
 

 
 

Extreme weather conditions 
and food insecurity in 
Tanzania: Implications for 
climate-responsive policy 
design 

Sylvia Blom and Arshdeep Kaur 

May 2026

DEEP WORKING PAPER 43 



EXTREME WEATHER CONDITIONS AND FOOD INSECURITY IN TANZANIA 

 

About DEEP 

Our mission is to build evidence, insights, and solutions that help end extreme poverty 

globally. 

We aim to contribute to new global and national data and evidence that governments, 

decision-makers, citizens and researchers can use to improve people’s lives and support the 

world’s poorest people in their efforts to escape extreme poverty. 

We are a consortium of the Universities of Cornell, Copenhagen, and Southampton led by 

Oxford Policy Management, in partnership with the World Bank’s Development Data Group 

and funded by the UK Foreign, Commonwealth & Development Office. 

 

How to cite: Blom, S. and Kaur, A. (2026). Extreme weather conditions and food insecurity in 
Tanzania: Implications for climate-responsive policy design. DEEP Working Paper 43, Data & 
Evidence to End Extreme Poverty (DEEP) programme, Oxford Policy Management. 

 

Available at:  https://doi.org/10.55158/DEEPWP43  

 

Follow the project here:  

       

https://doi.org/10.55158/DEEPWP43
https://www.youtube.com/channel/UCth1FnueD3tQMelPm_uqjHQ
https://www.youtube.com/@povertyevidence4722
mailto:contact@povertyevidence.org
https://www.linkedin.com/company/povertyevidence/about/
https://povertyevidence.org/


EXTREME WEATHER CONDITIONS AND FOOD INSECURITY IN TANZANIA 

 © Data & Evidence to End Extreme Poverty i 

Acknowledgements 

This work is funded by the United Kingdom's Foreign, Commonwealth and Development 

Office (FCDO) through the Data & Evidence to End Extreme Poverty (DEEP) research 

programme. We are appreciative of the excellent research support provided by Nick Lindsay, 

Stanley Nyoro Gichiri, and Ida Brzezinska. Thanks to Joanna Upton, Elizabeth Tennant, and 

Ariel Ortiz Bobea for their thoughtful comments. 



EXTREME WEATHER CONDITIONS AND FOOD INSECURITY IN TANZANIA 

 © Data & Evidence to End Extreme Poverty ii 

Abstract 

Increasingly severe and frequent weather events threaten the resilience of low-income 

households in developing countries, particularly those engaged in rain-fed agriculture. In 

response, a growing number of countries have adapted social programmes to provide time-

limited, targeted support to households that are at high risk of falling into poverty when 

adverse weather conditions negatively impact livelihoods. This paper produces evidence to 

inform climate-responsive social policy in Tanzania, where almost a third of households are 

in poverty and more than half engage in subsistence or small-scale agriculture. We link five 

waves of household panel data to gridded weather datasets and leverage year-to-year 

variation to estimate the causal effects of adverse weather conditions on household food 

security. We find that drought conditions, as well as temperature extremes – both hot and 

cold – increase food insecurity. Small-scale, non-diversified farmers are particularly 

vulnerable to weather extremes. Our findings highlight the need to use both multiple 

measures of food security and flexible measures of weather in analyses that seek to inform 

climate-responsive policy, to ensure all hazardous weather events are recognised. 
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1 Introduction 

Extreme weather conditions threaten livelihoods and human wellbeing around the world. 

Adverse rainfall and extreme temperatures decrease agricultural production (Lobell et al., 

2011; Schlenker and Roberts, 2009) and endanger food security (Amare et al., 2018; 

Ghebremicael et al., 2026; Kraklow et al., 2025; Kroeger, 2023; Randell et al., 2022). These 

seemingly short-term impacts can have long-term consequences as households lean on 

negative coping strategies, such as selling off productive assets to meet basic consumption 

needs, which reduces their future income-generating capacity. As anthropogenic climate 

change increases the frequency and severity of adverse weather events, the probability that 

a household experiences a catastrophic growing season also increases. This risk is 

particularly acute for agriculturally dependent households in low- and middle-income 

countries (LMICs) where agriculture is largely rain-fed. 

In response, a small but growing number of LMICs have expanded their social safety net 

programmes to include climate-responsive measures that extend support to vulnerable 

households when adverse weather events occur (Costella et al., 2024). The design of such 

programmes requires country-specific information on hazardous weather events and 

guidance on who to target. However, what exactly constitutes hazardous weather can vary 

by context, which means that local-level analysis is needed to inform policy. Yet even in well-

studied countries, such as Tanzania, the existing evidence is insufficient to inform policy 

design. There are at least two reasons for this. First, many studies test for linear 

relationships between outcomes and weather, or impose specific types of non-linear 

relationships (e.g. quadratic relationships). Findings from some global studies of weather 

demonstrate the existence of non-linear relationships between weather and yields (Lobell et 

al., 2011; Schlenker and Roberts, 2009), indicating the need for flexible models of weather to 

define hazardous thresholds. Second, many studies rely – at least partially – on cross-

sectional variation in weather. However, poorer households may live in communities that are 

more vulnerable to extreme weather, which can lead to the misattribution of adverse 

weather to poor outcomes. These modelling decisions can result in incorrect inferences, 

resulting in inappropriate policy responses. 

Motivated by the need to improve the quality of economic evidence for use in climate-

responsive policy design, this paper studies the effects of hazardous weather events in 

Tanzania on household food security. Importantly, our empirical analysis uses flexible (i.e. 

non-linear) models that are able to determine whether hazardous thresholds of weather 

exist, and what they are. First, using a panel data approach, we generate causal evidence to 

assess which dimensions of weather (temperature, rainfall) pose risks to household food 

security in Tanzania. Second, we examine who is at risk of worsening food insecurity when 

exposed to such hazards. We test for heterogeneity in vulnerability to weather shocks by 

household-level economic characteristics as well as by geography, given theoretical 

differences in vulnerability due to differences in livelihoods and agro-climates, respectively. 
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Third, we assess the suitability and robustness of our preferred weather measures against 

other measures commonly used in the literature to further refine our policy guidance. 

To support our analysis, we combine five rounds of nationally representative household 

survey data (from the Tanzania National Panel Survey (NPS)) with gridded, historical 

weather data from ERA5 and the Climate Hazards Group Infrared Precipitation with Station 

(CHIRPS). Leveraging the arguably random year-to-year variation in weather, we estimate the 

causal effects of temperature and rainfall on food security. We use a fixed effects model 

with survey round, survey month, and household fixed effects to control for seasonality, time 

trends, and (time-invariant) household characteristics. We assess impacts on three 

indicators of food security: Food Consumption Score (FCS), which reflects dietary diversity; 

the reduced Coping Strategies Index (rCSI), which measures how households adapt during 

food shortages; and household food expenditure, which captures the financial value of food 

consumed, regardless of how it was sourced. Our analysis focuses on weather conditions 

during the growing season, given the agricultural dependency of Tanzanian households. 

Tanzania is a particularly suitable case study for this analysis for several reasons. First, it is 

a low-income, agriculturally dependent, and climate-vulnerable country with economic 

characteristics that are similar to those in many other LMICs in sub-Saharan Africa. Second, 

a third of the population lives below the poverty line and another third lives within twice the 

poverty line and hence is vulnerable to falling into poverty when adverse shocks occur. Of 

these poor and vulnerable households, 80% engage in crop agriculture, most of which is rain-

fed. Third, while Tanzania has a large social protection programme (the Tanzania Social 

Action Fund) that recognises the need for climate-responsive support, it has not yet 

expanded services to provide this support. Fourth, there is a large, high-quality, nationally 

representative household panel survey (the Tanzania NPS), which enables the use of panel 

data methods to assess causal relationships between adverse weather conditions and 

household food security, and to assess heterogeneity across both socio-economic and 

geographic characteristics. 

Our analysis indicates the existence of three types of hazardous weather conditions in 

Tanzania. We find strong evidence that drought conditions increase food insecurity, 

reducing dietary diversity and increasing reliance on coping mechanisms. The impacts 

equate to a household reducing grain consumption by 2.75 days per week, or one additional 

day per week of having to consume fewer meals or smaller portions. Impacts materialise 

when total growing season precipitation is in the bottom decile of the distribution. We also 

find some evidence that hot and cold conditions increase food insecurity, but only for one of 

the three food security measures. A week with maximum wet bulb temperatures greater 

than or equal to 24°C reduces the FCS by 1 unit, while a week with temperatures below 15°C 

increases the rCSI by 0.5 units. The differences in impacts by food security measure are 

likely related to the fact that different indicators capture different dimensions of food 

insecurity and have different sensitivities at different ranges of food insecurity (Maxwell et 

al., 2014). This known weakness of food security indicators raises important methodological 
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considerations. Most importantly, it underscores the need to use multiple measures of food 

security in analyses like the present one: not doing so could result in inappropriate policy 

guidance, the most concerning of which would be a failure to identify all hazardous events 

due to false negatives (i.e. type II error). 

Not all households are similarly vulnerable to adverse weather. Economically vulnerable 

households – those that are not diversified in terms of livelihoods or agriculture, or that 

engage in small-scale agriculture – are particularly badly affected by drought conditions and 

swings in temperature. For these households, the average treatment effects of drought on 

FCS (dietary diversity) are twice as large. While the effects of temperature extremes are also 

larger for economically vulnerable households, household-level characteristics do not fully 

explain the variation in vulnerability to heat and cold shocks. Instead, variation in the effects 

of temperature highs and lows is better explained by differences in agro-climatic conditions, 

suggesting the appropriateness of region-level climate-responsive policy. For example, in dry 

areas, households are more adversely affected by heat. In unimodal, wet, and cool areas, 

households are more adversely affected by cool periods. 

To date, most climate-adaptive social programmes have focused on providing support 

during drought conditions. Our findings indicate the need to expand support in response to 

other types of adverse weather conditions, including hot or cold spells. The high 

temperature threshold found in this analysis (maximum daily wet bulb temperatures above 

24°C, approximately equal to 31°C ambient temperature in Tanzania) closely coincides with 

the 29–31°C threshold documented previously (Schlenker and Roberts, 2009; Lobell et al., 

2011; Block et al., 2022). Although the impacts of a week-long hot or cold spell are small, 

temperature trends in Tanzania indicate increasingly hot growing seasons, with up to four 

weeks of temperatures above 24°C. The effect of four weeks of heat on FCS (5 units) is 

similar to the effect of a low rainfall growing season (5.5 units) for the average household, 

while for smallholders the effect is especially large (a 14-unit decrease in FCS). 

