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Abstract

We propose the smooth transitions across latitudes and longitudes (STALL) modeling frame-
work, a special case of the panel smooth transition regression. We apply the proposed modeling
framework to examine the heterogeneous impact of El Niño Southern Oscillation (ENSO) on
per capita GDP growth in a large panel of countries. Because ENSO is a major driver of
global weather conditions, economies that rely on agriculture or tourism are more likely to be
affected by ENSO shocks. A higher proportion of such countries are located within the tropical
band. Thus, the growth effect of ENSO can be conditioned on distance from the equator, i.e.,
the latitudes. Moreover, due to proximity to this climate phenomenon, countries closer to the
Pacific—where ENSO is measured—may be more susceptible to its shocks. Thus, the growth
effect of ENSO can be conditioned on distance from the Pacific, i.e., the longitudes. Finally, the
magnitude of the effect may change gradually across latitudes and longitudes, which justifies
the use of smooth transition modeling framework. We apply 4,608 observations spanning 128
countries and 36 years. We demonstrate a wide range of heterogeneous effects across countries
spanning -4% to 2% per capita GDP growth rates. We find that tropical countries, particularly
Australasian region and the central part of Sub-Saharan Africa, are most susceptible to ENSO
shocks. An El Niño–like event mitigates economic growth in the most affected regions, but
the same event also has growth–enhancing impact on the temperate regions of Americas and
Europe. The proposed econometric method can be a useful tool for projecting geographic het-
erogeneity of economic phenomena across the globe, while the findings of our research enhance
the literature on the economic impact of climate anomalies.
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1 Introduction

Geography plays a crucial role in the development of nations (Acemoglu et al., 2001; Nordhaus,

2006). There are numerous reasons for this. Countries with favorable climatic conditions, or

those with access to natural resources, are better positioned to generate wealth (Masters and

McMillan, 2001; Dell et al., 2014). Coastal countries are benefiting from trade and increased labor

productivity—an option that is limited for landlocked countries (Gallup et al., 1999). Proximity

to a major market (e.g., the United States or the European Union) is also considered as a notable

growth-enhancing factor (Frankel and Romer, 1999; Sachs, 2001). These are some of the key factors

that have likely resulted in the geographic disparity not only of wealth but also growth of economies

around the globe.

The existing literature addresses the cross–country heterogeneity of economic growth in two

major ways. One set of studies divides countries into low-latitude (tropical) and high-latitude

(temperate) regions based on their geographic location relative to the equator (e.g., Bloom and

Sachs, 1998; Sachs, 2001). Such grouping typically defines tropical countries as those located

within the 23.5◦N – 23.5◦S tropical band (i.e., between Tropic of Cancer and Tropic of Capricorn).

We will call such clusters geozones. The other set of studies groups countries into the tropical and

temperate regions based on historically observed ecological characteristics of a given territory (e.g.,

Smith and Ubilava, 2017). Countries are deemed tropical if they are characterized by (extensive

periods of) excessive precipitation, with hot summers or warm winters. We will refer to such clusters

as ecozones. While there is a considerable overlap between the aforementioned two approaches, in

that the same subset of countries are stratified into tropical or temperate climatic zones by either

of the two methods, there also remains a group of countries that is classified either as tropical or

temperate, depending on the method of choice. Moreover, when using the “ecozones approach,” a

considerable share of countries can be deemed to be “in-between” the two climatic zones.

Both approaches have merits, but neither is necessarily perfect. For example, while the distance

from the equator can be seen as a reasonable approximation to average climatic conditions, it

may very well be the case that countries at the same latitude have different climates because of

differing geo-physical factors such as land masses, wind patterns, and ocean currents (Sachs, 2001).
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Moreover, countries with similar climatic conditions may respond differently to weather shocks,

as there may be numerous economic and historical reasons, including those unrelated to climate,

that can explain economic performance (Hall and Jones, 1999; Dell et al., 2012). Thus, stratifying

countries merely based on climatic or geographic variables may not be entirely appropriate. An

alternative approach, and the one that we undertake in this study, is to allow the data to speak for

themselves, by providing potentially smooth changes in effects across space. While this approach

may not be without shortcomings of its own, one of its key offerings is an improved fit of the data

when there is lack of coherent economic reasoning for the data clustering based on some rule.

In this study, we propose a variant of the panel smooth transition regression (PSTR) mod-

eling framework—smooth transitions across latitudes and longitudes (STALL)—to examine the

heterogeneous effect of El Niño Southern Oscillation (ENSO) on economic growth in a panel of 128

countries spanning the 1981–2016 period. One of the key benefits of STALL is that it generates

a large number of unique country–specific effects, but only requires estimating a small number of

parameters that identify each “extreme” regime (or region, in the current setting). Another benefit

of it is that the proposed modeling framework allows for gradual changes in the estimated effect

across different geographic regions—a feature that can account for gravity in economic performance

among neighboring countries. This modeling approach thus can be used in applications that deal

with spatially heterogeneous marginal effects. Indeed, our approach demonstrates a wide range

of heterogeneous effects across countries spanning -4% to 2% per capita GDP growth rates. We

confirm that tropical countries are more susceptible to ENSO shocks, and that the negative effect

of an El Niño event is felt more strongly in the western tier of the Pacific and in Sub-Saharan

Africa, but less so in the eastern tier of the Pacific; the effect is mildly growth–enhancing in the

temperate regions of the Americas and in Europe.

