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Abstract 

In this paper we apply the wavelet approach and the GVAR methodology to investi-

gate the effects of El Niño fluctuations on national inflation rates, global commodity 

prices and world oil prices. The focus of our analysis is on the inflation effects of 

“ENSO diversity”, measured as the central Pacific (CP) and eastern Pacific (EP) El 

Niño. Using quarterly data from c.1950 onward, we substantially extend the time 

span of existing studies. This allows us to observe a much larger number of ENSO 

cycles. The set of countries included in our study comprises countries directly 

affected by the El Niño, countries that are teleconnected with the El Niño variations 

and countries that are only indirectly affected by these processes via global economic 

linkages. The results from wavelet analysis display several key features. First, we 

observe an episodic relationship between ENSO variations and inflation for most 

countries, irrespective of whether they are directly impacted by ENSO or impacted 

via teleconnections. Second, the identification of CP and EP ENSO effects highlights 

the importance of ENSO diversity when analysing the inflationary effects of ENSO. 

Third, the periods of statistical significance encompass both El Niño and La Niña 

phases of the ENSO cycle. The GVAR framework used to estimate the magnitude 

of the effects of the ENSO cycle on national CPI inflation confirms that modelling the 

effects of ENSO diversity as captured by CP and EP ENSO measures matters for the 

identification of their complex nonlinear effects on national inflation rates.

1.  Introduction

The El Niño-Southern Oscillation (ENSO) is one of the most prominent fluctuations 
in the global climate system, with far-reaching economic impacts. A key question 
in climate economics and in Central Bank policy analysis is whether ENSO affects 
national inflation rates. The existing literature offers mixed evidence. For instance, 
[1] finds that El Niño variations account for 10–20% of inflation movements in G7 
countries between 1963 and 1998. In contrast, [2], examining CPI inflation across 
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22 countries from 1950 to 2000, report a lack of statistically significant correlation 
between the Southern Oscillation Index (SOI) and national inflation rates.

More recent studies have adopted advanced econometric frameworks to revisit 
this relationship. Statistically significant inflationary pressures have been identified 
in countries strongly teleconnected to El Niño events and, more broadly, in the world 
economy due to pressures that are primarily attributed to increases in both oil and 
non-oil global commodity prices using the Global Vector Autoregression (GVAR) 
methodology [3]. They identify the El Niño phase of the ENSO cycle as generating 
inflationary effects. [4] use a GVAR model with local projections to analyse the effects 
of the ENSO cycle on inflation, constructing a weighted average of CPI inflation 
across 20 economies/regions (treating the Euro area as a single entity). The effect of 
an El Niño shock on inflation is found to be statistically significant in the second half 
of the year of the shock, with the magnitude of the effect ranging between 0.2 to 0.4 
per cent. The La Niña state of the ENSO cycle is also found to be inflationary with 
a more immediate effect being identified. They find that La Niña events have larger 
inflation effects than El Niño shocks. Using a local projection panel model to estimate 
an ENSO-augmented Phillips curve, [5] finds state-dependent inflation dynamics 
driven by the asymmetric macroeconomic effects of the two ENSO phases. The 
asymmetry arises along two dimensions by affecting the steepness of the Phillips 
Curve, with inflation responding more strongly to unemployment gaps during La Niña 
episodes, and in the direct inflationary effects of ENSO, as La Niña episodes exert 
stronger and more persistent upward pressure than El Niño events.

A common feature across these quantitative studies is the use of a unique fixed 
region to represent the ENSO cycle — typically through the Niño 3.4 index or various 
measures of the Southern Oscillation Index (SOI). A critical dimension in understand-
ing ENSO’s economic effects is in recognizing the importance of “ENSO diversity” 
[6,7]. ENSO diversity is commonly described through two distinct regimes: Eastern 
Pacific (EP) and Central Pacific (CP) ENSO events. These regimes differ in their spa-
tial structure, intensity, and temporal evolution [8–10]. The EP ENSO events typically 
exhibit stronger warm sea surface temperature (SST) anomalies, while CP ENSO 
events display more pronounced cold anomalies [10]. Another notable feature is that 
recent decades have seen a temporal shift in the location of maximum SST anom-
alies from the eastern to the central Pacific [11,12], with [8] observing an increased 
frequency of Central Pacific El Niño episodes. These different ENSO types also 
generate different climate teleconnections. The observed effects of ENSO diversity 
on climate teleconnections are summarized in [13]; for example, whilst EP ENSO is 
associated with heavy rain in Western Latin America, CP ENSO shifts this impact 
away from Latin America.

In economic analysis, ENSO shocks can be treated as supply-side shocks that can 
have effects on agricultural yields and prices [14–18], energy demand and energy 
supply [19,20], global commodity prices [1,21,22] and civil conflicts [23–25]. At a 
macroeconomic level we may also observe effects on aggregate output [3,26], infla-
tion expectations [27] and effects on commodity futures prices [28,29] that will have 
feedback loops in the macroeconomic system. Our focus is on the ENSO-inflation 

decision to publish, or preparation of the 
manuscript.

Competing interests: The authors have 
declared that no competing interests exist.



PLOS Climate | https://doi.org/10.1371/journal.pclm.0000985  August 5, 2026 3 / 20

nexus within a macroeconomic framework. We recognise that significant research has contributed to understanding the 
effects of ENSO at a more disaggregated level, focusing on particular sectors and commodities [21]. Within a macroeco-
nomic framework, these sectoral and commodity-specific shocks manifest as national inflationary pressures and effects on 
global commodity prices. Our macro framework explicitly models how these national effects and global commodity price 
effects interact in a global system.

The key contribution of our paper is to evaluate the importance of ENSO diversity on inflation at the country level and 
on global commodity prices. For this purpose, we explore the effects of the variation in the two types of ENSO events 
prevailing in the Pacific on national inflation rates for a large number of countries over the postwar period. To model the 
inflationary impacts of ENSO, two key dimensions must be considered: temporal heterogeneity and national heteroge-
neity, reflecting both time variation in ENSO dynamics and differences in countries’ sectoral exposure to climate shocks. 
To capture these aspects, we apply wavelet-based techniques at the country level and a multivariate GVAR framework to 
model cross-country linkages and global spillovers. Given the cyclical nature of ENSO, typically occurring over 2–7 year 
intervals [30,31], wavelet analysis is particularly well-suited for uncovering the evolving nonlinear time-frequency rela-
tionships between ENSO variability and inflation. The GVAR methodology complements this approach by modelling the 
transmission of global shocks — such as CP and EP ENSO events — through interconnected national economies and 
global spillovers.

