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Abstract 25 

High Mountain Asia (HMA), spanning from the Hindu Kush to the Tibetan Plateau, encompasses tropical and 26 

subtropical regions highly susceptible to extreme precipitation events and associated hazards. El Niño–Southern 27 

Oscillation (ENSO) is one of the dominant external climate modes that influence subseasonal to seasonal precipitation 28 

over HMA through various dynamical pathways. We hypothesize three possible ENSO-driven teleconnection 29 

pathways impacting HMA precipitation and test their causality using a data-driven causal discovery method, PCMCI+, 30 

an improved version of the Peter and Clark Momentary Conditional Independence algorithm. The three physically 31 

reasoned ENSO- driven teleconnection pathways are (1) extratropical Rossby wave response (EWP), (2) tropical 32 

moisture transport from the Indian ocean (TMP) and (3) the subtropical westerly jet modulation (SJP) towards HMA. 33 

Contrary to most prior studies that rely on simple correlation analysis to establish ENSO-HMA precipitation 34 

relationships, PCMCI+ offers a rigorous causal discovery method for high dimensional interdependent time series, 35 

based on graphical causal models for establishing causal links and estimating their strength. Our analysis shows that 36 

HMA November precipitation is modulated by an ENSO extratropical Rossby wave teleconnection and by tropical 37 

moisture transport (EWP and TMP), while March precipitation is influenced through the subtropical jet (SJP). 38 

Moreover, by quantifying the causal effect of ENSO with robust causal network guided regression, we establish how 39 

a change on ENSO would propagate to variations in HMA precipitation. These findings offer critical insights for 40 

improving winter precipitation forecasts over HMA, diagnosing physics-based models, and examining future changes 41 

under internal and forced climate variability. 42 

Plain Language Summary 43 

High Mountain Asia (HMA) in the Hindu-Kush and western Himalayas receives large amounts of precipitation in 44 

winter making it highly susceptible to floods and land hazards. El Niño Southern Oscillation (ENSO) is one of the 45 

dominant climate modes known to influence HMA winter precipitation, yet the causal pathways of this influence 46 

remain speculative so far. In this study we used a graphical causal network framework to examine how ENSO 47 

modulates intermediate atmospheric patterns affecting HMA winter precipitation. We tested three physically 48 

hypothesized ENSO driven pathways, i.e. midlatitude waves, subtropical jet stream and tropical moisture transport to 49 

bring out ENSO’s possible influence on HMA precipitation. Our causal discovery analysis shows that ENSO 50 

influences the November precipitation through the combined role of midlatitude waves and local moisture transport, 51 

while March precipitation is influenced by modulation of the subtropical jet strength. 52 

1 Introduction 53 

The High Mountain Asia (HMA) is generally considered as the Asian mountain regions (Fig. S1) with geographic 54 

elevation above 1 km (Nash et al., 2021; Roy & Singh; 2024). It encompasses landmasses of nine Asian countries 55 

from Hindu-Kush Mountains to eastern Himalayas (Maina et al., 2022), consisting of multiple hydrological basins, 56 

glaciers and lakes with heterogeneous hydroclimate (Song et al., 2016; Yoon et al., 2019), on which hundreds of 57 

millions of people depend. HMA regularly experiences extreme precipitation and associated hydrometeorological 58 

hazards (Kirschbaum et al., 2020; Nash et al., 2023). While spatio-temporal variability of HMA precipitation (Fig. 59 



 

 

1b) is largely guided by regional orography and local circulation patterns, regional climate and remote external 60 

forcings also exert influence. The majority of winter precipitation (rainfall+snowfall) in HMA (~310mm) is observed 61 

over the Hindu-Kuch Mountain and part of western Himalayas (Fig. 1b), which is the focus area of our study. 62 

The wintertime precipitation in HMA is caused by cyclonic storms (or western disturbances) travelling along the 63 

subtropical jet stream from the Mediterranean region (Cannon et al., 2015; Nash et al., 2021; Lyngwa et al., 2023; 64 

Hunt et al., 2025), the influence of midlatitude Rossby waves (Feng et al., 2017; Nikumbh et al., 2023; Annamalai et 65 

al., 2023; Rana et al., 2019), and local moisture activity from the equatorial Indian ocean region (Rana et al., 2019; 66 

Abid et al., 2020). These regional variabilities are often modulated or triggered by climate modes such as ENSO, 67 

North Atlantic Oscillation (NAO), East Atlantic/West Russia (EA/WR) pattern and Indian Ocean Dipole (IOD) 68 

(Mehmood et al., 2022; Roy and Singh, 2024). 69 

Among these climate modes, ENSO has the most prominent footprint on HMA wintertime precipitation as revealed 70 

by studies mostly based on multilinear regression, Principal Component Analysis and linear correlations (Abid et al., 71 

2020; Mehmood et al., 2022; Massoud et al., 2023). Present understanding suggests that the warm (cold) phase of 72 

ENSO strengthens (weakens) the subtropical jet stream in the winter season which drives stronger (weaker) storm 73 

tracks activity towards the HMA region (Yadav et al., 2009; Kamil et al., 2019; Roy and Singh, 2024). Specifically, 74 

El Niño can warm up the tropospheric air temperature and create a north-south temperature gradient between the 75 

tropics and midlatitudes (Goswami and Xavier, 2005). This leads to strengthening of the vertical zonal wind shear 76 

(∂u/∂z), equivalent to a thermal wind generation in a baroclinic instability scenario (Holton, 2013). This essentially 77 

means the strengthening of the subtropical westerly jet in the presence of El Niño and vice versa for La Niña. Secondly, 78 

the upper atmospheric divergence branch of ENSO triggers a Rossby wave train (Hoskins and Karoly, 1981; 79 

Sardeshmukh and Hoskins, 1988) that can reach over HMA (Rana et al., 2019; Annamalai et al., 2023). Usually, the 80 

upper-level divergence anomaly during ENSO can create a barotropic instability which can trigger meandering Rossby 81 

wave disturbances by conserving the absolute vorticity of the air column. These waves travel along the midlatitude jet 82 

stream across the Eurasian region reaching the HMA region at subtropical latitudes (Feng et al., 2017; Nikumbh et 83 

al., 2023). For instance, ENSO-associated Rossby Wave Source (RWS) (Sabatani and Gualdi, 2025) developing near 84 

the gulf of America can trigger Rossby wavetrains directed towards north Atlantic-European (NAE) region and further 85 

to the east. In addition to the higher latitude response of ENSO, its influence on SST in the Indian ocean (Ashok et 86 

al., 2003; Cai et al., 2005, Jung et al., 2016) and moisture transport towards HMA (Abid et al., 2020) have also been 87 

widely acknowledged. In this regard, given that El Niño (La Niña) triggers a low-level divergence (convergence) 88 

pattern over the maritime continent, this pattern could act as a means of transporting any available moisture from the 89 

equatorial Indian ocean towards north. Based on the above physical arguments, we hypothesize three plausible ENSO 90 

teleconnection pathways to HMA winter precipitation, namely: an extratropical wave pathway (EWP), a subtropical 91 



 

 

jet pathway (SJP), and a tropical moisture pathway (TMP) (Fig. 1a), and use a robust data-driven (nonparametric) 92 

causal discovery framework to test these hypotheses.   93 

It is worth noting that subseasonal-to-seasonal (S2S) forecasting of HMA winter precipitation remains a challenge, 94 

even with state-of-art dynamical models such as NASA’s GEOS-S2S (e.g., Massoud et al., 2023). In this context, 95 

given that dynamical forecast models typically capture ENSO conditions well, a theory-guided causal teleconnections 96 

network of ENSO to HMA precipitation combined with domain-specific knowledge, is expected to reveal intermediate 97 

thermodynamic/dynamical processes responsible for HMA precipitation variability, offering the possibility to 98 

improve S2S predictive power in this hazard prone HMA region.  Moreover, such an analysis could provide valuable 99 

diagnostic tools for comparing and improving physics-based models.   100 

The rest of the paper is structured as follows. In section 2 we present the PCMCI+ methodology, followed by the three 101 

physically plausible hypothesized teleconnection pathways and the observables used to establish the precursors 102 