This paper builds on previous literature documenting the detrimental effects of adverse 

weather on human wellbeing in Tanzania and attempts to reconcile some seemingly 

conflicting findings. For example, Rowhani et al. (2011) and Block et al. (2022) find that high 

temperatures reduce yield, while Randell et al. (2022) find that higher temperatures are 

associated with an increased probability of food security.1 The fact that we find evidence of 

negative effects of temperature on food security at both ends of the temperature 

distribution underscores a need for flexible approaches to modelling temperature, 

particularly in locations where temperatures extend both below and above the optimal 

growing temperature range. There are similar discrepancies with regards to precipitation. 

 

1 The divergent findings may be due in part to different modelling choices for the temperature variables, as well 
as methodological differences in the empirical approach. For example, Block et al. (2022) use growing degree 
days with a discontinuity at 29°C, whereas Rowhani et al. (2011), Randell et al. (2022), and Mrema et al. (2012) 
model temperature linearly. Differences in data sources (for both the exposure and outcome) and differences 
in the time period may also be a factor. 
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For example, Rowhani et al. (2011) find that yields increase with precipitation, with a 

tapering off above a certain level; Chegere and Mrosso (2022) find that deviations in 

precipitation increase the probability that a household member migrates for work; Randell et 

al. (2022) find that precipitation increases food security; while Mrema et al. (2012) find 

mortality to be associated with increased precipitation. Using a more flexible approach, our 

findings indicate that only low rainfall affects food security. 

Given the large number of different approaches to modelling weather, and the likely 

contribution this makes to variations in findings, we conduct a series of robustness checks 

using different common constructions of weather variables and we compare both findings 

as well as model fit. In doing so, we contribute to the relatively nascent literature highlighting 

issues relating to, and the implications of, weather (mis)measurement, such as Josephson 

et al. (2026) who focus on issues of measurement error by data source, and Li and Ortiz-

Bobea (2022), who demonstrate the importance of correctly defining the timing of a growing 

season. The choice of which weather variable to use and how to model it are seemingly 

innocuous decisions, but our findings indicate that they can lead to different policy 

recommendations and therefore require careful consideration. 

The remainder of this paper is organised as follows. Section 2 describes the data used in 

our analysis and Section 3 explains our empirical approach. Section 4 presents our findings 

and Section 5 concludes. 
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2 Data 

Causally attributing deviations in food security to adverse weather requires a panel-data 

approach that can fully adjust for spatial confounding. We draw on the nationally 

representative longitudinal household survey data from the Tanzania NPS and match this 

with high-resolution rainfall data from the CHIRPS dataset developed by the UCSB Climate 

Hazards Center and temperature data from the ERA5-Land dataset developed by the 

Copernicus Climate Change Service. 

2.1 Household data: Tanzania NPS 

The Tanzania NPS is part of the World Bank's Living Standards Measurement Study-

Integrated Surveys on Agriculture (LSMS-ISA), which collects data on household socio-

economic characteristics, consumption and food security, income-generating activities, and 

agricultural production. The NPS started in 2008 with a cohort of over 3,000 households 

(Cohort 1) that was followed for three waves. A subset of Cohort 1 was then tracked for two 

additional waves, and a second nationally representative cohort (Cohort 2) was added in 

Wave 4 and followed for two rounds. Households that splintered from the original cohort 

households were also tracked in subsequent waves, increasing the sample size with each 

round. Round-to-round attrition in the panel ranges from 0% to 9%. Figure 1 illustrates the 

panel by cohort and survey round. 

Figure 1: Tanzania NPS 
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Our primary outcome of interest is household food security. Given its multi-dimensional 

nature and the known limitations of the existing food security indicators, we measure food 

security using all three indicators available in the NPS: FCS; rCSI; and food consumption 

expenditure. FCS measures the number of days that each of eight food groups is consumed 

over a seven-day period, weighted by nutritional value, and hence reflects caloric availability 

and dietary diversity. FCS can range from 0 to 112, where higher values reflect better food 

security. An FCS of 21 or lower is considered poor and an FCS between 21.5 and 35 is 

considered borderline. rCSI is a sum of the number of days each of five coping strategies 

are used by a household during a seven-day period, weighted by the extremeness of the 

coping strategy. It ranges from 0 to 56, with higher values reflecting poorer food security.2 

Food consumption expenditure is measured as monthly household food consumption per 

adult equivalent. Consumption aggregates have been adjusted to account for seasonal and 

spatial variation in prices and deflated to account for year-on-year inflation. Consumption is 

reported in Tanzania shillings (TZS) (2010). Annex B provides more detail on consumption 

expenditure. 

Location information is available at the enumeration area level for the first four waves, 

where anonymity is protected by a random offset from the approximate centre of the 

enumeration area of up to 10 km in rural areas and up to 2 km in urban areas. Geographic 

information for Wave 5 had not been publicly released at the time of analysis. We therefore 

only use the portion of the Wave 5 sample that did not relocate between Waves 4 and 5. We 

include both original cohort households and splintered households in our sample to 

maximise power for our analysis as it increases the spatial coverage of the sample and the 

sample size. 

2.2 Weather data: CHIRPS and ERA-5 

We use rainfall data from CHIRPS, which includes monthly rainfall at a 0.05°resolution 

(approximately 5 km) dating back to 1981. CHIRPS combines ground data and satellite 

imagery with climate models to generate high-quality precipitation estimates for most of the 

world (Funk et al., 2015) and has been validated in East Africa (Dinku et al., 2018). We extract 

2m temperature, humidity, and wind speed from the ERA5-Land dataset, which provides 

hourly near-surface weather data at 0.1°resolution (approximately 9 km) (Copernicus 

Climate Change Service, 2025). ERA5-Land is a higher resolution version of the Fifth 

Generation of the European Centre for Medium-Range Weather Forecasts (ECMWF) 

Reanalysis (ERA5), which is designed specifically to improve the historical completeness of 

land surface information (Muñoz-Sabater et al., 2021). 

We extract historical weather information from both CHIRPS and Land-ERA5 for each unique 

enumeration area location in the NPS. Data are extracted from the grid cell in which the GPS 

coordinates of an enumeration area are located. For the small number of coastal locations 

 

2 Neither FCS nor rCSI were collected in the first wave of the NPS. 



EXTREME WEATHER CONDITIONS AND FOOD INSECURITY IN TANZANIA 

© Data & Evidence to End Extreme Poverty  7 

whose coordinates have been offset to locations in the sea, we identify the nearest grid cell 

on land (using the distance from the enumeration area to the grid cell centroid). Due to the 

random offset of the GPS coordinates of the enumeration area locations, some households 

may be located outside of the matched grid cell. However, as weather is highly spatially 

correlated, there is a near-zero risk of mismeasurement of weather exposure due to this 

approach. 

2.2.1 Weather measures 

Our focus is on identifying slow-moving weather conditions, namely temperature and 

precipitation, that have adverse effects on household food security, and for which a social 

policy response would be well suited. We do not examine catastrophic events such as 

tropical storms, cyclones, or forest fires, for which an emergency response would be more 

appropriate to support households. However, while we do not purposely examine pest 

infestations, such as locust swarms, which can destroy harvests, these may be triggered by 

the adverse weather conditions we examine. 

To allow for a data-driven approach to identifying hazardous thresholds, our preferred 

approach to measuring temperature is the flexible 'temperature bin' approach. This 

approach counts time units (days, weeks, months) in which temperatures fall within certain 

ranges, or 'bins'. The binning approach has been used to show the existence of a nonlinear 

relationship between temperature and yield or production in different settings, including 

Tanzania (Lobell et al., 2011; Schlenker and Roberts, 2009; Block et al., 2022). We count the 

number of days in the growing season in 3°C temperature bins. For example, we tally the 

number of days in which the maximum wet bulb temperature falls within each of the 

following bins: <15°C, [15-18), [18,21), [21,24), and ≥ 24°C. These bins allow us to flexibly 

measure the relationship between temperature and household wellbeing without having to 

pre-specify hazardous temperature thresholds. We opt to bin maximum wet bulb 

temperatures given prior literature showing negative effects of high temperatures on maize 

yields (Lobell et al., 2011; Schlenker and Roberts, 2009). We then rescale the counts such 

that one unit reflects a week of temperatures in a particular bin, to aid interpretation. 

Given local adaptation to precipitation, specifically selection of crops that are well-suited to 

the typical level of rainfall in a given area, we opt to measure precipitation in relative terms, 

as deviation from the local historical mean. To allow for nonlinear effects of relative rainfall, 

we create indicators to capture whether the deviation in rainfall in a given season is in one of 

the bottom two or top two deciles of the distribution. 

Because of the agricultural dependency of most households, we consider weather 

conditions during the growing season. Following Block et al. (2022) and Randell et al. (2022), 

we define the growing season to be the November–April period, which overlaps with both 

the unimodal growing season in most of the country and the short and long rainy seasons in 

the bimodal northern region. For each household, we document the weather in the most 

recent fully completed growing season (relative to when they were surveyed). 
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3 Methods 

The first step in our analysis is to determine which types of extreme weather reduce 

household food security in Tanzania. We test for a causal relationship between inter-

seasonal variation in weather and food security to determine the relevance of a climate-

responsive social policy. Our empirical strategy leverages the natural year-to-year variation 

in realised weather to measure the causal effects of different weather conditions. In a given 

location and in a given season, households expect the same weather to occur, but actual, 

realised weather conditions vary randomly from year to year, forming a natural experiment. 

Our identification strategy uses household fixed effects to isolate this year-to-year variation 

in food security within households, meaning that we are comparing the food security 

outcome of the same household in different years.3 We control for time trends at the country 

level with survey round fixed effects. 

Our regression specification is as follows: the outcome of household 𝑖 in location 𝑗 surveyed 

in month 𝑚 in survey round 𝑡 is regressed on a set of indicators for extreme weather 

(𝑝𝑟𝑐𝑝𝑗𝑚𝑡 , 𝑡𝑒𝑚𝑝𝑗𝑚𝑡), controlling for household-level, time-varying covariates 𝑋𝑖𝑗𝑚𝑡 ,
4 household 

fixed effects 𝛿𝑖 , month-of-year fixed effects 𝜇𝑚, and survey round fixed effects 𝜈𝑡. 