2 Smooth Transitions Across Latitudes and Longitudes

We propose smooth transitions across latitudes and longitudes (STALL) modeling framework, which

is a variant of the panel smooth transition regression (PSTR) setting put forward by González

et al. (2017). The PSTR can be seen as an extension of univariate smooth transition regressions by
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Bacon and Watts (1971), which was subsequently popularized as a nonlinear time series modeling

framework by Chan and Tong (1986); Luukkonen et al. (1988); Teräsvirta (1994); Eitrheim and

Teräsvirta (1996).1 Alternatively, the PSTR modeling framework can be seen as a generalization of

the panel threshold model of Hansen (1999), such that switches among the regimes are allowed to

be gradual (i.e., smooth), rather than instantaneous. Our proposed modeling framework inherits

all the features of PSTR, with an unique characteristic that links its extreme regimes by virtue of

transition functions of latitudes and longitudes.

Nonlinear regression with potentially smooth transitions between the regimes is an attractive

modeling technique for several reasons. First, it offers a relatively parsimonious framework for

examining complex relationships. Second, it is particularly well suited for situations wherein the

economic events are aggregated across space or over time. Finally, it nests a range of linear and also

more restricted nonlinear models as special cases. The foregoing benefits have facilitated a wide

adoption of the PSTR modeling framework in different empirical settings (e.g., Aslanidis and Xepa-

padeas, 2006; Espinoza et al., 2012; Seleteng et al., 2013; Wu et al., 2013). The general consensus

from the previous studies is that PSTR can more accurately estimate the effect of interest, when

heterogeneity is indeed a characteristic feature of the data. Despite the popularity of the aforemen-

tioned modeling technique, the PSTR has not been previously applied in the context of modeling

heterogeneity conditional on the geographic location (measured by latitudes and longitudes) of a

country. That is the main focus, and indeed the key contribution of our study.

Consider a general form of the PSTR with R ≥ 2 regimes:

yit = β′0xit +
R−1∑
r=1

β′rxitg(vr,it; γr, cr) + µi + εit, i = 1, . . . , N, t = 1, . . . , T, (1)

where N and T are the cross–sectional and time dimensions of the panel. yit is the dependent

variable; xit = (x1,it, . . . , xk,it)′ is a vector of independent variables; µi captures the individual

fixed effect; and εit is the error term. For a given additive regime r = 1, . . . , R− 1, g(vr,it; γr, cr) is

the so-called transition function, which is bounded by zero and one, and can take any value in that

range. Note that when all transition functions are restricted to zero, i.e., a single–regime scenario,
1For a comprehensive survey of a family of smooth transition models see van Dijk et al. (2002)
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equation (1) reduces to the basic linear fixed effects specification. In what follows, we will discard

the regime–specific subscript, r, for the sake of brevity.

Several functional forms can satisfy the requirements of the foregoing transition function. Here,

we consider two types—the logistic and exponential transition functions—respectively given by:

gl(vit; γ, c) =
{

1 + exp
[
−γ vit − c

σs

]}−1
and (2)

ge(vit; γ, c) = 1− exp
[
−γ

(
vit − c
σs

)2
]
, (3)

where vit is the transition variable, and γ and c are smoothness and location parameters defining

the shape of the transition function. For relatively low values of γ, gl(vit; γ, c) is a monotonically

increasing function, which takes on 0.5 when vit = c. It converges to a constant (0.5) as γ → 0.

Otherwise, as γ → ∞, gl(vit; γ, c) becomes a Heaviside indicator function of vit − c that mimics a

discrete jump across regimes. ge(vit; γ, c) is an inverse bell–shaped function, which is symmetric

around the location parameter, c; approaches zero as |vit−c| → 0; and approaches one as |vit−c| →

∞. Moreover, ge(vr,it; γr, cr) converges to a constant (zero or one) as γ → 0 or γ →∞.

Let lati be the latitude of the geographic centroid of a country i, and loni be the longitude of

that country’s geographic centroid. If we apply a PSTR with two transition functions, where in one

of the functions vit = lati, and in the other transition function vit = loni, we will obtain a STALL

modeling framework given by:

yit = β′0xit + β′1xitg(lati; γlat, clat) + β′2xitg(loni; γlon, clon) + µi + εit, (4)

where g(lati; γlat, clat) and g(loni; γlon, clon) are time–invariant functions of latitude and longitude.

Thus, the effect of x on y for a country i is given by the weighted average of β0, β1 and β2, where

the latter two sets of parameters are scaled by g(lati; γlat, clat) and g(loni; γlon, clon), respectively.

These two transition functions can take logistic or exponential functional forms. For example, a

logistic g(lati; γlat, clat) would imply that the effect of x on y is different in the Southern Hemisphere,

compared to the Northern Hemisphere. Alternatively, an exponential g(lati; γlat, clat) would imply

that the effect x on y is different in the lower latitudes, compared to the higher latitudes. Whether
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a logistic or an exponential functional form is more suitable, or more generally, whether the STALL

is an adequate modeling framework, is decided upon via the sequence of tests at various stages of

model selection, estimation, and evaluation.

3 Model Selection, Estimation, and Evaluation

Whether geographic heterogeneity is an underlying feature of the data generating process is a

testable hypothesis. However, the conventional test statistics do not have desirable properties,

because of the identification issues related to the so–called Davies’ problem (Davies, 1977, 1987).