(section 3). In section 4, we apply the PCMCI+ algorithm to test the causality of the proposed teleconnection pathways, 103 

Figure 1: (a) The three hypothesized ENSO teleconnection pathways influencing HMA winter precipitation: 

Extratropical Wave Pathway (EWP), Subtropical Jet Pathway (SJP), and Tropical Moisture Pathway (TMP). The 

observables used to represent the oceanic and atmospheric processes involved in the 3 pathways are listed as follows, 

ENSO as sea surface temperature (SST), Extratropical wave as geopotential height at 200hPa (Z200), temperature 

gradient as Lower atmospheric air temperature (500-700hPa), Subtropical westerly jet as zonal wind at 200hPa 

(U200), Indo-Pacific lower level divergence as geopotential height at 850hPa (Z850), and moisture convergence as 

vertically integrated moisture divergence (VIMD), (b) Climatological HMA winter precipitation (mm) during 

November-March (UK-CRU data). 



 

 

and in section 5 we compute the path coefficients of the individual causal links and quantify the causal effect strength 104 

of ENSO on HMA precipitation.  Conclusions and a brief discussion are presented in section 6.  105 

2 Methods 106 

There are several causal discovery methods (Pearl, 2009; Glymour et al., 2019; Zanga et al., 2022) widely used to 107 

infer causality. These include transfer entropy (Schreiber, 2000), Granger causality (Granger, 1969; Shojaie and Fox, 108 

2022), Graphical Models (Pearl, 1988; Elwert, 2015; Runge et al., 2015; Glymour et al., 2019), and Convergence 109 

Cross Mapping (Sugihara et al., 2012), among others; see also Hannart et al. (2016). The graphical PCMCI algorithm 110 

(Peter and Clark Momentary Conditional Independence) (Runge et al., 2015; Runge et al., 2019), has been widely 111 

used in climate studies and comparatively has been shown to be effective (Ebert-Uphoff and Deng, 2012; Ombadi et 112 

al., 2020; Docquier et al., 2024) in dealing with highly dependent multivariate time series (Di Capua et al., 2020; 113 

Oliveira et al., 2024). Here, we apply PCMCI+ (Runge et al., 2020), a modified version of the PCMCI algorithm 114 

which accounts for both lagged and contemporaneous (lag-0) causal links in the multivariate climate data and also 115 

improves upon false negatives (Runge et al., 2020, Karmouche et al., 2023). 116 

In order to select inputs for the PCMCI+ algorithm, oceanic and atmospheric observables relevant to the key 117 

mechanisms in each hypothesized pathway are first identified.  Then, potential precursors are defined as regions 118 

wherein the observables exhibit significant linear correlation with HMA precipitation. The PCMCI+ consists of two 119 

principal phases: a skeleton discovery phase and an orientation phase. In the skeleton discovery phase, the causal 120 

parents (lagged and contemporaneous) of all precursors are identified with the Peter and Clark (PC) causal algorithm 121 

(Spirtes et al., 2000) and the Momentary Conditional Independence (MCI) testing (Runge et al., 2015). In the PC step, 122 

the lagged parents of each precursor are identified from the initial set of lagged precursors through iterative conditional 123 

independence testing. Then, the Momentary Conditional Independence (MCI) test is performed on each precursor, 124 

conditioned on their contemporaneous (lag-0) parents and on the lagged parents, resulting in the final sets of causal 125 

parents of each precursor. Essentially, the skeleton discovery phase of PCMCI+ removes spurious correlations for 126 

highly interdependent multivariate time series data and brings out the true causal links establishing the causal network 127 

structure. Both the PC and MCI steps can accommodate linear or nonlinear conditional independence testing (Runge 128 

et al, 2019).  Here we adapt a partial correlation-based PCMCI+ test under the assumption of linear dependency among 129 

the multivariate climate time series. 130 

In the orientation phase, the lagged links orient forward in time. For the contemporaneous links, the algorithm follows 131 

partial correlation-based orientation rules (see more on Runge et al., 2020) that determine whether a link is orientated 132 

or undirected. In the undirected case, one could take the decision to assign orientation based on robust physical 133 

knowledge of the system and comparing autocorrelation values of adjacent nodes. The result is a causal network graph 134 

(later in Fig. 4) that summarizes the causal dependencies, link strengths and time lags. There are two parameters 135 

needed to be assigned when the PCMCI+ causal discovery test is performed and these are, the time lag the algorithm 136 

should consider for each observable and the statistical significance level (α) at which the PC and MCI tests are 137 

performed. In our case, we assign time lag=2 (months) and significance level α = 5% for the causal discovery test. It 138 



 

 

is emphasized that it is crucial to combine the causal network discovery methodology with physical domain knowledge 139 

to pose and interpret physically meaningful teleconnection pathways.  140 

3 Setting-up testable hypotheses for causal pathways 141 

In this section, we present carefully selected observables that we hypothesize are associated with the different physical 142 

mechanisms involved in each of the pathways and provide statistical evidence that the precipitation in HMA exhibits 143 

dependency on those observables. Over the 70-year period, none of the observables showed significant trends at 5% 144 

level, except SST in the eastern equatorial Pacific (of 0.07K/decade), and over equatorial Indian ocean (0.11K/decade). 145 

Accordingly, these trends are removed, and causal discovery analysis is performed on the resulting detrended and 146 

standardized (mean removed and divided by the standard deviation) time series of SST and the rest of the observables.  147 

3.1 – Common elements across the proposed pathways 148 

The three hypothesized teleconnection pathways share two elements: firstly, and obviously, the target (precipitation 149 

in HMA), and also, their common origin, the ENSO region. For the target variable, HMA precipitation (PR), we focus 150 

on the region of HMA with elevation higher than 1km (Fig. 1b, Fig. S1) between 29°-43.25°N and 62°–78°E (~2.4 151 

million km2) as this region receives the highest precipitation amount in winter (~310 mm on average). While reliable 152 

monthly precipitation records over HMA are available since 1901, we choose the 1951-2020 period for better accuracy 153 

Figure 2: ENSO precursor regions to HMA winter precipitation: Linear correlation maps of HMA precipitation to 

global SST at lag-0 during November-March, revealing significant ENSO footprints in November and March 

(precursor regions labeled as SSTP for the months of November and March) and its diminishing presence during the 

mid-winter season. For the month of March, a significant precursor emerges also in the Indian ocean SST (labeled 

as SSTI).  Correlation patterns are shown at 5% statistical significance level (See Figure S2 for lagged correlation 

maps of HMA precipitation to global SST). 