Our wavelet-based findings reveal that the inflationary effects of ENSO are episodic and highly heterogeneous across 
countries. This pattern appears both in countries directly influenced by ENSO and in those affected indirectly through cli-
mate teleconnections, with their significance not confined to the major El Niño episodes. The only exception to this hetero-
geneous pattern is provided by the CP ENSO events since c.2000, for which there is widespread evidence of statistically 
significant effects on national inflation rates at the 2–4 years frequency band. This finding occurs in coincidence with the 
time-frequency region where highly significant power is observed for the CP ENSO.

Complementing these findings, the GVAR framework — used to estimate the magnitude of ENSO’s effects on national 
CPI inflation — confirms that explicitly modelling ENSO diversity is important for accurately identifying the complex trans-
mission mechanisms of ENSO shocks across national economies. To capture these dynamics, our empirical strategy 
employs the GVAR framework to trace the global spillovers arising from domestic inflation responses and ENSO-induced 
movements in world commodity prices. In this respect, our approach is both complementary to, and distinct from, more 
disaggregated studies, as it emphasises systemic interactions and cross-border transmission mechanisms.

The rich set of results, along with the number of sensitivity tests, points to the usefulness of separating the CP and EP 
ENSO processes for the identification of the effects of ENSO cycles on national economies. Our findings show that incor-
porating this diversity into the analysis provides clearer insight into how different ENSO types affect national inflation and 
helps reconcile the mixed results reported in previous studies.

The remainder of the paper is structured as follows: Sections 2 and 3 use wavelet-based tools to investigate the 
characteristic features of EP and CP ENSO indices and to analyse their timescale relationships with country-level infla-
tion. Section 4 integrates wavelet analysis into a GVAR framework to evaluate the multivariate effects of the ENSO cycle. 
Section 5 concludes with a discussion and summary of key findings.

2.  Timescale properties of the EP and CP ENSO

To better understand the complex nonlinear pattern of ENSO events, researchers have introduced different indices 
constructed from SST anomalies to consider “ENSO diversity” [32]. At least two different types of anomaly centres have 
been identified, the eastern Pacific (EP) and the central Pacific (CP), which exhibit distinct SST anomaly patterns. [11] 
suggest the CP ENSO arises from atmospheric forcing rather than the thermocline variation underlying the EP ENSO, 
reflecting the spatial asymmetry between the strong warm and cold phases of ENSO [6,33]. The EP ENSO has its subsur-
face anomalies located in the eastern equatorial Pacific (by the coast of South America), whilst the CP ENSO anomalies 
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are located in the central Pacific. The EP ENSO tends to appear more often as strong El Niño events than as strong La 
Niña events. By contrast, moderate to strong La Niña reflects more onto the CP ENSO pattern. Therefore, EP and CP 
ENSO modes represent the diversity of ENSO amplitude, as well as the asymmetry in the pattern of El Niño and La Niña 
[11,34,35].

The CP and EP indices used in this study are based on the dataset developed by [11] and extended by [36]; the data 
are derived using the regression-empirical orthogonal function (EOF) analysis applied to sea surface temperature anoma-
lies. In Fig 1 we present, in the upper panels, the time-series pattern of the EP (left) and CP (right) ENSO — measured at 
quarterly frequency between 1950:Q1–2019:Q4 by aggregating monthly data — and, in the lower panels, their probability 
density functions. The differences in the pattern of the two series in terms of amplitude, duration and symmetry of SST 
anomalies are clearly visible. The amplitude of ENSO’s warm and cold events differs between EP and CP events. The 
larger positive SST anomalies, such as the El Niño events of 1982–1983 and 1997–1998, are classified as EP El Niños. 
By contrast, CP events are typically characterized by weaker, moderate SST anomalies. The duration also differs, as EP 
anomalies are generally shorter, more intense events, compared to longer, more persistent but moderate CP events.

Fig 1.  EP (left) and CP (right) types of ENSO (top panels) and their probability density functions (bottom panels). Note: Grey shaded areas 
denote strong El Niño and La Niña events in top left and top right panels, respectively.

https://doi.org/10.1371/journal.pclm.0000985.g001
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The asymmetry between EP and CP events is evident in the probability density function (PDF) presented in the lower 
left and right panels of Fig 1. The values of the skewness and kurtosis coefficients reported within the PDF plots suggest a 
near Gaussian distribution with a pronounced tail in the positive region for the EP ENSO. In particular, the positive skew-
ness of 1.3 indicates a tendency towards extreme positive events (rare but strong El Niño events, e.g., 1982–83, 1997–
98, 2015–16). For the CP ENSO, the negative coefficients of skewness and kurtosis suggests a platykurtic distribution 
with a heavy tail in the negative region, indicating that it contains more data in the extremes compared to a normal dis-
tribution. In particular, the negative skewness value (–0.57) indicates a tendency for the CP ENSO to be more suited for 
representing cold events (La Niña), as negative SST anomalies (extreme negative events) are more frequent pronounced 
or persistent than positive ones.

The EP and CP ENSO cycles are an example of a “quasi-periodic” phenomenon. Wavelet methods — useful introduc-
tions are provided in [37] and [38] — have been widely used to analyse climatic data at multiple time scales because of 
their ability to identify the duration of dominant events or cycles within a signal [31,39–42]. The wavelet transform, using 
small, localized wave functions called wavelets, provides an adaptive time-frequency decomposition of the signal, where 
each frequency component displays a resolution matched to its scale. The localized nature of the wavelet basis function, 
and the flexibility of its windowing function, with the (localized) wavelet function dilated or compressed to simultaneously 
extract cycles at different frequencies, are especially useful for analyzing complex signals, that is signals that are “nonsta-
tionary, have short-lived transient components, have features at different scales, or have singularities” ([43], p.386).

