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Abstract  

More frequent and punctuated severe events such as dry spells are among the more salient 

manifestations of climate change. Because dry spells often co-occur both with heat waves and with 

longer-term agricultural drought and their effects may interact, understanding the effects of dry 

spells and heat waves requires a multi-timescale and multi-stressor perspective. Using a global 

panel of daily precipitation and temperature from 1979 to 2016, we provide evidence that 4-5 week 

dry spells that occur during the hottest part of the year depress growth in aggregate crop 

production. The effects of these extreme events are modified by existing drought, aridity, and by 

heat waves. Our findings, focused on punctuated events, multiple stressors, and aggregate crop 

production across the globe, complement prior investigations focused solely on longer-term 

phenomena, those that study extreme heat or precipitation in isolation, and studies that restrict 

attention to a small number of crops or locations. 
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1. Introduction 

Water plays a key role in several aspects of most economies, with especially acute effects 

on food production (Lobell et al., 2011; Zampieri et al., 2017). However, while substantial 

evidence points to agricultural losses from depressed annual precipitation (Burke et al., 2015; 

Hendricks, 2018; Schlenker & Roberts, 2009; Zampieri et al., 2017) or multi-year agricultural 

drought (Kuwayama et al., 2019), we know less about the role of dry spells: prolonged periods of 

abnormally low precipitation ranging from days to weeks within a season.1 The damaging effects 

of low soil moisture during growing seasons (Ortiz-Bobea et al., 2019; Rigden et al., 2020) suggest 

that dry spells are likely harmful to crops. Studies that explicitly account for dry spells often restrict 

attention to the duration of the longest dry spell (Fishman, 2016; Lesk et al., 2020; Luan et al., 

2021; Troy et al., 2015), which may miss important aspects of exposure. Despite dry spells 

receiving less attention, links between dry spell occurrence and climate change (Breinl et al., 2020; 

Fischer et al., 2013; Pendergrass & Knutti, 2018) and the potential contribution of dry spells to 

recent ‘flash droughts’ (Mo & Lettenmaier, 2016; Qing et al., 2022) indicate that understanding 

the impacts of dry spells on agriculture is only likely to grow in importance. 

Understanding the effects of dry spells on agriculture requires accounting for 

simultaneously co-occurring stressors (Mittler, 2006), which may trigger different and interacting 

stress responses in plants (Zandalinas et al., 2020). The first type of co-stressor we consider is 

longer-term water stress—most notably multi-month or multi-year agricultural droughts and 

chronic aridity—which is likely correlated with dry spell occurrence (Mishra & Liu, 2014; Usman 

 
1 While a dry spell is a form of short-term meteorological drought, many meteorological drought indices capture 
precipitation deficits over fixed time intervals. Our interest, however, is in the effect of lengthening dry periods for 
a fixed precipitation threshold. We use the term dry spells to emphasize our interest.   
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& Reason, 2004).2 Such water stress at longer timescales may not only confound the relationship 

between dry spells and agricultural outcomes, but may also modify the effects of dry spells 

themselves. Further, dry spells may contribute to drought conditions at longer timescales (Lehner 

et al., 2006; Mahto & Mishra, 2020), making it important to distinguish between direct and indirect 

effects of dry spells. The importance of these interrelationships is only heightened by the already 

increasing frequency of drought under climate change (Diffenbaugh et al., 2015; Overpeck & 

Udall, 2020). 

A second co-occurring stressor that may influence the effects of dry spells on crop 

production is heat. Extreme heat can be detrimental to crops, whether occurring for a single day 

(Schlenker & Roberts, 2009) or several in a row during a heat wave (Miller et al., 2021). Plant 

ecophysiology suggests that dry spells and extreme heat could have compounding effects, 

whether they coincide (Suzuki et al., 2014) or one precedes the other (Breshears et al., 2021). 

With increasing occurrence of combined dry and hot weather (Lu et al., 2018; Zscheischler et al., 

2017), understanding how these interactions play out in agricultural settings is crucial. A large 

and growing body of evidence suggests that water and heat stress have compounding effects, 

both in single-crop experiments (e.g., Elferjani & Soolanayakanahally 2018; Qaseem et al., 

2019; see Cohen et al., 2021, for a meta-analysis) and in regional, national, or global 

observational studies of a handful of major crops (Kent et al., 2017; Lesk et al., 2021; Matiu et 

al., 2017; Potopová et al., 2021; Ribeiro et al., 2020; Rigden et al., 2020; Urban et al., 2015; Zhu 

et al., 2022).  

Despite this accumulating knowledge about how water and heat stress combine to 

influence crops, important gaps remain. First, most existing studies focus on a small set of crops, 

 
2 One reason for these correlations is the El Niño Southern Oscillation. See, e.g., Bonsal & Lawford (1999). 
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locations, or both, leaving questions about whether prior results generalize to other crops or 

areas. Second, the majority of studies examine water stress at much longer time scales than the 

dry spells in which we are interested, instead examining multi-month or season-scale drought. 

An exception focused on dry spells is Luan et al. (2021), but that study has a narrow geographic 

and crop focus and only considers average rather than extreme heat. In short, a global analysis of 

how dry spells interact both with extreme heat and with longer-term water stress to influence 

aggregate crop production would complement this growing body of knowledge. 

Within this context, we ask whether dry spells impact growth in aggregate crop production 

across the globe and how those effects are modified by heat waves, drought, and aridity. Based on 

prior work mentioned above, we hypothesize that dry spells should lower growth in aggregate crop 

production, with effects that are larger in magnitude when dry spells co-occur with heat waves, 

drought, or aridity. To address our question, we analyze a panel dataset spanning 1979-2016 that 

relates growth in aggregate crop production (summed across a range of crops) in a country and 

year to exposure to dry spells. Our statistical approach isolates country-specific dry spell exposure 

anomalies, and the range of specifications we estimate allow us to probe relationships between and 

joint effects of water and heat stress across timescales. Further, because irrigation can partly 

decouple rainfall from water availability, in secondary analyses we investigate whether irrigation 

availability moderates the effects of dry spells on growth in crop production.  

The remainder of this paper is organized as follows: Section 2 describes the dataset and 

suite of statistical analyses we conduct, Section 3 presents results, and Section 4 discusses those 

findings and their implications. 
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2. Methodology 

2.1 Dataset construction 

2.1.1 Data sources 

We analyze a country-by-year dataset relating year-to-year growth (%/year) in the FAO 

Crop Production Index (FAO CPI) to dry spell exposure and additional covariates, which we 

construct from gridded data (see below). The FAO CPI is a price-weighted sum of the quantities 

of crops produced in a country and year that are not used as seed and feed, expressed as an index 

relative to the country-specific average of that quantity over 2014-2016. The prices used for 

weighting are average 2014-2016 international prices, such that weights are largely unaffected by 

local price responses to any of the environmental stressors we examine. The insensitivity of the 

FAO CPI to local price responses allows us to isolate the production consequences of dry spells, 

which are the focus of our analysis. The resulting index strikes a balance, capturing value-weighted 

net crop production available for use outside of agriculture. In supplementary analyses we examine 

alternate outcomes: growth in cereal yields (FAO) and growth in per-capita value added in 

Agriculture, Forestry, and Fishing (World Bank).3  

The data underlying our focal dry spell variable and covariates come from a range of 

sources. The Climate Prediction Center (CPC) provides daily, gridded (0.5 latitude and longitude 

cells) precipitation totals and temperature maxima spanning 1979 to 2016.4 We use those data to 

 
3 We also use the lagged log of value added in agriculture, forestry, and fishing as a covariate in supplementary 
analyses to account for potential relationships between the overall size of the agricultural sector and growth in 
crop production, 
4 Those data are compiled by the Climate Prediction Center (CPC) using raw observations from the Global 
Telecommunications System (GTS), resulting in a total of approximately 980 million gridded observations. 
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construct our dry spell and heat wave variables (Section 2.1.2) and to compute annual average 

temperature and annual total precipitation. We quantify agricultural drought using the 

Standardized Precipitation-Evaporation Index (SPEI; Vicente-Serrano et al., 2010), which reflects 

a locally standardized difference between monthly precipitation and potential evapotranspiration, 

averaged across a period of interest.5 For our primary results, we use a 12-month SPEI which 

averages that standardized difference across all months within the year. In supplementary analyses, 

we also consider the SPEI averaged over only the months prior to the start of the hottest 90 days 

in a given location, which we term start-of-season drought. We use the FAO’s aridity index (FAO, 

2009), provided on a 10 arc-minute grid. That source defines aridity as the ratio of precipitation 

and average annual potential evapotranspiration calculated using a version of the Penman-

Monteith Equation (Allen, 1998), with both quantities derived from the Climate Research Unit’s 

CL 2.0 Global Climate Dataset. Irrigation data from FAO’s AQUASTAT database provides an 

estimated fraction of the area irrigated per pixel (circa 2005) on a gridded global raster at 5 arc-

minute resolution. Because our analyses are conducted at the country scale but our data sources 

are gridded, we construct national variables as spatially weighted averages, with weights equal to 

the fraction of area in a grid cell devoted to the set of crops that are the subject of a particular 

analysis (see Section 2.1.2 for details of spatial aggregation). 

