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Abstract: People who live in rural areas in low-income countries not only live in poverty, they 

also have to deal with an extremely variable income. In the absence of a well-functioning 

credit market, these fluctuations can be costly for households. This study aims to provide 

knowledge to the cost of these fluctuations, more precisely the study aims to answer how 

transitory weather shocks in Kenya affect children´s cognitive ability. Where weather shocks 

are assumed to be aggregated shocks that temporarily change the productivity in districts. The 

result from the study shows that drought, which can be seen as a negative shock, decrease the 

cognitive ability of children 11 to 16. The effect is marginally significant at the 10 percent 

level. No significant effect on cognitive ability is found for children aged 6 to 10. The result 

for older children is robust to alternative specifications. The study does not show any 

conclusive evidence on different effects on how boys and girls are affected by droughts.  
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1. Introduction  
 

People who live in rural areas in low-income countries not only live in poverty, they also have 

to deal with an extremely variable income (Bardhan and Udry, 1999). This problem is 

especially large for people who work with agriculture where weather variation can lead to 

large fluctuations in farming yields. In the absence of a well-functioning credit market, these 

fluctuations can have large consequences for households. Earlier research has shown that 

transitory weather shocks affect children’s weights (see for example Tiwari, Jacoby and 

Skoufias, 2017) and schooling (see for example Jacob and Skoufias, 1997). Thus, households 

don’t seem to be able to protect themselves from transitory shocks.  

In the absence of a well-functioning credit market, it is possible that these temporary shocks 

could have long-lasting consequences. One potential concern is that temporary shocks could 

affect children´s cognitive ability. Cognitive ability is related to both an individual´s earning 

and economic growth (Hanushek, 2013). Thus, if households fail to protect themselves from 

temporary shocks this could have large costs. However, research about how temporary shocks 

affect children´s cognitive ability is still limited. This paper, therefore, aims to examine how 

well households are able to protect children's cognitive ability from temporary shocks. More 

precisely, the study aims to answer the question: How do transitory weather shocks in Kenya 

affect children´s cognitive ability? Where weather shocks can be seen as aggregate shocks 

that temporary change the productivity in districts. Cognitive ability is defined as the ability to 

perform on reading and mathematical tests. The study also aims to estimate the effect 

separately for younger and older children and separately by gender.   

The study contributes to the small literature on how temporary shocks in poor countries affect 

children´s cognitive ability. Shah and Steinberg (2017) examine how productivity shocks, 

proxied by rainfall shocks; affect children's cognitive ability in India. The result from the 

study shows that a positive productivity shock, increase cognitive ability early in life but 

decreases the cognitive ability for children aged 5 to 16. The authors explain this by that the 

productivity shock increases wages, which increases the opportunity cost for schooling. 

Björkman-Nyqvist (2013) uses variation in rainfall to study how income shocks affect girls 

and boys school enrollment and academic performance in Uganda where academic 

performance is measured as the result of tests in school. Since rainfall shocks could affect 

enrollment, the effect on academic performance includes both an effect from a changed 
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composition of children taking the test and an effect from changed resources. The result 

shows that when it is a cost to be enrolled in school a negative rainfall shock increases 

academic performance which the author explains by the fact that the lowest performing 

children are withdrawn from school and don’t take the test. However, when schooling is free 

of charge the result indicates that the effect from lost resources outweighs the effect from a 

changed composition for girls while no significant effect is found for boys. This paper 

contributes to the literature by examining the effect from temporary shocks on cognitive 

ability in Africa, but in contrast to Björkman-Nyqvist (2013), the study uses data where 

children are tested at home and thus both include children currently enrolled and not enrolled 

in school. Thus, the study provides a more reliable measure on how cognitive ability is 

affected since the result does not capture the effect from a changed composition of children 

taking the test. 

To study how productivity shocks, affect children´s cognitive ability the paper uses drought as 

a proxy for a negative productivity shock. Droughts are a good proxy for negative 

productivity shocks since droughts have shown to cause crop failure (World bank group, 

2016) and Kenya is highly dependent on agriculture (ICRISAT and Kenya, 2015). To 

construct a drought variable; rainfall data are used from CHRIPS 2.0, and in the main 

specification, droughts are defined as rainfall under the 30 percentiles of the district´s long-

run trend. Data on children´s cognitive ability are used from Uwezo where children aged 6 to 

16 get to answer English and Swahili reading tests and a mathematical test. 

The result of the study does not show any significant effect for the entire population of 

children. However, for children aged 11 to 16, droughts decrease cognitive ability and the 

effect for the joint test is marginally significant at the 10 percent level. The result for older 

children is robust to alternative specifications. No significant effect, on the joint test, is found 

for children aged 6 to 10. A possible explanation for this result is that older children are more 

productive and thus encounter a higher wage. Thus, if households need child labor to offset an 

income loss it is rational to use older children before younger children. However, one other 

possible explanation for the result is that younger children have not yet learned the skills 

needed for the test and thus will perform badly on the test regardless of a temporary negative 

shock or not. The result does not show any conclusive differences between how boys’ and 

girls’ cognitive abilities are affected. 
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When examining mechanisms why a drought decreases children´s cognitive ability the result 

shows that droughts significantly decreases the number of meals the households eat per day. 

This could indicate that the decrease in cognitive ability is driven by an imperfect credit 

market and the household´s inability to protect themselves from negative productivity shocks. 

However, the result also shows that other explanations could drive the result. A drought 

decreases feeding programs in schools which indicates that the government´s inability to 

smooth resources from temporary shock also could be an explanation for the result. Moreover, 

a drought decreases access to clean water. Safe drinking water has shown to be important to 

decrease diarrheal diseases (see for example Bhavnan et al., 2014). Hence, it is possible that 

droughts have a direct effect on the health of the children which could affect their 

performance on the test. Thus, even if the tested mechanisms indicate that the households are 

not able to protect themselves from temporary productivity shocks, the study cannot rule out 

that changed health and not changed productivity drives the result.  

The organization of this paper is as follows. In section 2 the background and the institutional 

setting is described. In section 3 a review of earlier research is presented. The theoretical 

framework is presented in section 4 and in section 5 the data is described. Section 6 presents 

the empirical method and section 7 the result. Section 8 discusses the possible mechanism 

while section 9 performs a sensitivity analysis. In section 10 a placebo test is performed and 

in section 11 other possible explanations are examined. Finally, section 12 presents 

conclusions and a discussion.   

2. Background and institutional setting  
 

In this section, the background and institutional setting are presented. First, agriculture in 

Kenya is described. This part explains why weather shock should be good proxies for 

productivity shocks. This is followed by a presentation of the education system in Kenya and 

the use of child labor. 

2.1 Agriculture  

Agriculture is an important source of income in Kenya, where 75 percent of the population is 

employed in agriculture (ICRISAT and Kenya, 2015). The performance of the agriculture 

sector is highly volatile (World bank group, 2016). One reason for this is that agriculture in 

Kenya is highly dependent on rainfall, and droughts have shown to decrease harvest. 
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However, while droughts are the main cause of agricultural volatilities one other problem is 

flooding. Thus, more rain is often good but too much rain can cause flooding which can 

decrease income. Since agriculture is an important income source in Kenya and droughts have 

shown to decrease harvest, droughts should be a good proxy for negative productivity shocks.  