The wavelet transform produces coefficients that represent the strength of the signal at different scales (frequencies) 
and locations. By squaring the absolute value of the wavelet coefficients, the sample wavelet power spectrum provides a 
representation of the energy density of the signal at each scale and location. Therefore, the wavelet transform determines 
which scales contribute most significantly to the signal’s overall variance, revealing both the dominant modes of variability 
and how those modes vary over time.

Since estimated wavelet power spectra are biased in favour of large scales, the squared (absolute) values of CWT 
wavelet coefficients, denoted as |W

x
(s,u)|2, is divided by the corresponding scale based on the energy definition accord-

ing to the bias rectification proposed by [44]. The (rectified) wavelet power spectra of the EP ENSO (left) and CP ENSO 
(right) are presented in Fig 2. The time-frequency plot in Fig 2 shows time recorded on the horizontal axis and periods, 
measured in quarters, on the vertical axis. The amount of signal energy contained at each specific scale and location is 
visualized by colour code, from dark blue (low power) to dark red (high power). Thus, regions with warmer colours corre-
spond to areas with wavelet power coefficients of large magnitude. Visualizing the graph at a given scale (frequency), one 
can see how the power of the projection varies over time at that scale, while visualizing down the graph one can see how 
the power varies with the wavelet scale at a given point in time. The statistical significance of wavelet power coefficients 
is assessed using the cumulative areawise significance test developed by [45] to circumvent the multiple testing problem 
associated with the point-wise approach (further details are provided in S7 Appendix) firstly applied in [31]. A black contour 
line delimiting regions of 5% cumulative areawise significance against the null hypothesis of an autoregressive process of 
first order AR(1) is displayed. A red noise AR(1) process can be considered an acceptable noise background model for the 
global surface temperature [46,47], as many climatic variables have higher power at longer periods.

The left panel in Fig 2 shows that for the EP ENSO the largest wavelet power coefficients in the time-frequency plane 
are concentrated in the region between late 1970s and early 2000s at the 3–6 years frequency band. These results are 
consistent with the previous findings of intense events in the eastern Pacific occurred in 1982–83 and 1997–98. The right 
panel of Fig 2 shows that the CP ENSO has two dominant periods: one between the mid-1960s and late 1980s at the 1–4 
years frequency band, and the other during the 2005–2015 period at the 2–4 years frequency range.

As expected, given that CP and EP measures are based on the EOF method, the statistically significant high-power 
regions for the EP and CP ENSO do not overlap. This wavelet finding is consistent with the observation that EP and CP 
ENSO events exhibit distinct SST patterns, one coincident with an anomalous warming area located in the eastern Pacific 
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and the other concentrated in the central Pacific [48,49]. Such differences in the time-frequency localization of high-power 
regions of the different types of ENSO events suggests that we can use the two series to identify independent effects from 
CP and EP ENSO shocks.

3.  Effects of the EP and CP ENSO on inflation

3.1.  Methodology and data

The multiscale pattern of the ENSO-inflation relationship, together with the non-stationary properties of the individual 
time series call for methods with the ability to manage scale-dependent, nonstationary relationships between time series. 
Wavelet coherence measures co-movement of two time series in the time-frequency space and allows us to study cor-
relations between variables on multiple time scales and over different periods. Therefore, it allows for the detection of 
correlations that appear and disappear over time and can distinguish correlations occurring at different frequencies and 
over various time durations, such as short-lived events versus long-term influences. Indeed, the ENSO-inflation link may 
be strong in some episodes and weak in others, as recently noted in several empirical works on the asymmetrical effect of 
these climate cycles on macroeconomic variables [26,50,51].

To define wavelet coherence, we need to introduce the cross wavelet transform and cross wavelet power. Let W
x
 and 

W
y
 be the continuous wavelet transform of the signals x(.) and y(.). Their cross-wavelet power, given by |W

xy
| = |W

x
W

y
|, 

depicts the local covariance of two time series at each scale and frequency [52]. The wavelet coherence is defined as the 
modulus of the wavelet cross spectrum normalized to the single wavelet spectra [46]:

	
R2
xy =

∣∣S (
s–1Wxy(s, u)

)∣∣2∣∣S (
s–1Wx(s, u)

)∣∣ |S (
s–1Wy(s, u)

)
| 	

where W
xy

(s,u)=W
x
W*

y
 is the cross-wavelet transform and * indicates the complex conjugate, and S is a smoothing 

operator in both time and scale. The squared wavelet coherence coefficient R2
xy

 is analogous to the squared correlation 

Fig 2.  Wavelet power spectrum of EP (left) and CP (right) types of ENSO. Note: Time is recorded on the horizontal axis and the scale of the wavelet 
transform on the vertical axis, with frequency converted to periods (quarters). The colour code for power ranges from dark blue (low power) to dark red 
(high power). A thick black contour encloses regions of 5% cumulative areawise significance. Light shading represents the cone of influence, i.e., the 
region in which edge effects cannot be ignored.

https://doi.org/10.1371/journal.pclm.0000985.g002
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coefficient in linear regression. This normalized quantity, ranging from 0 and 1, measures the local correlation of two time 
series in the time-frequency space and can be used to detect the region where the two phenomena have strong local 
interactions. As for the wavelet power spectrum, regions of low and high coherency corresponding to areas of weak and 
strong local correlation are indicated by colour coding, with the colour code ranging from dark blue (low coherence) to 
dark red (high coherence).

Moreover, from the imaginary and real parts of the cross wavelet transform we have information about the relative posi-
tion of the two series through the phase difference, defined as:

	
ϕxy = tan

–1

(
I
[
Wxy(s, u)

]

R
[
Wxy(s, u)

]
)

	

The wavelet phase difference between the two series charts lead/lag relationships by frequency, with the phase informa-
tion graphically coded by arrows superimposed in regions characterised by high coherency. The direction of arrows shows 
the relative phasing between two time series and can be interpreted as indicating a lead/lag relationship: right arrows 
mean that the two variables are in-phase, while left arrows mean that the two variables are in-antiphase.