Our final dataset includes 118 countries. We exclude countries in Sub-Saharan Africa due 

to concerns over the spatial coverage, reporting frequency, and reliability of the stations on which 

the CPC dataset is based.  

 
5 We view the 12-month SPEI as a proxy for agricultural drought. While soil moisture would provide a more direct 
indicator of agricultural drought, it is also affected by management choices (endogenous) and could thus bias our 
estimates of dry spell effects. 
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2.1.2 Construction of key explanatory variables 

 Because we are interested in truly dry, hot weather, in our main analyses we construct 

indices of dry spell and heat wave exposure during the historically hottest 90 days in each grid 

cell. In supplementary analyses we consider alternatives (Section 3.3 and Appendix Table A5): 

using (a) only the hottest 120 days, (b) all days, or (c) all days but weighting by the fraction of 

each grid cell devoted to cropland in a month the MIRCA2000 dataset (Portmann et al., 2010). 

The last approach approximates a focus on growing seasons, aggregated across range of crops.  

 We define a dry spell as a period of consecutive days during which total precipitation on 

each day in the period is abnormally low. Daily precipitation is considered abnormally low if it 

falls below a grid-cell- and day-of-year-specific threshold, defined as 1.5 standard deviations 

below average or zero, whichever is greater.6 While identifying consecutive abnormally dry days 

is straightforward and common7 (e.g., Fishman, 2016; Lesk et al., 2020; Luan et al., 2021; Troy et 

al., 2015), we summarize exposure to multiple dry spells of varying lengths during a year in a way 

that differs from prior work. Our approach assumes short-term water stress accumulates with each 

day in a dry spell, and we count how many days that accumulated short-term water stress surpasses 

a threshold. Specifically, we choose a minimum dry spell duration of j days (we consider j=7, 14, 

21, 28, or 35 days) and count abnormally dry days that are preceded by at least j-1 others. We call 

these days “extended dry spell days.”  

 
6 Both the mean and standard deviation for a grid cell and day are calculated using a 31-day window centered 
around the focal day across all years in the dataset. 
7 While our “abnormally low” thresholds may differ from more familiar quantile-based or absolute thresholds, the 
role of the exact threshold is likely immaterial. In 99.82% of grid cell and day pairs, our threshold is zero 
precipitation. Even with a threshold of 1SD below average for a grid cell and day, our threshold would be zero for 
99.77% of grid cell and day pairs.  



 

8 
 

8 

We first compute these counts per grid cell, then take a spatially-weighted average of those 

counts across grid cells. In our main analyses, we weight by the percent of area in each cell devoted 

to cropland in 2000 (Ramankutty et al., 2008) and average across all cells in a country and year. 

In secondary analyses we consider other weights: either percent of area devoted to, or the average 

production of cereal crops, in a cell (Ramankutty et al., 2008). When studying how dry spell effects 

vary with a moderator (drought, aridity, or irrigation), we first divide cells in a country and year 

into two groups based on whether the value of that moderator in a cell is above or below a 

threshold. We then average separately across those two groups of cells, resulting in two dry spell 

variables per country and year. This allows us to compare effects of dry spells in different parts of 

the same country experiencing different background conditions in the same year. For moderator 

thresholds, we use SPEI=0 for drought, 0.65 for the FAO aridity index (below 0.65 includes dry 

sub-humid, semi-arid, arid, and hyper-arid cells), and the median fraction of cropland equipped 

for irrigation among all cells with any irrigation. 

Because our approach to temporally summarizing dry spell exposure in a year differs from 

prior work, we illustrate our approach and its potential advantages with an example. Consider a 

minimum dry spell duration of j=14 days and exposure in three hypothetical years: (1) a year with 

one 14-day dry spell, (2) a year with one 21-day dry spell, and (3) a year with one 14-day dry spell 

and a second 21-day dry spell. A count of dry spells (e.g., Usman & Reason, 2004) would equate 

exposure in the first and second years, while using the length of the longest dry spell (e.g., Fishman, 

2016; Lesk et al., 2020; Luan et al., 2021; Troy et al., 2015) would equate exposure in the second 

and third years. In contrast, our approach differentiates between all three years, quantifying 

exposure (days at or beyond the minimum duration of 14 days) in the three years as 1, 8, and 9 

extended dry spell days, respectively. 
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Our metric also has theoretical appeal.8 Suppose that water stress accumulates with each 

consecutive abnormally dry day, and each day’s contribution to annual crop production is a 

function of the accumulated water stress on that day. Our aim is to understand that daily stress-

production relationship. Our approach allows us to approximate that unknown relationship with a 

step function: low water stress causes no loss, while each day with a high level of water stress (in 

the example above, at least 14 days into a dry spell) harms aggregate crop production. Using our 

metric, our focal statistical estimates (Section 2.3) cleanly represent the average decline in crop 

production per day that has high accumulated water stress (extended dry spell day).   

Both our heat wave variable and our metric capturing simultaneous dry spell and heat wave 

exposure are defined analogously. For heat waves, we count extended heat wave days: abnormally 

hot days preceded by at least k-1 others, focusing on k=3, 6, 9, and 12 following Miller et al. 

(2021).9 Abnormally hot days are those in which maximum temperature is at least 1.5 standard 

deviations above average for a grid cell and day of year. For joint exposure to dry spells and heat 

waves, we count days that are both abnormally dry and abnormally hot and which were preceded 

by at least j-1 abnormally dry days and k-1 abnormally hot days. Those days represent joint 

prolonged exposure to heat and water stress. We summarize both heat waves and joint exposure 

across space using the same spatial averaging process we use for dry spells. Finally, just as for dry 

spells, we construct two heat wave metrics and two joint exposure metrics per moderator when 

examining heterogeneous dry spell effects. 

 
8 See Miller et al., 2021 for an analogous and formal derivation for heat waves. The number of dry spells or 
duration of the longest dry spell cannot be easily motivated in this framework. 
9 As defined, heat waves are far more rare than dry spells (Table 1), such that investigating heat waves of longer 
duration would not be informative. 
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2.2 Suggestive data patterns  

We briefly describe several patterns in exposure to environmental stressors and how growth in 

crop production varies with that exposure. First, exposures to water stress and heat stress across 

several timescales are clearly related and evolving (Fig. 1). The prevalence of heat wave days and 

dry spell days is substantially different in the 59 more arid (below median aridity index; red) 

countries in our sample and the 59 less arid (above median aridity index; blue) countries. The same 

is true of drought, with a clear relationship between the number of dry spell days (y-axis) and 

drought level (x-axis) in arid countries, especially at the end of our sample (right plot). 

Observations with high numbers of heat wave days (dot size) also appear to be more common 

when the SPEI is below zero. Finally, comparing the left and right panels of Figure 1 suggests 

exposure to dry spells, heat waves, and drought conditions is changing through time. Thus, our 

analysis must account for the effects of prevailing climate regimes, trends, and droughts when 

attempting to isolate the effects of punctuated weather events. 

[Insert figure 1 here] 

Second, simple summary statistics for our dataset highlight both challenges and opportunities 

(Table 1). The dry spells on which we focus are relatively rare events, as are heat waves. That 

rarity limits the variation we can leverage to identify effects. However, we do observe expected 

but substantial variation in the SPEI, as well as the aridity index and irrigation prevalence, which 

facilitates analysis of heterogeneity. 