To illustrate the point, observe that equation (4) will reduce to a linear fixed effects model if either

H0 : β1 = β2 = 0 or H ′0 : γlat = γlon = 0. However, the location parameters, clat and clon, are

not identified under these null hypotheses, nor are β1 and β2 identified under H ′0, or γlat and

γlon identified under H0. That is, equation (4) contains unidentified nuisance parameters. As a

work-around, the hypothesis testing can be carried out using a linearized variant of equation (4),

in line with the approach of Luukkonen et al. (1988) that was put forward for time series models

(e.g., Teräsvirta and Anderson, 1992; Teräsvirta, 1994; Teräsvirta et al., 2010), and subsequently

adopted for panel models by González et al. (2017). Thus, a test for geographic heterogeneity can

be carried out in an auxiliary regression setting:

yit = φ′0xit +
2∑

m=1
φ′mxitv

m
i + µi + ε∗it, (5)

where the transition variable, vi, is either lati or loni. Here, the parameter vectors φm, m = 0, 1, 2

are functions of the parameters of the PSTR model, including the smoothness parameter, γ; while

the error term combines the original error of the PSTR model and the remainder term of the

Taylor series expansion. But under the null hypothesis, ε∗it = εit, which means that the Taylor

series expansion doesn’t affect the asymptotic distribution theory, and thus LM-type tests can

be applied for hypothesis testing. In particular, we can test the following two null hypotheses:

H
′′
0 : φ1 = φ2 = 0; and H ′0 : φ1 = 0|φ2 = 0. If we fail to reject both of these hypothesis, the linear

model is then considered to be consistent with the underlying data. Otherwise, if the rejection of
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H
′
0 is the strongest, we select the logistic panel smooth transition regression, and if the rejection of

H
′′
0 is the strongest, we select the exponential panel smooth transition regression.

If evidence of geographic heterogeneity is found, we estimate parameters of the adequate

PSTR—i.e., the smooth transition across latitudes (STALat) or the smooth transition across lon-

gitudes (STALon)—using the usual fixed effects estimator with the nonlinear least squares (NLS)

algorithm. The only caveat here is that in each iteration of the NLS optimization we need to

demean the right-hand-side terms that are interacted with the transition function, as the latter

changes value (see González et al., 2017, for further details).

We then need to evaluate the estimated PSTR for no remaining geographic heterogeneity (as

well as parameter constancy). The testing framework is similar to that discussed above, with an

exception that the right-hand-side of the auxiliary equation now involves the estimated transition

function from the previous step. That is:

yit = φ′0xit +ϕ′1xitg(vi; γ̂, ĉ) +
2∑

m=1
φ′mxitv

m
it + µi + ε∗it, (6)

where vit can be lati or loni, as before, in which case the test is equivalent to that of no remaining

heterogeneity (or it can also be a function of time, i.e., vit = t/T , in which case the test is equivalent

to that of parameter constancy). If, at this point, we find evidence of remaining geographic hetero-

geneity, we estimate an additive PSTR with two transition functions, i.e., the STALL specification.

In principle, we should go through the model selection, estimation, and evaluation cycle until there

is no further evidence for remaining geographic heterogeneity (or parameter constancy).

4 Data

We obtained GDP per capita (current US$) for a balanced panel of 128 countries spanning 1981—

2016 from the World Development Indicators—the World Bank’s electronic data portal. We then

log-differenced these series to obtain per capita GDP growth rates for each country. Figure 1

illustrates the growth rate averages and standard deviations for countries in consideration.

We use the commonly applied index of sea surface temperature (SST) anomalies in the Niño3.4
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Figure 1: The mean and standard deviation of growth rates across countries

Note: panel (a) illustrates within–country averages of the growth rates; and panel (b) illustrates within–country
standard deviations of the growth rates over the 1981–2016 period; the values are in percentage terms.

region of the equatorial Pacific to proxy the ENSO cycle. For each given month, this SST anomaly

measures water temperature deviations from its long-run average during the 1980–2010 base period.

We sourced the monthly SST anomaly index from the Climate Prediction Center of the National

Oceanic and Atmospheric Administration online data portal. Following Smith and Ubilava (2017),

we annualized the index by averaging the monthly realizations of SST anomalies over the May–

February period to bypass the “spring barrier,” during which the ENSO cycle is in its neutral phase,

and beyond which it is difficult to forecast an ENSO event with any certainty (e.g., Sarachik and

Cane, 2010).

We obtain the country aggregates of climatic zones from the online database of the Center

for International Earth Science Information Network (CIESIN, 2012). In our analysis, a tropical

region is defined by the share of the country area that falls in Af, Am, Aw, or Cfa zones of the the

Köppen–Geiger climate classification (Peel et al., 2007). Figure 2 illustrates these, along with the

discrete “within–the–tropical–band” clustering of countries.
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Figure 2: Tropical Countries

Note: panel (a) defines tropical region as countries with geographic centroids within the 23.5◦N – 23.5◦S tropical
band; and panel (b) defines tropical region by the share of the country area that falls in Af, Am, Aw, or Cfa zones of
the the Köppen–Geiger climate classification (Peel et al., 2007); red color depicts tropical region, and blue color
depicts temperate region.