In order to derive our inflation measures, quarterly national price level data are transformed into their year-on-
year quarterly growth rates — further details on our data sources are provided in S6 Appendix. Our dataset covers 
23 advanced economies (Australia, Austria, Canada, Denmark, Finland, France, Germany, Greece, Ireland, Italy, 
Japan, Netherlands, New Zealand, Norway, Portugal, South Korea, Spain, Sweden, Switzerland, Taiwan, United 
Kingdom, United States) and 17 emerging countries (Argentina, Bolivia, Brazil, Chile, Colombia, Costa Rica, El 
Salvador, Guatemala, Honduras, India, Malaysia, Mexico, Pakistan, Peru, Philippines, Thailand, Uruguay) for the 
postwar period (1950:Q1–2019:Q4). This broad set of countries also allows us to consider countries that are directly 
affected by ENSO (e.g., Australia and Peru), countries that are strongly teleconnected by ENSO (e.g., Mexico, 
Thailand, and Malaysia) and countries that are weakly teleconnected (e.g., much of Europe). This study is based on 
a sample of countries for which consistent quarterly inflation data are available, which inevitably biases coverage 
toward higher-income, data-rich economies. This limitation reflects the inherent challenges of constructing long-span 
quarterly datasets, particularly for lower-income and tropical countries that are often more directly exposed to climate 
shocks. In S5 Appendix, we discuss the selection biases that arise from these data issues and the implications for 
ENSO-economy research.

The wavelet coherence plots in Figs 3 and 4 present the time-frequency relationship between the inflation rate and the 
two types of ENSO, EP and CP respectively, for a subset of countries (Figs A–E in S1 Appendix display the coherence 
results for all countries). Here, by way of example, we present a selection of countries from different geographical regions 
that exhibit statistically significant regions of coherence. Each panel in Figs 3 and 4 displays time on the horizontal axis, 
the scale on the vertical left axis, with periods measured in quarters, and a coloured vertical bar providing the correlation 
strength, between 0 and 1, displayed on the right axis. As before, the colour intensity represents the strength of coher-
ence: red areas indicate high coherence, while blue areas show low coherence. The statistical significance of all wavelet 
coherence spectra is evaluated using the cumulative areawise test [45] to account for the simultaneous testing of multiple 
hypotheses. Thick black contours enclose regions of 5% cumulative areawise significance against the null hypothesis of 
an autoregressive process of first order AR(1). The shaded areas at the plot’s edges represent the cone of influence, that 
is areas in the time-frequency plane where edge effects become significant, and results should be interpreted with cau-
tion. Arrows superimposed upon statistically significant regions show the phase relationship between the two variables: 
arrows pointing right (left) indicate in-phase (anti-phase) relationship, and up/down arrows represent a phase lag or lead. 
Specifically, right arrows pointing up (down) indicate that the ENSO cycle is positively related and lagging (leading) infla-
tion. Left arrows pointing up (down) indicate that the ENSO cycle is negatively related and leading (lagging) inflation.
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3.2.  EP ENSO effects on inflation

The wavelet coherence plots in Fig 3 exhibit a rich time-frequency structure indicating a complex, non-stationary, 
time-varying relationship between the ENSO cycle and national inflation rates. The presence of multiple regions of high 
coherence, coupled with their irregular distribution across both time and scales, suggests that the EP ENSO-inflation 
relationship displays significant time-heterogeneity. Moreover, the proportion of statistically significant regions — identified 

Fig 3.  Wavelet coherence between EP ENSO and inflation. Note: Time is recorded on the horizontal axis and the scale of the wavelet transform on 
the vertical axis, with frequency converted to periods (quarters). The colour code for power ranges from dark blue (low coherence) to dark red (high 
coherence). A thick black contour encloses regions of 5% cumulative areawise significance. Right (left) arrow means that the two variables are in-phase 
(anti-phase): if the right arrow points up (down) EP ENSO is leading (lagging) inflation and if the left arrow points up (down), EP ENSO is lagging (lead-
ing) inflation. The results for all the countries of the sample are presented in Figs A–E in S1 Appendix.

https://doi.org/10.1371/journal.pclm.0000985.g003
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through the cumulative areawise test — relative to high coherence areas is rather limited. Examining the country-specific 
features of the EP ENSO-inflation relationship we observe a generally weak or even absent link for several Latin American 
countries that are directly impacted by the EP ENSO cycle, such as Bolivia, Brazil, Chile, Peru (see Fig A in S1 Appendix).  
The main exception is Colombia, which exhibits several statistically significant regions across different frequency ranges. 
Statistically significant regions are also detected for Costa Rica — at scales of 1–6 years between the mid-1970s and 

Fig 4.  Wavelet coherence between CP ENSO and inflation. Note: Time is recorded on the horizontal axis and the scale of the wavelet transform on 
the vertical axis, with frequency converted to periods (quarters). The colour code for power ranges from dark blue (low coherence) to dark red (high 
coherence). A thick black contour encloses regions of 5% cumulative areawise significance. Right (left) arrow means that the two variables are in-phase 
(anti-phase): if the right arrow points up (down) CP ENSO is leading (lagging) inflation and if the left arrow points up (down), CP ENSO is lagging (lead-
ing) inflation. The results for all the countries of the sample are presented in Figs A–E in S1 Appendix.

https://doi.org/10.1371/journal.pclm.0000985.g004
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mid-1980s — and for Mexico, between the mid-1980s and early-1990s. A number of time-localized regions of high 
coherence are detected at higher frequencies (less than 1 year) for several countries, including Honduras, El Salvador, 
Uruguay, Mexico and Guatemala — the latter being the only one with statistically significant coherence. The correlation 
patterns observed for North American countries differ substantially. Canada exhibits two statistically significant regions at 
the 2–4 years frequency band: one spanning from the mid-1980s to the early 2000s, and another during the mid-to-late 
2000s. In contrast, the United States shows a single statistically significant region in the late 1950s at frequencies below 
1.5 years.