 

 

and matching the availability of global monthly ERA5 reanalysis data (0.5°×0.5°) for the atmospheric variables. We 154 

analyze monthly precipitation averages over the HMA region from the UK CRU vTS4.08 (0.5°×0.5°) observational 155 

gridded global precipitation dataset over the period 1951-2020 (Harris et al., 2020).  For SST, we use monthly sea 156 

surface temperature (SST) at 1°×1° resolution from the UK MetOffice HAD-SST v3.2 (Rayner et al., 2003).  157 

In order to confirm the ENSO influence, we first assess whether the Equatorial Pacific SSTs indeed act as a precursor 158 

to HMA winter precipitation (HMA PR). The linear correlation between HMA monthly winter precipitation and global 159 

SST at lag-0 (contemporaneous), evaluated at 5% significance level (Fig. 2), shows a positive correlation over the 160 

eastern equatorial Pacific in November, which becomes stronger in March (Fig. 2). The correlation remains strong at 161 

lag-1 and lag-2, i.e. September/October SSTs for the November PR (Fig. S2a-c), and January/February for the March 162 

PR (Fig. S2m-o). The positive correlation regions in the equatorial Pacific at lag-0,1,2 are the ENSO precursors to 163 

HMA precipitation in our analysis and are individually referred to hereafter as the ENSO region or SSTP (Fig. 2 and 164 

Fig. S2 a-c and m-o). The correlation of HMA PR in November to the area-weighted SSTP at lag-1 is a moderate 0.37, 165 

and in March 0.41 (Fig. S3). For March PR, we further identify a strong SST precursor region over the equatorial 166 

Indian ocean. We denote this region as SSTI (Fig. 2) and include it for our causal discovery analysis for March. With 167 

respect to the other winter months, in December, the spatial extent and intensity of the correlation between equatorial 168 

Pacific SST and HMA PR diminishes (Fig. 2, Fig. S2 d-f) and becomes negligible for January-February precipitation 169 

(Fig. 2, Fig. S2 g-l). Based on this reduced and/or negligible correlation (also consistent with the absence of a 170 

significant relationship between HMA PR and the CPC NOAA Niño3.4 index - see Fig. S4), we focus our analysis on 171 

November and March HMA PR to test our ENSO-driven causal teleconnection hypotheses.  In section 4.3 (and section 172 

S1; Fig. S10–S12 in the supplementary material) we provide insight on the breakdown of the ENSO–HMA PR causal 173 

pathways during the December–February period. 174 

As we observe significant precipitation to SST correlations up to lag-2, the PCMCI+ analysis is carried out at an 175 

assigned maximum lag of 2 months and all causal links and strengths are tested at 5% significance level.   176 

3.2 – Extratropical Wave Pathway (EWP) 177 

The hypothesized Extratropical Wave Pathway is driven by a Rossby wave response (see Fig. 1a) caused by the upper-178 

atmospheric branch of ENSO. We chose as observable the geopotential height at 200hPa (Z200) from ERA-5 global 179 

reanalysis (Hersbach et al., 2020), which generally provides an appropriate measure of any atmospheric wave 180 

response. Fig. 3a shows the Z200 precursor regions, identified by linear correlation analysis of Z200 with HMA 181 

November precipitation, resembling a Rossby wave teleconnection pattern along with other precursor regions over 182 

the Indian ocean and east Asia. Here, the Z200 precursor region over equatorial Pacific (positive correlation region 183 

marked as Z1 in Fig. 3a) is the upper-level ENSO response and the Z200 precursor region northwest of HMA (negative 184 

correlation region marked as Z5 in Fig. 3a) is the local Rossby wave influence over HMA, implying a plausible 185 

causality. Thus, we choose as relevant precursors for November HMA precipitation all the Z200 regions (labeled as 186 

Z1, Z2, Z3, Z4, and Z5) with significant correlation which appear to be part of the wave train pathway (Fig. 3a). A 187 

similar correlation analysis was performed using March PR as the target, but no relevant Z200 precursors signifying 188 



 

 

a Rossby wave signature were found, which discards the possibility of a causal EWP control in March PR over the 189 

HMA region.  190 

3.3 – Subtropical Jet Pathway (SJP) 191 

This hypothesized Subtropical Jet Pathway involves the effect of ENSO on tropospheric temperature (TT), which 192 

modulates the subtropical westerly jet and storm tracks activity towards the HMA region (see also discussion in the 193 

Introduction). Essentially, ENSO induced warming (cooling) of the tropical atmosphere over Africa and western 194 

Indian ocean would imply a positive (negative) temperature gradient from the tropics to midlatitude across the 195 

Mediterranean belt. This would trigger a vertical zonal wind shear leading to strengthening (weakening) of upper-196 

level subtropical westerly jet strength, i.e. higher (lower) storm activity towards HMA region. Hence, we chose as 197 

Figure 3: Precursor regions of atmospheric observables as potential causal parents of the ENSO teleconnection 

pathways to HMA precipitation: Precursors (based on correlation with HMA precipitation) for November as (a) 

Rossby wave response (Z200: Z1, Z2, Z3, Z4, Z5), (b) moisture convergence (VIMD: VIMDI), (c) zonal moisture 

transport (IVT:IVTW), (d) lower level circulation (Z850: Z6) and similarly key precursors for March as (e) 

tropospheric temperature (TT, 500-700hPa: TT1), (f) subtropical westerly jet strength (U200: U1). The correlation 

patterns are shown at 5% significance level. A detailed description of all precursors of precipitation is given in the 

box above.  



 

 

observables for the SJP pathway the air temperature averaged at 500-700hPa (TT) to capture the presence of a 198 

meridional temperature gradient, and the upper-level zonal wind (U200) to capture the subtropical westerly jet strength 199 

which drives the cyclonic storms mostly from the Mediterranean region towards HMA. 200 

In March, we observe strong positive correlation of HMA precipitation with SST (Fig. 2, Fig. S2m-o) over both Indian 201 

ocean (SSTI) and equatorial Pacific region (SSTP). The overwhelming ENSO response is evident (Fig. 3e) in terms 202 

of lower-level tropical warming (labeled as TT1) along with a negative correlation TT region northwest of HMA in 203 

the midlatitude (Fig. 3e). In addition, distinct positive correlation regions of U200 are observed along the subtropical 204 

jet axis (25°N-35°N) (Fig. 3f) west of HMA (labeled as U1). Hence, our hypothesis of a subtropical jet pathway (SJP) 205 

is plausible with the identified precursor signatures of the respective observables. The identified precursor regions for 206 

the PCMCI+ test are then as follows: the Pacific SST as SSTP, Indian ocean SST as SSTI, tropospheric temperature 207 

(TT) over tropical Africa and western tropical Indian ocean as TT1 and zonal wind band along the subtropical jet axis 208 

as U1 (Fig. 3f). While the tropical TT regions are strongly correlated with ENSO, the negative TT region over central 209 

Asia (Fig. 3e) is not caused by ENSO (no significant correlation with SSTP at 5% level) and hence we choose not to 210 

include this as one of the precursors. As the SST represents the ENSO response in our SJP hypothesis, the TT precursor 211 

region over the equatorial Pacific (Fig. 3e) becomes another near surface temperature-based precursor and is 212 

considered redundant for our analysis. A similar precursor detection analysis for November under SJP hypothesis 213 

reveals no significant signals (Fig. S6) for the essential precursors such as tropospheric temperature and cyclonic 214 

storms and hence the SJP hypothesis is not applicable for November PR. 215 

3.4 – Tropical Moisture Pathway (TMP) 216 

This hypothesized Tropical Moisture Pathway (TMP) involves local Indian ocean moisture convergence, and Indo-217 

Pacific lower-level divergence as means of transport, as discussed in the Introduction. We use vertically integrated 218 

moisture divergence (VIMD) as observable for Indian ocean moisture availability (negative VIMD), and geopotential 219 

height at 850hPa (Z850) as observable for low level circulation patterns in the presence of ENSO. In November, we 220 

observe (Fig. 3b) strong negative correlation of HMA precipitation with VIMD (i.e. moisture convergence) over the 221 

western equatorial Indian ocean and also over the HMA region. While negative VIMD correlation over HMA is a 222 

local effect, the strong VIMD precursor region over the Indian ocean (VIMDI) is a sufficient indication to test the 223 