5 Results and Discussion

To begin, we define the relationship between the SST anomalies and per capita growth rates as a

distributed lag specification:

yit = f(st;θ) + εit, (7)

where yit is the growth rate of country i in period t; st = (st, st−1)′ is a vector of SST anomalies in

period t and t− 1; and εit is an error term, which may be correlated over time or across space. We

use the distributed lag of the SST anomaly to account for any temporal displacement that may be

associated with this event (Hsiang and Meng, 2015; Hsiang, 2016).

Here we pursue a specific-to-general routine for model selection. As a first step in selecting an

adequate model specification, we set up a basic fixed effects regression:

yit = β′st + µi + εit, (8)

where µi is the country fixed effect, and the rest are the same as defined above.2 Then we selected
2Note that we are unable to include time fixed effects in the model, as st does not vary across countries. We

discuss this issue, along with results from several robustness checks, in the following section below.
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the suitable transition variable (from the candidate set of transition variables comprising latitudes

and longitudes), and the functional form of a transition function, for a two–regime PSTR based on

homogeneity test results (see Table 1).

Table 1: Homogeneity and Misspecification Tests

transition variable lati loni

m=1 m=2 m=1 m=2

homogeneity test against PSTR with one transition function
0.169

[0.218]
0.003

[0.011]
0.104

[0.032]
0.971

[0.934]

no remaining heterogeneity test against PSTR with two transition functions
0.689

[0.667]
0.918

[0.738]
0.066

[0.025]
0.840

[0.798]

no remaining heterogeneity test against PSTR with three transition functions
0.702

[0.650]
0.819

[0.589]
0.934

[0.880]
0.961

[0.830]

Note: the entries are probability values of LM–type (F–version) tests for hypotheses under consideration; the entries
in the brackets are probability values of the heteroskedasticity and autocorrelation consistent variant of the test.

Homogeneity was rejected in favor of exponential PSTR with latitudes as the transitional vari-

able, so we fit the aforementioned regression. After estimating two–regime PSTR, we tested for

no remaining heterogeneity. We found that while latitudinal heterogeneity is absorbed, there was

evidence of remaining longitudinal heterogeneity. So, we estimateed the PSTR with two transition

functions, i.e. the STALL model. The final set of model diagnostics suggested no evidence of any

remaining latitudinal or longitudinal heterogeneity. So, we settled on the additive panel smooth

transition model given by equation (4), where one of the transition functions is an exponential

function of latitudes, and the other is a logistic function of longitudes. The parameter estimates

of the transition functions are given in the following equations, while the transition functions are

illustrated in Figure 3.

ge(lati; γ̂lat, ĉlat) =
{

1− exp
[
−0.51

( lati − 2.76
σlat

)2
]}

(9)

gl(loni; γ̂lon, ĉlon) =
{

1 + exp
[
−100

( loni − 1.64
σlon

)]}−1
(10)
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These graphs bring out several features of interest. In terms of heterogeneity across latitudes, the

“tropical” region appears to be centered about the equator, but importantly, there is an apparent

smooth transition between the tropical and temperate regions in terms of the differences in the

growth effect of ENSO shocks. In terms of heterogeneity across longitudes, countries located west

of Greenwich (i.e., the Americas) are affected differently than those located east of Greenwich, and

the transition between these two regimes is instantaneous, i.e., threshold-like, rather than gradual.
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Figure 3: Estimated Transition Functions

Note: The left-hand-side panel illustrates the estimated (exponential) transition function associated with latitudes,
ge(lati; γ̂lat, ĉlat), and the right-hand-side panel illustrates the estimated (logistic) transition function associated
with gl(loni; γ̂lon, ĉlon).

The heterogeneity in the effect of ENSO shocks are presented in Table 2. We identified four

distinct (“extreme”) regimes, and calculated the ENSO effect in these regimes from the parameter

estimates of the STALL model. In addition to these effects, Table 2 also presents parameter

estimates of a linear (homogeneous) model, as well as models with predetermined weight functions

(so that they remain linear in parameters), based on the average climatic conditions in a given

country (denoted by Ecozones), or whether a country is located within or outside of the tropical

band (denoted by Geozones).3

In the case of STALL, the estimated effect of ENSO for a given country is rarely in one of
3The “ecozones model” is given by:

yit = β′0st + β′1stπ(tropi) + µi + εit,

where π(tropi) = tropical areai
total areai

is the share of the country area with seasonal weather patterns that characterize tropical
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Table 2: The Estimated Growth Effect of ENSO Across Selected Models

variable Linear Geozones Ecozones STALL

West East
Temp

st −1.383
(0.345)

−1.269
(0.567)

−1.301
(0.519)

−0.202
(1.077)

−1.172
(0.963)

st−1 −0.046
(0.338)

0.923
(0.510)

0.750
(0.483)

3.010
(0.963)

1.828
(0.833)

Trop
st −1.383

(0.345)
−1.458

(0.417)
−1.472

(0.484)
−1.106

(0.551)
−2.075

(0.659)
st−1 −0.046

(0.338)
−0.688

(0.430)
−0.899

(0.505)
−0.536

(0.552)
−1.717

(0.663)