2.2 Education and child labor  

Since 2003 primary education in Kenya is free of charge (Kenya national bureau of statistics, 

2012 a). In 2008 secondary education also became free of charge. The study is limited to the 

years 2011 to 2015, thus the children in this study should have access to free education. 

However, even if education is free of charge school enrollment is still associated with some 

costs. One cost for households is to provide school uniforms for children enrolled in school 

(Evans, Kremer and Ngata, 2008). There are still a substantial number of children that are not 

enrolled in school, in 2009 17.6 percent of the population above age 3 had never attended 

school (Kenya national bureau of statistics, 2012 a). It is also common to combine work and 

school (Moyi, 2011). Out of the children working around 60 percent were currently attending 

school, around 30 had never attended school and around 10 percent had dropped out (Kenya 

national bureau of statistics, 2012 b). Thus, being enrolled in school and working do not need 

to be mutually exclusive. Around 4,6 million children have been reported to work in Kenya 

(Kenya national bureau of statistics, 2012 b). Of those children 8, 5 percent are estimated to 

work for pay while 53 percent is estimated to work with the family’s agricultural holdings. 

Male child labor is more common in agricultural areas while female child labor is more 

common in urban areas. Older children are more likely to work compared to younger children 

(Moyi, 2011). Moyi argues that the reason is that older children are more developed and thus 

encounter higher wages.   

Children are supposed to start primary education at age 6 and finish primary education at age 

13 (Kenya national bureau of statistics, 2012 a). Primary education is followed by secondary 

education where the child is supposed to be enrolled between age 14 to 17. The children 

surveyed in the Uwezo data are between 6 to 16 years old, thus children are supposed to have 

started school. However, it is common that children do not follow the required ages for 

primary and secondary education both because they are enrolled later than required and 

because some children retake classes (Kenya national bureau of statistics, 2012 b). Figure 1 

below present the share of children that have never been enrolled in school at different ages.    
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               Figure 1: Never enrolled  

 
Data from Uwezo  

In figure 1 above we can see that even if the school starting age is 6 around 35 percent of the 

children are not enrolled in school at age 6. Between ages 6 and 8, the number of children not 

enrolled in school decreases rapidly. Thus, even if the official school enrollment age is 6 

many children seem to enroll in school later. 

3. Literature review 
 

Earlier research has discussed that in the absence of well-functioning credit markets 

temporary shocks may have negative consequences for children. This section will present 

literature about how temporary shocks in low-income countries affect children. A large part of 

the literature, in similarity with this study, uses exogenous weather events as proxies for 

income and productivity shocks. The section will focus on how temporary shocks affect 

children´s cognitive ability, education and nutrition. Furthermore, this section will present 

earlier literature about how nutrition affects cognitive ability.   

Shan and Steinberg (2017) examine how productive shocks affect children's human capital, 

measured as results in math and reading tests in India. To study this the author uses rainfall 

shocks as a proxy for productivity shocks. The result of the study shows that productivity 

shocks increase human capital when the child is in utero to age 2. However, when the child is 

between 5 and 16 a positive productivity shock decreases human capital. The authors explain 

this phenomenon by that positive productivity shocks increase wages and thereby the 
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opportunity cost for the school. This decreases schooling which in turn decreases children's 

cognitive abilities. In line with the reasoning, Shan and Steinberg (2017) also show that a 

positive productivity shock decreases school enrollment. The effect of shocks on school 

enrollment is also studied by Björkman-Nyqvist (2013) who uses variation in rainfall to study 

how income shocks affect children´s school enrollment in Uganda. The result shows that a 

negative rainfall shock decreases enrollment for older girls but no significant effect is found 

for boys or younger girls. The author argues that the result is driven by the fact that, in 

Uganda, older girls have a comparative advantage in home production since girls are seen as 

better substitutes for their mothers. Björkman-Nyqvist (2013) also studies how rainfall shocks 

affect academic performance. While this study uses data where children are tested at home, 

Björkman-Nyqvist uses test results from schools. The result therefore both captures the effects 

from changed resources and the selection effect that some children are withdrawn from school 

as a consequence of the shock and thus don’t take the test. When studying the results from the 

entire period no significant effect on test scores is found. However, when including the 

interaction between the reform that abolished user fees in schools and rainfall the main effect 

of rainfall becomes negative and significant for girls while the interactions term becomes 

positive and significant. For boys, the main effect of rainfall is negative while no significant 

effect is found on the interactions term. Björkman-Nyqvist (2013) interprets the results as 

when there is a cost for schooling the worst performing girls are withdrawn from school and 

thus don’t take the test, then the changed composition of children taking the test outweighs 

the effect from decreased resources. When, on the other hand, school is free of charge, 

marginal girls are also enrolled in school and the effect from decreased resources outweighs 

the effect from a changed composition of test takers.  

The effect of rainfall shocks on schooling enrollment has been examined by more authors. 

Jacob and Skoufias (1997) examine this in India. The authors hypothesize that if poor 

households don't have access to the credit market, they may rely upon child labor in case of an 

income shock, with the consequence that the child is withdrawn from school. To study this the 

authors, use that seasonal fluctuations in rainfall creates seasonal fluctuations in income. The 

results from the study indicate that households withdraw children from school as insurance for 

income fluctuations. There also exists evidence that weather changes affect education in 

Mongolia. Groppo and Kraehnert (2017) show that severe winters, which increased livestock 

mortality, decreased the probability to complete school. Moreover, the author finds that the 

effect was driven by individuals living in herding households. The author concludes that the 
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effect does not seem to be driven by that schools close or increased child labor but rather by 

decreased income. Jensen (2000) examines how weather shocks affect investment in health 

and schooling, as measured by school enrollment, short term nutrition status and use of 

medical services in C�̂�te d'Ivoire. The result of the study shows that adverse weather 

decreases school enrollment and increases malnutrition. By summarizing earlier research 

about aggregate income shocks Ferreira and Schady (2009) show that in rich countries, for 

example, the United States, health and education investment seems to be countercyclical, thus 

investment improves during a recession. In poor countries, for example in Africa and low-

income countries in Asia, the investment in education and health is on the other hand 

procyclical, where the authors claim that both school enrollment and nutrition fall during a 

recession. In middle-income countries, health outcomes are generally procyclical while 

education investment is generally countercyclical.   

How a rainfall shock affects educational investment does not only seem to depend on how 

well functioning the credit market is but also how well functioning the labor market is. Dumas 

(2018) argues that if there exists a labor market that can provide workers to households the 

household can hire labor instead of increasing the households own labor supply during a 

positive productivity shock, which in turn makes it less essential to withdraw children from 

school in favor of child labor. Dumas studies the role of credit and labor market imperfections 

in Tanzania and finds that child labor increases more during a positive rainfall shock in the 

absence of a well-functioning labor market.  

The studies presented above have shown that aggregated economic shocks seem to affect 

schooling. However, the sign of the effect differs. In some of the studies, a positive shock 

increases schooling while in others a positive shock decreases schooling. Since schooling is 

assumed to increase children's cognitive ability it is therefore possible that rainfall shocks will 

affect children's cognitive ability through this channel. 