TMP hypothesis in November. Secondly, we observe a large positive correlation region of Z850 (Z6 in Fig. 3d) over 224 

the maritime continent extending up to the western equatorial Indian ocean. The sign and extent of the Z850 precursor 225 

is consistent with the low level divergence pattern in the west Pacific in the presence of ENSO enabling moisture 226 

transport along the Arabian coast. In addition, we observe strong correlation of HMA precipitation with zonal 227 

integrated vapor transport (IVT) (Fig. 3c), westward in the equatorial Indian ocean and eastward towards the HMA 228 

region. While VIMD and Z850 represent moisture availability and transport, the emergence of the westward IVT as 229 



 

 

an intermediate precursor between moisture and dynamical components further strengthens our TMP hypothesis to be 230 

tested for causality.   231 

Thus, the identified precursor regions for the PCMCI+ testing of the TMP hypothesis are (Figs. 2, 3 and S4): SST 232 

over the equatorial Pacific (SSTP), the lower-level divergence (Z850) region (Z6), westward moisture transport over 233 

the equatorial Indian ocean (IVTW), and moisture convergence over the western Indian ocean (VIMDI). We reiterate 234 

that all these precursors are considered at lag up to 2 (months) for the PCMCI+ analysis.  235 

A similar analysis for March shows no moisture convergence over the Indian ocean and thus no moisture to be 236 

transported towards HMA. Hence, no physical basis exists to test the causality of the TMP hypothesis for the March 237 

HMA precipitation. We have also looked at the key precursors of the respective pathways for El Niño and La Niña 238 

years separately (Fig. S7) during November and March to substantiate ENSO driven teleconnection patterns. Both 239 

phases of ENSO show robust teleconnections, with La Niña having stronger teleconnection patterns, which can be 240 

explained by the well-known El Niño-La Niña asymmetry (Yu et al., 2011; Chen et al., 2022). 241 

4 Establishing causal pathways of ENSO to HMA precipitation 242 

Now that the physically relevant precursors associated with each of the three pathways are established, we proceed 243 

with the causal attribution using PCMCI+ analysis.  The primary goal of the PCMCI+ algorithm for each pathway is 244 

to assess whether there is a definite causal link between the ENSO SST region (SSTP) to HMA precipitation (PR), 245 

and identify those essential precursors that emerge as part of the causal network (causal parents) to establish the causal 246 

teleconnection pathway. 247 

4.1 HMA precipitation in November  248 

As revealed by the above analysis, during the month of November only two of the hypothesized pathways emerged 249 

as having statistically significant precursors to proceed with causality testing. These pathways are the Extratropical 250 

Wave Pathway (EWP) and the Tropical Moisture Pathway (TMP).  Below we independently test these two pathways 251 

for causality, followed by assessing their combined effect (EWTMPs), to determine the emergent causal network 252 

arising from the ENSO-driven extratropical Rossby wave and tropical moisture transport mechanisms influencing 253 

HMA November precipitation.  254 

The Extratropical Wave Pathway (EWP) 255 

As discussed in section 3.2, the precursors of the EWP hypothesized pathway for November HMA precipitation are: 256 

SSTP (ENSO precursor over the equatorial Pacific) and the Z200 regions (Rossby wave precursors, Z1, Z2, Z3, Z4, 257 

and Z5) across the equatorial Pacific, Europe and central Asia (Figs. 2, 3a; see also the precursor time series in Fig. 258 

S5). The PCMCI+ algorithm applied on these precursors indeed revealed a causally linked Rossby wave 259 

teleconnection pathway from the ENSO region to HMA region (Fig. 4a). Fig. 4 shows the PCMCI+ output (also as 260 

Fig. S8) that is overlaid on the global map to illustrate the locations of the causal parents. The immediate (adjacent) 261 



 

 

causal parent of PR emerged as Z5, the local upper atmospheric Z200 region northwest of HMA. Z5 was found to be 262 

causally linked to the ENSO precursor SSTP (Fig. 4a) via intermediate causal parents Z1, Z2 and Z4, which are 263 

evidently part of the wave train emanating from the ENSO region. The ENSO SST (SSTP) emerged as causally linked 264 

to its upper atmospheric response (Z1) via both a directed lag-1 link, and an undirected lag-0 link. Given the significant 265 

SSTP autocorrelation as shown by PCMCI+ (Fig 4a) which is near zero for the Z200 precursors (Z1, Z2, Z4, Z5), we 266 

can fairly argue that the lag-0 undirected link between SSTP and Z1 is directed as SSTP→Z1. Thus, Z5 emerges as 267 

the immediate causal parent of PR under the EWP pathway which is causally linked to ENSO via intermediate parents 268 

(Z1, Z2 and Z4) establishing the physically hypothesized extratropical wave pathway (EWP) (Fig. 1a, Fig. 4a). In 269 

physical terms, the warm (cold) phase of ENSO impacts HMA in November via an extratropical Rossby wave train 270 

resulting in increase (decrease) in precipitation. 271 

The absence of Z3 as part of the causal network implies that while it is part of the wave train, the causal parent Z2 272 

over the tropical Atlantic has mutual dependence on Z4, and therefore the correlation of Z3 with precipitation does 273 

not add new causal information about the physical mechanism. It is worth mentioning that we also tested PCMCI+ 274 

with a limited set of precursors [SSTP, Z1 and Z5] and, it did not show a direct causal link between Z1 and Z5. This 275 

means that Z2 and Z4, as part of the wave train are essential to the causal network with significant mutual dependence 276 

Figure 4: The causal network pathways of ENSO to HMA precipitation as emerged from the PCMCI+ analysis shown 

on the global map: ENSO-driven causal networks of (a) extratropical wave pathway (EWP), (b) tropical moisture 

pathway (TMP),  (c) emergent pathways under the combined influence of extratropical wave and tropical moisture 

(EWTMPs) for November precipitation, and (d) causal network of subtropical jet pathway (SJP) for March 

precipitation. The arrow color encodes link strength (bottom right colorbar; cross-MCI) and node color represents 

temporal autocorrelation (bottom left colorbar; auto-MCI). Straight arrows denote lag-0 links, whereas curved 

arrows indicate lagged links, with lags specified by labels. The results are based on PCMCI+ test performed up to 

lag-2 and 5% significance level. 



 

 

on their adjacent parents and it further reinforces our EWP hypothesis. The EWP network also reveals that the auto-277 

MCI scores of Z1, Z2, Z4 and Z5 nodes are near zero (Fig. 4a), implying that the wave train is triggered only in 278 

November and therefore is consistent with the 1-2 weeks timescale of a typical midlatitude Rossby wave train. The 279 

SSTP has relatively lower correlation with November PR (0.37) as compared to other parents like Z5 (0.60), and hence 280 

the absence of a direct causal link between SSTP and PR is also expected.  281 

The Tropical Moisture Pathway (TMP) 282 

As detailed in section 3.4, for the TMP hypothesis the following relevant precursor regions (Figs. 2, 3; see also Table 283 

S1 and Fig. S5) were identified from ocean-atmospheric correlation analysis with November PR in HMA: SSTP 284 

(ENSO precursor over equatorial Pacific), Z6 (lower-level circulation - Z850 over Maritime continent), VIMDI 285 

(moisture convergence over western equatorial Indian ocean) and IVTW (westward moisture transport over equatorial 286 

Indian ocean). The PCMCI+ causal discovery algorithm was applied on PR, VIMDI, IVTW and SSTP and it revealed 287 

an ENSO-driven causal network (Fig. 4b) through the Indian ocean. The immediate causal parent of PR is VIMDI 288 

over the Indian ocean, where the negative causal link consistently indicates moisture convergence (or divergence) 289 

leading to higher (or lower) precipitation. The VIMDI is causally linked to equatorial Indian ocean transport (IVTW) 290 

which has two-way links to Indo-Pacific circulation (Z6) and ENSO (SSTP). Z6 is also causally linked to SSTP and 291 

establishes the overall network supporting the ENSO-driven TMP hypothesis. The VIMDI-IVTW link appears to be 292 

the strongest (mutual dependence) which is likely because both parents are a function of the moisture component, 293 

while the other parents are not. The causality of SSTP to PR via Z6, IVTW and VIMDI is consistent with the 294 

hypothesized moisture pathway. The two-way paths of SSTP to IVTW (Fig. 4b) indicate that ENSO can have both 295 

dynamic and thermodynamic effect over equatorial Indian ocean via local circulation (Z6) and zonal moisture transport 296 