[Insert table 1 here] 
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To motivate our empirical analysis, we also note suggestive relationships between exposure to 

dry spells and growth in crop production (Table 2). After removing country-specific means of both 

variables, growth rates in the FAO CPI are significantly negatively correlated with exposure to dry 

spells. Examining subsamples that vary with background water stress, we only observe a 

significant negative correlation between growth in the FAO CPI and dry spell days in more arid 

countries (aridity index below the median) and in countries experiencing drier years (SPEI ≤ 0). 

In less arid countries (aridity index above the median) and wetter years (SPEI > 0) that correlation 

remains negative but is smaller in magnitude and not statistically different from zero. While 

differences in the correlation across subsamples (high vs. low aridity index; positive vs. negative 

SPEI) are not statistically significant, their sign is consistent with water stress at different 

timescales having compounding effects. We investigate this possibility in more detail below.   

[Insert table 2 here] 

2.3. Statistical Analyses 

2.3.1 Specifications 

We estimate a series of fixed effects models relating growth in the FAO CPI in a country and year 

to dry spell exposure. Our baseline model takes the following form 

 𝐺𝑖𝑡 = 𝛽1𝐷𝑆𝑖𝑡 + 𝛽2𝐻𝑊𝑖𝑡 + 𝛽3𝐷𝑖𝑡 + 𝜷𝟒𝑿𝒊𝒕 + 𝜇𝑖 + 𝜙𝑡 + 휀𝑖𝑡. (1) 

Here, 𝐺𝑖𝑡 stands for the growth rate in the FAO CPI in country 𝑖 and year 𝑡. That growth is an 

additively separable linear function of exposure to dry spells 𝐷𝑆𝑖𝑡, heat waves 𝐻𝑊𝑖𝑡, and drought 

𝐷𝑖𝑡. We adjust for covariates 𝑿𝒊𝒕 including average temperature and its square, total precipitation 
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and its square, and country-specific quadratic time trends. In robustness checks, we include 

additional covariates in 𝑿𝒊𝒕 (Section 4.1 and Appendix Table A1). Country fixed effects 𝜇𝑖 and 

year effects 𝜙𝑡 adjust for static cross-country differences (including aridity) and global annual 

shocks to growth in food production, respectively.   

Our primary interest in equation (1) is 𝛽1, which captures the marginal direct effect of an 

extended dry spell day (as defined earlier) across all cropped areas in a country on growth in the 

FAO CPI in that country and year. Any effects of dry spells on contemporaneous growth in the 

FAO CPI may reflect both transitory impacts on levels of crop production in a single year and 

effects that may persist across more than a single year (see, e.g., Dell et al., 2012). For example, 

the former might reflect losses from damage to annual plants, while the latter could reflect a 

longer-lasting reduction in soil quality or damage to perennial crops. To help distinguish between 

these two possibilities, we estimate distributed lag variants of equation (1) (see Appendix). 

Evidence from those models (Appendix Table A2) suggest that the direct effects we estimate are 

transitory, though it remains possible that dry spells may exert more persistent influence via their 

exacerbation of drought.  

In subsequent models, we allow for the effects of dry spells to vary in one of several ways. 

We first investigate potential interactive effects of dry spells and heat waves: 

𝐺𝑖𝑡 = 𝛼1𝐷𝑆𝑖𝑡 + 𝛼2𝐻𝑊𝑖𝑡 + 𝛼3𝐷𝑆𝑖𝑡𝐻𝑊𝑖𝑡 + 𝛼4𝐽𝐸𝑖𝑡 + 𝛼5𝐷𝑖𝑡 + 𝜶𝟔𝑿𝒊𝒕 + 𝜇𝑖 + 𝜙𝑡 + 휀𝑖𝑡.        (2) 

The two new terms capture different forms of combined exposure to dry spells and heat waves. 

The first term, 𝐷𝑆𝑖𝑡𝐻𝑊𝑖,𝑡, captures exposure to both dry spells and heat waves during the same 

year, though not necessarily at the same time during the year or the same location within a country. 
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The associated coefficient 𝛼3 captures the differential effect of such exposure compared to either 

stressor occurring in isolation. The second new term, 𝐽𝐸𝑖,𝑡, captures joint exposure to dry spells 

and heat waves that are simultaneous and co-located as described earlier. The additional impact of 

true simultaneous exposure to both stressors is captured by 𝛼4. To distinguish between 𝛼3 and 𝛼4, 

consider adding a heat wave in June and a dry spell in July. The coefficient 𝛼3 captures any 

interactions between those periods of stress, which could compound or mitigate the effects of either 

stressor in isolation. The coefficient 𝛼4 would only capture the differential effect on growth in crop 

production if the heat wave and dry spell were to occur on the same days and locations within the 

same country – the true effects of joint exposure.  

Next, we examine whether drought and aridity modify the effects of dry spells and heat 

waves in two analogous models. For each modifier (drought, aridity), we compute two versions of 

our extended dry spell days and extended heat wave days variables as described in Section 2.1.2. 

We then estimate variants of our baseline model with these refined variables, which capture 

exposure to dry spells and heat waves in more (MD) or less (LD) drought-stricken cells and in 

more arid (MA) or less arid (LA) cells within each country: 

𝐺𝑖𝑡 = 𝛾
1
𝑀𝐷𝐷𝑆𝑖𝑡

𝑀𝐷 + 𝛾
1
𝐿𝐷𝐷𝑆𝑖𝑡

𝐿𝐷 + 𝛾
2
𝑀𝐷𝐻𝑊𝑖𝑡

𝑀𝐷 + 𝛾
2
𝐿𝐷𝐻𝑊𝑖𝑡

𝐿𝐷 + 𝛾
3
𝐷𝑖𝑡 + 𝜸𝟒𝑿𝒊𝒕 + 𝜇𝑖 + 𝜙𝑡 + 휀𝑖𝑡,            (3) 

𝐺𝑖𝑡 = 𝛿1
𝑀𝐴𝐷𝑆𝑖𝑡

𝑀𝐴 + 𝛿1
𝐿𝐴𝐷𝑆𝑖𝑡

𝐿𝐴 + 𝛿2
𝑀𝐴𝐻𝑊𝑖𝑡

𝑀𝐴 + 𝛿2
𝐿𝐴𝐻𝑊𝑖𝑡

𝐿𝐴 + 𝛿3𝐷𝑖𝑡 + 𝜹𝟒𝑿𝒊𝒕 + 𝜇𝑖 + 𝜙𝑡 + 휀𝑖𝑡.             (4) 

An alternative to this approach would be to interact our dry spell and heat wave variables with 

country-level drought and aridity, or to split our sample based on country-level drought and aridity 

and estimate our baseline model separately for each sub-sample. We do both in the Appendix 

(Table A4). A key advantage of the approach above is that it leverages within-country differences 
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in drought and aridity even though the analysis remains at the country scale. We thus avoid 

confounding from other factors that correlate with drought and aridity at the country scale. 

Finally, we examine a series of models that evaluate whether dry spells are less damaging 

in irrigated areas, intended primarily as validation that our main results are indeed driven by dry 

spells since irrigation should reduce damage. We first adopt the approach just described for 

drought and aridity, but where we separately quantify extended dry spell days and extended heat 

wave days for cells in a country classified as more irrigated (MI) or less irrigated (LI) (see Section 

2.1). Our specification becomes: 

𝐺𝑖𝑡 = 𝜃1
𝑀𝐼𝐷𝑆𝑖𝑡

𝑀𝐼 + 𝜃1
𝐿𝐼𝐷𝑆𝑖𝑡

𝐿𝐼 + 𝜃2
𝑀𝐼𝐻𝑊𝑖𝑡

𝑀𝐼 + 𝜃2
𝐿𝐼𝐻𝑊𝑖𝑡

𝐿𝐼 + 𝜃3𝐷𝑖𝑡 + 𝜽𝟒𝑿𝒊𝒕 + 𝜇𝑖 + 𝜙𝑡 + 휀𝑖𝑡.                  (5) 

Unfortunately, the difference between 𝜃1
𝑀𝐼 and 𝜃1

𝐿𝐼 is unlikely to reflect the benefits of irrigation 

in reducing the impacts of dry spells. Farmers with access to irrigation may engage in many 

different farming practices, including growing higher value crops or selecting crops or varietals 

that are more productive but also more susceptible to water stress (Hornbeck & Keskin, 2014). To 

begin to address these concerns, we consider two additional changes to our model. First, we 

redefine our outcome to be growth in cereal yield in order to focus on a set of crops that are more 

homogenous in value. Consistent with this change, we adjust our spatial aggregation weights for 

environmental variables to pertain to cereal crops. The first weighting scheme uses the area of a 

grid cell devoted to cereal crops. The second is the average production of cereal crops in a grid 

cell. While both focus attention on cereals, use of average production levels accounts for effects 

of irrigation on baseline productivity. The resulting dry spell variables index the average volume 

of cereals exposed to dry spells, so that differences across irrigated and non-irrigated areas should 

come closer to capturing dry-spell-mitigating effects of available irrigation. 
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2.3.2 Estimation 

 For our main results, we estimate models (1)-(5) using ordinary least squares after 

removing country and year fixed effects by demeaning (“within” estimator). Inference uses 

clustered standard errors that allow for arbitrary autocorrelation and heteroskedasticity at the 

country level.  