One other category of research examines how transitory rainfall shocks affect children's 

nutrition status by studying how rainfall shocks affect children´s weight. One study that 

examines how transitory income shocks affects children’s weight and the role of the credit 

market is done by Foster (1995) who studies how households in Bangladesh can smooth 

children´s nutrition intake after a flooding. The result from the study shows that landowning 

households were able to smooth children´s nutrition in case of a transitory income shock. 

However, landless households seem to meet an imperfect credit market that prevents them to 
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smooth children’s nutrition intake effectively.  How transitory income shocks affect 

children’s nutrition is also studied by Tiwari, Jacoby and Skoufias (2017). The authors use 

transitory rainfall shocks as a proxy for income shocks. The result from the study shows that a 

past positive rainfall shock, which should increase income, increase children’s weight. The 

effect of transitory income shocks on weight is also studied by Bengtsson (2010) who studies 

this in Tanzania. Similar to the study by Tiwari, Jacoby and Skoufias (2017) Bengtsson uses 

the fact that rainfall shocks affect transitory income. But in contrast to the studies above, 

Bengtsson doesn't only estimate the reduced form, instead, he uses rainfall as an instrument 

for income. The result from the study shows that a positive income shock increases children’s 

weight and that the effect is more pronounced for girls than for boys.   

The fact that rainfall shocks seem to impact children’s nutrition status could have an impact 

on cognitive ability since research has shown that nutrition appears to affect cognitive ability. 

Field, Robles and Torero (2009) show that supplemented iodine for pregnant women in 

Tanzania later increases the school attainment for the child. The authors don’t find any effect 

from the supplement on the health status of the child or school days lost to illness. From this, 

the authors conclude that the longer school attainment seems to be driven by increased 

cognitive ability. Thus, nutrition while in utero appears to affect cognitive ability. However, 

in a replication of the study done by Bengtsson, Sävje and Swartling Person (2018) the 

authors show that the result is sensitive to alternative specification and sample restrictions. 

The authors argue that the data available do not provide sufficient power to confirm any 

possible effects. The effect of nutrition on human capital is also studied by Mendez and Adair 

(1999), who explore how malnutrition in early childhood affects human capital for children in 

the Philippines. The authors do this by studying the relationship between stunting in the first 2 

years of life, which could be a sign of malnutrition, and cognitive ability at age 8 and 11. The 

result from the study indicates that stunting in the first two years of life decreases cognitive 

ability. Thus, since the research in this section has shown that rainfall shocks appear to affect 

children’s nutrition intake and nutrition appears important for children's cognitive ability this 

is another channel through which rainfall shocks could affect children's cognitive ability. 
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4. Theoretical framework  
 

In this section, the theoretical framework is described. First a theoretical model of how 

transitory productivity shocks affects children’s cognitive ability is presented. This is 

followed by a model where children are allowed to have different productivities.  

4.1 Transitory productivity shocks and cognitive ability  
In this paper, we consider a model where households utility is assumed to depend on 

consumption, leisure and on children’s cognitive ability. The model is inspired by Bardhan 

and Udry´s (1999) agricultural household model. For simplicity, the household is assumed to 

consist of one child and one adult. The household´s utility problem is to maximize the 

following utility function:  

𝑀𝑎𝑥 𝑈(𝑐𝐴, 𝑐𝐶 , 𝑙𝐴, 𝑙𝑐, 𝐻(𝑆𝐶 , 𝑐𝑐)                (1) 

Where 𝑐𝐴 is the adult`s consumption and 𝑐𝐶 is the child´s consumption, 𝑙𝐴is the adult´s leisure 

and 𝑙𝑐 is the child´s leisure. Higher consumption and leisure are both assumed to increase 

utility. Consumption and leisure both give utility directly but are also used as inputs into the 

child´s cognitive ability, 𝐻. Higher cognitive ability is also assumed to increase utility. Lower 

consumption of food is assumed to result in a lower weight. A lower weight is seen as a sign 

of malnutrition and is assumed to decrease cognitive ability (see for example Mendez and 

Adair, 1999). For simplicity, we assume that the child spends the leisure time on education 

(𝑙𝑐 = 𝑆𝑐).  More education is assumed to increase the child´s cognitive ability. The utility 

function is maximized subject to the budget constraint:  

𝑝(𝑐𝐴 + 𝑐𝑐) + 𝑤𝐴𝑙𝐴 + 𝑤𝐶𝑙𝐶 + 𝑟𝑎 ≤ 𝜋∗(𝑤, 𝑑) + 𝑤𝐴𝑇𝐴 + 𝑤𝐶𝑇𝐶     (2) 

𝑇𝐴 = 𝑙𝐴 + 𝐿𝐴
𝑚 + 𝐿𝐴

𝑓
   (3) 

𝑇𝑐 = 𝑙𝑐 + 𝐿𝑐
𝑚 + 𝐿𝑐

𝑓
  (4) 

Where p is the price of food 𝑤𝐴 is the wage rates for adults and 𝑤𝐶 is the wage rate for 

children, r is the rent and a is financial assets, 𝜋∗is the profit from farm production, 𝑑 is an 

exogenous negative productivity shock and 𝑇 is the total time endowment. The total time can 

be spent on leisure (𝑙) market work (𝐿𝑚) and work on the own farm (𝐿𝑓) where leisure time 
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for children is assumed to be spent on education (𝑙𝑐 = 𝑆𝑐). We further assume that the labor 

market is complete and the household can hire adult labor (𝐿𝐴
ℎ ) to the wage rate 𝑤𝐴 and child 

labor (𝐿𝐶
ℎ ) to the wage rate 𝑤𝑐. If the labor market is complete the household’s production 

decision is separable from the household's consumption decision (Bardhan and Udry, 1999). 

When markets are complete, the production decision depends only on prices, in the first step 

the household chooses labor to maximize profit. 

Where 𝜋∗(𝑤, 𝑑) = 𝑀𝑎𝑥

𝐿
𝑓(𝐿𝐴

𝑓
+ 𝐿𝑐

𝑓
+ 𝐿𝐴

ℎ + 𝐿𝐶
ℎ , 𝑑) − 𝑤𝐴(𝐿𝐴

𝑓
+ 𝐿𝐴

ℎ) − 𝑤𝑐(𝐿𝑐
𝑓

+ 𝐿𝑐
ℎ) 

                                 
                                      

However, the consumption decision depends on the profits from the first step. In this study, 

we are interested in how a negative productivity shock affects the child´s cognitive ability. A 

negative productivity shock, in this case in the form of a drought 𝑑, results in a decrease of 

harvest and thus a decrease in profits. In the budget constraint in equation 2, we can see that 

this result in a decrease in the right-hand side of the equation. How the child´s cognitive 

ability is affected by this decrease in profits depends on if the household has access to a well-

functioning credit market or not. If the household has access to a well-functioning credit 

market the household can choose to decrease consumption, decrease leisure or decrease 

financial assets. Households that don't have any financial assets can take a loan and thus have 

negative financial assets. According to the consumption smoothing theory, individuals are 

assumed to smooth consumption if the marginal utility of consumption is diminishing and the 

discount factor and the interest rate is relatively low (Romer, 2012). The implication for this 

is; if households have access to a well-functioning credit market, they can borrow in case of a 

negative productivity shock and they can smooth the consumption of food and education. 