The number of western Pacific and Asian countries displaying statistically significant high coherence regions is 
greater than that observed for Latin American countries. Statistically significant areas in the 1–4 year frequency range 
are detected for India, Japan, Korea, and Malaysia during the 1990s. Additional significant regions are found for India (at 
frequencies below 1 year during the 1980s and at 2–4 years from the early-2000s onward), Japan (at 2–4 years during 
the 2000s) and for Malaysia (at 1–2 years between the late 1950s and early 1960s). Pakistan also exhibits a statistically 
significant area in the early to mid-1980s at frequencies below 4 years. Although several high-coherence regions are 
identified for Australia, the Philippines, and Thailand, none of these are statistically significant. Finally, New Zealand and 
Taiwan display a generally weak relationship throughout the entire period.

The wavelet coherence plots for European economies align with the heterogeneous patterns observed in countries 
directly and indirectly affected by EP ENSO shocks. Statistically significant regions are detected for the Nordic countries 
and the Netherlands across different time scales and periods. Significant coherence is found in the early 1960s for the 
Netherlands at higher frequencies, and for Finland within the 1.5–4 years frequency range. Additional statistically signif-
icant areas at higher frequencies are identified for Denmark, the Netherlands, and Sweden around the mid-1990s. Both 
Denmark and the Netherlands exhibit further significant regions: the former at 1–4 years during the mid-to-late 2000s, and 
the latter at 1–2 years between the late 1980s and late 1990s.

Overall, the analysis highlights a markedly heterogeneous relationship between EP ENSO events and national inflation 
dynamics across countries. While some countries — such as Colombia, India, Japan, and several European economies 
— display statistically significant and temporally localized regions of high coherence, the majority show weak linkages. 
The frequency bands and time periods of significance vary widely, underscoring the absence of a common or persistent 
inflationary response to EP ENSO shocks. This heterogeneity suggests that the influence of EP ENSO on inflation oper-
ates through country-specific channels rather than a uniform global mechanism.

3.3.  CP ENSO effects on inflation

The time-frequency analysis of the relationship between CP ENSO and inflation confirms that the effects are country- 
specific, yet it also reveals a notable common pattern. In particular, a statistically significant relationship emerges in the 
2–4 years frequency band after c. 2000 — a feature that appears consistently across countries and aligns with the high-
power, statistically significant region observed in the wavelet power spectrum of the CP-type of ENSO.

Among Latin American countries, the wavelet coherence results indicate three distinct periods of significant 
comovement between ENSO and inflation. The first occurs at higher frequencies (cycles below two years) from the 
mid-1960s to the early 1970s. Although many countries display elevated coherence during this period, it reaches 
statistical significance only for Honduras and El Salvador. The second period spans roughly the early 1980s to the 
late 1990s, with notable coherence at frequencies around four years in Argentina, Brazil, Guatemala, Mexico, and 
Peru; El Salvador shows only weak coherence in this band. A third and more recent phase appears from the early 
2000s, particularly in Chile, Guatemala, Honduras, El Salvador, and, to a lesser extent, Costa Rica. Additionally, there 
is evidence of short-lived but noticeable time-localized effects at higher frequencies (less than one year) for several 
countries — including Chile, Colombia, Costa Rica, Guatemala, Honduras, Mexico, El Salvador, and Uruguay — con-
centrated mainly before the 1980s.
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The strong coherence pattern observed within the 2–4 years frequency range also appears in North American and Oce-
anian countries, although it does not reach statistical significance for Australia. Statistically significant CP ENSO effects 
in the 2–4 years band during the first decade of the 2000s are detected across several Asian countries, including Japan, 
Pakistan, Malaysia, and Thailand. This high-coherence region is also present in the Philippines, Taiwan, and, to a lesser 
extent, Korea, but not in India, where significant coherence occurs instead at higher frequencies — below 1 year and 
around 2 years. Additionally, Malaysia and Taiwan display a high-coherence region in the 1–2 years frequency band in the 
early 1970s.

The patterns emerging from the bottom panels of Fig 4 are particularly striking. Nearly all European countries — except 
the Netherlands and Norway, and to a lesser extent Portugal and Switzerland — exhibit a large, statistically significant 
high-coherence region in the first decade of the 2000s within the 2–4 years frequency range. Smaller statistically signifi-
cant areas also appear at high frequencies (less than 2 years) for a limited number of countries: Ireland in the mid-1960s, 
France and Ireland from the early 1970s to the mid-1980s, and Portugal in the late 1960s.

In S2 Appendix, we also present the wavelet coherence relationship between ENSO and global commodity prices, 
focusing on energy and non-energy commodity prices. Fig A in S2 Appendix presents the wavelet coherence plots 
between CP (left panels) and EP (right panels) measures of the ENSO cycle and energy and non-energy commodity price 
indices. The results show major differences between energy and non-energy commodity prices — whilst for global energy 
prices there are few significant areas concentrated both in time and frequencies, for non-energy commodity prices high 
coherence regions are widespread both over time and across frequencies.

3.4.  Summary of findings

The main uniformity is the negative effect of CP on inflation at the 2–4 year statistically significant area displayed after 
mid-2000s by most countries of our sample. Positive effects are less numerous and more associated to EP events, e.g., 
Costa Rica, India (at shorter time scales), Japan, Korea, Malaysia, Denmark, Germany and Netherlands, mostly at scales 
lower than 2 years. These findings are consistent with the literature that relates the observed nonlinearities in the ENSO 
pattern, in the context of the different amplitude of ENSO warm and cold phases [35,53], to “ENSO diversity”, with the 
EP ENSO characterised by stronger warm-than-cold SST anomalies, and the CP ENSO by larger cold-than-warm SST 
anomalies.

Overall, the results presented in this section suggest a multiscale, time-localized, transient and country-specific rela-
tionship. The multiscale nature of the relationship between ENSO and inflation is clearly evident in the wavelet coherence 
plots, as statistically significant (but also high-coherence) areas are detected at shorter-term frequencies, up to 1-year, but 
also at frequencies between 1 and 2 years and at the 2–4 years frequency range. These periods of strong correlation are 
widely dispersed in the time-frequency map, restricted to some specific periods and short-lived, therefore suggesting the 
transient effects of ENSO events on inflation.