𝑜𝑢𝑡𝑐𝑜𝑚𝑒𝑖𝑗𝑚𝑡 = 𝛼 +∑𝛽𝑏

𝑏

𝑡𝑒𝑚𝑝𝑗𝑚𝑡
𝑏 + 𝛾𝑐𝑝𝑟𝑐𝑝𝑗𝑚𝑡

𝑐 + Λ𝑋𝑖𝑗𝑚𝑡 + 𝛿𝑖 + 𝜇𝑚 + 𝜈𝑡 + 𝜖𝑖𝑗𝑚𝑡  (1) 

The coefficients of interest are 𝛽 and 𝛾, which reflect the causal effect of temperature and 

precipitation. In our preferred specification, temperature is measured using the bin approach 

to flexibly model temperature. The coefficient of one bin is not estimated due to collinearity 

(the bins add up to a constant), and the effect of the remaining bins are interpreted relative 

to the omitted bin. We drop the 'ambient' temperature bin (approximately 21–23°C) such 

that 𝛽𝑏 can be interpreted as the effect of swapping seven days with temperatures of 𝑏 for 

seven days with temperatures of 21–23°C. Precipitation is measured in relative terms as 

deviation from a local historical norm, using indicators for deciles in the tails, interpreted as 

the effect relative to precipitation in the 20th to the 80th percentile range. 𝛾 thus indicates 

the effect of extreme precipitation on household wellbeing. Standard errors are clustered at 

the enumeration area level. 

To assess who is most vulnerable to extreme weather and whether policies should be 

tailored at the regional level due to differences in agro-climates, we test for heterogeneous 

impacts by household type and geographic characteristics. As Tanzania is a large but not 

huge country, there are statistical limitations to this kind of analysis. In particular, when 

 

3 Nearly all (97%) households in our sample are non-migratory, so the household fixed effects control both for 
time-invariant characteristics and spatial factors that may confound the relationship between weather and 
food security. 

4 We control for household size; number of working-age adults; number of children aged <15 years; head of 
household’s gender, marital status, age, and education; improved housing materials (floor, walls, roof); access 
to an improved latrine; and receipt of food or financial support. 
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restricting analysis to a smaller geographical area, there is a high probability that a weather 

shock would affect the whole subsample, and thus be collinear with the survey round fixed 

effects. Thus, we limit our analysis to characteristics that have substantial spatial coverage 

(i.e. cover at least one third of the country). 



EXTREME WEATHER CONDITIONS AND FOOD INSECURITY IN TANZANIA 

© Data & Evidence to End Extreme Poverty  10 

4 Findings 

4.1 Household characteristics and poverty in Tanzania 

Our analysis sample is restricted to households that are in poverty or that are vulnerable to 

falling into poverty, i.e. the group that is typically eligible for social protection. We define this 

group as households whose consumption expenditure is less than two times the poverty 

level in at least half of the survey rounds in which they are interviewed. This amounts to 65% 

of the whole NPS sample. After excluding household-round observations for whom key 

information is missing (location, interview date, or consumption expenditure), our final 

sample is 5,598 unique households, most of whom were followed for two or three rounds, 

leading to a total of 12,429 household-round observations. 

The average household in our sample has 5.5 members, and has 34% more dependents than 

working-age adults. One-fifth of households have a member with a disability. Most 

households have a male head (73%). The average household head is 46 years old. Half of 

household heads have at least a primary school education. One-quarter of households have 

access to an improved latrine, 59% have an improved roof, and one-third have at least an 

improved floor or improved walls. 10% received financial assistance in the previous 12 

months and 40% are under the poverty line. 

Table 1: Characteristics of poor or vulnerable households 

Variable Mean (std dev) 

Household size 5.52 (3.06) 

Household dependency ratio 1.34 (1.27) 

Any member has disability 0.21 (0.41) 

Head is male 0.73 (0.45) 

Age of household head 45.74 (15.77) 

Head has at least primary school education 0.50 (0.50) 

Improved latrine 0.24 (0.43) 

Improved roof 0.59 (0.49) 

Improved floor 0.30 (0.46) 

Improved wall 0.36 (0.48) 

Received any financial assistance 0.10 (0.30) 

Household is in poverty 0.40 (0.49) 

Crop farmer 0.80 (0.40) 

Crops only 0.77 (0.42) 

Small-scale farmer 0.24 (0.43) 

Single-crop farmer 0.27 (0.44) 

Household has livestock (TLU ≥ 1) 0.20 (0.40) 

FCS 53.81 (18.15) 

rCSI 3.61 (6.31) 

Food expenditure, per 28 days per adult equivalent (2010 TZS) 28,193.98 (12,613.35) 

Sample size (unique households) 5,598 
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Note: Summary statistics are from the first round in which each household is surveyed. Poor or vulnerable 
households are those for whom consumption expenditure is less than twice the poverty line in at least half the 
survey rounds in which they are interviewed. 

Most households have agricultural livelihoods. 80% cultivated land in the most recent 

growing season; 77% primarily cultivated land (i.e. did not also raise livestock). One-quarter 

of households are small-scale farmers (cultivate less than one acre or 0.4 hectares) and 

27% cultivate just one crop. 20% of households have some livestock holdings, defined as 

having at least one tropical livestock unit (TLU), which equates to, for example, having at 

least two cows or 10 sheep or 100 chickens. 

The average FCS suggests different levels of food insecurity within the population. The 

average FCS is 54 units, which is within the 'acceptable' (food secure) category. The average 

rCSI score is 3.6 units, on the cusp between food secure and mildly food insecure. Average 

food consumption expenditure (per month, per adult equivalent) is TZS 28,194, 30% above 

the food poverty line (TZS 21,433). However, the range of food security scores in our sample 

is wide, with many households' food security scores near the thresholds for food insecurity. 

For example, 17% of household-round observations are food insecure or borderline 

according to their FCS. An additional 7% are within 5 points of the borderline threshold. 38% 

are considered food-poor based on their food expenditure. 

4.2 The nature of adverse weather in Tanzania 

Much of Tanzania has a relatively favourable climate for agriculture, with a typical maximum 

(wet bulb) temperature range of 15–24°C during the growing season.5 However, 

temperatures occasionally drop below or exceed this range. In the 2000–2021 period, the 

number of weeks in a growing season in which maximum temperatures exceeded 24°C 

ranged from zero (in 2007) to four weeks (in 2015). Cold bouts tended to vary less year to 

year: most years experienced 1–1.5 weeks of cold (max wet bulb temperature <15°C). 

Precipitation exhibited considerable inter-annual variation, from a low of 750 mm in 2003 to 

a high of >1,500 mm in 2019 and 2020. As illustrated in Figure 2, the upper range of hot 

periods and rainfall increased considerably throughout the 2000s. 

 

5 Approximately equivalent to the 24–31°C (ambient) temperature in Tanzania. 
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Figure 2: Trends in temperature and precipitation during the growing season, Tanzania 2000–
2021 

 

Note: The periods in which the NPS survey rounds took place are indicated with triangles. 

4.3 Effects of extreme weather on wellbeing 

Table 2 presents our main findings, in which we estimate the causal effect of temperature 

and precipitation during the growing season on three measures of household food security. 

Column (1) presents effects on FCS, Column (2) reports on rCSI, and Column (3) reports on 

food consumption expenditure. FCS is measured such that higher values reflect better food 

security, while higher values of rCSI reflect poorer food security, as they indicate greater 

employment of coping strategies. Higher values of food consumption expenditure typically 

reflect more or higher quality food, and thus more food security, particularly when measured 

within a population at a particular point in time. However, as expenditure is a function of 

both quantity and price, higher expenditure can also reflect more food insecurity if 

expenditure increased due to an increase in food prices while quality/quantity remained the 

same. 

Table 2: Effect of temperature and precipitation on household food security 

  (1) (2) (3) 

  FCS rCSI Food exp 

Tmax (wb) <15 0.050 0.514* -159.997 
 (0.704) (0.294) (299.139) 

Tmax (wb) 15-17 -0.155 0.108 -318.325 
 (0.302) (0.130) (224.172) 

Tmax (wb) 18-20 0.328 0.015 -344.656* 
 (0.239) (0.109) (188.369) 
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  (1) (2) (3) 

Tmax (wb) 21–23 0.000 0.000 0.000 
 (.) (.) (.) 

Tmax (wb) ≥24 -1.004* 0.198 -44.934 
 (0.545) (0.276) (469.828) 

Prcp 0–10 pctile -5.460** 0.931 140.342 

 (2.345) (0.760) (1186.115) 

Prcp 10–20 pctile -0.743 -0.263 -556.703 
 (1.522) (0.570) (974.784) 

Prcp 80–90 pctile 0.113 -0.595 -165.094 
 (1.083) (0.435) (707.932) 

Prcp 90–100 pctile -0.326 -0.046 648.741 
 (1.100) (0.412) (788.663) 

Mean 52.75 3.70 27080.07 

N 10,106 10,194 12,141 

R² 0.71 0.65 0.54 

Notes: The coefficient for a particular temperature bin reflects the change in food security for seven days in that 
temperature range (relative to a week in which the maximum wet bulb temperature (Tmax (wb)) of 21-23°C). 
Precipitation (prcp) coefficients reflect the effect of a season with a low/high rainfall relative to the local 
historical norm (measured with indicators capturing rainfall within certain percentiles (pctiles) of the typical 
rainfall distribution). All models include household fixed effects and adjust for time-varying household variables 
and wind. Significance levels: * p < 0.1, ** p < 0.05, *** p < 0.01. 

Our results vary by food security measure, but together they indicate three types of harmful 

weather with respect to food security in Tanzania. First, we find that drought conditions 

(precipitation in the bottom decile) reduce FCS by an average of 5.5 points, which equates to 

a household reducing grain consumption by 2.75 days per week or vegetable consumption 

by 5.5 days per week, for example. Although imprecisely measured, the direction of the 

coefficient for drought conditions on rCSI corresponds to an increase of one additional day 

per week of consuming fewer meals or smaller portions, for example. That drought 

conditions do not appear to affect food expenditure (the coefficient is small and 

insignificant) may be due to the use of coping strategies and/or reliance on support during 

drought conditions, enabling households to maintain a similar consumption value. However, 

it may also reflect a drought-linked increase in food prices and simultaneous reduction in 

food quantity, resulting in a similar value of consumption as during non-drought conditions. 

We find some evidence that high temperatures reduce food security. A week with 

temperatures greater than or equal to 24°C reduces FCS by 1 unit. The direction of the 

coefficients for the hottest temperature bin in the other food security models is also 

consistent with worse food security when growing seasons are hotter, but the confidence 

intervals are wide. A wet bulb temperature of 24°C equates to, on average, 31°C in Tanzania, 

similar to the temperature thresholds at which previous research found negative impacts on 

maize yield (Lobell et al., 2011) and child nutrition (Block et al., 2022) in Tanzania. 