Thus, a negative productive shock should not affect cognitive ability. However, if the 

household doesn't have access to a credit market or financial assets; a productivity shock will 

force the household to decrease consumption and or leisure.  

However, in this setting, the household meets an aggregate negative productivity shock. An 

aggregate economic shock has both an income and one substitution effect (Ferreira and 

Schady, 2009). The income effect comes from the decreased resources described above and in 

the absence of a well-functioning credit market, the income effect works to decrease 

education and food consumption. The substitution effect comes from changed prices and 

wages, caused by aggregated shock. A negative productivity shock decreases the harvest and 
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thus the demand for agricultural workers. This should decrease wages which makes it less 

profitable to work today. This effect works to decrease work hours and thus increases leisure. 

Since leisure can be spent on education for children this effect works to increase education. 

The decrease in harvest could also affect the price of food. A negative productivity shock 

decreases the supply of food which should work to increase prices. Thus, if households are 

not able to borrow, the theoretical prediction is that consumption of food should decrease 

while the theoretical prediction on education is ambiguous. On one hand, the decreased 

resources work to decrease leisure and consequently education while the decreased wages 

decrease the opportunity cost for schooling and work to increase education. The effect of the 

productivity shock on the child’s cognitive ability depends on the combined effect of nutrition 

and education and is thus theoretically ambiguous.  

4.2 Different productivities  
In the setting described above, we have assumed that all children have the same productivity. 

However, it is possible that productivity differs between children. It is reasonable that older 

children have higher productivity than younger children (see for example Moyi, 2011). To 

study the implications from different productivities we further simplify the theoretical 

framework and disregard that consumption between family members differ so consumption is 

equal to 𝑐. We further assume that parents don't care about their own leisure and that the 

child´s leisure is equal to education. For simplicity, we assume that the household cares about 

the child´s education directly instead of as an input into the child´s cognitive ability. The 

utility function than becomes 𝑈(𝑐, 𝑆𝑐). Where 𝑐 is the consumption of the household and 𝑆𝑐 is 

the child´s education.  

The consumption equals 𝑐 = (24 − 𝑆𝑐)𝜗(𝑑) + 𝐿𝐴
̅̅ ̅𝑤(𝑑) where 𝑐 is consumption,  (24 − 𝑆𝑐) is 

the time spent on work for the child, 𝜗 describes the productivity of the child and depends on 

the productivity shock 𝑑, and 𝐿𝐴
̅̅ ̅ is the adult labor, and w is the wage rate for the adult which 

depends on the exogenous productivity shock 𝑑. In the equation, we can see that the tradeoff 

between consumption of the household and education of the child depends on the productivity 

of the child. If the child has high productivity the household has to abstain from a high level 

of consumption to send the child to school. On the other hand, if the child has low 

productivity the household does not have to sacrifice a large amount of consumption to send 

the child to school. In the extreme case when the productivity of the child is zero the 

consumption of the household does not depend on the education of the child. Thus, there is no 
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trade-off between sending the child to school and consumption. The implication of this is; if 

the productivity for young children is zero, a productivity shock that decreases the income 

from the adult, should not affect the schooling of younger children. If young children have 

zero productivity they do not contribute to consumption. Consequently, there is no point to 

withdraw these children from school in favor of child labor in response to a negative 

productivity shock. 1 If younger children have zero productivity a negative productivity shock 

thus only affects younger children´s cognitive ability trough decreased consumption. 

Meanwhile, older children may be affected by both decreased consumption and decreased 

education. Thus, if this is the case, older children´s cognitive ability should be more affected 

by a productivity shock since they could be used as child labor to offset the shock. 

It is also possible that a productivity shock has a different effect depending on the gender of 

the child. Björkman-Nyqvist (2013) argues that in Uganda; girls are seen as more capable of 

taking care of younger siblings and therefore are assumed to have higher productivity. If this 

is the case in Kenya as well, a productivity shock may affect girls more than boys since 

households see the productivity (𝜗) of girls as higher than the productivity of boys. However, 

since boys are more likely than girls to work in agricultural areas in Kenya (see Kenya 

national bureau of statistics, 2012b) it is also possible that boys are seen as more productive. 

Accordingly, the theory cannot conclude if the effect on cognitive ability will differ between 

boys and girls. Thus, this needs to be investigated empirically.  

5. Data  
 

This study uses data from Uwezo. Uwezo is a program of Twaweza East Africa and since the 

year 2009 Uwezo has conducted annual surveys in Kenya, Tanzania and Uganda (Uwezo, 

2017 a). The survey draws a random sample of households yearly where children aged 6 to16 

get to answer reading and mathematical tests. The period in this study has been limited to the 

years 2011 to 2015. The reason for not including the first survey round is that only a few 

districts were surveyed and the first survey round was conducted both in 2009 and 2010. In 

2011 123 districts were included, where the districts were drawn by a random sample 

                                                           
1 This reasoning is based on the assumption that education is free of charge. If it is a fee for being enrolled in 

school a negative productivity shock, which decreases income, could work to decrease education even if the 

child has zero productivity. Since education is free of charge in Kenya under the studied sample period this 

should be satisfied.  
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(Uwezo, 2017 b). From 2012 all districts were included with the expectation for some districts 

that were excluded because of security concerns.2 

The dependent variable of interest is children’s cognitive ability. One advantage of the data is 

that the survey tests children´s cognitive ability instead of just asking questions about it. This 

makes the measure more reliable since it’s likely that self-reported cognitive ability has a lot 

of measurement error. The main disadvantage with the data is that it is survey data and thus 

children cannot be forced to take the test. Thus, as usual with survey data, the data include 

missing values. However, even if the survey data is not optimal it is preferable over data from 

test results in school in this setting. The reason for this is that the test from Uwezo is done at 

home and thus includes children currently enrolled and not enrolled in school. This is 

advantageous since drought might affect the composition of children enrolled in school.    

Cognitive ability is measured as performance on an English reading test, a Swahili reading a 

test and a mathematical test. The regression will be estimated separately for the three different 

tests with the result on the test as the dependent variable. To study the combined effect on 

cognitive ability; a joint test of the three outcomes is also conducted. The test answers are 

available as categorical answers. The reading test is available with the possible answers non-

reader (1), recognize letters (2), recognize words (3), can read a paragraph (4) and can read a 

story (5). Children who succeed to read the story were also given questions about the story, 

which will be included as a part of the reading variable. Thus, the reading variable can also 

take the values to answer one question correctly (6) and answer two questions correctly (7). 

The answer on the mathematical test can take the following values; non-numerate (1), 

counting (2), recognize numbers (3), ranking which number that is greater (4), addition (5), 

subtraction (6), multiplication (7) and division (8).   