4.  A global vector autoregression model of the ENSO-inflation relationship

Wavelet coherence analysis shows that the relationship between the ENSO cycle and national inflation rates displays 
episodic features — statistical significance is specific to particular time-periods and frequencies. There is also extensive 
evidence that the ENSO cycle affects global commodity prices [1,3,21,54], which will have global effects on national 
inflation. To evaluate the ENSO-inflation relationship in a multivariate framework we employ the GVAR methodology — the 
technical aspects of the GVAR methodology are detailed in [3] and [55]. [56] have noted the “over-controlling problem”, 
resulting from climate variables impacting on other control variables in economic models. This problem implies there may 
be a bias in the estimates if we control for other economic variables that are affected by climate (such as global commod-
ity prices) when attempting to identify the effects of climate, resulting in bad controls [57]. At the same time we do not 
know whether there is an omitted variable bias by excluding these variables. The GVAR model deals with this problem by 



PLOS Climate | https://doi.org/10.1371/journal.pclm.0000985  August 5, 2026 12 / 20

modelling a system of variables affected by climate shocks that are interacting with each other. The GVAR model implies 
that although the “over-controlling problem” may exist, the complex interactions between climate and economy means that 
some conditioning has to be considered in the modelling process.

The GVAR methodology allows us to model the effect of a global variable (in this case the ENSO process) on national 
economies that are inter-related in the global economy via trade and capital flows [55,58–60]. The GVAR framework has 
three important useful features: first, global shocks, such as the ENSO variations that affect many parts of the world either 
directly or via teleconnections can be modelled as global shocks to an economic system; second, global inter-relatedness 
of economies is at the heart of GVAR models, allowing us to model the effects of a global shock on the world economy 
(defined here as a set of inter-related economies); third, unlike standard panel models, GVAR models estimate heteroge-
neous effects across countries. A set of trade weights captures the cross-national linkages, allowing us to model spillover 
effects across countries; moreover, these weights change over time, allowing us to capture temporal changes in global 
linkages.

[3] have applied the GVAR framework to estimate the macroeconomic effects of El Niño fluctuations on 21 econo-
mies/regions of the global economy using quarterly data for the period 1979:Q2–2013:Q1. We contribute to the GVAR 
evaluation of the ENSO cycle in a number of ways. First, we complement the work of [3] by focusing on the implications 
of ENSO diversity; since EP and CP ENSO variations affect teleconnections in different ways, we expect this feature to 
result in different economic effects on individual countries and global variables, such as world commodity prices. Sec-
ond, we extend the quarterly data set to consider a longer time period, from 1960 to 2019, allowing us to capture more 
ENSO cycles; although the coherence analysis can use national inflation rates from c.1950 at quarterly frequency, several 
control variables required for the GVAR are only available from c.1960, which fixes the start of the GVAR sample. Given 
the length of time period, we also allow for changes in trade weights to capture how economic spillovers evolve over long 
historical periods since the 1950s.

An innovation in our study is to combine the wavelet methodology and the GVAR framework. This allows us to focus on 
the impacts of specific frequencies of the ENSO cycle within a GVAR model. To complement the wavelet analysis of the 
first part of this study we use the wavelet methodology to decompose the ENSO cycle applying the maximal overlap dis-
crete wavelet transform (MODWT), which uses discretized versions of the dilation and location parameters of the wavelet 
basis filter. The MODWT decomposes the original signal into a limited number of different time scale components, each 
corresponding to a specified frequency band. With quarterly data a 4-level decomposition produces four wavelet details 
vectors d

1
, d

2
, d

3
, and d

4
, each associated with oscillatory variations on various timescales, 2–4, 4–8, 8–16, and 16–32 

quarters, respectively, and one wavelet smooth vector, S
4
 capturing fluctuations longer than 32 quarters. Since the domi-

nant ENSO cycle is between 2–7 years, we take the sum of d
3
 and d

4
 variations to represent the cyclical properties of the 

ENSO cycle and use this information to evaluate the effects from ENSO shocks.
To implement the GVAR model we use a quarterly data set for 26 countries for the period 1960:Q1–2019:Q4, since the 

data for a number of control variables start in1960. The data set includes quarterly data on GDP, CPI inflation, effective 
exchange rates, global oil prices, global non-oil commodity prices, and measures of CP and EP ENSO variations (the data 
sources are described in S6 Appendix). The country coverage includes Argentina, Australia, Austria, Belgium, Brazil, Can-
ada, Chile, Finland, France, Germany, India, Italy, Japan, Korea, Mexico, Netherlands, Norway, New Zealand, Philippines, 
South Africa, Spain, Sweden, Switzerland, Turkey, United Kingdom and the United States. The 26 countries are a subset 
of the 40 countries we considered using wavelets analysis. The more limited selection of countries reflects the availability 
of reliable and consistent quarterly macroeconomic data, which inevitably biases coverage toward higher-income, data-
rich economies. As a result, several countries significantly affected by the ENSO cycle — such as Peru, Ecuador, and 
Indonesia — cannot be included in a GVAR analysis. Nevertheless, the 26-country sample employed here encompasses 
a broad set of economies influenced by ENSO either directly or through climate teleconnections. Furthermore, the GVAR 
framework captures global economic interdependencies by incorporating trade-weighted linkages across countries. An 
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important advantage of this sample is that it represents a substantial share of global income, thereby enabling the esti-
mation of worldwide economic effects associated with ENSO. These data reliability issues are discussed further in S5 
Appendix.

In Fig 5 we consider the effects of CP ENSO cycle shock as captured by the sum of the d
3
 and d

4
 movements — we 

also considered the effect of high frequency shock to the CP ENSO cycle by considering the movements of d
1
 and d

2
 

decompositions. The only significant national inflation effects are for India (+0.24 per cent by Q4) and Mexico (+0.6 
per cent by Q2); world non-oil commodity prices are unaffected and world real oil prices fall (−3.0 per cent by Q12). To 
account for differences in intensity and temporal dynamics of the CP and EP ENSO, we define El Niño shocks in our 
model as one-standard-deviation innovations (over the whole sample period 1960–2019) to the respective d