(IVTW). Specifically, ENSO can transport the available Indian ocean moisture towards HMA region (Z6) and 297 

secondly, it can positively impact the moisture availability (VIMDI), both reinforcing the precipitation over HMA. 298 

While we hypothesize that ENSO only influences VIMDI via Indo-Pacific circulation, its direct impact on VIMDI 299 

actually bolsters our TMP hypothesis in November adding a new dimension to ENSO teleconnections. It is also 300 

consistent with existing studies of inter-basin influence of ENSO on Indian ocean SST (Abid et al., 2020; Wu et al., 301 

2021) and thereby impacting low-level moisture development. In other words, ENSO-induced warming and lower-302 

level circulation over the Indo-Pacific drives available moisture from the equatorial Indian ocean towards HMA. 303 

Combined Extratropical and Tropical ENSO influence in November 304 

It was revealed that the ENSO region exerts a two-way influence on HMA precipitation through an extratropical wave 305 

pathway (EWP) and a tropical moisture pathway (TMP). This raises the question: How independent are the two 306 

pathways and do the causal links to HMA precipitation identified for each pathway remain intact when both pathways 307 

are considered in tandem? To shed light on this question, we perform a new PCMCI+ analysis considering as 308 

precursors the set of all the causal parents corresponding to each of the pathways (Di Capua et al., 2020). This union 309 

set of precursors consists of SSTP, Z1, Z2, Z4, Z5, Z6, IVTW and VIMDI (Table S1 and Fig. S5) and is used to assess 310 

the combined causal network in November. The PCMCI+ analysis (Fig. 4c) reveals that both the ENSO-driven 311 



 

 

extratropical wave response (EWP) and tropical moisture transport (TMP) pathways retain their causal-link structures  312 

(Fig. 4a,b), when evaluated jointly, indicating that they provide complementary causal information and constitute 313 

mutually independent pathways influencing HMA PR. Minor modifications relative to the individual pathways are 314 

observed: (1) In the TMP branch, Z6 (Indo-Pacific divergence) is linked to SSTP (ENSO) via Z1 (local ENSO 315 

atmospheric response). This change does not alter the physical interpretation of the individual pathway and can be 316 

readily understood, by acknowledging that  Z1 is not included as a precursor of TMP because it was not needed to test 317 

the hypothesized pathway; (2) Some causal links appear as undirected in the combined network, partly due to 318 

conditioning on a larger set of precursors which reduces statistical significance. However, given that these links exhibit 319 

consistent orientation in the individual causal networks and that such orientations are physically plausible, we retain 320 

that directionality in the combined network (Fig. 4c). 321 

4.2 HMA precipitation in March  322 

The Subtropical Jet Pathway (SJP) 323 

Our linear correlation-based precursor analysis for March PR supported the hypothesized SJP to be further tested for 324 

causality. Particularly, the precursors identified (Figs. 2, 3 and Fig. S5) were the Pacific SST (SSTP), Indian ocean 325 

SST (SSTI), tropospheric temperature west of the tropical Indian ocean (TT1), and zonal wind along the subtropical 326 

jet axis (U1); see also Table S1. By applying the PCMCI+ causal discovery algorithm, a robust causal network emerges 327 

(Fig. 4d) linking SSTP (ENSO) to HMA PR via two ways, one via the jet pathway (U1) and another via the Indian 328 

ocean SST (SSTI). U1 is linked to tropical warming (TT1) acting as a meridional temperature gradient which is then 329 

linked to regional Indian ocean SST (SSTI) at contemporaneous lag. The Indian Ocean SST is strongly linked to 330 

ENSO SST (SSTP) via lag-0 and lag-1 establishing the robust causal network supporting our SJP hypothesis. The 331 

ENSO again appears to have significant influence over the equatorial Indian ocean SST, which for the warm ENSO 332 

phase warms up the regional tropospheric temperature leading to strengthening of the subtropical jet and vice versa 333 

for the cold ENSO phase.  334 

4.3 – Disruption of the ENSO-driven pathways to December-February HMA Precipitation 335 

As mentioned in Section 3.1, for the rest of the winter months (December-February), the correlation between HMA 336 

precipitation and SST over the ENSO region decreases in December (Fig. S2 d-f) and is not significant in January and 337 

February (Fig. S2 g-l), implying a negligible influence of ENSO. In this subsection, we further examine how the 338 

relevant pathways driving HMA PR are disrupted during the December-February period.  Particularly, the analysis of 339 

the weakening of ENSO-HMA PR teleconnections during December-February (Fig. 2, Fig. S10), following the 340 

dominant ENSO causal pathways in November (Fig. 4a-c), reveals that the extratropical wave (EWP) associated causal 341 

links break down across the tropical and North Atlantic regions, while the moisture transport (TMP) related causal 342 

links break down in the tropical Indian Ocean region (Fig. S11, Fig. S12). As discussed in detail in section S1 343 

(Supplementary Material), these findings are consistent with existing literature, which highlights ENSO dominance 344 

in November, followed by a more prominent influence of the North Atlantic Oscillation (NAO) and Tropical-West-345 



 

 

East-Indian-Ocean (TWEIO) modes during December-February (Sabatani and Gualdi, 2025), and ENSO influence on 346 

the phase reversal of NAO during December-February (Toniazzo et al., 2006; Jiménez-Esteve and Domeisen, 2018; 347 

Geng et al., 2023). This may lead to different teleconnection outcomes towards our target HMA PR region even in the 348 

presence of ENSO. Hence, other climate modes such as, the NAO and TWEIO, may have a role in the possible 349 

disruption of ENSO teleconnections to HMA precipitation, as also supported by our analysis (Section S1). It is worth 350 

mentioning that we do see a remnant of the midlatitude wave-like pattern during December-February (Fig. S9), 351 

suggesting that HMA precipitation during those months might be subjected to the extratropical influence from NAO. 352 

However, the focus of our work is to investigate ENSO specific physically grounded causal pathways to HMA PR 353 

and hence exploring specific pathways of other climate modes falls beyond the scope of this study.  354 

5 Estimating the Causal Effect of ENSO on HMA Winter Precipitation  355 

Having established causal networks, the PCMCI+ algorithm allows us to quantify the strength of the causal effect of 356 

ENSO on the target variable (PR) based on the path coefficients that measure the strength of the individual causal 357 

links. The path coefficient of a causal link, say connecting nodes A→B, is the correlation coefficient (say β) 358 

determined by regressing the time series corresponding to the observable at node A on the time series corresponding 359 

to the observable at node B.  Recalling that all the analysis is performed on the standardized time series (zero mean 360 

and 1 standard deviation SD), the magnitude of the path coefficient means that a 1 SD change in A would lead to a β 361 

SD change in B.  Since PCMCI+ reveals the causal parents of each variable (node) (Fig. 4) this allows us to estimate 362 

the path coefficients of all individual causal links, where the respective parent(s) of a node are the predictor(s) for the 363 

regression. Now, in a directed causal pathway composed of multiple intermediate parents, we multiply the path 364 

coefficients of the individual causal links (Pearl, 2013; Runge et al., 2015) to estimate the total causal effect of the 365 

original parent (in our case ENSO) on the target variable (PR). If there exist multiple paths from the original parent to 366 

the target variable (PR), the sum of the product of the path coefficients of the individual paths would give the total 367 

causal effect on the target variable. 368 

In November, we have shown that both the extratropical and tropical moisture pathways are active and thus the overall 369 