Note: the table entries are in percentage terms; the values in parentheses are heteroskedasticity consistent standard
errors adjusted for spatial (2,000km) and serial (three-year) correlation as per Conley (1999). In columns headed by
Geozones and Ecozones, temperate (Temp) and tropical (Trop) regions are obtained based on the geographic
proximity to the equator and climatic zones of a country. In columns headed by STALL, Temp and Trop depict
regions associated with ge(lati; γ̂lat, ĉlat) = 1 and ge(lati; γ̂lat, ĉlat) = 0; and West and East depict regions associated
with gl(loni; γ̂lon, ĉlon) = 0 and gl(loni; γ̂lon, ĉlon) = 1.

the extreme regimes, rather it is often represented by a weighted average of parameters associated

with the extreme regimes. The geographic distribution of the (long-run) effects of an ENSO event,

equivalent to +1◦C deviation of SST, is illustrated in Figures 4 and 5. Several key findings become

apparent here. First, smooth transition between the extreme regimes is apparent in the case of

latitudes. Second, countries located in the western tier of the tropical pacific, as well as central

parts of the Sub-Saharan Africa appear to be more strongly affected by ENSO shocks than those

located in the eastern tier of the Pacific—a result that is implicitly ignored not only under the

linear panel specification, but also in models that merely address the latitudinal heterogeneity.

Finally, while El Niño events have negative impact on growth rates of majority of the countries in

consideration, they have growth–enhancing impact on economies of the temperate regions of the

Americas—a result that does not show up in the considered linear alternatives.

climate. The “geozones model” is given by:

yit = β′0st + β′1stI(tropi) + µi + εit,

where I(tropi) is an indicator function that takes on one if the geographic centroid of a country is located within the
tropical band, and zero otherwise.
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Figure 4: The Effect of a positive 1◦C SST deviation on annual per capita GDP growth

Note: these maps illustrate the “long–run” effects of an El Niño event. Panel (a) illustrates results from the linear
(homogeneous) model; panel (b) illustrates results from the geozones model; panel (c) illustrates results from the
ecozones model; and panel (d) illustrates results from the STALL model.

12



−4

−2

0

2

4

linear geozones ecozones STALL

p
er

 c
ap

it
a 

G
D

P
 g

ro
w

th
 r

at
e 

(%
)

Figure 5: The effect of a positive 1◦C SST deviation on annual per capita GDP growth

Note: these box-plots illustrate the point estimates (in the cases of linear and geozones models) and distributions
(in the cases of ecozones and STALL models) of “long–run” effects of an El Niño event.

6 Sensitivity Analyses and Robustness Checks

Data on economic growth, particularly from the developing countries, may be excessively noisy, or

simply not accurate (e.g., Deaton and Heston, 2010; Ciccone and Jarociński, 2010). To that end, a

handful of outliers may affect the results. The nonlinear modeling framework can amplify the issue,

given the relatively small number of countries in each of the extreme regimes. Also, in the current

application we are unable to control for year fixed effects, as the right–hand–side variable is common

across countries. This may be seen problematic as some global events, such as economic recessions,

may have coincided with (but not necessarily caused by) extreme ENSO episodes, rendering the

biased parameter estimates. To examine whether potential outliers are affecting the results, we

conduct a series of robustness checks. We begin by applying a general approach of addressing the

issue of potential outliers (temporal or cross-sectional) by re-estimating parameters using subsets

of the data.

To ensure that any one year is not driving the results, we dropped a single year and fit the
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STALL regression to the remaining data. We do this for each year in the sample. Results of

these regressions are presented in the Appendix Table A1. The results are largely robust. The

only possible exception is 1998, which is immediately after one of the strongest El Niño events of

recent history—the period which also coincides with the 1997–1998 Asian Financial Crisis. This

is reflected on the results as only those parameters related to the Asian region (both tropical and

temperate zones) are altered when we drop 1998 data from the panel. Notably, while there are

changes in short-run effects, the long-run effects remain largely robust to the main results.

In addition, the 1982 global recession, as defined by the International Monetary Fund, coincides

with a strong El Niño event, but the other two recessions of the same classification (i.e., the 1991

and 2009 global recessions) that fall in our sample period, did not occur in conjunction with an

ENSO event (see Appendix Table A1). Nonetheless, for the sake of completeness, we incorporated a

binary variable that identifies the global recession years (i.e., 1982, 1991, and 2009) in the regression

setting. The results of this robustness check, presented in the Appendix Table A2, are by and large

in agreement with the main results of this study.

To ensure that a few of the countries are not driving the results, we randomly sampled (without

replacement) 90 percent of countries from the whole sample and re-estimated the parameters. We

repeated this process 100 times. The distribution of estimated parameters from this exercise are

presented in the Appendix Figure A1. While there appears some, albeit negligible, variability in

the estimated parameters, the overall story remains to be robust to that presented in main results.

As an additional set of robustness checks, we re-estimated the model using only a subset of

countries. In one instance, we dropped countries with very volatile growth rates (standard deviation

exceeding 0.21). In another instance, we dropped very small (2010 population less than half a

million) and very large (China and India) countries and estimated the model parameters. Parameter

estimates of these regressions are presented in the Appendix Tables A3 and A4, which show very

little difference, if at all, compared to the main results of this study. This is further illustrates

in the Appendix Figure A3, which illustrates the estimated (long-run) effect of a positive 1◦C

SST deviation from the main model, along with the estimated effects from aforementioned three

robustness checks.
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Finally, the applied June–February average of the monthly SST anomalies is one of many ways

to obtain the proxy measure for ENSO. As an alternative measure, we also applied the November–

December–January (NDJ) average of the monthly SST anomalies. This, in effect, is the December

Oceanic Niño Index (ONI). The results, presented in the Appendix Table A5 are qualitatively, as

well as quantitatively similar to our main results.