One concern with this estimation approach is that dry spells could influence crop 

production partly by exacerbating end-of-year drought 𝐷𝑖𝑡, such that including 𝐷𝑖𝑡 in our 

regressions could bias our estimates of the effect of dry spells (Angrist & Pischke, 2008). To 

address this concern, in robustness checks we employ sequential g-estimation (see, e.g., Acharya 

et al., 2016). This approach estimates controlled direct effects in the presence of a mediating 

variable and proceeds in two stages. In the first stage, equation (1) is estimated to establish the 

contribution of the mediator (end-of-year drought) to the outcome. The estimated mediator effect is 

then subtracted from the dependent variable to obtain a demediated outcome upon which the direct 

effect of dry spells is estimated in a second stage.10 The key difference between sequential g-

estimation and typical ordinary least squares estimation of equation (1) is that the two-step nature 

of sequential g-estimation avoids bias in �̂�1 if the relationship between drought and FAO CPI 

growth is confounded by omitted variables. If such confounding is present, conditioning on 

drought when estimating equation (1) via ordinary least squares could induce spurious correlations 

between dry spells and FAO CPI growth.  

 
10 Given the generated nature of the outcome in the second stage, we conduct inference by bootstrapping both 
stages at the panel unit level to account for potential clustering. 
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2.3.3 Robustness 

To examine the robustness of our main dry spell estimates, we estimate a series of alternative 

specifications. In separate specifications, we adjust for the lagged log of agricultural output per 

capita (to allow for growth to depend upon recent output) and lagged dry spell and heat wave 

effects (to allow for multi-year impacts of abiotic stress). We allow more flexibility in how annual 

temperature and precipitation exposure affect crop production, first adding cubic and quartic terms 

for temperature and precipitation, then separately employing counts of days in temperature bins 

rather than annual mean temperature. We also examine linear and cubic (rather than quadratic) 

per-country time trends as alternate ways to adjust for smoothly changing, unobserved time-

varying confounders. We consider variants of our focal dry spell and heat wave variables in which 

exposure within the year is weighted by the fraction of a grid cell that is cropped in any given 

month, using the MIRCA2000 data described earlier. Doing so lets us narrow in on dry spell 

exposure during the growing season, which may or may not coincide with the 90 hottest days in a 

location. As an alternative to sequential g-estimation for dealing with the potential influence of 

dry spells on drought, we consider SPEI measured just prior to the first of the hottest 90 days on 

which we focus. Finally, we examine growth in agricultural value added per capita as an alternative 

outcome. 

3. Results 

We present a series of results exploring the effects of dry spells on growth in aggregate crop 

production. We focus on the effects of an additional day in a dry spell at least 28 days long (j=28), 

which is when we begin to see significant negative effects of extended dry spell days, though we 

present results for other minimum durations. Results from specifications in which the minimum 
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duration of dry spells is shorter (7, 14, or 21 days) or longer (35 days) also yield negative point 

estimates, but estimates using shorter minimum durations are not significant at conventional levels. 

We present baseline results for heat waves of at least 9 days, though our results are generally 

insensitive to that choice.11  

Our results are organized as follows. We begin with the average marginal effect of dry 

spells assuming their effects are additively separable from other stressors. After presenting those 

baseline results, we briefly summarize their robustness to a variety of alternative assumptions, 

though we relegate the majority of the detailed robustness checks to the Appendix. Next, we 

examine heterogeneity in dry spell impacts, asking whether the effects of dry spells depend upon 

drought, aridity, and heat waves. Finally, we explore the potential role of irrigation in mitigating 

the effects of dry spells. 

3.1 Baseline results: additively separable effects of dry spells. 

Each extended dry spell day beyond 28 days that occurs during the historically hottest part 

of the year is associated with approximately 0.1 percentage point lower growth in the FAO CPI 

(Table 3). Because we condition on drought, this effect is best interpreted as a direct effect of dry 

spells.12 Estimated effects of extended dry spell days defined using shorter minimum spell duration 

remain negative but are not distinguishable from zero. The signs, magnitudes, and significance of 

 
11 Selecting a heat wave duration for which heat waves are strongly related to agricultural outcomes should limit 
confounding concerns; prior work (Miller et al., 2021) suggests 9 days is suitable for that purpose. 
12 Dry spells could, of course, exert indirect effects. To approximate this indirect effect, we multiply estimated 
drought effects from our baseline model by the estimated contribution of dry spells to drought from an auxiliary 
regression. Our estimates of the size of these indirect effects are quite small (e.g., 0.0015% per extended dry spell 
day beyond 28 days), so our focus remains on the direct effects. 
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dry spell effects are similar when we consider alternate minimum durations used to define heat 

waves (Appendix Table A1).  

[Insert Table 3 here] 

3.2 Robustness of baseline results 

Our main results hold across a range of robustness checks, presented for 28+ day dry spells 

in Appendix Table A3. We consider many alternative covariates: dry spell and heat wave exposure 

adjusted for area cropped at the time using MIRCA2000 data, SPEI covering different time 

periods, lags of log value added per capita in agriculture, fisheries, and forestry (used directly or 

instrumented for with lagged log GDP per capita), lags of dry spell and heat wave exposure, more 

flexible polynomials in annual temperature and precipitation, and linear and cubic per-country 

trends. We also examine an alternate outcome: growth in per-capita value added in Agriculture, 

Forestry, and Fishing. Separately, we estimate our baseline model via sequential g-estimation to 

account for the potential influence of dry spells on drought, focusing estimation on a controlled 

direct effect of dry spells (Appendix Table A4). None of these changes result in substantive 

changes to our estimates, though estimates from models including log value added per capita in 

agriculture, fisheries, and forestry are somewhat smaller in magnitude.  

3.3. Heterogeneous effects of dry spells 

Estimates of equation (2) offer mixed evidence that the effects of dry spells vary with 

exposure to heat waves (Table 4). We continue to observe negative main effects of an additional 

day in a 28+ day dry spell on growth in crop production regardless of the minimum duration chosen 

for heat waves (Table 4, top row). In equation (2), those main effects correspond to the impact of 
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an extended dry spell day when there are zero heat wave days. Moving to the potential interactive 

effects component of the regression, we find evidence that when heat waves do occur during the 

same year—but not necessarily at the same time—extended dry spell days are less damaging than 

if they had occurred in a year without heat waves (Table 4, third row). This could occur if extended 

heat wave days and extended dry spell days are substitutes in the production of crop damage; for 

example, a plant which is irreparably damaged by a heat wave cannot subsequently be damaged 

by a dry spell.13 Finally, we narrow our focus to simultaneous exposure to an extended dry spell 

day and extended heat wave day (Table 4, bottom row). We only observe a compounding effect of 

joint exposure to dry spells and heat waves for 12+ day heat waves, which could be driven by high-

leverage observations given the rarity of such events. This absence of strong evidence that 

simultaneous exposure to heat waves and dry spells matters may arise because our dry spells 

variable already embeds heat by focusing on exposure during the hottest part of the year. To that 

end, we re-estimate our baseline model allowing dry spells to occur in the hottest 120 days or full 

year rather than just the hottest 90 days, both with and without monthly cropped area weights. 

Estimates under these more permissive definitions of dry spells are smaller in magnitude 

(Appendix Table A5), suggesting high temperatures may still exacerbate the effects of dry spells 

on growth in crop production, even if we lack strong evidence that it is specifically prolonged 

exposure to heat during heat waves that drives that compounding effect.  