ENSO influence on HMA precipitation would be quantified by the causal effect coefficient computed from the 370 

combined EWTMPs pathways (Fig. 5c). We find that the mediated causal effect of ENSO via Z5 (extratropical way 371 

influence) in the combined pathway (SSTP→Z1→Z2→Z4→Z5→PR) is 0.08 (see detailed calculations in Table S2), 372 

and the mediated causal effect of ENSO through VIMDI (tropical moisture influence) is 0.23, which is the sum of the 373 

mediated causal effect through the SSTP→IVTW→VIMDI→PR and SSTP→Z1→Z6→IVTW→VIMDI→PR paths 374 

(Fig. 5c). Therefore, the total causal effect of ENSO on HMA November precipitation would be 0.08+0.23=0.31, i.e., 375 

a 1 SD change in ENSO in October would lead to a 0.31 SD change in precipitation in HMA in November. This 376 

clearly establishes the dominant role of ENSO as an external forcing in early HMA winter precipitation.  377 



 

 

To provide extra insight into the influence of the two pathways acting independently, we also present the path 378 

coefficients computed for EWP and TMP separately. The causal network of EWP has only one path between ENSO 379 

(SSTP) at lag-1 and PR at lag-0 (Fig. 4a) with SSTP lag-1 autocorrelation coefficient of 0.98. Thus the total causal 380 

effect is the product of the path coefficients (Fig. 5a) of the individual causal links of the EWP, 381 

SSTP→Z1→Z2→Z4→Z5→PR, and this turns out to be 0.11. for TMP, overall causal effect of ENSO on PR is the 382 

sum of the causal effect of the two paths, SSTP→Z6→IVTW→VIMDI→PR and SSTP→IVTW→VIMDI→PR, 383 

which ends up being 0.32. This indicates a relatively stronger impact of ENSO through the moisture pathway as 384 

compared to Rossby waves which is also consistent with the estimated causal effects for the combined EWTMPs 385 

pathways shown above. It is noted that as both the EWP and TMP are simultaneously active in November, the Z5 and 386 

VIMDI turn out to be the adjacent causal parents of PR (Z5→PRVIMDI). Hence, the path coefficients of the Z5 387 

and VIMDI to PR links under the combined network (Fig. 5c) end up different from those obtained from the individual 388 

single pathway networks (Fig. 5a, Fig. 5b), in which there is only one adjacent causal parent of PR (Z5→PR for the 389 

EWP and VIMDI→PR for TMP).   390 

In March on the other hand, ENSO influences HMA PR via the SJP pathway with two-way paths via the Indian ocean 391 

SST. The causal effect strength mediated via the subtropical jet (U1) SSTP→SSTI→TT1→U1→PR (Fig. 5d) is 0.13 392 

and via the Indian ocean SST path SSTP→SSTI→PR is 0.24 (see Table S2 for computation). Hence the total causal 393 

effect of ENSO to March HMA precipitation is 0.24+0.13=0.37, i.e. 1 SD change in ENSO in February would lead to 394 

a 0.37 SD change in precipitation in March over HMA.  395 

Fig. 5: Path coefficients of PCMCI+ based causal links for ENSO causal effect estimation on HMA PR: The path 

coefficients of individual causal links for (a) EWP (b) TMP (c) combined EWTMPs for November precipitation, and 

(d) SJP for March precipitation. The positive (negative) signs of the path coefficients are indicated by arrow colors 

red (blue) and, the path coefficients in parenthesis (below the SSTP node) are based on SSTP lag-1 auto-regression 

for the respective months. 



 

 

We recall that the linear correlation of SSTP at lag-1 to HMA PR is 0.37 in November and 0.41 in March (section 3.1 396 

and Fig. S3). Correlation however does not imply causation, and our causal discovery analysis established the actual 397 

cause-effect relationship of ENSO to HMA precipitation, restrained by physically reasoned mechanisms through 398 

appropriate intermediate processes. The causal effect strength computed through the causal networks (0.31 in 399 

November and 0.37 in March, which are slightly smaller than the corresponding correlation coefficients) shows 400 

consistency with what is expected from the path-tracing rule (Pearl, 2013), which states that, assuming the causal 401 

network identified by PCMCI+ is causally sufficient, the sum of the products of the path coefficients along all causal 402 

pathways should approximately match the correlation coefficient between the parent (ENSO) and the target (HMA 403 

PR) variables. This agreement further substantiates the robustness of our physically grounded mechanisms of ENSO 404 

teleconnections to HMA PR. 405 

As we know, climatologically, most of the winter precipitation in HMA is caused by storm track activity driven by 406 

the subtropical jet, especially when the influence of local midlatitude waves and tropical moisture availability are 407 

absent. So, any modulation of the jet strength by external forcing could lead to significant changes in HMA 408 

precipitation as we see here through the ENSO-driven SJP teleconnection. On the other hand, in November, tropical 409 

and subtropical pathways exert simultaneous influence on HMA precipitation leading to equivalent ENSO impact. 410 

Thus our findings establish, causally and quantitatively, the prominent role of ENSO on HMA precipitation variability 411 

in November and March, with significant implications for precipitation extremes and water resources management.   412 

6 Discussion and Conclusions 413 

In this study we have attempted to understand and causally establish the potential ENSO teleconnection pathways 414 

influencing HMA winter precipitation.  Using a causal network framework, we have shown with 70 years of historical 415 

data, that ENSO has clear footprints on the early (November) and late (March) winter HMA precipitation, which 416 

constitutes about 45% of the total winter precipitation. We have established three ENSO-driven causal pathways, 417 

namely that ENSO drives an extratropical Rossby wave train (EWP) and tropical moisture transport (TMP) in 418 

November affecting HMA precipitation, while in March ENSO impacts HMA precipitation by modulating the 419 

subtropical westerly jet (SJP). The causal effect of ENSO on HMA PR is consistently comparable to their linear 420 

correlation but also physically reasoned, directed and quantified by data driven causal discovery tests. In November, 421 

the combined effect of EWP and TMP can lead to a 0.31 SD precipitation change in HMA region for 1 SD change in 422 

ENSO. In March, we see a strong ENSO correlation to HMA precipitation going back to lag-2 months and we establish 423 

a causal ENSO-driven subtropical jet pathway (SJP) with causal effect strength of a 0.37 SD precipitation change in 424 

HMA precipitation for 1 SD change in ENSO. For the rest of winter months (December-February), these pathways 425 

are disrupted, possibly due to the influence of other climate modes such as the North Atlantic Oscillation (NAO) and 426 

Tropical-West-East-Indian-Ocean (TWEIO) as discussed in section 4.  427 

We also note that our focus here has been on monthly precipitation, and therefore, some mechanisms operating at time 428 

scales shorter than a month might not necessarily lead to precursors at contemporaneous lags with precipitation. One 429 

example is the observations associated with Rossby waves, i.e., the Z200 regions, which capture the weekly 430 



 

 

propagation of the wave trains from west to east along the midlatitude jet streams towards HMA. However, it is noted 431 

that these Z200 regions were indeed identified as precursors at zero lag by linear correlation, and a subset of them 432 

were found to be casually linked to HMA precipitation by PCMCI+ with oriented links, giving confidence in the 433 

robustness of the methodology and our results.  In summary, the established ENSO-driven causal networks elucidate 434 

the historical state of ENSO-HMA precipitation teleconnections and can form the basis for improved subseasonal to 435 

seasonal (S2S) prediction, evaluation of climate models in terms of reproducing these teleconnections, and assessment 436 

of their possible change in response to changes in larger-scale climate modes, such as ENSO.  437 
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 634 

Figure S1: Terrain elevation map of Asia highlighting the high mountain region (grey contour at 1km). The high mountain 

Asia region in the black box is our region of interest in this study as this region receives the highest precipitation during 

the boreal winter (November-March) season, based on NOAA-NCEI ETOPO2 data 

(https://www.ncei.noaa.gov/products/etopo-global-relief-model). 
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  636 

Figure S2: Correlation maps of area-weighted HMA precipitation time series to global SST during November to March at 

lag=0,1,2. The positive correlation regions over the equatorial Pacific for November and March are labelled as SSTP and 

over the Indian ocean for March as SSTI, and their area-weighted time series are used as the ENSO precursors for PCMCI+ 

testing. Correlation patterns are shown at 5% significance level. 