The regressions include some background variables to increase precision. The variables 

included are the child´s age and gender, the mother´s age, the mother´s education, the gender 

of the household's head and home language. The mother's education is available as a dummy, 

which takes the values no education or some education. In the year 2015, the home language 

variable is available as a categorical variable with the categories English, Swahili and local 

language. In the other years, the home language variable is available as a text variable with 

the raw answers. The answers for the other years have been coded into the same categories as 

                                                           
2 In 2012 155 districts were surveyed, in 2013 155 districts, in 2014 154 districts and 2015 153 districts were 

surveyed (Uwezo, 2017 b). 
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used in 2015. If a child report to have a local language and English or Swahili as the home 

language this has been coded as English or Swahili. Households who report having English 

and Swahili as home language have been coded as a separate category. Thus, the home 

language has been coded into the category’s Swahili, English, Local language or Swahili and 

English. The background variables have been chosen since they are assumed to affect 

cognitive ability. Moreover, they are reasonable predetermined and should thus not be 

affected by drought.   

Two variables from the school data are also included in the analysis. Uwezo surveyed a 

government primary school in every village. Thus, the school information is at the village 

level. The included variables are if the school has a feeding program. The answer is available 

as a dummy that either can take the value yes or no. The other variable included from the 

school data is how many teachers that were present in the school on the day of the visit. 

Some of the control variables have some missing values. To not reduce the sample size the 

missing values have been imputed with other values. Separate dummies for missing values in 

every control variable have been constructed and are included in the regressions.  

The data from Uwezo is merged with rainfall data from CHIRPS 2.0. To be able to merge the 

data with the Uwezo data we need the rainfall data on the district level. To collect the rain 

data on the district level the study follows Bietenbeck, Ericsson and Wamalwa (2017) and 

connects the weather data to GIS census boundary files for district borders 2009 and compute 

summary statistics for rain on the district level. The boundary files are obtained from IPUMS 

international.3 Low rain has shown to decrease harvest (ICRISAT and Kenya, 2015) and 

droughts are therefore used as negative productivity shocks. In the main analysis, drought is 

constructed as a dummy variable that takes the value one, if the annual rainfall is below the 30 

percentiles of the district rainfall for the years 1981 to 2015 and zero otherwise. In all 

regression, the weather the year before is used. The reason to use the weather the year before 

is that the effect from a weather shock on income is not immediate, the effect comes first after 

the harvest (see for example Tiwari, Jacoby and Skoufias, 2017). Chemim, Laat and 

Haushofer (2013) for example show that past annual rainfall has an effect on agricultural 

income in Kenya. In a sensitivity analysis, the productivity shock is also constructed as a 

continuous variable. The definition of rain as a continuous variable follow Björkman-Nyqvist 

                                                           
3 The boundary files are available here: https://international.ipums.org/international/gis_yrspecific_2nd.shtml 

https://international.ipums.org/international/gis_yrspecific_2nd.shtml
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(2013) and the variable is constructed as the natural logarithm of rain minus the natural 

logarithm of the district long-run mean of rain. To construct the long run mean per district the 

years 1981 to 2015 are used. Also, in this definition; the rain the year before is used. In this 

definition, rain over the mean is assumed to be a positive productivity shock since more rain 

is assumed to increase harvest and rain under the mean is assumed to be negative productivity 

shock.  

5.1 Descriptive statistic   
In the tables below; summary statistics over the test answers on the mathematical, English and 

Swahili tests are presented for the children in the survey. In table 1 summary statistics are 

presented separately for older and younger children and in table 2 the summary statistics are 

presented separated by gender. 

Table 1: Summary statistics by age 

Children aged 6 to 10 

Test Number of observations Mean Standard deviation Min Max 

Mathematical 311,696     4.74     2.43            1 8 

Swahili 313,408     3.48    2.00            1 7 

English  306,467     3.59     2.12           1 7 

Children aged 11 to 16 

Test Number of observations Mean Standard deviation Min Max 

Mathematical 304,390     7.02    1.66            1 8 

Swahili 296,594     5.88      1.85            1 7 

English  293,866     6.00       1.80          1 7 

 

In table 1 above the mean and standard deviation for the tests are shown; the mean result for 

all three tests is lower for the younger children compared to older children. This is reasonable 

since younger and older children take the same test and older children on average should have 

learned more and thus score higher on the tests. The standard deviation is higher for younger 

children on all three tests. 
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Table 2: Summary statistics by gender  

Males 

Test Number of observations Mean Standard deviation Min Max 

Mathematical 314,316     5.82      2.40                  1 8 

Swahili 311,518      4.57  2.27             1 7 

English  306,461     4.69      2.32                1 7 

Females 

Test Number of observations Mean Standard deviation Min Max 

Mathematical 301,770     5.93    2.36                           1 8 

Swahili 298,484     4.73        2.25            1 7 

English  293,872     4.86    2.29                        1 7 

 

In table 2 above, it is shown that the mean result for boys and girls is relatively similar. 

However, the result is somewhat higher for girls on all three tests. Thus, from the summary 

statistic, we cannot see any evidence of favorable treatment of boys.     

6. Empirical method  
 

The purpose of this paper is to study how transitory negative productivity shocks affect 

children's cognitive ability. A potential concern between studying the effect of productivity 

shocks and cognitive ability is that it may exist omitted variables affecting both children´s 

cognitive ability and productivity. Moreover, it is possible with reverse causality. It is likely 

that districts that have a higher level of cognitive ability also becomes more productive. To 

overcome this problem a plausible exogenous weather shock is used as a proxy for a negative 

productive shock. More precisely a drought is used as a proxy for a negative productivity 

shock.  

The regressions include district fixed effects to account for the difference between districts 

that are constant over time. It is possible that drought is correlated with the error term because 

drought may become more or less common over time, for example, because of environmental 

changes, in the same time as cognitive ability may change over time. To account for this 

change over time year fixed effects are included in the regressions.  
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Thus, the regression only uses within district variation in cognitive ability. The identifying 

assumption for a causal interpretation of the effect from a drought on cognitive ability is that 

it doesn't exist any variables that change differently over time for different districts that are 

correlated with cognitive ability and droughts. The main regression used is:  

𝐻𝑖𝑑𝑡 = 𝛼 + 𝛽𝐷𝑑𝑡−1 + 𝜋𝑑 + 𝛾𝑡 + 𝛿𝑖𝑡 + 휀𝑖𝑑𝑡 

Where 𝐻𝑖𝑑𝑡 is cognitive ability for child i, in district d in time period t. 𝐷 is the drought shock 

in period t minus one. 𝜋𝑑 are district fixed effects and 𝛾𝑡 is time fixed effects, 𝛿𝑖𝑡 4 are 

background characteristics included to increase prevision and 휀𝑖𝑑𝑡 is the error term. Drought is 

used year t minus one since the effect from a weather shock is not immediate, the effect 

comes first after the harvest, and earlier research has shown that higher annual rainfall the 

year before increases agricultural income in Kenya (see for example Chemin, M., de Laat, J., 

& Haushofer, J., 2013) Since the dependent variable is an ordinal categorical variable result 

from an ordered logistic regression will also be presented. 5  

To test the joint effect of the three different tests the mean standardized treatment effect is 

used. When the different outcomes are correlated, the mean standardized treatment effect is 

preferable to a joint F-test since it has more power since it except all effects to go in the same 

direction (Duflo, Glennerster and Kremer, 2007).  6 

7. Result 
 

In this section, the result of how droughts affect children´s cognitive ability is presented. First, 

the result is presented for the entire population of children. The result is then presented 

separately for older and younger children, and finally separately by gender.  