7 Conclusions and Implications

In this study, we propose a variant of the panel smooth transition regression, which relaxes the ho-

mogeneity restriction in panel coefficients, and allows those to vary across latitudes and longitudes.

We apply this modeling framework, which we refer to as smooth transitions across latitudes and

longitudes, to re-examine the relationship between climatic shocks and economic growth rates. We

find that the proposed model can bring out geographic peculiarities in the ENSO–growth nexus. In

particular, we find that an El Niño event, measured as a 1◦C positive deviation in SST, can result

in over four percentage point reduction of per capita GDP growth rates in countries of Southeast

Asia and central part of Sub-Saharan Africa—a finding that is consistent with that of Smith and

Ubilava (2017). The event appears to have growth–enhancing effect in the temperate regions of

Americas, particularly for the U.S. and Canada. This finding accords with those of Brunner (2002)

and Cashin et al. (2017), who also found positive impact of El Niño events on most G7 economies.

The finding of this study can be of value to researchers and policy makers in the area of economic

growth and international development, as they offer important policy implications for international

support programs in the regions most susceptible to climate anomalies. To the extent that ENSO

cycles results in geographic displacement of economic growth, precautionary measures of disaster

aid can help ease the issue for regions most affected by this climatic phenomenon. On national and

regional levels, reinsurance decisions or hedging for government sponsored ag policies, such as price

support and various crop insurance mechanisms, can also be options to consider.

The channels through which ENSO affects GDP are likely to be heterogeneous. In that re-

gard, we can attain additional insights by disentangling the channels through which ENSO shocks

manifest themselves. Given the integral role of weather in agriculture, this is an obvious channel
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to explore using yield ENSO regressions. Equally interesting is the understanding of whether the

changes in per capita GDP associated with ENSO are direct, through shocks to a country’s econ-

omy, or indirect, transmitted through the global economy. For instance, the changes in GDP that

we observe in North Africa, a food deficit region highly dependent on imports, may be related to

changes in agricultural production of major exporters of cereal grain. Also, exploring the trade

channels of the economic effects of ENSO is also worthwhile to further our understanding of how

international trade may help to mitigate the effects of extreme weather events.
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A Tables

Table A1: The estimated effect of ENSO using data for all but one (dropped) year

Temp/West Temp/East Trop/West Trop/East
dropped year st st−1 st st−1 st st−1 st st−1