Finally, we find some evidence that cool temperatures increase food insecurity. For example, 

a week with maximum temperatures below 15°C increases rCSI by 0.5 units. The directions 
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of the coefficients on the temperatures bins below 21°C for the food expenditure model are 

also consistent with low temperatures reducing food security, but again the estimates are 

imprecisely measured. The low temperature bin coefficients for the FCS model are small 

and switch direction, suggesting that while cold spells increase coping mechanisms, they 

have little impact on dietary diversity. 

Importantly, we find that the strength of the evidence and the magnitude of the impact 

varies by food security measure. This is likely due to each measure reflecting different 

dimensions of food security, as well as having differing sensitivities at different ranges of 

food insecurity (Maxwell et al., 2014). FCS reflects dietary diversity and caloric availability, 

which may be maintained by increased use of coping strategies. rCSI captures behavioural 

coping mechanisms (i.e. reduced food intake), but it does not measure all potential coping 

mechanisms, which may pre-date a reduction in food intake, such as reliance on savings or 

sale of assets. At the same time, rCSI may be inadequate to capture seasonal distress 

among the most poor who already consume fewer than three meals and cannot further 

reduce their meal size or quantity. Moreover, because none of these measures is perfect, 

and because they likely underestimate food insecurity, it is likely that the analysis presented 

here underestimates the impacts of weather on food security. These findings highlight the 

need to examine multiple measures of food insecurity when producing evidence to inform 

policy. Given the conflicting findings for food expenditure compared with FCS and rCSI, and 

the relatively poor fit of the consumption expenditure models (the R² of the consumption 

expenditure models is 0.54, compared with 0.65 and 0.71 for the rCSI and FCS models), we 

conclude that food expenditure is not a reliable proxy for food security in this setting, and we 

focus on FCS and rCSI in what follows. 

4.4 Vulnerability 

4.4.1 Vulnerability by livelihood characteristics 

Our analysis thus far has estimated average treatment effects for households classified as 

in poverty or vulnerable to falling into poverty. This amounts to two-thirds of the Tanzanian 

population. Given government budget constraints, it is important to determine whether there 

are heterogeneous effects of extreme weather events and, if so, which populations are most 

at risk, in order to efficiently allocate limited funds. We focus on households that are 

typically considered economically vulnerable due to having agricultural livelihoods that are 

limited in scope or scale: (1) crop-only farmers, (2) smallholder farmers, and (3) single-crop 

farmers.6 

In Table 3, we present analyses testing for heterogeneous treatment effects by livelihood 

characteristic. Given the initial findings showing impacts of extreme temperature and 

precipitation, interactions by household type are only assessed for low and high temperature 

 

6 Among the poor and vulnerable crop-cultivating households, 77% primarily grow crops, 25% are smallholders, 
and 38% are single crop farmers. 
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and low and high rainfall. In Columns (1)–(2), we examine effects among crop-only 

households, in Columns (3)–(4), we examine effects among small-scale crop farmers (who 

cultivate less than one acre of land), and in Columns (5)–(6), we examine effects among 

farmers who only cultivate one crop. In Annex C.1, we report results for the subgroup 

analyses.
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Table 3: Effects of temperature and precipitation on food security by agricultural livelihood 
characteristics 

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

  FCS rCSI FCS rCSI FCS rCSI 

Tmax (wb) <15 0.896 0.153 -0.220 0.318 0.046 0.334 

 (1.226) (0.341) (0.794) (0.251) (0.842) (0.273) 

× Crop-only -1.437 0.421     

 (1.281) (0.345)     

× Smallholder   -0.054 0.921   

   (1.166) (0.795)   

× Single-crop     -0.464 0.364 

     (0.988) (0.440) 

Tmax (wb) 15–17 -0.315 -0.013 -0.383 -0.008 -0.317 -0.010 

 (0.297) (0.131) (0.286) (0.132) (0.293) (0.132) 

Tmax (wb) 18–20 0.222 -0.087 0.139 -0.092 0.175 -0.086 

 (0.244) (0.113) (0.230) (0.113) (0.238) (0.113) 

Tmax (wb) 21–23 0.000 0.000 0.000 0.000 0.000 0.000 

 (.) (.) (.) (.) (.) (.) 

Tmax (wb) ≥24 -2.457 -0.455 0.128 -0.203 0.208 0.022 

 (3.389) (0.576) (1.245) (0.644) (0.941) (0.608) 

× Crop-only 1.115 0.828     

 (3.570) (0.728)     

× Smallholder   -3.675** 0.544   

   (1.501) (0.848)   

× Single-crop     -2.552** 0.360 

     (1.049) (0.625) 

Prcp 0–10 pctile 3.521 2.397 0.586 -0.185 2.320 0.905 

 (3.302) (2.728) (2.526) (0.827) (1.829) (1.107) 

× Crop-only -9.430** -1.689     

 (4.646) (2.629)     

× Smallholder   -7.509 2.737   

   (5.243) (1.761)   

× Single-crop     -14.296*** 0.077 

     (3.973) (1.844) 

Prcp 10–20 pctile -1.206 -0.495 -1.216 -0.672 -1.043 -0.505 

 (1.488) (0.630) (1.622) (0.602) (1.561) (0.604) 

Prcp 80–90 pctile -0.384 -0.283 -0.480 -0.364 -0.377 -0.284 

 (1.205) (0.473) (1.208) (0.475) (1.200) (0.456) 

Prcp 90–100 pctile -3.980 0.135 -2.200 0.165 -1.339 0.031 
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  (1) (2) (3) (4) (5) (6) 

 (2.438) (0.664) (1.655) (0.551) (1.526) (0.587) 

× Crop-only 3.879 -0.135     

 (2.617) (0.855)     

× Smallholder   3.005 -0.689   

   (2.297) (0.927)   

× Single-crop     -0.155 -0.030 

     (2.220) (0.752) 

N 7,878 7,924 7,953 7,995 8,387 8,435 

R² 0.69 0.64 0.68 0.63 0.69 0.64 

Notes: Crop-only farmers are households that typically have at least one plot and less than 0.5 TLU. Small-scale 
farmers typically cultivate less than one acre. Single-crop farmers typically cultivate only one crop per season. All 
models include household fixed effects and adjust for time-varying household variables and wind. Significance 
levels: * p < 0.1, ** p < 0.05, *** p < 0.01. 

We find that crop-only farmers and single-crop farmers are particularly negatively affected 

by drought conditions, with a decrease in FCS of 5.9 units among crop-only farmers and a 

decrease of 12 units among single-crop farmers. The coefficient for smallholders is also 

sizeable (6.9 units), but imprecisely estimated. We do not find statistical evidence of an 

increase in the use of coping mechanisms after drought conditions, but the coefficient for 

smallholders is sizeable (2.5 units). Lastly, and in line with our main findings, we do not find 

that excess rainfall leaves any of the household types worse off. 

We find that high temperatures are particularly harmful for smallholders and single-crop 

farmers. A week of high temperatures (maximum daily temperatures ≥24°C) reduces FCS by 

3.5 units among smallholders and by 2.3 units among single-crop farmers. The decreases in 

dietary diversity are not accompanied by an increase in the use of coping strategies. When 

temperatures are abnormally low, however, we find some evidence (p<0.1 in the subgroup 

analyses) of an increase in coping mechanisms: a week of cold weather (maximum 

temperature <15°C) increases the rCSI by 0.6 units among crop-only farmers and by 1.2 

units among smallholders. Subgroup analyses are shown in Annex C.1. 

4.4.2 Geographic heterogeneity 

Tanzania has a complex landscape, made up of seven agro-ecological zones (AEZs), which 

vary by altitude, soil, and climate and suitability for different crops. Given these differences, 

it is reasonable to expect there to be regional variation in vulnerability to weather shocks. 

However, due to the relatively small geographic area of each AEZ within Tanzania, there is 

unlikely to be sufficient spatial variation in weather shocks within a zone to enable the 

estimation of causal effects; most of the variation would be year to year, and so the shocks 

would likely be collinear with survey round fixed effects. Therefore we instead test for 

heterogeneous treatment effects by three climatic variables that vary across AEZ: seasonal 

rainfall distribution (unimodal versus bimodal); average growing season rainfall (rainfall 
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below/above 900 mm); and average growing season temperature (average maximum wet 

bulb temperature below/above 20°C).7 

The unimodal precipitation regime is found in the central, southern, and south-western parts 

of the country, whereas the coastal belt, the north-eastern highlands and the Lake Victoria 

Basin experience two rainy periods per year. Both unimodal and bimodal areas have similar 

total rainfall distributions; a third of households in both areas live in 'low' rainfall areas. 

However, the bimodal area tends to be warmer: two-thirds of households in the bimodal area 

live in hot areas, compared with just one-quarter in the unimodal area. There are twice as 

many households living below the poverty line in the unimodal area (43%) compared with the 

bimodal area (20%), yet the bimodal area has a higher proportion of smallholder farmers 

(46% compared with 18%). 

Table 4 presents results of our heterogeneity analysis by climatic characteristics. We find 

significant variation in vulnerability to atypical weather by climatic characteristics. Drought 

conditions are particularly harmful in bimodal regions (where FCS is reduced by 14 units) 

and hot regions (where FCS is reduced by 10 units). We do not find adverse effects of too 

little rain in unimodal or cool areas. We also do not find differential impacts of drought by 

typical rainfall levels. However, dry areas benefit from excess rainfall (rainfall in the top 

decile), with an increase of 3 FCS units. Similar to our main findings, we find that drought 

conditions affect household dietary diversity but not coping strategies. 

Heat is particularly problematic in dry areas: FCS is reduced by 2.7 units per additional week 

of high temperatures. The direction of the coefficients also suggests that households in 

bimodal rain regions and cool regions experience poorer dietary diversity after hot growing 

seasons (-1.4 units and -4.5 units, respectively), but the effects are not statistically 

significant. On the other hand, households in unimodal, wet, and cool areas engage in more 

coping strategies when temperatures drop, reflecting more food insecurity. The effects are 

similar in these areas, with a week of cold weather increasing rCSI by 0.5 units. 

Together, these findings reveal substantial regional heterogeneity in vulnerability to adverse 

weather, indicating the relevance of a sub-national climate-responsive social policy. Our 

results highlight some priority considerations for such a policy, including drought response 

in hot bimodal regions and heat response in dry bimodal areas. We note that this approach 

does not allow us to disentangle vulnerability due to climatic factors from the household 

characteristics shown in the previous section, some of which are correlated (e.g. the higher 

proportion of smallholders and single-crop farmers in bimodal areas).