                                                           
4 The variables included, are the child´s age and gender, the mother´s age, the mother´s education, the gender of 

the household's head and home language. 
5 When estimating the ordered logistic regression the regression is described by the following equation: 

[𝐻𝑖𝑑𝑡 ≥ 𝑗|𝛽𝐷�̂�𝑑𝑡−1 + 𝜋𝑑 + 𝛾𝑡+𝛿𝑖𝑡] =
1

1+𝑒
−(𝛼𝑗+𝛽𝑅�̂�𝑑𝑡−1+𝜋𝑑+𝛾𝑡+𝛿𝑖𝑡)

 .   J is the level of the outcome variable. That is 

j goes from 1-7 when the reading variables are used as an outcome and 1- 8 for the mathematical test. 
6 The test is conducted by running seemingly unrelated regressions for the three test scores (Duflo, Glennerster 

and Kremer, 2007). The mean standardized treatment effect is then given by �̃� =
1

𝐾
∑

𝜋�̂�

𝜎�̂�

𝐾
𝑘=1 . Where �̂�𝑘 and �̂�𝑘 is 

the point estimate and standard error for the respective test score.  
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7.1 Main result  
 

Table 3:  Effects of drought on cognitive ability 

 (1) (2) (3) Joint significance  

VARIABLES Math Swahili English            Test 

Drought previous year -0.0493 -0.0377 -0.0263         p-value: 

 (0.0427) (0.0368) (0.0363)          0.3155 

Observations 616,086 600,333 610,002  

Districts 158 158 158  

R-squared 0.376 0.401 0.412  

District fixed Effects Yes Yes Yes  

Time fixed Effects Yes Yes Yes  

The answers on the math test range from 1 to 8 and the answers for the reading tests range 

from 1 to 7. The child’s age, gender the mother's education level, the mother´s age, the gender 

of the household head and home language are included as controls in all regressions. Standard 

errors, clustered at the district, level in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 

 

In table 3 above the main result is presented. As shown in the table the coefficients on all tests 

are negative. Thus, the coefficients have the opposite sign compared to the effect found by 

Shan and Steinberg (2017) in India. However, none of the tests are statistically distinguishable 

from zero and a joint significance test cannot reject that it is no effect on the conventional 

levels. A 95% confidence interval for math range between -0.134 and 0.035 points, a 95% 

confidence interval for Swahili range between -0.11 and 0.03 and for English between -0.10 

and 0.05. Since drought is defined as rain under the 30 percentiles of the district´s longtime 

trend this study uses a relatively common definition of drought, 3 out of 10 years are drought 

years. Thus, most children will experience a drought during their childhood. In the lower end 

of the confidence interval, a drought year is estimated to decrease test scores with 2.3 percent 

in math, 2.4 percent in Swahili and 2 percent in English (from changes in the mean). Since the 

drought used in this study is a common shock relatively large negative effects cannot be 

excluded.   

 

7.2 Heterogeneity analysis  
Earlier research has shown that boys and girls are often affected differently from transitory 

shocks. For example, Bengtsson (2010) shows that that girls' weight is more sensitive to 

transitory income shocks than boys and Björkman-Nyqvist (2013) shows that girls´ school 

enrollment was affected by transitory shocks while no significant effect was found for boys` 

school enrollment. It is also possible that the effect differs for older and younger children. The 

reason for this is that it is likely that older children have higher productivity, thus if child 
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labor is needed it is reasonable that older children are forced to work to a higher degree 

compared to younger children (see for example Moyi, 2011). Therefore, this study estimates 

the effect from a negative productivity shock separately for boys and girls and for children 

above and below the median age in the sample which is 10 years old.   

7.2.1 Heterogeneity analysis by age 

 

Table 4:  Effects of drought on cognitive ability, separately for older and younger children  

Children aged 6 to10 

 (1) (2) (3) Joint significance test 

VARIABLES Math Swahili English  

Drought previous year -0.0557 -0.0328 -0.0123 p-value: 

 (0.0547) (0.0452) (0.0432) 0.4860 

Observations 311,696 306,467 313,408  

Districts  158 158 158  

R-squared 0.283 0.257 0.263  

District fixed Effects Yes Yes Yes  

Time fixed Effects Yes Yes Yes  

Children aged 11 to 16 

 (1) (2) (3) Joint significance test 

VARIABLES Math Swahili English  

Drought previous year -0.0654* -0.0598* -0.0563 p-value: 

 (0.0376) (0.0340) (0.0351) 0.0705  

Observations 304,390 293,866 296,594  

Districts  158 158 158  

R-squared 0.164 0.129 0.138  

District fixed Effects Yes Yes Yes  

Time fixed Effects Yes Yes Yes  

The answers on the math test range from 1 to 8 and the answers for the reading tests range 

from 1 to 7. The child’s age and gender, the mother's education level, the mother´s age, the 

gender of the household head and home language are included in all regressions. Standard 

errors, clustered at the district level, in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 

 

In table 4 above the result are presented separately for children aged 6 to 10 and children aged 

11 to 16. The coefficients are negative for both younger and older children. However, while 

the effect is insignificant for younger children the joint significance test is marginally 

significant for older children at the 10 percent significance level. The point estimates are 

larger for older children compared to younger children on all three tests. This could indicate 

that older children are more affected since they have higher productivity and therefore are 

better to use if the household needs more labor. However, the estimated effect on the 

cognitive ability for younger and older children are not statistically different from each other 

at the conventional levels. Furthermore, a 95% confidence interval for younger children 
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includes sufficient large decreases in test scores. Thus, we cannot conclude that younger 

children are not affected. The result for older children is in a different direction as the result 

found in India by Shan and Steinberg (2017). Thus, in this setting, the negative effect of lost 

resources seems to outweigh the effect from a changed opportunity cost for schooling due to 

changed wages. 

According to the point estimate, a drought is estimated to decrease math scores with around 

0.9 percent, Swahili test scores with around 1,2 percent and English test scores with around 

1,0 percent (from changes in the mean for older children). Since the drought used in this 

setting is a common shock this is a relatively large effect. Compared to the point estimate 

found by Shan and Steinberg the effect of the estimate in Kenya in somewhat larger. Shan and 

Steinberg (2017) found that compared to a year with no shock children aged 11-16 tested 

during a drought year scored around 0,76 percent higher in the mathematical test and 0,7 

percent higher on the reading test. Since this study used a more common shock than the shock 

used by Shan and Steinberg´s (in their study Shan and Steinberg define a positive shock as 

rain above the 80 percentile and a negative shock as rain below the 20 percentile, while this 

study only make us of drought and a shock is defined as rain under the 30 percentile7) the 

effect from a productivity shock for older children seems to be somewhat larger in Kenya 

compared to India.   

However, even if the effect is somewhat larger compared to India and economically important 

the effect is not massive. If we, for example, compare the effect for children aged 11 to 16 

with going to preschool the effect is substantially smaller. By using the same dataset as used 

in this study Bietenbeck, Ericsson and Wamalwa (2017) find that in Kenya going to preschool 

increases test scores with 0,12 standard deviations. Expressed in standard deviation the 

drought is estimated to increase math scores with 0,028 standard deviations, the Swahili test 

with 0,026 standard deviations and the English test with 0,025 standard deviations. Thus, the 

size of the effect from a drought seems to be a little smaller than a quarter of the effect of 

going to preschool. 