3
 + d

4
 cycles 

of the (orthogonalised) CP and EP indices, rather than imposing a uniform shock size or duration across event types. This 
is the common practice in econometric estimations. Estimating the effect of one standard deviation shock to a CP ENSO 
cycle we observe a significant positive effect on CPI inflation in India (0.5 per cent by Q4) and Mexico (1.0 per cent by 
Q4); we observe a negative effect on New Zealand (–0.2 per cent by Q4).‌‌ The point estimates for Argentina and Australia 
are also negative but are not statistically significant at the 90% level over the horizons considered. The effect on oil prices 
is negative (-2.0 per cent) and statistically significant over a 4-Quarter time-profile (Fig 6); the effect on non-oil commodity 

Fig 5.  Impulse Responses of Inflation to CP ENSO Cycle Shock. Note: The Y-axis shows the deviation from baseline (where 0.01 equals 1 percent-
age point). The X-axis represents the quarters after the shock (horizon). The solid line is the median estimate of the impulse response, and the dashed 
lines indicate the 90% confidence bands obtained via bootstrap.

https://doi.org/10.1371/journal.pclm.0000985.g005



PLOS Climate | https://doi.org/10.1371/journal.pclm.0000985  August 5, 2026 14 / 20

prices is positive (1.0 per cent by Q12) but not statistically significant over a 3-year horizon (Fig 7). As a robustness check, 
we re-estimated using the full (non-decomposed) CP series; the results are very similar, suggesting the cyclical decompo-
sition captures most of the CP variation. In reporting GVAR impulse responses, we present 90% bootstrapped confidence 
intervals. This choice reflects standard practice in the GVAR literature and aligns with closely related work, including [3], 
who also report 5%–95% bootstrapped error bounds and, additionally, 16%–84% bounds corresponding to one- 
standard-deviation confidence intervals. The choice of working with the 90% confidence level in GVAR analysis reflects 
the objective of characterising the dynamic response patterns and cross-country transmission mechanisms in a large, 
interconnected system, where more conservative thresholds can substantially reduce power. Accordingly, our interpreta-
tion of results does not hinge on marginal statistical significance at individual horizons, but on the sign, persistence, and 
coherence of responses across countries and variables.

Given the multi-country nature of the GVAR, a large number of impulse responses are produced. We therefore avoid 
interpreting the output as a collection of independent hypothesis tests. Standard multiple-comparison corrections (e.g., 

Fig 6.  Impulse Responses of World Real Oil Price to CP ENSO Cycle Shock. Note: The Y-axis shows the deviation from baseline (where 0.01 
equals 1 percentage point). The X-axis represents the quarters after the shock (horizon). The solid line is the median estimate of the impulse response, 
and the dashed lines indicate the 90% confidence bands obtained via bootstrap.

https://doi.org/10.1371/journal.pclm.0000985.g006

Fig 7.  Impulse Responses of World Non-Oil Commodity Real Price to CP ENSO Cycle Shock. Note: The Y-axis shows the deviation from base-
line (where 0.01 equals 1 percentage point). The X-axis represents the quarters after the shock (horizon). The solid line is the median estimate of the 
impulse response, and the dashed lines indicate the 90% confidence bands obtained via bootstrap.

https://doi.org/10.1371/journal.pclm.0000985.g007
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Bonferroni-type adjustments) are designed for sets of independent tests and would be overly conservative and difficult to 
interpret in a system where responses are jointly determined through global linkages. Instead, we emphasise systematic 
patterns — such as differences between CP and EP shocks that are consistent across horizons and country groups — 
and cross-method consistency with the wavelet evidence. Where responses are sensitive to the confidence level, we state 
this explicitly and avoid over-interpreting borderline cases.

The effects of the EP ENSO cycle are more muted (see Fig 8). Estimating the effect of one standard deviation shock to 
the EP ENSO cycle we observe a significant positive effect on CPI inflation only for India (0.3 per cent by Q9). The effects 
on global oil prices and non-oil commodity prices are statistically insignificant (Figs 9 and 10). We also considered the 
effect of high frequency shock to the EP ENSO cycle by considering the movements of d

1
 and d

2
 decompositions — all 

national inflation effects are statistically insignificant, as are the effects on global commodity prices.
To evaluate the robustness of our findings and to assess the value added by modelling ENSO diversity, we conduct a 

set of sensitivity tests. First, we re-estimate the GVAR using the Niño 3.4 index, which pools ENSO activity into a single 
fixed-region measure and therefore removes the distinction between CP and EP events. The only change in this specifi-
cation is the ENSO shock variable. All other elements of the model, including country-specific equations, foreign variables, 
lag structure, estimation method, and bootstrap inference, remain identical. This pooled specification can be viewed as a 

Fig 8.  Impulse Responses of Inflation to EP ENSO Cycle Shock. Note: The Y-axis shows the deviation from baseline (where 0.01 equals 1 percent-
age point). The X-axis represents the quarters after the shock (horizon). The solid line is the median estimate of the impulse response, and the dashed 
lines indicate the 90% confidence bands obtained via bootstrap.

https://doi.org/10.1371/journal.pclm.0000985.g008
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more restrictive nested benchmark relative to our preferred CP and EP framework because it imposes the restriction that 
all ENSO events transmit through the same aggregate index and therefore cannot generate type-specific macroeconomic 
responses.

The Niño 3.4 results are summarised in S3 Appendix, which reports the responses of four-quarter CPI inflation, world 
real oil prices, and world real non-oil commodity prices to a one-standard-deviation Niño 3.4 shock. The estimated effects 
on global oil and non-oil commodity prices are broadly comparable in magnitude to those obtained from the CP and EP 
specifications, with similar sign, persistence, and overall shape of the response across horizons. At the country level, 
however, the comparison is more nuanced. The cross-country pattern of CPI responses differs across the two specifica-
tions: for some countries (e.g., Argentina, Korea, Mexico, New Zealand, and South Africa) the magnitude of the inflation 
response is larger when CP and EP shocks are modelled separately, while for others (e.g., Turkey, the USA, Canada, Fin-
land, and Germany) the magnitude is larger under the pooled Niño 3.4 shock. Statistically significant Niño 3.4 responses 
at the 90% level are identified for India (0.6 per cent by Q4) and Germany (0.1 per cent by Q5). What the pooled Niño 3.4 
specification cannot recover is the type-specific heterogeneity that emerges when CP and EP shocks are separated: the 
contrast between the more pronounced CP responses and the more muted EP responses reported in the main text is, by 