 

7 Both rainfall and temperature have a bimodal distribution; the cut-off was selected to be the nadir between the 
two peaks. 
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Table 4: Effects of temperature and precipitation on food security by climatic characteristics 

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

  FCS rCSI FCS rCSI FCS rCSI 

Tmax (wb) <15 -0.246 0.535* -0.091 0.574* 0.015 0.485* 

 (0.686) (0.302) (0.706) (0.344) (0.708) (0.293) 

× Bimodal 2.465 -0.256     

 (2.762) (0.844)     

× Dry area   0.539 -0.202   

   (1.785) (0.515)   

× Hot area     -8.281 -0.594 

     (12.744) (1.765) 

Tmax (wb) 15–17 -0.163 0.107 -0.147 0.114 -0.148 0.086 

 (0.297) (0.130) (0.298) (0.131) (0.299) (0.130) 

Tmax (wb) 18–20 0.282 0.010 0.336 0.017 0.349 -0.015 

 (0.236) (0.109) (0.234) (0.110) (0.239) (0.111) 

Tmax (wb) 21–23 0.000 0.000 0.000 0.000 0.000 0.000 

 (.) (.) (.) (.) (.) (.) 

Tmax (wb) ≥24 0.296 -0.443 -0.449 0.276 -4.545 -1.061 

 (1.079) (0.856) (0.604) (0.346) (4.943) (1.723) 

× Bimodal -1.731 0.722     

 (1.199) (0.878)     

× Dry area   -2.261** -0.225   

   (0.957) (0.497)   

× Hot area     3.208 1.389 

     (4.964) (1.754) 

Prcp 0–10 pctile -0.529 1.323 -4.885* 1.117 -0.257 1.682 

 (1.922) (1.068) (2.855) (0.942) (2.429) (1.274) 

× Bimodal -13.495*** -1.048     

 (3.773) (1.308)     

× Dry area   -2.812 -0.804   
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  (1) (2) (3) (4) (5) (6) 

   (5.036) (1.296)   

× Hot area     -9.801** -1.410 

     (3.853) (1.483) 

Prcp 10–20 pctile -1.069 -0.315 -0.865 -0.276 -0.987 -0.269 

 (1.483) (0.587) (1.516) (0.591) (1.514) (0.578) 

Prcp 80–90 pctile 0.059 -0.606 0.232 -0.530 -0.068 -0.554 

 (1.117) (0.448) (1.158) (0.453) (1.134) (0.455) 

Prcp 90–100 pctile -0.950 -0.214 -1.440 0.147 -1.501 0.370 

 (1.655) (0.610) (1.269) (0.469) (1.488) (0.555) 

× Bimodal 1.167 0.275     

 (2.242) (0.786)     

× Dry area   4.306* -0.565   

   (2.563) (0.841)   

× Hot area     3.071 -1.175 

     (2.347) (0.809) 

N 10,106 10,194 10,106 10,194 10,106 10,194 

R² 0.71 0.65 0.71 0.65 0.71 0.65 

Notes: All models include household fixed effects and adjust for time-varying household variables and wind.  

Significance levels: * p < 0.1, ** p < 0.05, *** p < 0.01.
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4.5 Alternate weather measures 

There is, as of yet, no consensus as to how best to model weather. A large number of 

measures have been used in the literature, which rely on different weather variables, are 

transformed in different ways, and are modelled differently (see Annex A.1 for examples). In 

this section, we consider alternatives to our preferred measure to (1) examine the 

robustness of our findings and (2) assess whether an alternate measure better predicts the 

impact of extreme weather conditions on food security by comparing model fit based on 

mean squared error (MSE).  

4.5.1 Temperature 

Temperature in particular has been modelled in many different ways in the literature. In this 

section, we compare our findings using the binned wet bulb maximum temperature to 

alternate analyses using binned minimum/mean wet bulb temperatures, ambient 

temperatures, seasonal average temperature, and growing degree days (GDD). These reflect 

the most common variables and transformations in the literature. We summarise our 

findings in Table 5, with full results reported in Annex D.1. A model without any temperature 

variables is reported in the first row, in order to have a reference MSE. Our main model (with 

binned maximum wet bulb temperature) is reported in the second row of the table: here we 

find that cold temperatures increase rCSI and hot temperatures reduce FCS. The addition of 

the temperature variables reduces the MSE of the FCS and food consumption models. (It 

also reduces the MSE of the rCSI model but by less than 0.01 units.) 

Table 5: Alternate temperature measures, findings, and model fit 

Temperature 
measure 

Evidence 
of cold 
shock 

Cold temp 
threshold 

Evidence 
of hot 
shock 

Hot temp 
threshold 

MSE 

FCS rCSI Food exp 

Model without 
temp 

    14.48 5.78 11714.95 

Wet bulb max 
temp (base) 

Y2 
WB tmax 

<15C 
Y1 WB tmax ≥24C 14.44 5.78 11708.73 

Wet bulb min 
temp 

Y2 
WB tmin 

<9C 
Y1,2,3* WB tmin ≥21C 14.43 5.77 11712.20 

Wet bulb mean 
temp 

Y2 
WB tmean 

<13 
Y1,2,3* WB tmean ≥22C 14.43 5.77 11712.33 

Dry bulb max 
temp 

N - Y3* Amb tmax ≥30 14.48 5.78 11701.50 

Dry bulb min 
temp 

Y2 
Amb tmin 

<16C 
Y1,2,3* Amb tmin ≥25 14.42 5.78 11708.99 

Linear in avg wet 
bulb tmax 

Y N/A Y3* N/A 14.48 5.78 11709.18 

Quadratic in avg 
wet bulb tmax 

Y1 N/A Y1 N/A 14.45 5.78 11706.24 
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Temperature 
measure 

Evidence 
of cold 
shock 

Cold temp 
threshold 

Evidence 
of hot 
shock 

Hot temp 
threshold 

MSE 

FCS rCSI Food exp 

Spline of avg wet 
bulb tmax 

N N/A Y1 
Average WB 

tmax >22.8 [by 
construction] 

14.46 5.78 11709.23 

GDD (linear, wet 
bulb temp) 

N - N - 14.48 5.78 11712.52 

GDD (quadratic, 
wet bulb temp) 

Y1 N/A Y1 N/A 14.45 5.78 11709.33 

GDD (linear, 
ambient temp) 

N - N - 14.47 5.78 11712.21 

GDD (quadratic, 
ambient temp) 

Y1,3* N/A Y1,3* N/A 14.46 5.78 11704.95 

 
Notes: Y indicates that there is evidence at the 90% significance level that the temperature shock affects food 
security. The number indicates for which food security outcome there is evidence: 1 = FCS; 2 = rCSI; 3 = food 
cons. *The asterisk beside the number indicates that the temperature shock increases food security for that 
particular indicator. Tables with full results are in Annex D.1. 

We first examine models with different wet bulb temperature variables: daily minimum and 

mean wet bulb temperatures. Although minimum, mean, and maximum temperatures move 

together, they are not perfectly correlated as intraday temperature can vary considerably. A 

day's minimum temperature can be telling for agricultural households, where even 

momentary exposure to freezing temperatures can kill a crop, even if the temperature rises 

later that day. The models using binned minimum and mean wet bulb temperatures reiterate 

our main findings that cold shocks increase rCSI and heat reduces FCS. They also show that 

heat increases rCSI as well as consumption expenditure. There is a small improvement in 

model fit for FCS and rCSI when using the minimum and mean wet bulb temperatures 

compared to the maximum wet bulb temperatures (as shown by the decrease in the MSE), 

indicating that minimum temperatures have important predictive power in this setting. 

However, model fit is worse for the consumption expenditure model, suggesting the need for 

caution in interpreting the consumption expenditure findings. (We include these models for 

completeness, but note that the sensitivity and inconsistency of the food expenditure 

findings further support our earlier finding that consumption expenditure does not appear to 

be an adequate proxy for food security in this setting.) 

Second, we examine maximum and minimum ambient air temperature, using the same 

binning approach as before to allow for nonlinearity. Ambient temperature is air temperature 

without adjustment for humidity, which affects transpiration and water balance in living 

organisms. Wet bulb and ambient temperatures are correlated but the strength of the 

correlation depends on how constant the level of humidity is.8 We do not find causal 

evidence that maximum ambient temperatures affect food security, nor do they improve the 

prediction of food security status (the MSE is the same as the MSE from models without any 

 

8 In our sample, ambient temperatures of 20°C correspond to wet bulb temperatures in the range of 11 to 16°C. 
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temperature controls) – with the exception of the finding that high temperatures increase 

consumption expenditure. On the other hand, when measuring temperature using minimum 

ambient temperatures, we find that both cold and heat shocks increase food insecurity, and 

that model fit improves (the MSE for FCS is the lowest among the models tested). The 

minimum wet bulb and ambient temperatures are nearly perfectly correlated (99%), which 

explains the similarity in their findings. However, maximum wet bulb and ambient 

temperatures are less strongly correlated (68%). The poor model fit with maximum ambient 

temperatures indicates that humidity is an important predictor of agricultural production and 

that humidity should be incorporated in models of food security in Tanzania.9 

Third, we consider alternate models of wet bulb maximum temperature. Instead of binning 

the daily temperatures, we calculate the seasonal average of the daily maximum wet bulb 

temperature, and model this linearly, quadratically, and with a piecewise linear spline. As 

expected, the linear model has no improved predictability relative to the model without 

temperature adjustments, except for the case of food expenditure:a positive correlation is 

found between temperature and expenditure. Adjusting for seasonal temperature 

quadratically improves the model fit for FCS and yields evidence of reduced food security at 

low and high temperatures. The coefficients for the rCSI model are consistent with lower 

food security in the tails as well, but the coefficients are not statistically significant. Using 

the 10th and 90th percentiles to construct a linear piece-wise spline, we find evidence that 

FCS decreases substantially above 22.8°C. Again, the rCSI model coefficients suggest an 

increased use of coping strategies at low and high temperatures, but the evidence is not 

significant at any standard level. The spline model indicates increasing consumption 

expenditure between 17.4 and 22.8°C, but this tapers off above 22.8°C. This suggests that 

consumption expenditure is more sensitive to temperature in the middle of the temperature 

range but less sensitive to temperature extremes, hence the inconsistent findings shown 

earlier. These findings are also suggestive of the fact that consumption expenditure is not a 

useful indicator for an analysis of the impacts of extreme weather shocks. 

Lastly, we use the minimum and maximum temperatures to calculate GDD, which is 

intended to measure optimal heat exposure for plant growth during a growing season. We 

calculate GDD using both wet bulb and ambient temperatures, and we model them linearly 

and quadratically. An explanation of the GDD calculations can be found in Annex D.1. We do 

not find evidence that GDD is linearly associated with any food security measure. However, 

the quadratic models indicate reduced FCS at low and high GDD, and, in the case of ambient 

GDD, increased expenditure at low and high GDD as well. 