[Insert Table 4 here] 

 
13 The positive interaction term does not imply that total damage from dry spells and heat waves is lower than that 
from dry spells alone. The main effect of heat waves (second row in Table 4) is an order of magnitude larger than 
the interaction between dry spells and heat waves. Thus, the total damage from hot and dry weather is larger 
when heat waves occur than when they do not, even if the marginal contribution of dry spells shrinks. 
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Estimation of equations (3) and (4) provides compelling evidence that the effects of dry 

spells are damaging when they occur in locations that are more arid (aridity index ≤ 0.65) or are 

experiencing an annual water deficit (12-month SPEI ≤ 0) (Table 5, columns 1-2). We find no 

evidence of significant effects of dry spells when they occur in grid cells that are less arid (aridity 

index > 0.65) or are experiencing a relative water surplus (12-month SPEI > 0). These same 

patterns hold when we instead use cross-country variation in national aridity or drought, with those 

national measures constructed via spatial averaging using the same weighting scheme as our focal 

dry spell variables (Appendix Table A6). Further, because dry spells could exacerbate agricultural 

drought, we also examine how the effects of dry spells vary with drought levels using sequential 

g-estimation (see Appendix for details), again finding that dry spells are primarily damaging in 

countries and years in which an aggregate annual water deficit (12-month SPEI ≤ 0) occurs 

(Appendix Table A7).  

[Insert Table 5 here] 

We also find evidence that dry spells are damaging when they occur in cells with less area 

equipped for irrigation, though only after modifying our specification to mitigate potential effects 

of irrigation on crop choice and baseline productivity (Table 5, columns 3-5, corresponding to 

equation (5)). A naïve comparison of effect sizes reveals larger reductions in FAO CPI growth 

when a dry spell occurs in a location equipped for irrigation than from a similar spell in an area 

without such equipment (Table 5, column 3). This comparison of effect sizes does not imply, 

however, that irrigation makes dry spells worse. Farms using irrigation may grow higher-value 

crops and enjoy higher baseline yields. Thus, even if irrigation lowers the probability of crop loss 

from a dry spell, any losses that do occur in irrigated areas could have larger effects on the FAO 
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CPI. When we examine growth in cereal yields, focusing on a set of crops that is more homogenous 

than all crops included in the FAO CPI, the point estimates for dry spells become larger in 

magnitude for events occurring in cells that are less equipped for irrigation, though neither estimate 

is statistically significant (Table 5, column 4). When we reweight dry spell exposure by average 

cereal productivity in each cell to account for baseline productivity effects of irrigation, we see dry 

spell effects in less irrigated cells that are negative and statistically significant, while effects of dry 

spells in irrigated cells are not distinguishable from zero (Table 5, column 5). While this series of 

estimates does not establish causality, it does iteratively refine the role that irrigation may play, 

suggesting losses from dry spells may be smaller in magnitude or absent when irrigation is 

available. 

5. Discussion and Conclusion  

We ask whether and when dry spells impact growth in aggregate crop production at a national 

scale. Our estimates suggest that extended dry spell days exhibit a modest average direct effect on 

growth in aggregate crop production and that the effects of extended dry spell days vary with the 

presence of other stressors. Extended dry spell days are significantly more damaging when they 

occur in locations that are experiencing annual water deficits (SPEI ≤ 0) or are arid (aridity index 

≤ 0.65). In contrast, extended dry spell days appear less harmful when occurring during the same 

year as heat wave days. On a positive but unsurprising note, after narrowing in on a comparable 

set of crops and baseline productivity levels, dry spells are less damaging in areas more equipped 

for irrigation. While not necessarily causal in nature, this heterogeneity is consistent with the 

potential for irrigation to facilitate adaptation.  
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The main effects of dry spells we estimate are qualitatively consistent with and strengthen 

findings in prior work on dry spells. The handful of observational studies that examine the 

relationship between farm yields and dry spell exposure often find a negative relationship but 

consider only the duration of the longest dry spell, have a narrower geographic scope, or focus on 

a handful of crops (e.g., Lesk et al., 2020; Luan et al., 2021; Troy et al., 2015). A key contribution 

of our paper is that our global scope and multi-crop focus speaks to the external validity of all of 

these studies.  

Our estimates are also consistent with prior work on the effects of soil moisture (e.g., Ortiz-

Bobea et al., 2019; Rigden et al., 2020). A primary mechanism through which dry spells likely 

affect crop production is through depressed soil moisture, and so we should expect the sign of the 

marginal effect of dry spells to match that for low soil moisture. We find exactly that. Similarly, 

the stronger effect of low soil moisture (as proxied by ‘green water’) in arid locations (Borgomeo 

et al., 2020) is consistent with our findings that dry spells have larger effects when they occur in 

arid cells.   

At longer timescales, our findings also extend a large body of prior work investigating 

effects of drought and aridity (e.g., Hlavinka et al., 2009; Leng & Hall, 2019; Lesk et al., 2016; 

Zipper et al., 2016), including potentially increasing drought sensitivity in some agricultural 

systems (Lobell et al., 2014; Lobell et al., 2020). A subset of these studies examine drought at 

different timescales (e.g., Zipper et al., 2016), but most stop short of examining interactive effects 

of water stress across different timescales. Our estimates provide consistent evidence of the 

negative relationship between drought (low SPEI) and crop production (Table 3) but also go 
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farther, suggesting short-term water stress (dry spells) is more damaging when longer-term water 

stress (drought or aridity) is present.  

 Our results suggest that interactive effects of water stress and heat stress documented in 

experiments (Siebert et al., 2014; Breshears et al., 2021; Cohen et al., 2021) and statistical analyses 

of farm data (Kent et al., 2017; Lesk et al., 2021; Matiu et al., 2017; Potopová et al., 2021; Ribeiro 

et al., 2020; Rigden et al., 2020; Urban et al., 2015; Zhu et al., 2022) may depend upon the severity 

and simultaneity of those stressors. We do find that dry spells occurring during the hottest 90 days 

in a location are more detrimental than dry spells occurring in other parts of the year (Appendix 

Table A5). That finding is broadly consistent with prior work suggesting that higher average 

temperatures exacerbate effects of dry spells (Luan et al., 2021). While we also document strong 

interactions between dry spells and extreme heat (heat waves) when they occur in the same year 

but at different times, we find only weak evidence that the two types of punctuated stress 

compound when they occur simultaneously (Table 4). Several factors could contribute to this mix 

of results. First, our outcome aggregates across several crops with different degrees of 

susceptibility and different times of year when combined water and heat stress could matter most, 

so that our estimates may average across strong, weak, and nonexistent effects. Second, a 

simultaneous dry spell and heat wave is an extreme compound event, qualitatively different than 

longer-term (multi-month or season-long) water and temperature stress and/or average 

temperatures that are the focus of other work.  Third, it could be that the rarity of the shorter-term 

events we study (heat waves and dry spells) combined with the country scale of our analysis leave 

us with insufficient statistical power to detect effects of true joint exposure.   
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As with any analysis, ours has limitations, many of which present opportunities for future 

work. First, while analyzing aggregate crop production on an annual, national scale has value in 

assessing generalizability of impacts of hot, dry weather, it  also presents challenges. Crops likely 

have different tolerances for both temperature and precipitation extremes, while our analysis 

enforces a single threshold and minimum duration for each stressor. In addition, the cell- and day-

specific statistical thresholds we use to define abnormally high temperature or abnormally low 

precipitation are based on an assumption that crops are well-adapted to local conditions. While 

that assumption may hold for some crops and locations, it may not hold for all. Further, because 

planting and harvest dates differ across crops, a single dry spell exposure variable during the year 

will imperfectly capture the exposure faced by any single crop. Beyond crop differences, our 

exposure variable must also reflect exposure across a large number of locations, and ours is 

increasing in the number of, duration of, and fraction of crop area affected by dry spells within a 

given country and year. While those properties are sensible, our statistical models imply an 

equivalence in impact among changes in any of those three aspects of dry spell exposure, which 

may not hold in practice. Better-resolved outcomes—whether crop-specific production, finer 

spatial resolution or smaller spatial extent, or sub-annual measures of crop growth—could mitigate 

some of these concerns, but at the potential expense of external validity.   