                                                           
7 The reason to not use the same definition in this study as Shan and Steinberg (2017) is that Shan and Steinberg 

assume that rain above the 80 percentile is a positive shock. While more rain in Kenya often can be seen as a 

positive shock to much rain can lead to flooding (see World bank group, 2016). Thus, more rain in Kenya 

sometimes is a positive shock and sometimes a negative shock. Hence, this study only makes use of drought. 

However, since this study only makes use of negative shocks and not positive this decreases the variation. To 

increase the variation, the study, therefore, makes use of a somewhat more common shock compared to Shan and 

Steinberg.  
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7.2.2 Heterogeneity analysis by gender  

Björkman-Nyqvist (2013) finds that the academic performance for older girls is more affected 

by shocks than the academic performance for older boys which she argues is driven by the 

fact that older girls are seen as better substitutes for their mother´s in Uganda. To study if this 

is the case in Kenya as well, a heterogeneity analysis, estimated separately by gender for 

children aged 11 to 16, is presented in the table below. 8 

Table 5: Heterogeneity analysis by gender 

Male children aged 11 to 16 

 (1) (2) (3)  

VARIABLES Math Swahili English Joint significance test 

Drought previous year -0.0763* -0.0611 -0.0494 p-value: 

 (0.0393) (0.0393) (0.0386) 0.0853 

Observations 156,543 151,242 152,648  

Districts 158 158 158  

R-squared 0.153 0.120 0.129  

District fixed Effects Yes Yes Yes  

Time fixed Effects Yes Yes Yes  

Female children aged 11 to 16 

 (1) (2) (3)  

VARIABLES Math Swahili English Joint significance test 

Drought previous year -0.0563 -0.0621* -0.0673* p-value: 

 (0.0397) (0.0348) (0.0383) 0.0820 

Observations 147,847 142,624 143,946  

Districts  158 158 158  

R-squared 0.180 0.142 0.151  

District fixed Effects Yes Yes Yes  

Time fixed Effects Yes Yes Yes  

The answers on the math test range from 1 to 8 and the answers for the reading tests range 

from 1 to 7. The child age, the mother's education level, the mother`s age, the gender of the 

household head and home language are included in all regressions. Standard errors, clustered 

at the district level, in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 

 

In table 5 we can see that while the coefficient for the math test is larger for boys the 

coefficient on the Swahili and English tests are larger for girls. However, the test results for 

boys and girls are not statically different. The joint test is marginally significant at the 10 

percent level both for boys and girls. Thus, in contrast to Björkman-Nyqvist, this study does 

not show any evidence that girls´ cognitive ability is more affected by a shock than boys’ 

cognitive ability. The result could have different explanations. One possible explanation is 

                                                           
8 A heterogeneity analysis by gender has also been done for the entire age group of children. The joint test on 

cognitive ability does not show any statistically significant effect for any gender when estimated for the entire 

sample. The results are available in Appendix A1.    
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that the result is from different countries. It is possible that girls are seen as having higher 

productivity than boys in Uganda, and therefore are better to use for child labor, while this 

may not be the case in Kenya. Another possible explanation for the result is that the studies 

examine the effect for different composition of children. While Björkman-Nyqvist studies the 

effect for children who attend school the data in this study includes both children enrolled and 

children never enrolled in school. To see if this is the explanation for the different result this 

study examines how the result changes when children never enrolled in schools are excluded. 

When children who are never enrolled in school are excluded the joint significance test for 

girls becomes significant ant the 5 percent significance level and the joint test for boys 

becomes significant at the 10 percent level (Result available in appendix A2). In similarity 

with the main specification, the point estimate for the math test is larger for boys while the 

estimates on the reading tests are larger for girls. However, none of the coefficients are 

statistically different from each other. Thus, the study cannot conclude that it exists 

differences between how girls and boys are affected by drought with this sample restriction 

either. Finally, another possible explanation for the different results is that the studies were 

conducted at a different time. While Björkman-Nyqvist (2013) uses data from the period 1989 

to 2002 this study uses data from the years 2011 to 2015. Thus, one other possible explanation 

for why this study, in contrast to Björkman-Nyqvist, doesn´t find evidence of girls ‘cognitive 

ability being more affected by weather shock than boys are that gender difference may have 

decreased over time.  

8. Mechanism 
 

8.1 School enrollment and nutrition  
In the theoretical framework, we assumed that productivity shock affects cognitive ability by 

affecting children´s education and nutrition. This section, therefore, presents results for how 

droughts affect children's education and nutrition. As a proxy for children´s education school 

enrollment is used. Nutrition is proxied by the number of meals eaten per day. Where more 

meals per day are assumed to be a sign of higher nutrition. 
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Table 6: Effects of drought on school enrollment and nutrition 

 (1) (2) 

VARIABLES School enrollment Meals per day 

Drought previous year -0.00791 -0.0408*** 

 (0.00634) (0.0146) 

Observations 666,416 654,272 

Districts  158 158 

R-squared 0.118 0.244 

District fixed Effects Yes Yes 

Time fixed Effects Yes Yes 

The child’s age, gender, the mother's education level, the mother`s age, the gender of the 

household head and home language are included as controls in all regressions. Standard 

errors, clustered at the district level, in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 

 

In table 6 above we can see that droughts decrease the number of meals per day. The effect is 

significant at the one percent significance level. The result indicates that households are not 

able to protect themselves from temporary productivity shock. The coefficient on school 

enrollment is negative but not statistically significant. One potential explanation for why the 

effect of school enrollment is not statistically significant is that the different direction of the 

effect of lost resources and the decreased opportunity cost for schooling. However, a 95% 

confidence interval for school enrollment includes values between -0,020 and 0,005. Thus, in 

the lower end of the coefficient interval, the probability of being enrolled in school is 

estimated to decrease with around 2 percent. Since the drought used in this study is a common 

shock relatively large effects cannot be excluded. It is also possible that drought affects how 

much children attend school. It may be the case that children are still enrolled in school but 

attend school less often during a drought because of work which also could affect children´s 

cognitive ability.   

 

8.2 School enrollment separately by age  
The result showed a negative and marginally significant decrease in cognitive ability for older 

children while no significant effect was found for younger children. From the theoretical 

predictions, this could be explained by the fact that older children have higher productivity 

compared to younger children. If this is the case it could be expected that the enrollment for 

older children is more affected than the enrollment for younger children. To test if this is the 

case results for how enrollment is affected by droughts is presented separately for older and 

younger children.    
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Table 7: School enrollment separately estimated for younger and older children  

 (1) (2) 

VARIABLES Children aged 6 to 10 Children aged 11 to 16 

Drought previous year -0.00986 -0.00871 

 (0.00841) (0.00595) 

Observations 343,500 322,916 

Districts  158 158 

R-squared 0.149 0.135 

District fixed Effects Yes Yes 

Time fixed Effects Yes Yes 

The child’s age and gender, the mother's education level, the mother`s age, the gender of the 

household head and home language are included as controls in all regressions. Standard 

errors, clustered at the district level, in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 

 

In table 7 above we can see that the effect is not statistically significant for older or younger 

children. Thus, the result does not support the hypothesis that the effect is driven by higher 

productivity for older children compared to younger children. However, we cannot exclude 

that the enrollment for older children is affected. It is also possible that older children´s test 

result is more affected because they work, which may decrease the time spent on education, 

while they still are enrolled in school. 