Fig 9.  Impulse Responses of World Real Oil Price to EP ENSO Cycle Shock. Note: The Y-axis shows the deviation from baseline (where 0.01 
equals 1 percentage point). The X-axis represents the quarters after the shock (horizon). The solid line is the median estimate of the impulse response, 
and the dashed lines indicate the 90% confidence bands obtained via bootstrap.

https://doi.org/10.1371/journal.pclm.0000985.g009

Fig 10.  Impulse Responses of World Non-Oil Commodity Real Price to EP ENSO Cycle Shock. Note: The Y-axis shows the deviation from base-
line (where 0.01 equals 1 percentage point). The X-axis represents the quarters after the shock (horizon). The solid line is the median estimate of the 
impulse response, and the dashed lines indicate the 90% confidence bands obtained via bootstrap.

https://doi.org/10.1371/journal.pclm.0000985.g010
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construction, absorbed into a single average effect under Niño 3.4. In light of the wavelet evidence and the CP/EP results 
presented in the main text, this comparison reinforces our reading that distinguishing ENSO types is informative for under-
standing the macroeconomic effects of El Niño and La Niña, while individual country-level magnitudes remain sensitive to 
the choice of ENSO measure.

Second, we consider whether nonlinearity matters to the estimates that we report using the GVAR model. To evaluate 
possible nonlinear effects, we have separated out the two different phases of the ENSO cycle into El Niño and La Niña 
states. For these different phases of the cycle, we estimate the GVAR models separately for the positive and negative 
phases of the ENSO cycle to identify nonlinear effects the El Niño and La Niña states (estimation results are reported in 
S4 Appendix). Our key finding here is that the linear model provides a good approximation — although some nonlinear 
effects are identified. Clearly the aspect of nonlinear effects needs further analysis using techniques that can comment 
more explicitly on modelling nonlinear features.

5.  Discussion and conclusions

A number of key conclusions arise from this study. First, the wavelet coherence analysis has identified periods of strong 
coherence between CPI inflation and the ENSO cycle. We have focused on the importance of ENSO diversity and have 
shown that the CP and EP ENSO variations have differentiated effects across countries and frequencies. A key result from 
the wavelet coherence analysis is that the effects are significant but clearly episodic, with statistical significance con-
fined to particular time periods and frequencies that also vary by country. Moreover, the significant episodes overlap over 
different phases of the ENSO cycle — El Niño and La Niña phases are both important determinants of inflation. A similar 
episodic relationship has also been identified for global commodity prices.

Second, when using the GVAR econometric methodology to identify effects on national inflation and global commodity 
prices, the significant effects are more limited, reflecting the episodic nature of significance identified using wavelet coher-
ence. Combining the wavelet methodology with the GVAR framework allows us to comment on the specific frequencies 
affecting inflation. Estimating the effect of one standard deviation shock to a CP ENSO cycle (measured as fluctuations in 
the wavelet frequencies d

3
 and d

4
) we observe a significant positive effect on CPI inflation in India and Mexico and signifi-

cant negative effects on New Zealand. The time-profile of the effect on non-oil commodity prices is positive (+1.0 per cent 
by Q12) but remains statistically insignificant across a 3-year period; the effect on oil prices is negative (–2.0 per cent) and 
statistically significant over the first 4-quarters of a shock.

This rich set of results show that ENSO diversity matters — linking the inflation effects of the ENSO cycle to ENSO 
diversity shows the complexity of modelling the economic processes involved. Wavelet coherence is a flexible tool that 
allows us to describe how ENSO diversity affects economic outcomes. In using GVAR to summarise the ENSO effects, 
we need to emphasise that we are seeking to evaluate the significance of an average relationship across the whole period 
of analysis (in our case 1960–2019). The fact that only a few national relationships are identified as being statistically 
significant needs to be interpreted with care in light of temporal shifts in the significance of the relationship as illustrated 
by the wavelet coherence analysis. The concept of statistical significance captured by wavelet analysis is also meaningful 
when analysing ENSO effects — we observe episodes of statistical significance between ENSO and CPI inflation across 
many countries and global oil and global commodity prices.

Using the GVAR methodology to determine magnitudes, we find that a one-standard-deviation shock to a CP ENSO 
cycle has statistically insignificant effects on real non-oil commodity prices. [1] found that a one-standard-deviation El Niño 
surprise causes an increase of 3.5 to 4 per cent in commodity prices. The differences here could be explained by differ-
ences in the type of econometric model used, the disaggregation of commodity prices, and the specific ENSO measure. 
Our specification of the GVAR is a more general specification than the VAR model used by [1], capturing important global 
interactions, and the importance of ENSO diversity is clear in the set of results presented in this paper. The evidence 
clearly suggests that the response of oil prices and non-oil commodity prices differ. In addition, the results reported in S4 
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Appendix that consider nonlinear effects for the different states of the ENSO cycle suggest that nonlinearity is important 
when analysing global commodity price effects.

Our results point to a number of areas for future research. First, our results highlight two aspects of statistical signifi-
cance that researchers need to keep in mind when thinking about the ENSO-economy interactions. The non-parametric 
wavelet methods have identified episodes of statistical significance for most of the 40 countries we consider using wave-
let coherence analysis; the parametric GVAR methods identify average effects across the whole sample period on some 
countries and effects on global commodity prices. Both sets of results contain important information. These time-varying 
effects are likely to be even more important across longer time periods as economies undergo structural (the sectoral 
shares of economies have changed significantly over time), institutional (the monetary institutions responding to inflation 
shocks have changed over time), informational changes (our knowledge of the ENSO cycle has improved over time) 
that may affect the impact of ENSO variations on national inflation and global commodity prices. Second, as the scien-
tific understanding of the ENSO process has developed and our monitoring of the process in real time has improved, we 
expect some feedback on financial markets and policy makers that may affect the transmission process of ENSO varia-
tions to inflation. Financial markets may act to amplify the effect of ENSO variations via the futures commodity markets. At 
the same time central banks may learn to react to ENSO shocks as short-term supply-side shocks. ENSO diversity opens 
up a whole set of new research questions.
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