Second, the globally gridded temperature and precipitation data on which our analysis is 

based is only an approximation to conditions experienced on individual farms. Temperatures may 

vary from the air to the surface to the soil, and microclimates may result in substantial 

heterogeneity in both temperature and precipitation on farms within a grid cell. Increasing density 

and reliability of weather stations as well as improvements in remote sensing alternatives should 

mitigate this concern going forward. In particular, we hope those improvements will enable 
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reliable estimates of the impacts of dry spells in Sub-Saharan Africa, where our dataset shows clear 

shortcomings. 

Finally, we emphasize that our exploration of adaptation is preliminary only, though the 

smaller effects of dry spells we identify in irrigated areas are consistent with findings in studies of 

drought (Zipper et al., 2016). One constraint is that our irrigation data only offer a static view of 

areas equipped for irrigation (extensive margin). Data on within-season irrigation water use 

(intensive margin) would facilitate improved analyses; to our knowledge, no such data exists on a 

global scale. Even with improved data, the endogeneity of irrigation use presents statistical 

challenges for identifying its effects. Instrumental variables employed in local studies, such as 

subsidy programs or changes to crop insurance (Deryugina & Konar, 2017; Pfeiffer & Lin, 2014), 

may present a promising entry point for addressing the endogeneity of irrigation if such data can 

be collected on a larger scale. Even if irrigation helps farmers stave off the worst impacts of dry 

spells, many farms still lack adequate irrigation equipment or available water—especially in arid 

or drought-stricken locations—and the changing availability of both surface and groundwater will 

constrain irrigation as an adaptation tool. Further, in some regions, water use already outstrips 

recharge rates, thereby depleting groundwater resources, so that even maintaining current 

irrigation rates may not be sustainable. Growth in competing demands for water may also render 

irrigation unaffordable for some farmers. Beyond irrigation, experiments suggest the effects of hot, 

dry weather could be mitigated through other adaptations, such as nutrient management (Slafer & 

Savin, 2018). How widespread and effective such adaptations are in practice are worthwhile topics 

for further research.  
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Figures 

Figure 1. Country-level exposure to heat and water stress 

 

 

Notes: Relationships between heat stress and water stress at three timescales at the beginning 

(left panel; 1979) and end (right panel; 2016) of the sample. Points represent individual 

countries. Vertical axis is the number of extended dry spell days at or beyond the minimum 

duration of 28 days (short-term water stress). Horizontal axis is the 12-month Standardized 

Precipitation Evapotranspiration Index (SPEI) corresponding to that calendar year (medium-term 

water stress) with lower numbers indicating more water deficit. Colors separate countries with 

aridity index below (red; more arid, 59 countries) or above (blue; less arid, 59 countries) the 

median country-level aridity index (long-term water stress). Point size indicates the number of 

heat wave days at or beyond the minimum duration of 9 days (short-term heat stress).  
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Tables 

Table 1: Summary statistics 

 

Notes: Summary statistics are calculated at the observation level for all variables,  

whether or not it is time-invariant for a given country (aridity, irrigation). 

  

Variable Min Mean Median Max SD 

Extended dry spell days     

   7+ days 0 18.33 5.92 84 24.5 

   14+ days 0 11.54 0.82 77 20.59 

   21+ days 0 8.43 0.06 70 17.4 

   28+ days 0 6.46 0 63 14.78 

   35+ days 0 5.05 0 56 12.52 

Extended heat wave days     

   3+ days 0 1.11 0.31 18.57 2.03 

   6+ days 0 0.2 0 11.27 0.71 

   9+ days 0 0.04 0 8.51 0.29 

   12+ days 0 0.01 0 6.47 0.14 

Drought (SPEI) -2.79 -0.1 -0.11 3.58 0.92 

Aridity Index 0.04 0.96 1.00 2.46 0.54 

Irrigation 0 0.25 0.19 1.00 0.23 

Avg. Temp. (C) 4.25 22.43 23.33 35.5 7.69 

Annual Precip. (m) 0 0.84 0.69 4.43 0.6 
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Table 2. Correlations between dry spell exposure and crop production growth under 

different water stress conditions 

 

Sample 

Mean 

correlation 

95%  

Conf. Interval 

All data -0.045 (-0.087, -0.004) 

Drought 

SPEI ≤ 0 -0.058 (-0.108, -0.012) 

SPEI > 0 -0.021 (-0.093,  0.045) 

Difference (SPEI ≤ 0 - SPEI > 0)  -0.037 (-0.122,  0.036) 

Aridity 

Aridity Index (AI) below median -0.055 (-0.109, -0.005) 

Aridity Index (AI) above median -0.009 (-0.042,  0.018) 

Difference (below – above median)  -0.046 (-0.106,  0.012) 

Notes: Means and associated 95% confidence intervals (computed using panel bootstrap with 

1000 replicates) of correlations between within-country demeaned FAO CPI growth rates and 

within-country demeaned extended dry spell days for 28+ day dry spells. Top row: correlation 

using the full sample. Middle three rows: correlations using only observations with SPEI ≤ 0 vs. 

those with SPEI >0, together with differences in those correlations. Bottom three rows: 

correlations using only observations with aridity index below the country level median (0.997), 

and those with aridity index above that median.   
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Table 3: Baseline model estimates 

 7+ day 

dry spells 

14+ day  

dry spells 

21+ day 

dry spells 

28+ day 

dry spells 

35+ day 

dry spells 

Extended dry spell day -0.0003 -0.0005 -0.0009* -0.0012** -0.0013** 

 (0.0004) (0.0004) (0.0005) (0.0005) (0.0005) 

Extended heat wave day -0.0386*** -0.0387*** -0.0387*** -0.0386*** -0.0386*** 

 (0.0074) (0.0074) (0.0074) (0.0074) (0.0074) 

Drought (SPEI) 0.0085** 0.0085** 0.0086* 0.0087* 0.0088* 

 (0.0034) (0.0034) (0.0035) (0.0035) (0.0035) 

Mean Temp. 0.0213 0.0210 0.0209 0.0207 0.0205 

 (0.0136) (0.0136) (0.0136) (0.0136) (0.0136) 

(Mean Temp.)2 -0.0006* -0.0006* -0.0006* -0.0006* -0.0006* 

 (0.0003) (0.0003) (0.0003) (0.0003) (0.0003) 

Total Precip. 0.0088 0.0088 0.0080 0.0079 0.0085 

 (0.0240) (0.0242) (0.0240) (0.0240) (0.0240) 

(Total Precip.)2 -0.0084 -0.0083 -0.0081 -0.0080 -0.0082 

 (0.0074) (0.0074) (0.0074) (0.0074) (0.0074) 

Num.Obs. 4072 4072 4072 4072 4072 

Notes: Estimated effects of explanatory variables in equation (1) (omitting fixed effects, year, 

effects, and trends) for a 9+ day heat wave and the minimum dry spell duration indicated in the 

column (column). Standard errors (in parentheses) are clustered at the country level. Our 

estimates of interest are those in the first row: the estimated direct effect on growth in FAO CPI 

of having an additional day in a dry spell, when dry spells must last at least the number of days 

specified in each column header to be considered a dry spell.  

***: p<0.01, **: p<0.05, *: p<0.1. 
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Table 4: Heterogeneity in dry spell impacts with heat wave exposure 

 3+ day heat waves 6+ day heat waves 9+ day heat waves 12+ day heat waves 

 (1) (2) (3) (4) (5) (6) (7) (8) 

Extended dry 

spell days  

(main effect) 

-0.0016*** -0.0016*** -0.0013** -0.0013** -0.0012** -0.0012** -0.0012** -0.0012** 

(0.0006) (0.0006) (0.0005) (0.0005) (0.0005) (0.0005) (0.0005) (0.0005) 

Extended heat 

wave days 

(main effect) 

-0.0098*** -0.0098*** -0.0228*** -0.0229*** -0.0414*** 0.0410*** -0.0476*** -0.0456*** 

(0.0019) (0.0019) (0.0044) (0.0044) (0.0077) (0.0077) (0.0112) (0.0113) 

DS days x  

HW days  

 

0.0004*** 0.0004** 0.0008*** 0.0011* 0.0019*** 0.0030* 0.0026 0.0075* 

(0.0001) (0.0002) (0.0002) (0.0005) (0.0003) (0.0017) (0.0031) (0.0041) 

JE: joint 

exposure days 

 0.0025  -0.0214  -0.0746  -0.1845** 

 (0.0136)  (0.0460)  (0.1074)  (0.0913) 

Num.Obs. 4072 4072 4072 4072 4072 4072 4072 4072 

Notes: Estimates from Equation (2) of effects of extended dry spell days alone (main effect; 𝛼1), 

extended heat wave days alone (main effect; 𝛼2), the interaction of extended dry spell days and 

extended heat wave days (𝛼3), and days of joint dry spell and heat wave occurrence (𝛼4). All 

specifications use 28+ day dry spells; pairs of columns represent different minimum durations 

used to define heat waves. Within each pair of columns, the first column imposes 𝛼4 = 0 to 

reflect a typical interaction term approach, while the second column estimates 𝛼4. Standard 

errors (in parentheses) are clustered at the country level. ***: p<0.01, **: p<0.05, *: p<0.1.  
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Table 5: Heterogeneity in dry spell impacts with aridity, drought, and irrigation 

 Aridity  Drought  Irrigation 

 Growth in 

FAO CPI 

(Area wt.) 