1981 −0.161 2.942∗∗∗ −1.286 1.777∗∗ −1.033∗ −0.536 −2.158∗∗∗ −1.702∗∗
1982 0.381 2.894∗∗∗ −0.690 1.717∗∗ −0.932 −0.560 −2.003∗∗∗ −1.737∗∗∗
1983 −0.490 3.670∗∗∗ −1.529 2.106∗∗ −1.179∗∗ 0.046 −2.217∗∗∗ −1.518∗∗
1984 −0.508 2.811∗∗∗ −1.454 1.658∗ −1.225∗∗ −0.632 −2.170∗∗∗ −1.784∗∗∗
1985 −0.401 2.779∗∗∗ −1.521 1.387 −1.215∗∗ −0.727 −2.335∗∗∗ −2.118∗∗∗
1986 −0.801 3.545∗∗∗ −1.741∗ 2.347∗∗∗ −1.006∗ −0.624 −1.946∗∗∗ −1.821∗∗∗
1987 −0.877 2.464∗∗∗ −1.903∗∗ 1.250 −1.255∗∗ −0.658 −2.280∗∗∗ −1.872∗∗∗
1988 0.126 2.777∗∗∗ −0.962 1.664∗∗ −1.031∗ −0.591 −2.118∗∗∗ −1.703∗∗
1989 −0.200 2.939∗∗∗ −1.220 1.588∗ −1.226∗∗ −0.953 −2.246∗∗∗ −2.304∗∗∗
1990 −0.303 3.202∗∗∗ −1.287 2.051∗∗ −1.095∗∗ −0.560 −2.079∗∗∗ −1.711∗∗
1991 −0.452 2.758∗∗∗ −1.354 1.313 −1.280∗∗ −0.525 −2.182∗∗∗ −1.969∗∗
1992 −0.385 2.828∗∗∗ −1.551 1.256 −1.034∗ −0.297 −2.200∗∗∗ −1.870∗∗
1993 −0.245 2.935∗∗∗ −1.360 1.530∗ −1.034∗ −0.444 −2.149∗∗∗ −1.849∗∗
1994 −0.724 2.444∗∗∗ −1.817∗ 1.024 −1.008∗ −0.557 −2.101∗∗∗ −1.976∗∗
1995 −0.150 2.752∗∗∗ −1.027 1.462∗ −1.016∗ −0.684 −1.892∗∗∗ −1.975∗∗∗
1996 −0.207 3.021∗∗∗ −1.200 1.802∗∗ −1.051∗ −0.436 −2.043∗∗∗ −1.655∗∗
1997 0.205 2.968∗∗∗ −0.724 1.774∗∗ −1.470∗∗ −0.479 −2.400∗∗∗ −1.673∗∗
1998 −0.225 2.841∗∗∗ −2.450∗∗ 2.805∗∗∗ −1.063∗ −0.262 −3.288∗∗∗ −0.298
1999 −0.370 2.679∗∗∗ −1.315 1.544∗ −1.555∗∗ −1.019 −2.499∗∗∗ −2.154∗∗∗
2000 −0.366 2.525∗∗∗ −1.691∗ 0.938 −0.854 −0.338 −2.179∗∗∗ −1.925∗∗
2001 −0.381 2.659∗∗∗ −1.504∗ 1.149∗ −1.082∗ −0.628 −2.204∗∗∗ −2.139∗∗∗
2002 0.266 2.948∗∗∗ −1.156 1.860∗∗ −0.922 −0.541 −2.344∗∗∗ −1.629∗∗
2003 −0.275 2.444∗∗∗ −1.509∗ 0.973 −1.002∗ −0.609 −2.236∗∗∗ −2.081∗∗∗
2004 −0.413 2.833∗∗∗ −1.498 1.596∗ −1.282∗∗ −0.656 −2.367∗∗∗ −1.893∗∗∗
2005 −0.220 2.985∗∗∗ −1.170 1.774∗∗ −1.019∗ −0.738 −1.969∗∗∗ −1.948∗∗∗
2006 −0.206 3.037∗∗∗ −1.191 1.860∗∗ −1.306∗∗ −0.407 −2.291∗∗∗ −1.584∗∗
2007 0.044 2.860∗∗∗ −0.916 1.674∗∗ −0.840 −0.665 −1.800∗∗∗ −1.852∗∗∗
2008 −0.349 2.769∗∗∗ −1.499 1.279 −0.847 −0.122 −1.997∗∗∗ −1.612∗∗
2009 0.268 2.732∗∗∗ −0.723 1.550∗ −0.871 −0.660 −1.863∗∗∗ −1.841∗∗∗
2010 −0.673 2.996∗∗∗ −1.527 1.462∗ −0.757 −0.678 −1.612∗∗ −2.212∗∗∗
2011 0.119 3.541∗∗∗ −0.841 2.372∗∗∗ −0.959∗ −0.203 −1.919∗∗∗ −1.373∗∗
2012 −0.213 2.839∗∗∗ −1.189 1.617∗ −1.103∗∗ −0.500 −2.079∗∗∗ −1.722∗∗
2013 −0.198 3.020∗∗∗ −1.195 1.834∗∗ −1.108∗∗ −0.534 −2.106∗∗∗ −1.720∗∗
2014 −0.169 2.973∗∗∗ −1.153 1.811∗∗ −1.085∗ −0.561 −2.068∗∗∗ −1.724∗∗∗
2015 0.588 2.764∗∗∗ −0.587 1.435 −0.547 −0.465 −1.722∗∗∗ −1.794∗∗
2016 −0.340 3.653∗∗∗ −1.516 2.092∗∗ −1.071∗ 0.024 −2.246∗∗∗ −1.537∗

Note: ∗∗∗, ∗∗, and ∗depict statistical significance at α = 0.01, 0.05, and 0.10 levels, based on heteroskedasticity
consistent standard errors adjusted for spatial (2,000km) and serial (three-year) correlation as per Conley (1999).
Temp and Trop depict regions associated with ge(lati; γ̂lat, ĉlat) = 1 and ge(lati; γ̂lat, ĉlat) = 0; and West and East
depict regions associated with gl(loni; γ̂lon, ĉlon) = 0 and gl(loni; γ̂lon, ĉlon) = 1. The rows highlighted in blue depict
the recession years as defined by the International Monetary Fund; the rows highlighted in red depict years in the
wake of historically observed “very strong” El Niño events, as documented by the National Oceanic and
Atmospheric Administration.
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Table A2: The estimated effect of ENSO after controlling for global recessions

variable Linear Geozones Ecozones STALL

West East
Temp

st −0.697
(0.404)

−0.583
(0.619)

−0.615
(0.571

0.484
(1.116)

−0.485
(1.019)

st−1 −0.119
(0.335)

0.851
(0.501)

0.677
(0.476)

2.937
(0.950)

1.756
(0.818)

Trop
st −0.697

(0.404)
−0.772

(0.458)
−0.785

(0.520)
−0.420

(0.576)
−1.389

(0.688)
st−1 −0.119

(0.335)
−0.761

(0.428)
−0.972

(0.503)
−0.609

(0.550)
−1.790

(0.658)

Note: the recession years are 1982, 1991, and 2009, as defined by the International Monetary Fund; the table entries
are in percentage terms; the values in parentheses are heteroskedasticity consistent standard errors adjusted for
spatial (2,000km) and serial (three-year) correlation as per Conley (1999). In columns headed by Geozones and
Ecozones, temperate (Temp) and tropical (Trop) regions are obtained based on the geographic proximity to the
equator and climatic zones of a country. In columns headed by STALL, Temp and Trop depict regions associated
with ge(lati; γ̂lat, ĉlat) = 1 and ge(lati; γ̂lat, ĉlat) = 0; and West and East depict regions associated with
gl(loni; γ̂lon, ĉlon) = 0 and gl(loni; γ̂lon, ĉlon) = 1.
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Table A3: The estimated effect of ENSO on a subset of countries (N = 120) with per capita GDP
growth rate standard deviation no greater than 0.21

variable Linear Geozones Ecozones STALL

West East
Temp

st −1.383
(0.332)

−1.272
(0.565)

