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Introduction

Identi�es potential caveats of existing measures of

agricultural drought used in the economics literature.

Suggests an alternative: predicted greenness anomalies.

Validates the relevance of the drought measure by:

1 Testing for weather station bias.
2 Identifying self-reported droughts.
3 Estimating the e�ect on economic activity.
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Motivation

Measures of climate and weather have become widespread

in economic research; both as independent variables and

instrumental variables.

Drought is probably the most devastating type of natural

hazard. Population growth and global warming might lead

to more drought disasters in near future.

In order to study the consequences of drought, it is

important to minimize measurement error and potential

endogeneity.
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Measuring drought

Meteorological drought: An extended period of time

without rainfall.

Hydrological drought: Lack of surface water resulting

from lack of rainfall.

Agricultural drought: Links dryness with agricultural

impacts. Takes into account precipitation shortages,

di�erences between actual and potential

evapotranspiration, soil water de�cits, etc.
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Global measures of agricultural drought

Those that take into account factors that determine the
growth of plants:

Often weather station based.

Palmer Drought Severity Index (PDSI), Standardized
Precipitation Index (SPI), Standardized
Precipitation-Evapotranspiration Index (SPEI)

Those based on direct observations of plant conditions:

Often satellite based.

Normalized Di�erence Vegetation Index (NDVI) anomalies.
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Shortcomings of weather station based drought measures

Ground based drought measures only consider changes in

rainfall and temperature. The color of the land is only

observable from above.

There might be very far between weather stations.

The distance to the nearest weather station is probably

correlated with income levels and population density.
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Urban development
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Solution: Predicted greenness anomalies

By the use of satellite data, we are able to observe -

globally - both the outcome of drought and the

determinants of drought.

This allows for the estimation of predicted greenness

anomalies where anomalies in rainfall and temperatures

(with up to 6 lags) are used to predict greenness anomalies.

The result is an agricultural drought index that takes into

account both input variables and observed greenness

anomalies while �ltering out all anthropogenic causes of

changes in greenness.
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Data: Rainfall
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Data: Daytime temperatures
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Data: Temperatures at night
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Data: NDVI
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How is the data combined?

1: OLS:

3.3.1 Basic OLS

Equation 3 models the link between NDVI anomalies and anomalies in the

climatic background variables including 0-6 monthly lags using notation sim-

ilar to equation 2:

¨NDV Iitm,OLS = γ0 +
6∑

n=0

(
γ1nP̈it,m−n + γ2nT̈hit,m−n

)
+ δt + εitm (3)

where the dots hovering above the variables of interest indicate that the

values are subtracted from their average within the same month over the 13

year period.

Column 1 in table 2 shows the results of applying equation 3 to the

global monthly data set of NDVI, rainfall and temperatures. As can be

seen, rainfall anomalies affect anomalies in NDVI mostly in the month prior

to the observation whereas temperature anomalies have the largest effect on

de-meaned NDVI in the immediate month. ̂̈NDV Iitm,OLS thus represents

the first of three measures of predicted greenness presented in this paper.

3.3.2 Accounting for heterogeneity

A valid concern about the above estimation strategy is that lagged anomalies

in rainfall and temperature might not affect observed greenness anomalies

similarly across the globe. In some climates, rain for example has a huge

effect on plant growth, whereas in others it is limited. To capture this, I allow

for heterogeneity in the effects of rainfall and temperature by introducing

interaction terms with 26 Köppen-Geiger climate zone dummies:

12

2: OLS with climate zone interaction:

¨NDV Iitm,i = γ0 +

6∑

n=0

(
γ1nP̈it,m−n + γ2nT̈hit,m−n + γ3nP̈it,m−n ∗ Ci

+γ4nT̈hit,m−n ∗ Ci

)
+ δt + εitm (4)

Estimation results of applying OLS to equation 4 are reported in column

2 of table 2. Similar patterns are observed for the overall effect of the weather

variables. Using climate zones interaction terms roughly doubles the R2. The

main caveat of this approach becomes apparent when comparing observations

that belong to two or more climate zones. If the area of interest falls into

one classification, this approach is preferred.

Figure 2 shows the correlation between predicted and actual NDVI

anomalies in the basic specification (left) and when allowing for climate zone

interactions (right).

Figure 1: NDVI anomalies and their predicted values.

Left graph shows prediction outcomes for the basic specification and OLS, the
right contains interaction terms with climate zones.

3.3.3 Non-linear prediction using Random Forest

Instead of assuming that anomalies in rainfall and temperature can some-

how be summarized linearly to represent greenness anomalies, I now turn to

13

3: Random forest
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Predicted greenness anomalies - Ordinary Least Squares
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Predicted greenness anomalies in 2010 - Ordinary Least

Squares
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Predicted greenness anomalies - OLS with climate zones
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Predicted greenness anomalies in 2010 - Random Forest
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6-month SPEI in 2010
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Evaluating predicted greenness anomalies

Are predicted greenness anomalies better than existing drought

measures?