In summary, our findings that both hot and cold shocks can reduce food security hold when 

using alternate measures of temperature shocks. We find the best fitting FCS and rCSI 

models adjust for temperature using bins of wet bulb minimum or mean temperature or 

 

9 Too little humidity can increase dehydration; too much humidity can foster disease and mold. Humidity varies 
considerably in Tanzania, as the country has arid, semi-arid, and humid regions. 
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minimum ambient temperatures. We suggest monitoring all three, in addition to wet bulb 

maximum temperatures for extended exposure to low temperatures (WB tmin <9 C, WB 

tmean <13 C, WB tmax <15 C, ambient tmin <16C) and high temperatures (WB tmin ≥21C, 

WB tmean ≥22C, WB tmax ≥24C, ambient tmin ≥25C). 

4.5.2 Precipitation 

We compare alternate precipitation measures and model fit in Table 6. The first row reports 

the MSE from a model without precipitation controls. The second row reports the findings 

from our main model, in which we find low precipitation reduces FCS. Our preferred 

approach is to measure precipitation in deviations from a local historical norm –a relative 

measure. Our first alternate precipitation variable is an absolute measure of precipitation. 

We consider three models: a linear model, a quadratic model, and a model adjusting for 

deciles of total precipitation. We find no evidence of a linear association between 

precipitation and food security. However, we find evidence of a quadratic relationship 

between precipitation and FCS as well as consumption, with low and high rainfall associated 

with both lower FCS and expenditure. We also find that low absolute rainfall (in the bottom 

two deciles) reduces FCS. There is a small improvement in (FCS) model fit when modelling 

precipitation in deciles of absolute rainfall. The significant coefficients for the two lowest 

deciles indicate a need to monitor both low and extremely low levels of total rainfall. 

When measuring precipitation as deviation from a historical norm, researchers have 

discretion regarding the selection of the historical period. Our preferred approach is to use 

the most recent 20 years relative to the date of interview, which means that the distribution 

can change in each survey round. This is to reflect the likely scenario that households 

update their beliefs about expected rainfall each year based on the most recent seasons. 

Alternately, one can use a fixed period, such that the historical distribution is the same for all 

survey years and deviations reflect the same absolute differences in rainfall (within a 

location). We set the fixed reference period as 2000–2019 so that it includes all of the 

survey years and the decade prior to the earliest survey round. We find similar results as 

with our preferred approach – notably, reduced dietary diversity from low rainfall and a 

similar model fit. 

In summary, we find that both absolute and relative rainfall matter, and we suggest 

monitoring both. However, when measuring rainfall in relative terms, we do not find that the 

selection of the reference period matters in this context. 
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Table 6: Alternate measures of precipitation, findings, and model fit 

Precipitation 
measure 

Evidence 
of low 
shock 

Low rain 
threshold 

Evidence 
of high 
shock 

High rain 
threshold 

MSE 

FCS rCSI Food exp 

Model minus prcp 
vars 

    14.46 5.78 11707.81 

Prcp percentiles 
(base model) 

Y1 
Rainfall 0–10 

percentile 
N - 14.44 5.78 11708.73 

Prcp (linear) N - N - 14.46 5.78 11707.37 

Prcp (quadratic) Y1,3 N/A Y1,3 N/A 14.45 5.78 11703.45 

Prcp percentiles 
(absolute) 

Y1 
Rainfall 0–20 

percentile 
N - 14.42 5.78 11704.38 

Prcp percentiles 
(relative to fixed 
period) 

Y1 
Rainfall 0–10 

percentile 
N - 14.43 5.79 11703.97 

Notes: Y indicates that there is evidence at the 90% significance level that the precipitation shock affects food 
security. The number indicates for which food security outcome there is evidence: 1 = FCS; 2 = rCSI; 3 = food 
cons. Tables with full results are in Annex D.2. 
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5 Conclusion 

The aim of this paper has been to examine which dimensions of weather are hazardous to 

food security in Tanzania, and to understand how best to model those dimensions. We used 

a panel data approach to generate causal evidence regarding which dimensions of weather 

negatively affect household food security and we used a flexible approach to modelling 

those dimensions to allow the data to indicate what constitutes adverse weather conditions. 

We find evidence that drought conditions, as well as hot and cold periods, can substantially 

reduce food security in Tanzania, indicating a need to extend climate-responsive social 

policy beyond drought response. Small-scale and non-diversified agricultural households are 

particularly vulnerable: low rainfall or a month of hot temperatures can both reduce FCS by 

up to 12 units – equivalent to a reduction of six days per week without grains or three days 

per week without milk or dairy products. Climate change models predict that the planet will 

experience warmer as well as more variable weather, making temperature extremes, 

especially hot spells, more likely (Christensen et al., 2007). This underscores the need to 

broaden the types of weather shocks that social policy should respond to. 

Our findings highlight several important considerations for further analysis and policy 

design. Food security indicators have known limitations: namely, they tend to capture only 

one dimension or two dimensions of food security well, or are only sensitive within certain 

ranges of food security (Maxwell et al., 2014). We find that FCS is sensitive to low rainfall 

and heat shocks, while rCSI is primarily sensitive to cold shocks. On the other hand, we find 

that consumption expenditure is correlated with temperature, but only in the middle 

(densest) portion of the temperature distribution; the correlation is inconsistent in the tails, 

making consumption expenditure ill-suited to analyses of weather shocks. That we find that 

different weather shocks affect different measures of food security is likely related to the 

known shortcomings of the food security measures. Our findings indicate a need to examine 

multiple measures of food security in weather shock analyses to avoid the potentially 

catastrophic error of failing to correctly identify a hazardous weather event. For the same 

reason, we note that analysts should also be less stringent when interpreting weak or 

marginally significant evidence, particularly when there are concerns about limited power: 

for example, when there are few rounds of data, when there is limited inter-annual variation 

in weather, or when estimating heterogeneous treatment effects. 

There is (as of yet) no perfect indicator for food security, and there is also no universally 

agreed upon measure of extreme weather. Our findings demonstrate the importance of 

using flexible models of weather, given the strong probability of non-linear effects of 

weather. We also show that choice of weather variable matters: we find improved model fit 

when using temperature variables that take account of humidity and daily minimum 

temperatures. To avoid not responding to weather conditions with adverse impacts, a 

climate-responsive policy could include several trigger points that rely on different weather 

variables – for example, one defined using minimum wet bulb temperature and another 

using maximum wet bulb temperature – with support triggered if either is hit. The cost of 
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monitoring multiple measures is low but the societal cost of not recognising and preparing 

for a hazardous weather shock can be high. 
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Annex A Additional background and literature 

A.1 Select review of weather and wellbeing literature in Tanzania 

To inform our selection of weather measures, we reviewed the measures used in the 

Tanzanian weather-wellbeing literature and a select set of papers examining weather and 

wellbeing in sub-Saharan Africa more generally. We limited our review to temperature and 

precipitation measures, excluding storms and other events that would likely require 

emergency support measures, such as evacuation or emergency provisions, and which 

would not be well-suited for a social protection response. The measures used in the 

Tanzanian literature, and their documented effects, are listed in Table 7. There is substantial 

variation in the types of weather shocks of interest: in particular, based on whether 

researchers examine temperature or precipitation in levels or as deviation from a historical 

norm, as well as inter- versus intra-annual/seasonal variation in temperature and 

precipitation. In addition, there is variation as to how flexibly temperature and precipitation 

are modelled, with most researchers examining linear associations but some allowing for 

non-linear relationships. In the latter category are Block et al. (2022), who log transform, then 

cube, precipitation, and who allow a kink point in their temperature measure at 29°C. 
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Table 7: Summary of select literature examining weather shocks and their effects on wellbeing in Tanzania 

Author (year) Study description Temperature measure Precipitation measure Findings 

Chegere and 
Mrosso 2022 

Study role of climate 
variability in driving 
temporary migration 

N/A (long-term average 
temperature included as a control 
variable but not reported on) 

Deviations of rainfall from the 
long-term 1960–1990 average, 
and medium-term deviations of 
rainfall from the 2001–2009 
average 

Deviation of precipitation from long-
term average increased the 
probability of a household sending a 
member as a temporary migrant. The 
higher the value of maize produced 
per acre, the lower the probability 
that a household would send a 
member as a migrant 

Rowhani et al. 
2011 

Study relationship between 
climate variability (inter- and 
intra-seasonal fluctuations in 
temperature and 
precipitation) and crop yields 
in Tanzania, focusing on 
maize, sorghum, and rice 

Inter-seasonal variability: 
seasonal temperature means 
(Jan–June); intra-seasonal 
variability: seasonal coefficient of 
variation (CV) calculated as the 
seasonal ratio of the standard 
deviation to the mean 

Inter-seasonal variability: 
seasonal precipitation and 
seasonal precipitation squared 
(seasonal: January-June); intra-
seasonal variability: seasonal 
coefficient of variation (CV) 
calculated as the seasonal ratio 
of the standard deviation to the 
mean 

Cereal yields (maize, rice, sorghum) 
increase with precipitation (although 
level off at high levels) and decrease 
with temperature. Increased intra-
seasonal variation in precipitation 
also reduced yield but intra-seasonal 
variability in temperature had mixed 
associations with yield 

Block et al. 2022 
Examine to what extent 
heat–malnutrition link 
occurs through agriculture 

GDD (8–34°C) with an imposed 
discontinuity at 29°C during long 
rain season, appears to allow 
definitions of rainy season 
months to vary by region 

Control variable only (log 
precipitation, log precipitation 
squared) 

Maize yield reduces with temps 
above 29°C, and height-for-age z-
scores is lower for boys who were 
exposed in utero to temps above 
29°C (no effect on girls) 

Randell et al. 2022 
Study links between growing 
season climatic conditions 
and food security 

Average daily tmax during the 
rainy season (Oct–May) 

Total rain during growing season 
(Oct–May) 

The probability of being food secure 
increases with both precipitation and 
temperature 

Mrema et al. 2012 
Study association between 
monthly weather (temp and 
precipitation) and mortality 

Monthly avg temp (plus lags) Monthly rainfall (plus lags) 
Mortality increases with 
precipitation, and mortality is higher 
when temperatures are lower 
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Annex B Additional methodological details 

B.1 Consumption aggregates and poverty lines 

Consumption 

Consumption aggregates are widely used as a standard measure of living standards in 

household survey-based welfare analysis. They are considered more reliable measures in 

low-income and middle-income settings, compared to income, where the latter is often 

underreported and volatile (Deaton and Zaidi, 2002). In our analysis, we use aggregate 

household consumption to define our sample, and we use food and non-alcoholic beverage 

consumption derived from the NPS as one of our dependent variables. While issues 

associated with the estimation of poverty and inequality using NPS consumption data are 

well-documented in the literature (for details, see Belhaj Hassine Belghith et al. 2018), these 

issues are less of a concern for us as we are primarily interested in intra-household 

variations in consumption. Year to year differences in poverty levels are adjusted for with 

survey round fixed effects in our analysis. As our focus is on relative changes in 

consumption and poverty, rather than on estimating absolute poverty levels, these 

measurement concerns are less consequential for our analysis. 