−1.310
(0.519)

−0.843
(0.982)

−1.985
(1.023)

st−1 0.119
(0.319)

0.821
(0.511)

0.728
(0.481)

1.967
(0.833)

0.669
(0.954)

Trop
st −1.383

(0.332)
−1.462

(0.381)
−1.468

(0.431)
−1.220

(0.534)
−2.362

(0.621)
st−1 0.119

(0.319)
−0.383

(0.387)
−0.594

(0.447)
−0.370

(0.510)
−1.668

(0.707)

Note: the sample consists of countries with per capita GDP growth standard deviation no greater than 0.21; the
table entries are in percentage terms; the values in parentheses are heteroskedasticity consistent standard errors
adjusted for spatial (2,000km) and serial (three-year) correlation as per Conley (1999). In columns headed by
Geozones and Ecozones, temperate (Temp) and tropical (Trop) regions are obtained based on the geographic
proximity to the equator and climatic zones of a country. In columns headed by STALL, Temp and Trop depict
regions associated with ge(lati; γ̂lat, ĉlat) = 1 and ge(lati; γ̂lat, ĉlat) = 0; and West and East depict regions associated
with gl(loni; γ̂lon, ĉlon) = 0 and gl(loni; γ̂lon, ĉlon) = 1.
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Table A4: The estimated effect of ENSO on a subset of countries (N = 109) with 2010 Population
Greater than 500000, excluding China and India

variable Linear Geozones Ecozones STALL

West East
Temp

st −1.427
(0.387)

−1.307
(0.590)

−1.268
(0.554)

−0.664
(0.975)

−1.530
(0.847)

st−1 −0.099
(0.381)

0.962
(0.539)

0.740
(0.519)

2.493
(0.885)

0.914
(0.799)

Trop
st −1.427

(0.387)
−1.514

(0.490)
−1.615

(0.577)
−1.218

(0.787)
−2.084

(0.817)
st−1 −0.099

(0.381)
−0.874

(0.505)
−1.091

(0.609)
−0.693

(0.801)
−2.272

(0.857)

Note: the sample consists of countries with 2010 population count greater than half million, excluding China and
India; the table entries are in percentage terms; the values in parentheses are heteroskedasticity consistent standard
errors adjusted for spatial (2,000km) and serial (three-year) correlation as per Conley (1999). In columns headed by
Geozones and Ecozones, temperate (Temp) and tropical (Trop) regions are obtained based on the geographic
proximity to the equator and climatic zones of a country. In columns headed by STALL, Temp and Trop depict
regions associated with ge(lati; γ̂lat, ĉlat) = 1 and ge(lati; γ̂lat, ĉlat) = 0; and West and East depict regions associated
with gl(loni; γ̂lon, ĉlon) = 0 and gl(loni; γ̂lon, ĉlon) = 1.
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Table A5: The estimated effect of ENSO using December ONI as the proxy variable

variable Linear Geozones Ecozones STALL

West East
Temp

st −1.197
(0.003)

−1.114
(0.436)

−1.143
(0.401)

−0.174
(0.824)

−1.018
(0.733)

st−1 −0.070
(0.003)

0.757
(0.396)

0.587
(0.373)

2.440
(0.745)

1.535
(0.638)

Trop
st −1.197

(0.003)
−1.253

(0.325)
−1.256

(0.377)
−0.959

(0.431)
−1.803

(0.515)
st−1 −0.070

(0.003)
−0.618

(0.333)
−0.775

(0.389)
−0.554

(0.433)
−1.460

(0.511)

Note: the table entries are in percentage terms; the values in parentheses are heteroskedasticity consistent standard
errors adjusted for spatial (2,000km) and serial (three-year) correlation as per Conley (1999). In columns headed by
Geozones and Ecozones, temperate (Temp) and tropical (Trop) regions are obtained based on the geographic
proximity to the equator and climatic zones of a country. In columns headed by STALL, Temp and Trop depict
regions associated with ge(lati; γ̂lat, ĉlat) = 1 and ge(lati; γ̂lat, ĉlat) = 0; and West and East depict regions associated
with gl(loni; γ̂lon, ĉlon) = 0 and gl(loni; γ̂lon, ĉlon) = 1.
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Figure A1: The distribution of the estimated growth effects of ENSO across geographic regions
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(d) After controlling for global recessions

Figure A2: The effect of a positive 1◦C SST deviation on annual per capita GDP growth

Note: these maps illustrate the “long–run” effects of an El Niño event. Panel (a) illustrates main results; panel (b)
illustrates results using a subset of countries with per capita GDP growth rate standard deviation less than or equal
to 0.21; panel (c) illustrates results using a subset of countries with 2010 population exceeding half a million,
excluding China and India; and panel (d) illustrates results based on a model that controls for global recessions.
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Figure A3: The effect of a positive 1◦C SST deviation on annual per capita GDP growth

Note: these box-plots illustrate the distributions of “long–run” effects of an El Niño event based on parameter
estimates of the main results, as well as a set of robustness checks. The box-plot labeled by “robust 1” illustrates
results using a subset of countries with per capita GDP growth rate standard deviation less than or equal to 0.21;
the box-plot labeled by “robust 2” illustrates results using a subset of countries with 2010 population exceeding half
a million, excluding China and India; the box-plot labeled by “robust 3” illustrates results based on a model that
controls for global recessions.
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