 

 

  637 
Figure S3: Scatter plots of HMA PR versus lag-1 SSTP in November and March showing direct relationship between 

ENSO and HMA PR, but without accounting for potential intermediate physical processes. The SSTP time series at 

lag-1 correspond to the area-weighted SST precursor region over the equatorial Pacific in November (Fig. S2b) and 

March (Fig. S2n).   
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  639 

Fig. S4: Evolution of the ENSO-HMA PR relationship during the winter months: Scatter plots of NOAA CPC Nino3.4 

index versus HMA PR during November-March at lag-0 (top row) and lag-1 (bottom row) for the 70 years of 

observations. The correlation coefficient (r) between HMA PR and Nino3.4 is shown in each panel, with values in red 

indicating statistical significance at 5% level and in black, indicating non-significant correlations. The correlation is 

significant during November, December and March, but not during January and February. These values are 

consistent with the correlation between HMA PR and the emerged SSTP precursor regions (Fig. 2, Fig. S2). 



 

 

 640 

Fig. S5: Standardized anomaly time series of pixel area-weighted HMA precipitation and its precursors (at time lag 

τ) identified for EWP, TMP, and combined EWTMPs in November and SJP in March for the PCMCI+ causal discovery 

test. 



 

 

November March 

EWP TMP EWTMPs SJP 

PR Precursor regions 

identified based on 

correlation:  

{SSTP, Z1, Z2, Z3, Z4, 

Z5} 

 

Lag-0 correlation with 

HMA precipitation: 

{Z5=-0.60, Z4=0.49, 

Z3=-0.53, Z2=0.53, 

Z1=0.41, SSTP=0.37} 

PR Precursor regions 

identified based on 

correlation: 

{SSTP, VIMDI, 

IVTW, Z6}  

 

Lag-0 correlation with 

HMA precipitation: 

{VIMDI=-0.59, 

IVTW=-0.56, 

Z6=0.53, SSTP= -

0.37} 

PR Precursor regions 

identified based on 

correlation: 

{SSTP, Z1, Z2, Z4, Z5, Z6, 

IVTW, VIMDI} 

 

Lag-0 correlation with 

HMA precipitation:  

{Z5=-0.60, Z4=0.49, 

Z2=0.53, Z1=0.41, 

VIMDI=-0.59, IVTW=-

0.56, Z6=0.53, SSTP=0.37} 

PR Precursor regions 

identified based on 

correlation: 

{SSTP, SSTI, TT1, U1} 

 

 

Lag-0 correlation with HMA 

precipitation:  

{U1=0.52, SSTP=0.48, 

SSTI=0.44, TT1=0.41} 

Precursor region labels: 

SSTP:       SST region over central equatorial Pacific Ocean. 

SSTI:        SST region over western equatorial Indian ocean. 

Z1-Z5:      Geopotential height regions at 200hPa (Z200) emerging over equatorial Pacific and across Atlantic, 

                 Europe and central Asia.  

Z6:            Geopotential height region at 850hPa (Z850) over the Maritime continent. 

VIMDI:    Vertically integrated moisture divergence (VIMD) over western equatorial Indian ocean. 

IVTW:       Westward branch of the zonal integrated vapor transport (IVT) flux over equatorial Indian ocean. 

TT1:         Vertically averaged air temperature (TT) at (500-700hPa) over the tropical Africa and Indian ocean. 

U1:           Upper atmospheric zonal wind at 200hPa (U200) along the Mediterranean belt.  

 641 

Table S1: Summary of the precursors, parents and causal parents for ENSO-driven teleconnections to HMA 

precipitation: Extratropical wave pathway (EWP), Tropical moisture pathway (TMP) and combined EWTMPs in 

November, and Subtropical jet pathway (SJP) in March. 



 

 

 642 

Figure S6: Correlation maps of SST and additional upper atmospheric observables with HMA Precipitation (PR) in 

November including (a) SST,  (b) air temperature at 200hPa (T200), (c) zonal wind at 200hPa (U200) and (d) relative 

vorticity at 200hPa (RV200). The correlation patterns exhibit dominant signatures of the extratropical wave pathway (EWP) 

teleconnection and no sign of the subtropical jet pathway (SJP) teleconnection.  



 

 

El Niño     La Niña   643 

  644 Figure S7: Key precursors of HMA precipitation for warm (El Niño) and cold (La Niña) phases of ENSO in November and 

March: Z200, VIMD precursors in November and U200 precursor in March. This shows that the teleconnection patterns 

are intact with both phases of ENSO but with an asymmetry in magnitude. El Niño and La Niña years are identified if the 

ONI (Oceanic Niño Index) is consecutively active during September-November for November precipitation and the same 

during January-March for March precipitation. ONI is 3 month running mean of ERSST.v5 SST anomalies in the Niño 3.4 

region (5oN-5oS, 120o-170oW), where anomalies are based on a 30-year running mean. 

(https://origin.cpc.ncep.noaa.gov/products/analysis_monitoring/ensostuff/ONI_v5.php) 



 

 

  645 

Fig. S8: PCMCI+ output of the causal networks of (a) the Extratropical Wave Pathway (EWP), (b) the Tropical 

Moisture Pathway (TMP), (c) the combined Extratropical Wave and Tropical Moisture Pathways (EWTMPs) in 

November and (d) the Subtropical Jet Pathway (SJP) in March. The PCMCI+ analysis was performed with τmax=2 

(lag) at 5% significance level. The arrow colors indicate link strength (bottom right colorbar; cross-MCI) and node 

colors encode temporal autocorrelation (bottom left colorbar; auto-MCI). Straight arrows denote lag-0 links, whereas 

curved arrows indicate lagged links with lags specified by labels. Note that this figure displays the same information 

than Fig. 4, but without the background global map. 
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  647 

Figure S9: Correlation maps of HMA precipitation with global Z200 during December, January and February, indicating 

remnant of a Rossby wave like pattern probably originating from the North Atlantic region, which may be associated with 

NAO teleconnections. 



 

 

 648 

November, Fig. 5a: Only Extratropical Wave Pathway (EWP) active 

ENSO causal pathway via Z5 

ENSO causal effect on PR 

SSTP→Z1→Z2→Z4→Z5→PR 

= [(0.29×0.98+0.60)×0.57×0.64×(-0.54)×(-0.60)] = 

0.11, where 0.98 is the SSTP lag-1 autocorrelation 

coefficient. 