 Growth in 

FAO CPI 

(Area wt.) 

 Growth in 

FAO CPI 

(Area wt.) 

Growth in 

Cereal Yield 

(Area wt.) 

Growth in 

Cereal Yield 

(Prod. wt.) 

Less 0.0005  -0.0005  -0.0006 -0.0062 -0.0064* 

 (0.0006)  (0.0006)  (0.0008) (0.0034) (0.0033) 

More -0.0013**  -0.0016***  -0.0009* 0.0040 0.0036 

 (0.0005)  (0.0005)  (0.0006) (0.0036) (0.0034) 

More – Less -0.0018*  -0.0011**  -0.0004 0.0102 0.0100* 

 p=0.044  p=0.034  p=0.760 p=0.102 p=0.083 

Num.Obs. 4072  4072  4072 4031 4031 

Notes: Estimated marginal effects of an extended dry spell day in a 28+ day dry spell, with heat 

waves of 9 or more days, when the effects of dry spells are allowed to vary with aridity (column 

1, using equation (3)), drought (column 2, using equation (4)), or irrigation (columns 3-5, using 

equation (5)). Columns 3-5 are distinguished by outcome variable (3: growth in the FAO CPI; 4-

5: growth in cereal yield) and spatial weights used to aggregate to the country level (3: crop area 

in cell; 4: cereal area in cell; 5: average cereal production in cell). In each column, the top two 

rows represent the marginal effect of an extended dry spell day when the moderator (aridity 

index, SPEI, area equipped for irrigation) in the cell in which the dry spell occurs is above (top 

row) or below (middle row) a key threshold.  Thresholds are as follows: aridity index=0.65, 

SPEI=0, and area equipped for irrigation equal to the median among all cells with nonzero 

irrigation.  The bottom row contains the difference between the estimated effects of an extended 

dry spell day in cells having moderator values above vs. below the key moderator threshold. 

Standard errors are clustered at the country level. ***: p<0.01, **: p<0.05, *: p<0.1.  
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Appendix 

Additional Analyses 

Most analyses for which results are presented in the appendix use specifications provided in the 

main text. Here we provide details on analyses described in the main text but for which 

specifications do not appear: distributed lag models underlying Table A2 and country-level 

analyses of heterogeneity underlying Tables A6 and A7. 

 Our distributed lag specifications allow up to 5 lags of all environmental variables, 

including our focal extended dry spell days variable: 

𝐺𝑖𝑡 = ∑ 𝛽1𝑙𝐷𝑆𝑖𝑡−𝑙

𝐿

𝑙=0

+ ∑ 𝛽2𝑙𝐻𝑊𝑖𝑡−𝑙

𝐿

𝑙

+ ∑ 𝛽3𝑙𝐷𝑖𝑡−𝑙

𝐿

𝑙

+ ∑ 𝜷𝟒𝒍�̃�𝒊𝒕−𝒍

𝐿

𝑙

+ 

                                      𝜓𝒊𝟏(𝒕 − 𝒕𝟎) + 𝝍𝒊𝟐(𝒕 − 𝒕𝟎)𝟐 + 𝜇𝑖 + 𝜙𝑡 + 휀𝑖𝑡. (A1) 

Here 𝐿 ∈ {0,1,2,3,4,5} denotes the maximum lags for the specification, and �̃�𝒊𝒕−𝒍 is a vector of 

temperature, its square, precipitation, and its square, representing a subset of 𝑿𝒊𝒕 in the main text. 

 To examine how the effects of dry spells depend upon drought and aridity using country-

level variation in those moderators, we take several approaches. For our split-sample estimates 

(top row of Table A6), we simply re-estimate equation (1) from the main text using subsets of 

the data defined by the country-level value of aridity or drought as described in the main text. 

For our interaction-term estimates (bottom row of Table A6), we estimate the following variant 

of equation (1): 

  𝐺𝑖𝑡 = 𝛽11𝐷𝑆𝑖𝑡𝑍𝑖𝑡 + 𝛽21𝐻𝑊𝑖𝑡𝑍𝑖𝑡 + 𝛽12𝐷𝑆𝑖𝑡(1 − 𝑍𝑖𝑡) + 𝛽22𝐻𝑊𝑖𝑡(1 − 𝑍𝑖𝑡) + 

             𝛽3𝐷𝑖𝑡 + 𝜷𝟒𝑿𝒊𝒕 + 𝜇𝑖 + 𝜙𝑡 + 휀𝑖𝑡.             (A2) 

Here, either 𝑍𝑖𝑡 = 1(𝐷𝑖𝑡 > 𝐷) in the case of drought and 𝑍𝑖𝑡 = 1(𝐴𝑖 > 𝐴) in the case of aridity 

𝐴𝑖, where 𝐷 and 𝐴 are the thresholds defined in the main text and in column headers of Table 
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A6. Estimates in Table A6 correspond to �̂�11 and �̂�12. Finally, estimates underlying Table A7 

apply sequential g-estimation to the following model, which allows for interactions between dry 

spell exposure and drought. Unlike the split-sample and interaction term approaches just 

described, we allow drought to enter as a continuous variable in the interaction terms in this 

approach: 

 𝐺𝑖𝑡 = 𝛽1𝐷𝑆𝑖𝑡 + 𝛽2𝐻𝑊𝑖𝑡 + 𝛽3𝐷𝑖𝑡 + 𝛽13𝐷𝑆𝑖𝑡𝐷𝑖𝑡 + 𝛽23𝐻𝑊𝑖𝑡𝐷𝑖𝑡 + 𝜷𝟒𝑿𝒊𝒕 + 𝜇𝑖 + 𝜙𝑡 + 휀𝑖𝑡.      (A3) 

The demediation step removes estimates of all terms involving 𝐷𝑖𝑡, to generate the different 

estimates in Table A7, we recenter observed values of 𝐷𝑖𝑡 around the target level of the SPEI for 

which we wish to obtain estimates of the direct effects of dry spells (see Acharya, Blackwell, and 

Sen 2016). More precisely, with estimates of equation (A3) from the first stage of sequential g-

estimation, we construct the demediated outcome as follows: 

  �̃�𝑖𝑡 = 𝐺𝑖𝑡 − 𝛽3(𝐷𝑖𝑡 − 𝐷0) − 𝛽13𝐷𝑆𝑖𝑡(𝐷𝑖𝑡 − 𝐷0) − 𝛽23𝐻𝑊𝑖𝑡(𝐷𝑖𝑡 − 𝐷0),      (A4) 

where 𝐷0 is the level of the SPEI for which we wish to estimate the controlled direct effect of dry 

spells. Column headers in Table A7 indicate different values of 𝐷0.  
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Tables 

 

Table A1: Estimated marginal effect of an extended dry spell day for different minimum 

durations defining dry spells and heat waves 

Heat wave 

minimum dur. 

Dry spell minimum dur. 

7 14 21 28 35 

3 -0.0001 -0.0004 -0.0008 -0.0011** -0.0012** 

 (0.0004) (0.0004) (0.0005) (0.0005) (0.0005) 

6 -0.0002 -0.0004 -0.0008* -0.0011** -0.0012** 

 (0.0004) (0.0004) (0.0005) (0.0005) (0.0005) 

9 -0.0003 -0.0005 -0.0009* -0.0012** -0.0013** 

 (0.0004) (0.0004) (0.0005) (0.0005) (0.0005) 

12 -0.0004 -0.0005 -0.0009* -0.0012** -0.0013*** 

 (0.0004) (0.0004) (0.0005) (0.0005) (0.0005) 
Notes: Estimated marginal  effect of an extended dry spell day (using Equation (1) in the main text) for a 

given combination of minimum dry spell duration (column) and minimum heat wave duration (row). 