A. Aggregate consumption 

The NPS consumption modules provide estimates of aggregate household consumption. In 

addition to food and other consumables, this estimate measure also includes household 

expenditure on various non-food items, such as utilities, health, transportation, education, 

and recreation. 

The consumption modules for Waves 1 to 4 of the NPS record the annualised aggregate 

household consumption, adjusted for cost-of-living differences across geographic strata 

and quarters of fieldwork within each round. As with food and beverage consumption 

estimates, we adjust these figures to derive an individual-level measure of aggregate 

consumption, deflated for inflation over time. First, we convert annualised consumption to a 

28-day reference period, followed by adjustments for the number of adult-equivalent 

household members, and we use the consumer price index (CPI) to express consumption in 

2010 constant prices. The value obtained represents aggregate consumption per adult 

equivalent over a 28-day period in real terms, adjusted for inflation. 

The Wave 5 estimates for aggregate consumption include rent and durables, which previous 

waves did not consider. To ensure comparability with previous waves, we first subtract the 

annual nominal household expenditure on rent and durables from nominal annual aggregate 

household consumption. We then adjust the resulting figure for spatial and temporal price 

variations within Wave 5, using the Fisher price indices provided within the Wave 5 

consumption module. We then follow the same steps as are used for the food and beverage 

consumption figures (see below), to obtain an individual-level consumption measure of 
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aggregate consumption, adjusted for inflation. The resulting figures denote aggregate 

consumption per adult equivalent over a 28-day period in real terms, adjusted for inflation, 

with expenditure on rent and durables excluded. 

B. Food and non-alcoholic beverage consumption 

The consumption modules for Waves 1 to 4 of the NPS record the real annualised 

household consumption of food and non-alcoholic beverages, which have been adjusted for 

cost-of-living differences across geographic strata (Dar es Salaam, other urban, and rural 

areas) and quarters of fieldwork within each round of the NPS. Following common practice, 

we first convert annual food and beverage consumption to consumption over a 28-day 

reference period, and then adjust it for the number of adult-equivalent household members. 

Then, we use the official CPI for Tanzania to adjust for year-on-year inflation and to express 

consumption values in 2010 constant prices. The final adjusted variable represents 

household food and non-alcoholic beverage consumption per adult equivalent over a 28-day 

period in real terms, in 2010 Tanzanian Shillings. 

The Wave 5 food and beverage consumption estimates require further adjustments in order 

to ensure comparability with previous waves of the NPS. Using the Wave 5 consumption 

module, we first calculate the sum of the nominal annual consumption of food and 

beverages reported inside the home and outside the home. However, the resulting value 

includes alcoholic beverages and tobacco, unlike previous waves. We subtract the reported 

annual consumption of tobacco and alcohol from this value to obtain each household's 

annual nominal food and non-alcoholic beverage consumption. We then adjust this value for 

cost-of-living differences across geographic strata and quarters of fieldwork within Wave 5, 

using Fisher price indices provided within the Wave 5 consumption module. We then follow 

the same steps as with earlier waves, to obtain an individual-level consumption measure: 

first standardising household food and beverage consumption to a 28-day reference period 

and then adjusting for the number of adult-equivalent members within a household. Finally, 

we deflate the consumption values using the CPI for 2021 and express it in 2010 constant 

prices. The final measure represents real household food and non-alcoholic beverage 

consumption per adult equivalent over a 28-day period. 

Poverty lines 

The National Bureau of Statistics reports two poverty measures: basic needs poverty and 

food poverty. Households with aggregate consumption below the basic needs poverty line 

(which includes the cost of minimum food consumption needs plus non-food needs) are 

classified as in poverty. The food poverty line is defined by the cost of a food basket that 

provides 2,200 kCal per adult per day. Households with food consumption below the food 

poverty line are considered to be food poor. The Household Budget Survey 2011/12 poverty 

lines were determined to be TZS 36,482 (basic needs poverty line) and TZS 26,085.5 (food 

poverty line). As our consumption aggregates are reported in 2010 constant prices, we 

adjust the poverty lines to 2010 prices as well using CPI. The adjusted poverty line is TZS 
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29,977 and the adjusted food poverty line is TZS 21,433. Figure 3 illustrates the distribution 

of aggregate and food consumption for all NPS households and the (food) poverty lines. 

Figure 3: Densities of monthly aggregate consumption (left) and food consumption (right) 
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Annex C Additional analysis 

C.1 Subgroup analyses 

Table 8 and Table 9 report results for specified subgroups (household type/livelihood characteristics and climatic characteristics). 

Table 8: Effects of atypical temperature and precipitation on food security by household type 

  Crop-only Smallholder Single-crop 
 (1) (2) (3) (4) (5) (6) 

  FCS rCSI FCS rCSI FCS rCSI 

Tmax (wb) <15 -0.402 0.608* -0.538 1.207* -0.511 0.649 
 (0.666) (0.336) (1.082) (0.732) (0.870) (0.396) 

Tmax (wb) 15-17 -0.224 -0.002 -0.653 0.080 -0.385 0.019 
 (0.325) (0.159) (0.555) (0.307) (0.520) (0.198) 

Tmax (wb) 18-20 0.207 -0.092 0.429 -0.115 0.239 -0.068 
 (0.262) (0.131) (0.467) (0.262) (0.425) (0.159) 

Tmax (wb) 21-23 0.000 0.000 0.000 0.000 0.000 0.000 

 (.) (.) (.) (.) (.) (.) 

Tmax (wb) ≥24 -1.392 0.344 -2.707** 0.274 -1.852* 0.328 
 (0.871) (0.492) (1.173) (0.724) (1.095) (0.506) 

Prcp 0–10 pctile -5.862* 0.882 -6.591 2.741 -10.101*** 1.005 
 (3.067) (0.901) (4.004) (2.083) (3.223) (1.546) 

Prcp 10–20 pctile -0.647 -0.673 -0.040 0.599 -0.014 0.342 
 (1.618) (0.797) (3.293) (1.306) (2.765) (0.948) 

Prcp 80–90 pctile -0.877 -0.470 -1.324 0.828 -0.119 -0.102 
 (1.256) (0.584) (2.444) (0.959) (1.947) (0.619) 

Prcp 90–100 pctile -0.335 -0.065 1.622 -0.724 -0.648 -0.079 

 (1.480) (0.608) (1.977) (0.914) (2.054) (0.646) 
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  Crop-only Smallholder Single-crop 

Mean 49.06 4.17 53.25 4.36 53.86 3.76 

N 6,076 6,118 1,934 1,956 3,071 3,101 

R² 0.68 0.64 0.73 0.63 0.70 0.64 

Notes: Crop-only farmers are households that typically have at least one plot and less than 0.5 TLU. Small-scale farmers typically cultivate less than one acre. Single-crop farmers 
typically cultivate only one crop per season. All models include household fixed effects and adjust for time-varying household variables and wind. Significance levels: * p < 0.1, ** p 
< 0.05, *** p < 0.01. 

Table 9: Effects of atypical temperature and precipitation on food security by climate characteristics 

  Bimodal Dry area Hot area 
 (1) (2) (3) (4) (5) (6) 

  FCS rCSI FCS rCSI FCS rCSI 

Tmax (wb) <15 1.825 0.718 0.619 0.476 -4.032 0.155 
 (2.914) (0.900) (1.841) (0.464) (4.633) (3.336) 

Tmax (wb) 15-17 -0.131 0.373* -0.441 0.269 -1.340 0.391 
 (0.598) (0.197) (0.560) (0.232) (1.048) (0.694) 

Tmax (wb) 18-20 0.745 0.089 0.272 0.105 -0.025 -0.045 
 (0.526) (0.152) (0.455) (0.203) (0.322) (0.154) 

Tmax (wb) 21-23 0.000 0.000 0.000 0.000 0.000 0.000 
 (.) (.) (.) (.) (.) (.) 

Tmax (wb) ≥24 -0.912 -0.019 -2.631*** 0.019 -0.845 0.136 
 (0.782) (0.284) (1.010) (0.373) (0.671) (0.299) 

Prcp 0–10 pctile -8.753** -0.638 -6.713* -0.679 -8.291** 0.244 
 (3.647) (1.203) (4.031) (1.027) (3.345) (1.049) 

Prcp 10–20 pctile 0.124 0.657 0.330 -0.662 -1.500 -0.216 
 (3.161) (0.864) (2.451) (0.768) (2.653) (1.099) 

Prcp 80–90 pctile 0.259 -1.207* 0.921 0.208 0.701 -1.554* 
 (1.896) (0.655) (2.105) (0.696) (1.737) (0.803) 

Prcp 90–100 pctile 0.090 0.073 1.974 -0.324 1.768 -1.294* 
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  Bimodal Dry area Hot area 
 (1.438) (0.554) (2.378) (0.824) (1.944) (0.672) 

Mean 59.86 3.35 55.45 2.83 55.18 3.73 

N 3,492 3,548 3,022 3,054 3,950 4,013 

R² 0.70 0.66 0.71 0.67 0.75 0.65 

Notes: All models include household fixed effects and adjust for time-varying household variables and wind. Significance levels: * p < 0.1, ** p < 0.05, *** p < 0.01. 
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Annex D Robustness checks 

D.1 Temperature 

Table 10 reports findings using binned minimum and mean wet bulb temperatures. Table 11 reports findings using maximum and minimum 

ambient temperatures. Table 12 reports findings when modelling average maximum temperature as a linear variable, quadratically, and with a 

linear spline. Lastly, Table 13 reports the effects of GDD (using wet bulb temperature and ambient temperature) as the temperature variable. 

Table 10: Effect of minimum and mean wet bulb temperatures on household food security 

  (1) (2) (3) 

  FCS rCSI Food exp 

Panel A    

Tmean (wb) <13 -0.219 0.383** -180.447 
 (0.480) (0.177) (245.303) 

Tmean (wb) 13–15 -0.028 0.114 -179.952 
 (0.287) (0.118) (212.805) 

Tmean (wb) 16–18 -0.004 0.110 -148.424 
 (0.227) (0.109) (190.743) 

Tmean (wb) 19–21 0.000 0.000 0.000 
 (.) (.) (.) 