Testing for weather station bias

Identifying self-reported droughts

Assessing the e�ect on economic activity
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Distance to weather stations
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Weather station bias

Table 3: Correlations between 6-month SPEI and predicted greenness
(1) (2) (3) (4)

̂̈NDV I − olsitm 0.414***
(0.000)

̂̈NDV I − ols, citm 0.298***
(0.000)

̂̈NDV I −RF itm 0.274***
(0.000)

¨NDV I 0.196***
(0.000)

Dist ∗ ̂̈NDV I − olsitm -0.069***
(0.000)

Dist ∗ ̂̈NDV I − ols, citm -0.010***
(0.000)

Dist ∗ ̂̈NDV I −RF itm -0.005***
(0.000)

Dist ∗ ¨NDV I -0.010***
(0.000)

Observations 19,846,352 19,844,720 17,102,495 21,287,733
R-squared 0.117 0.085 0.072 0.026

Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. All drought
indices are standardized to mean 0 and s.d. 1. Distance is measured in 100 kms.

since it is the model that lies closest to the definition of the SPEI index and

only use de-meaned NDVI to give weights to the index. The further down

in the table, the closer the index represents de-meaned NDVI values.

Secondly, the correlation between predicted greenness and SPEI dimin-

ishes with the distance to nearest weather station in all specifications; in

other words, the null hypothesis is violated. In particular, for every km dis-

tance from a weather station the correlation coefficient drops by 0.06 points,

which means that at a distance of 700 km, there is no correlation between

the satellite based drought index and the weather station based.

If the measurement errors induced by distance to nearest weather station

are random, observations located far from stations will bias results of OLS
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Identifying self-reported droughts

Table 5: Correlation between drought indices and self-reported droughts

Drought SPEI 06
̂̈NDV IOLS

̂̈NDV IOLS,c
̂̈NDV IRF

SPEI 06 -0.017 1
̂̈NDV IOLS -0.024 0.359 1
̂̈NDV IOLS,c -0.031 0.307 0.775 1
̂̈NDV IRF -0.030 0.294 0.638 0.785 1
¨NDV I -0.021 0.193 0.434 0.564 0.713

All drought indices are standardized to mean 0 and s.d. 1. For this analysis, the
pixel-level data has been collapsed to second-level administrative units resulting
in 3.3m observations (distrivt-months). In order to give larger weight to larger
land areas, the correlation coefficients are weighted by the size of each unit.

4.3 Effect on economic activity

How does drought affect economic activity? Numerous studies have answered

this question either at the micro level at specific times and locations (Dercon

and Krishnan, 2000; Christiaensen and Subbarao, 2005; Dercon and Chris-

tiaensen, 2011) or at the macro level with countries as units of observation

(e.g. Dell et al., 2012; Auffhammer et al., 2013). Here, I attempt to estimate

the effect of drought on economic activity as measured by lights at night

globally at the pixel level. I compare results for predicted greenness and

6-month SPEI.

Measures of economic activity, such as gross domestic product (GDP), are

typically gathered either for rather large administrative units, like countries

or provinces - or for individual households. It can then be problematic to

compare numbers across the world due to differences in prices, exchange

rates, and calculation methods. Finally, it is not unreasonable to assume

that data quality is correlated with the level of economic development.

This study therefore employs satellite observations of artificial lights at

night as a proxy for economic activity (following e.g. Henderson et al.,

2012; Michalopoulos and Papaioannou, 2013; Pinkovskiy and Sala-i-Martin,
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E�ect on economic activity

The causal e�ect of drought on economic activity is

typically studied at the macro level or the household level.

This is an attempt to estimate the e�ect at the pixel level.

As a valid and reliable proxy for economic activity, I use

year-on-year changes in lights at night.

Predicted greenness anomalies are aggregated to yearly

averages and subsequently used to explain changes in

arti�cial lights at night.
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E�ect on economic activity

Table 6: Changes in luminosity and predicted greenness

(1) (2) (3) (4) (5) (6)

̂̈NDV I 0.39*** -0.07*** -0.07***
(0.02) (0.02) (0.02)

W ∗ ̂̈NDV I 0.79*** 0.81***
(0.05) (0.05)

SPEI 06 0.07*** -0.06** -0.08**
(0.01) (0.03) (0.03)

W ∗ SPEI 06 0.17*** 0.23***
(0.03) (0.04)

Country dummies No No Yes No No Yes
Observations 1.83m 1.83m 1.83m 1.65m 1.65m 1.65m
R-squared 0.002 0.004 0.006 0.000 0.000 0.002
Dependent variable: year-on-year changes in luminosity as measured by the share
of pixels lit within each unit of observation (in percent). Standard errors clustered

at second sub-national level administrative units in parentheses.

standard deviation of the global average, on average 0.4 percent of the light

pixels (or around 3-4 pixels) are either lit or extinguished that year. When

spatially lagged, this variable produces an effect that is twice as large while

almost eliminating the effect occurring in the pixel of interest. The observed

patterns are likely to reflect changes in economic activity associated with

agricultural yields, hydro-power generation or migration away from drought-

stricken areas to greener regions.

The correlations between 6-month SPEI and luminosity show similar pat-

terns to those described above, yet much reduced in size. This provides an

indication that predicted greenness anomalies predict the factors that influ-

ence economic activity more accurately than the SPEI.
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Conclusion

Potential caveats of existing drought measures have been

highlighted.

An alternative - predicted greenness anomalies - has been

introduced, which is una�ected by the distance to nearest

weather station.

Predicted greenness anomalies seem to outperform other

global drought measures in predicting self-reported

droughts as well as economic activity at the pixel level.
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