, suggesting that local or regional drivers in 
addition to the two ocean–atmosphere phenomena could be 
influencing occurrence of very high EREs. The spatial dis-
tribution of high EREs (Fig S5) indicates that large areas 
in India (including upper catchments of major rivers) are 
prone to flooding. Such areas also incorporate large vul-
nerable populations including major urban centres. Also in 
urban landscapes pluvial flooding is a major source of con-
cern and can occur at lower rain intensities (Dawson et al. 
2008). As urbanization spreads, vulnerability is predicted 
to increase in these regions.

The DLM and GAM methods provide a robust approach 
to modelling non-stationarity and nonlinearity in relation-
ships between large climate features and regional pre-
cipitation as well as quantifying the uncertainties. Our 
approaches can be applied to other regions where ocean–
atmosphere phenomenon is known to influence precipita-
tion, and thus evaluate any changes in the pattern of rainfall 
and EREs. Such analysis should be informed by a compari-
son across different SST sources used for defining ocean–
atmosphere indices. This is especially important as the 
uncertainty about SST data before 1950 is higher.

Our research and results highlight several exciting and 
challenging questions. Can dynamic models that include 
IOD as a covariate improve the predictability of monsoon 
rainfall and its extremes at time-scales finer than annual? 
Can we map spatially explicit influences of ENSO and 
IOD for larger regions to identify vulnerable and sensi-
tive areas? Can we identify local and regional factors that 
influence EREs apart from ocean–atmosphere phenomena? 
Can long term simulations from GCM models confirm the 
shifts in the relative role of ENSO and IOD on the IM? 
The impact of changing climate and weather extremes on 
future socio-economic welfare and ecosystem responses 
in India and elsewhere is a major area of concern for 

adaptation strategies (Easterling et  al. 2000; Meehl et  al. 
2000; Kundzewicz et  al. 2008; Revi 2008; Tubiello et  al. 
2007). Clearly, advances in these questions will make a 
meaningful difference to the region’s social and economic 
well-being and the sustainability of its ecosystems and eco-
system services.
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els are significant at p < 0.001
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