November, Fig. 5b: Only Tropical Moisture Pathway (TMP) active 

ENSO causal pathways via VIMDI 

 

ENSO causal effect on PR 

SSTP→Z6→IVTW→VIMDI→PR & 

SSTP→IVTW→VIMDI→PR 

 = [0.98×(-0.59)×0.66×0.91×(-0.59)]+[0.98×(-

0.22)×0.91×(-0.59)] = 0.32 

November, Fig. 5c: Both Extratropical Wave Pathway + Tropical Moisture Pathway (EWTMPs EWP+TMP) 

active 

ENSO causal pathway via Z5 

Mediated causal effect via Z5 

ENSO causal pathways via VIMDI 

 

Mediated causal effect via VIMDI 

 

Total ENSO causal effect on HMA PR in November 

(SSTP→Z1→Z2→Z4→Z5→PR) 

= (0.29×0.98+0.60)×0.57×0.64×(-0.54)×(-0.48) = 0.08 

SSTP→Z1→Z6→IVTW→VIMDI→PR & 

SSTP→IVTW→VIMDI→PR 

= [(0.60+0.29×0.98)×0.66×(-0.59)×0.91×(-0.46)] + [(-

0.22) ×0.98×0.91×(-0.46)] = 0.23 

= 0.08+0.23 = 0.31 

March, Fig. 5d: Subtropical Jet Pathway (SJP) active 

ENSO causal pathway via U1 

Mediated causal effect via U1 

 

ENSO causal pathway via SSTI 

Mediated causal effect via SSTI 

Total ENSO causal effect on HMA PR in March 

(SSTP→SSTI→TT1→U1→PR) 

(0.24×0.97+0.52)×0.66×0.60×0.43=0.13, where 0.97 is 

SSTP lag-1 autocorrelation coefficient. 

SSTP→SSTI→PR 

(0.24×0.97+0.52)×0.32 = 0.24 

= 0.13+0.24 = 0.37 
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  650 

Table S2: Computation of the causal effect strength of ENSO on HMA PR in November and March based on the path 

coefficients as in Fig. 5. 



 

 

Section S1: ENSO-HMA PR Relationship during mid-winter 651 

The evolution of the correlation between HMA Precipitation and global SST (Fig. 2, Fig. S2) shows that the SSTP 652 

precursor region over the equatorial Pacific decays during December-February (DJF). We further show (Fig. S10) that 653 

the significant precursor regions in November gradually shrink and vanish in subsequent months for the essential 654 

observables. Since the PCMCI+ algorithm relies on identifying significant dependencies to establish causal links, the 655 

absence of statistically significant precursors in mid-winter would, by default, result in a fragmented or empty causal 656 

network. 657 

Rather than simply acknowledging the lack of signal, we argue that significant insight can be gained by examining  658 

how and where the different pathways fail as the winter season progresses. For this we imposed the November 659 

precursor regions (location and shape) in all months and extracted for each month the precursor time series for each 660 

observable i.e., for SSTP, Z1, Z2, Z4, Z5, VIMDI, IVTW, Z6, and PR to proceed with PCMCI+ testing. This would 661 

allow us to understand the evolution of the emergent causal networks during DJF with respect to November. 662 

From the PCMCI+ causal networks that emerged in the individual months (Fig. S11), we computed the path 663 

coefficients of the causal links as shown in Fig. S12. We observe distinct weakening and breakdown of the causal 664 

pathways for both EWP and TMP after November, which is evident from both the emergent causal networks (Fig. 665 

S11) and the evolution of the path coefficients (Fig. S12). For EWP (Fig. S12a), the Z1→Z2 (blue) and Z2→Z4 666 

(green) causal links over the tropical Atlantic and north Atlantic gradually weaken and break down during the 667 

December to March period, leading to disruption of the ENSO driven causal pathway to HMA PR. For TMP (Fig. 668 

S12b), the causal links associated with moisture availability over the Indian ocean weaken after November and the 669 

Fig. S10: Evolution of the EWP and TMP precursor regions of key observables with respect to HMA PR during 

November to March. The observables shown are SST and Z200 for EWP hypothesis, and SST, VIMD, Z850 and Zonal 

IVT (IVTW) for TMP hypothesis. The precursor regions (highlighted by the red boxes in November) weaken and 

vanish during the mid-winter (DJF) period just like the ENSO-HMA PR correlation.  



 

 

pathway to the HMA PR breaks down. Specifically, the SSTP→IVTW (blue) and VIMDI→PR (red) links break down 670 

after November, whereas the IVTW→VIMDI (pink) link gradually weakens with the progression of winter. This is in 671 

agreement with the shrinking of the Z200 precursors across the Atlantic and the moisture convergence and transport 672 

(VIMD, IVTW) precursors over the tropical Indian ocean region (Fig. S10). Therefore, while ENSO may be active 673 

during DJF, the likely disruption of its teleconnections across the tropical Atlantic and the absence of moisture 674 

convergence (divergence) in the Indian ocean may have led to the causal link breakdown for both pathways.  675 

Fig. S11: Evolution of the ENSO driven EWP and TMP causal pathways tested under PCMCI+ from November to 

March. For this analysis we imposed in all months the November precursor regions (location and shape) and extracted 

the corresponding precursor time series for each observable and month. The EWP and TMP causal pathways of ENSO 

to HMA PR break down during December to March with broken links (Z1→Z2, SSTP→IVTW, VIMDI→PR) and 

altered directions (Z4Z5). The PCMCI+ testing was performed at τmax=2, and 5% significance level.  

Fig. S12: Evolution of the (a) EWP and (b) TMP path coefficients from November to March. ‘Solid circle’ denotes 

statistically significant path coefficients with p-value<0.05, ‘hollow circle’ denotes statistically significant path 

coefficient but with the wrong direction, and ‘cross’ denotes not statistically significant path coefficient (p-

value>0.05); The broken horizontal lines signify the 5% significance levels. The time evolution of the path coefficients 

shows weakening and breakdown of Z1→Z2 and Z2→Z4 causal links of EWP and IVTW→VIMDI, SSTP→IVTW, 

VIMDI→PR links of TMP during the months of DJF.  



 

 

Existing literature suggests that ENSO has an active teleconnection footprint in the tropical and north Atlantic in 676 

November having causal pathways directed towards North Atlantic-European (NAE) region, which vanishes in 677 

subsequent winter months (Sabatani and Gualdi, 2025). Specifically, the Niño3.4 teleconnection dominates in 678 

November, whereas in December, the Tropical West-East Indian Ocean (TWEIO) teleconnection prevails, reinforcing 679 

the positive North Atlantic Oscillation (NAO). Further insights from studies reveal that the ENSO can also cause 680 

phase reversal of NAO during December-February, i.e. El Niño triggering a negative phase of NAO while La Niña 681 

causing a positive NAO (Toniazzo et al., 2006; Jiménez-Esteve and Domeisen, 2018; Geng et al., 2023), which could 682 

lead to different teleconnection outcomes. Our findings show consistency with literature, i.e. prevailing ENSO 683 

teleconnection towards HMA PR during November and the possibility of other modes (such as NAO and TWEIO) 684 

breaking the ENSO pathway during the mid-winter period.  685 

It is worth noting that we have also looked at physically relevant and persistently active MJO years to see if excluding 686 

those years from the analysis results in a significant correlation of ENSO with HMA precipitation, as this could imply 687 

that MJO is causing the disruption of the ENSO teleconnection pathways. For this, we identified years with active 688 

MJO, i.e. OMI magnitude ≥1 for at least 15 days in a month, and phases 2-4 and 6-8 during December-February 689 

respectively (phase 2-4 of MJO in the equatorial Indian ocean region has a suppressing effect in winter Asian 690 

precipitation above 25°N, while phase 6-8 MJO in the western equatorial Pacific tends to have an enhancing effect in 691 

the same region; Anandh and Vissa, RMetS Meteorological Applications, 2020).  By excluding these years from the 692 

70 years of record, we found no significant change (at the 5% level) in the ENSO-HMA PR correlations during DJF, 693 

indicating that while MJO subseasonal variability may have an impact over HMA precipitation, it does not seem to 694 

disrupt the ENSO-HMA causal pathways at the monthly scale. Further analysis at the weekly time scale might provide 695 

more insight on the MJO influence on HMA precipitation but falls outside the scope of this study, which focuses on 696 

ENSO-driven causal pathways to HMA PR. 697 
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