Standard errors (in parentheses) are clustered at the country level. ***: p<0.01, **: p<0.05, *: p<0.1. 
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Table A2: Results from distributed lag model estimation 

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

Extended dry 

spell day 

(current year) 

-0.0012** -0.0011** -0.0012** -0.0011** -0.0012** 

(0.0005) (0.0005) (0.0005) (0.0005) (0.0005) 

Extended dry 

spell day  

(1-year lag) 

0.0011** 0.0010* 0.0009 0.0009 0.0007 

(0.0006) (0.0006) (0.0006) (0.0007) (0.0008) 

Extended dry 

spell day  

(2-year lag) 

 -0.0004 -0.0004 -0.0002 -0.0005 

 (0.0005) (0.0005) (0.0005) (0.0006) 

Extended dry 

spell day  

(3-year lag) 

  -0.0002 -0.0003 -0.0004 

  (0.0004) (0.0004) (0.0004) 

Extended dry 

spell day  

(4-year lag) 

   0.0003 0.0002 

   (0.0004) (0.0004) 

Extended dry 

spell day  

(5-year lag) 

    -0.0002 

    (0.0005) 

p-value for  

H0: sum = 0 

0.963 0.529 0.27 0.707 0.377 

Num.Obs. 3954 3836 3718 3600 3482 
Notes: Estimates from variants of equation (1) in the main text in which all environmental variables 

(extended dry spell days, extended heat wave days, and drought, as well as temperature, precipitation, and 

their squares) enter not only as current-year variables, but also in lagged form from 1 to 5 years. Columns 

(1)-(5) in the table successively introduce additional lags. Estimates reflect the effect of the given lag of 

an extended dry spell day in a specification with 28+ day dry spells and 9+ day heat waves. Penultimate 

row is the p-value for a test of the null hypothesis that the sum of the dry spell coefficients in the model is 

zero, which corresponds to a null hypothesis that there is no growth effect of dry spells (only a level 

effect). Standard errors are clustered at the country level. ***: p<0.01, **: p<0.05, *: p<0.1. 
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Table A3. Robustness of baseline results 

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

Extended 

dry spell 

day 

-0.0013* -0.0012** -0.0011** -0.0011** -0.0011** -0.0010** 

(0.0007) (0.0005) (0.0005) (0.0005) (0.0005) (0.0005) 

4072 4072 4049 4072 4072 4072 

       

 (7) (8) (9) (10) (11)  

Extended 

dry spell 

day 

-0.0014** -0.0012** -0.0007 -0.0008 -0.0010  

(0.0005) (0.0005) (0.0005) (0.0005) (0.0007)  

4072 3954 3153 3153 3211  
Notes: Estimated marginal effect of an extended dry spell day for a minimum dry spell duration of 28 

days and a minimum heat wave duration of 9 days, together with standard errors clustered at the country 

level and the number of observations. All models are variants of our baseline specification (equation (1) 

in the main text) with variants as follows: (1) dry spell and heat wave measures are weighted temporally 

using cropped area by month from MIRCA2000 to approximate growing seasons; (2) SPEI is quantified 

just prior to the first of the 90-hottest day per cell; (3) adjust for counts of days in 10F temperature bins in 

addition to average temperature; (4) cubic precipitation and temperature terms; (5) quartic precipitation 

and temperature terms; (6) linear rather than quadratic per-country trends; (7) cubic rather than quadratic 

per-country trends; (8) add 1-year lags of all environmental variables; (9) add lagged log value added per 

capita in agriculture, fisheries, and forestry; (10) same as (9) but instrument for the added term using 

lagged log GDP per capita; (11) use log of value added per capita in agriculture, fisheries, and forestry as 

an alternate outcome. ***: p<0.01, **: p<0.05, *: p<0.1.  
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Table A4. Baseline model estimated using sequential g-estimation 

 Minimum Dry Spell Duration  

 7+ days 14+ days 21+ days 28+ days 35+ days 

Extended dry 

spell day 

-0.0003 -0.0005 -0.0009** -0.0012** -0.0013** 

(-0.0011, 

0.0004) 

(-0.0014, 

0.0002) 

(-0.0018, 

-0.00002) 

(-0.0021, 

-0.0003) 

(-0.0023, 

-0.0004) 
Notes: Controlled direct effect of an extended dry spell day at or above the specified minimum duration 

when the specification also includes the number of heat wave days using a minimum heat wave duration 

of 9 days. Numbers in parentheses indicate 95% confidence intervals estimated via panel bootstrap. 

Estimates use sequential g-estimation to account for the potential influence of dry spells on the 12-month 

SPEI in a given year.  ***: p<0.01, **: p<0.05, *: p<0.1.  
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Table A5: Influence of focusing on the hottest part of the year 

 Unweighted 

 Monthly crop area weighted 

(MIRCA2000) 

 

Hottest  

90 days 

Hottest  

120 days Full year 

 Hottest  

90 days 

Hottest  

120 days Full year 

Extended 

dry spell day 

-0.0012** -0.0007* -0.0001  -0.0013* -0.0007 -0.0002 

(0.0005) (0.0004) (0.0001)  (0.0007) (0.0004) (0.0001) 

Num.Obs. 4072 4072 4072  4072 4072 4072 

Notes: Estimates and standard errors of the marginal effect of an extended dry spell day on growth in the 

FAO CPI using variants of equation (1) for a 28+ day dry spell and 9+ day heat wave in which we 

construct our dry spell and heat wave variables using different subsets of days in the year. Column 1 uses 

the historically hottest 90 days in a grid cell, corresponding to our focal estimates in the main text. 

Column 2 relaxes that restriction to the hottest 120 days in a grid cell, and column 3 uses all days in the 

year. Columns 4-6 repeat those restrictions, but weight days temporally by the cropped area in a cell in 

the month when a dry spell occurs (relative to the maximum area in that cell in any month) using the 

MIRCA2000 dataset. Standard errors are clustered at the country level. ***: p<0.01, **: p<0.05, *: p<0.1. 
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Table A6. Heterogeneous dry spell effects using country-level aridity and drought 

 Aridity  Drought 

 Below median Above median  SPEI ≤ 0 SPEI > 0 

Split-sample -0.0010** 0.0002  -0.0017*** 1E-6 

 (0.0005) (0.0008)  (0.0005) (0.0012) 

Interaction 

terms 

-0.0012** 0.0003  -0.0014*** -0.0008 

(0.0005) (0.0007)  (0.0005) (0.0005) 
Notes: Total effect of an extended dry spell day at or above the specified minimum duration among 

observations specified by the column header. Each specification also includes the number of heat wave 

days using a minimum heat wave duration of 9 days. Aridity split sample and interaction term models use 

the median country value of the aridity index, which is 0.997. The top row of estimates uses split-sample 

estimation, allowing the effects of all covariates to differ by subsample, while the bottom row allows only 

the effects of dry spells to differ across groups of observations. In both cases, we use country-level aridity 

and SPEI.  ***: p<0.01, **: p<0.05, *: p<0.1. 
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Table A7: Variation in dry spell effects with national SPEI using sequential g-estimation 

 SPEI = -2 SPEI = -1 SPEI = 0 SPEI = 1 SPEI = 2 

Extended dry 

spell day  -0.0017** -0.0014** -0.0011** -8.00E-04 -5.00E-04 

 (-0.0032, 

-0.0004) 

(-0.0026, 

-0.0004) 

(-0.0021, 

-0.0002) 

(-0.0018, 

0.0004) 

(-0.0018, 

0.0011) 
Notes: Controlled direct effect of an additional day in a dry spell at or beyond 28 days in duration when 

the specification also includes (i) the number of heat wave days using a minimum heat wave duration of 9 

days, and (ii) an interaction between the number of extended dry spell days and the 12-month SPEI. 

Estimates use sequential g-estimation to account for the potential influence of dry spells on the 12-month 

SPEI in a given year. Numbers in parentheses indicate 95% confidence intervals estimated via panel 

bootstrap. 

 ***: p<0.01, **: p<0.05, *: p<0.1. 

 