Tmean (wb) ≥22 -0.789*** 0.187** 201.140* 
 (0.221) (0.076) (117.245) 

N 10,106 10,194 12,141 

R² 0.71 0.65 0.54 

Adj R² 0.36 0.25 0.15 

Root MSE 14.43 5.77 11712.33 
    

Panel B    
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  (1) (2) (3) 

Tmin (wb) <9 -0.007 0.436** -144.065 
 (0.615) (0.214) (287.164) 

Tmin (wb) 9–11 0.020 0.196 -164.924 
 (0.337) (0.138) (203.223) 

Tmin (wb) 12–14 0.019 0.137 -193.369 

 (0.296) (0.125) (180.469) 

Tmin (wb) 15–17 0.146 0.141 -121.001 
 (0.251) (0.109) (146.408) 

Tmin (wb) 18–20 0.000 0.000 0.000 
 (.) (.) (.) 

Tmin (wb) ≥21 -1.093*** 0.288*** 273.828** 
 (0.281) (0.085) (129.168) 

N 10,106 10,194 12,141 

R² 0.71 0.65 0.54 

Adj R² 0.36 0.25 0.15 

Root MSE 14.43 5.77 11712.20 

Notes: Temperature coefficients reflect the change in food security when a week in which the mean/minimum wet bulb temperature of 19–21/18–20°C is swapped for a week in 
an alternate bin. All models include household fixed effects and adjust for time-varying household variables, wind, and precipitation. Significance levels: * p < 0.1, ** p < 0.05, *** p < 
0.01. 

Table 11: Effect of maximum ambient temperature and precipitation on household food security 

  (1) (2) (3) 

  FCS rCSI Food exp 

Panel A    

Tmax (db) <21 0.149 0.301 302.972 
 (0.925) (0.277) (348.943) 

Tmax (db) 21–23 -0.009 0.125 -82.703 
 (0.433) (0.141) (199.625) 
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  (1) (2) (3) 

Tmax (db) 24–26 0.000 0.000 0.000 
 (.) (.) (.) 

Tmax (db) 27–29 -0.087 0.041 -44.071 
 (0.206) (0.075) (120.016) 

Tmax (db) ≥30 -0.102 -0.009 273.384** 

 (0.224) (0.080) (128.203) 

N 10,106 10,194 12,141 

R² 0.71 0.65 0.55 

Adj R² 0.36 0.24 0.15 

Root MSE 14.48 5.78 11701.50 
    

Panel B    

Tmin (db) <16 -0.496 0.297** -269.751 
 (0.338) (0.133) (206.695) 

Tmin (db) 16–18 -0.378 0.153 -233.687 
 (0.280) (0.109) (183.245) 

Tmin (db) 19–21 -0.180 0.134 -199.884 
 (0.224) (0.097) (161.920) 

Tmin (db) 22–24 0.000 0.000 0.000 
 (.) (.) (.) 

Tmin (db) ≥25 -1.046*** 0.172* 257.576** 

 (0.254) (0.096) (130.626) 

N 10,106 10,194 12,141 

R² 0.71 0.65 0.54 

Adj R² 0.37 0.25 0.15 

Root MSE 14.42 5.78 11708.99 
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Notes: Temperature coefficients reflect the change in food security when a week in which the max/min ambient air temperature of 24–26/22–24°C is swapped for a week in an 
alternate bin. All models include household fixed effects and adjust for time-varying household variables, wind, and precipitation. Significance levels: * p < 0.1, ** p < 0.05, *** p < 
0.01. 

Table 12: Effect of growing season average tmax and precipitation on household food security 

  (1) (2) (3) 

  FCS rCSI Food exp 

Panel A    

Growing season average tmax -1.055 -0.395 1693.870** 

N 10,106 10,194 12,141 

R² 0.71 0.65 0.54 

Adj R² 0.36 0.24 0.15 

Root MSE 14.48 5.78 11709.18 

Panel B    

Growing season average tmax 34.537*** -7.617 -8079.845 
 (12.256) (5.283) (6233.451) 

Growing season average tmax² -0.895*** 0.182 249.684 
 (0.305) (0.136) (160.893) 

N 10,106 10,194 12,141 

R² 0.71 0.65 0.54 

Adj R² 0.36 0.24 0.15 

Root MSE 14.45 5.78 11706.24 

Panel C    

Spline (average tmax) (,17.4) 3.462 -2.040 7.849 
 (4.252) (1.538) (1608.023) 

Spline (average tmax) (17.4,22.8) -0.752 -0.383 2168.402** 
 (1.656) (0.630) (1043.763) 

Spline (average tmax) (22.8,.) -15.023*** 2.776 143.047 
 (4.785) (3.400) (3570.869) 
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  (1) (2) (3) 

N 10,106 10,194 12,141 

R² 0.71 0.65 0.54 

Adj R² 0.36 0.24 0.15 

Root MSE 14.46 5.78 11709.23 

Notes: Growing season average tmax is the mean daily maximum wet bulb temperature during the growing season. In Panel B, a squared version of this variable is included. In 
Panel C, we fit a linear spline with knots corresponding to the 10th and 90th percentiles of growing season average tmax. A spline coefficient reflects the slope in the interval 
indicated. All models include household fixed effects and adjust for time-varying household variables, wind, and precipitation. Significance levels: * p < 0.1, ** p < 0.05, *** p < 0.01. 

Table 13: Effect of GDD and precipitation on household food security 

  (1) (2) (3) 

  FCS rCSI Food exp 

Panel A    

GDD (wet bulb) -0.396 -0.229 536.438 
 (0.633) (0.240) (372.919) 

N 10,106 10,194 12,141 

R² 0.71 0.65 0.54 

Adj R² 0.36 0.24 0.15 

Root MSE 14.48 5.78 11712.52 

Panel B    

GDD (wet bulb) 7.320** -1.975 -1921.647 
 (3.011) (1.211) (1535.064) 

GDD² (wet bulb) -0.149*** 0.034 48.583 
 (0.056) (0.023) (30.167) 

N 10,106 10,194 12,141 

R² 0.71 0.65 0.54 

Adj R² 0.36 0.24 0.15 

Root MSE 14.45 5.78 11709.33 

Panel C    
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  (1) (2) (3) 

GDD (ambient temp) -0.420 -0.168 465.768 
 (0.575) (0.196) (303.703) 

N 10,106 10,194 12,141 

R² 0.71 0.65 0.54 

Adj R² 0.36 0.24 0.15 

Root MSE 14.47 5.78 11712.21 
    

Panel D    

GDD (ambient temp) 5.642* -1.621 -3374.490** 
 (3.352) (1.301) (1605.568) 

GDD² (ambient temp) -0.109* 0.026 69.881** 

 (0.059) (0.024) (29.654) 

N 10,106 10,194 12,141 

R² 0.71 0.65 0.54 

Adj R² 0.36 0.24 0.15 

Root MSE 14.46 5.78 11704.95 

Notes: GDD are calculated using daily min and max temperature. GDD are typically calculated using ambient temperature. We use the following formula: days below 10°C count as 
0 GDD; days between 10 and 30°C count as the temperature-10; days above 30°C count as 20 degree-days (as per North Dakota Agricultural Weather Network, n.d.). To calculate 
wet bulb GDD, we use the formula but set the lower bound as the mean wet bulb tmin when ambient tmin is 10°C (5°C) and the mean wet bulb tmax when ambient tmax is 30°C 
(23°C). GDD is rescaled such that 1 unit reflects 100 GDD. All models include household fixed effects and adjust for time-varying household variables, wind, and precipitation. 
Significance levels: * p < 0.1, ** p < 0.05, *** p < 0.01. 

D.2 Precipitation 

Table 14 reports findings using the absolute level of rainfall instead of rainfall deviations. Table 15 reports findings using rainfall deviations, using 

a fixed reference period. 
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Table 14: Effect of total precipitation on household food security 

  (1) (2) (3) 

  FCS rCSI Food exp 

Panel A    

Precipitation (actual) 0.068 0.004 110.678 
 (0.189) (0.070) (137.184) 

N 10,106 10,194 12,141 

R² 0.71 0.65 0.54 

Adj R² 0.36 0.24 0.15 

Root MSE 14.46 5.78 11707.37 

Panel B    

Precipitation (actual) 0.975** -0.223 627.723* 
 (0.491) (0.193) (321.200) 

Precipitation² (actual) -0.031** 0.008 -18.568* 
 (0.014) (0.006) (10.447) 

N 10,106 10,194 12,141 

R² 0.71 0.65 0.54 

Adj R² 0.36 0.24 0.15 

Root MSE 14.45 5.78 11703.45 

Panel C    

Prcp 0–10 pctile (abs) -4.416** 0.878 -1264.915 
 (1.816) (0.634) (1076.391) 

Prcp 10–20 pctile (abs) -2.664* 0.343 -901.333 
 (1.366) (0.425) (769.454) 

Prcp 80–90 pctile (abs) -1.254 -0.353 382.082 
 (1.033) (0.393) (647.021) 

Prcp 90–100 pctile (abs) 1.629 0.161 1538.312 
 (1.748) (0.662) (1188.367) 
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  (1) (2) (3) 

N 10,106 10,194 12,141 

R² 0.71 0.65 0.54 

Adj R² 0.37 0.24 0.15 

Root MSE 14.42 5.78 11704.38 

Notes: Precipitation variable is total rainfall during the growing season (rescaled to be in 100 mm). In Panel B, a squared term is included. In Panel C, precipitation percentiles are 
instead included (reflecting percentiles from the whole sample, rather than the local historical norm). All models include household fixed effects and adjust for time-varying 
household variables, wind, and temperature. Significance levels: * p < 0.1, ** p < 0.05, *** p < 0.01. 

Table 15: Effect of precipitation on household food security (alternate reference period) 

  (1) (2) (3) 

  FCS rCSI Food exp 

Prcp 0–10 pctile -5.213** -0.047 820.033 
 (2.314) (0.990) (1023.810) 

Prcp 10–20 pctile -0.582 0.086 -1066.542 
 (1.127) (0.427) (728.180) 

Prcp 80–90 pctile 0.582 -0.002 -460.147 
 (1.294) (0.484) (836.516) 

Prcp 90–100 pctile -1.040 0.068 382.256 
 (1.322) (0.459) (820.587) 

N 10,106 10,194 12,141 

R² 0.71 0.65 0.54 

Adj R² 0.36 0.24 0.15 

Root MSE 14.43 5.79 11703.97 

Notes: Precipitation coefficients reflect the effect of a season with a low/high rainfall relative to the local average in a fixed period (2000-2019). All models include household fixed 
effects and adjust for time-varying household variables, wind, and temperature. Significance levels: * p < 0.1, ** p < 0.05, *** p < 0.01. 