 

However, an alternative explanation for why the result for older children are marginally  

statistically significant while no significant effect is found for younger children is that a large 

proportion of the young children have not yet learned the skills needed for the test and thus 

will perform badly on the test independent of a negative productivity shock or not. The 

institutional setting in section 2 showed that many children start school later than at age 6. 

Thus, many of the younger children are not enrolled in school yet. Furthermore, the younger 

children who are enrolled in school are at the beginning of their education and may not have 

learned enough to do well on tests. Thus, one other possible explanation for why no 

significant effect is found for younger children is that the test is too difficult for the younger 

children and that they will perform badly on the test regardless of a negative productivity 

shock or not.  

 

Although more of the older children are enrolled in school, there are still a considerable 

number of children that never enroll in school also for this group (see figure 1). It is likely that 

these children, who have never been enrolled in school, will perform badly on the test 

regardless of drought or not. Thus, it is possible that the reason that the effect for older 
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children is not massive and somewhat imprecisely estimated is that children never enrolled in 

school, will perform badly on the test regardless of if the households are able to protect 

themselves from shocks or not. To test if this is the case the study also examines the effect 

from drought for children aged 11 to 16 where children never enrolled in school are excluded. 

For the younger children, it is possible that never being enrolled in school is affected by 

drought. If the child should have started school in a drought year it is possible that parents 

decide to wait a year as a response to the drought.  However, it is unlikely that this is the case 

for older children. The children in this group are all at least 11 years old, thus they should 

have started school for 5 years ago and is therefore unlikely that the decision to never be 

enrolled in school is driven by drought. Result for children aged 11 to 16 where children who 

are never enrolled in school are excluded shows a larger effect on the math test but somewhat 

smaller coefficient on the Swahili and English test (Result available in Appendix A2). 

However, when children who are never enrolled in school are excluded the result becomes 

more precisely estimated and the joint test becomes significant at the 5 percent significance 

level. Thus, the reason why the effect is only marginally significant in the main specification 

doesn´t seem to be driven by the fact that households are able to protect children´s cognitive 

ability from temporary shocks. On the contrary, the reason seems to be that a part of the 

population doesn´t have enough resources to protect children´s cognitive ability even in good 

years. 9 

9. Sensitivity analysis  
 

The sampling method of the Uwezo survey was made in a three-stage process. Thus, different 

households have different probabilities to be included in the sample. To account for this 

inverse probability weights are available with the Uwezo data. In this section result for when 

the weights are used is therefore presented. The dependent variable in this study is an ordinal 

categorical variable. In the main result, a usual OLS was used. However, since the dependent 

variable is an ordinal categorical variable this section also presents results for when an 

ordered logistic regression is used. In the main specification, drought was defined as a 

dummy. Hence, we only get variation from the districts that experience a drought during the 

                                                           
9 The test score for children never enrolled in school is substantially lower than for children who are or have 

been enrolled in school. While the mean test scorer for children aged 11 to 16 who are or have been enrolled in 

school are 7.16 in math, 6 in English and 6.12 in Swahili the mean test scores for children aged 11 to 16 who 

have never been enrolled in school are math 3.12 in math, 2.53 in English and 2.60 in Swahili.   
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surveyed period. Thus, we cannot conclude if the effect is representative of the whole 

population or specific to the treated districts. Because of this concern result for when the rain 

shock is constructed as a continues variable is also presented in this section. Thus, this section 

presents a sensitive analysis by presenting results for when the sampling weights are used, the 

result for an ordered logistic regression and another specification of a productivity shock. The 

result in this section will focus on the sensitivity of the result for children aged 11 to 16. 

Alternative specifications for the other groups are available in the appendix.   

 9.1 Sample Weights  
In table 8 below results for when the sample weights which are available with the Uwezo data 

are used is presented. The sampling method in the Uwezo data has been made in a three-stage 

process (Uwezo, 2016). In the first step, a random sample of districts have been selected, then 

a random sample of enumeration areas in the district and finally a random sample of 

households in the enumeration areas. The sample weights reflect the sample design and also 

take into account some expose corrections.  

Table 8: Effects of drought on cognitive ability: Children aged 11 to 16, with sample weights 

 (1) (2) (3) Joint significance test 

VARIABLES Math Swahili English  

Drought previous year -0.0784** -0.0562* -0.0646** p-value: 

 (0.0318) (0.0286) (0.0276) 0.0169 

Observations 304,390 293,866 296,594  

Districts 158 158 158  

R-squared 0.148 0.113 0.127  

District fixed Effects Yes Yes Yes  

Time fixed Effects Yes Yes Yes  

The answers on the math test range from 1 to 8 and the answers for the reading tests range 

from 1 to 7. The child's age and gender, the mother's education level, the mother `s age, the 

gender of the household head and home language are included in all regressions. Standard 

errors, clustered at the district level, in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 

 

In table 8 above we can see that in similarity with the main specification the result for older 

children is negative. The result for the joint test is now statistically significant at the 5-percent 

significance level. Thus, the result seems to be robust to using the sample weights. The size 

on the mathematical and English test is somewhat larger than the main specification while the 

result on the Swahili test is somewhat smaller. The standard errors decrease when the sample 

weights are used for all three tests. When the result is estimated separately by gender with the 

sample weights for children aged 11 to 16, the joint test for females is statically significant at 
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the one percent level while the effect for males is insignificant (result available in Appendix 

A3). However, only the English test is statistically different between the genders. 10  

9.2 Ordered logistic regression   
The dependent variables in this study are ordinal categorical, even if the test answers have a 

clear order the space between different answers may not be the same. Results for when an 

ordered logistic regression is used for the children aged 11 to 16 are presented in table 9 

below.  

 

Table 9: Effects of drought on cognitive ability: Children aged 11 to 16 

 (1) (2) (3)  

VARIABLES Math Swahili English Joint significance test 

Drought previous year -0.161*** -0.0733 -0.0567 p-value: 

 (0.0624) (0.0451) (0.0430) 0.0331 

Observations 304,390 293,866 296,594  

Districts  158 158 158  

District fixed Effects Yes Yes Yes  

Time fixed Effects Yes Yes Yes  

The answers on the math test range from 1 to 8 and the answers for the reading tests range 

from 1 to 7. The child’s age and gender, the mother's education level, the mother`s age, the 

gender of the household head and home language are included as controls in all regressions. 

Standard errors, clustered at the district level, in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 

 

In table 9 above we can see that in similarity with the main result the effect from a drought on 

cognitive ability is negative. The joint test in this specification is statistically significant at the 

5 percent significance level. Thus, the result for the older children seems to be robust to using 

an ordered logistic regression.11   

 

9.3 Alternative specification of productivity shocks  
In this section result for when rain is included as a continuous variable is presented. In 

similarity with Björkman-Nyqvist (2013) the rain variable has been constructed as the 

logarithm of rain minus the logarithm of the district long time mean. More rain is assumed to 

increase harvest and thus be a proxy for a positive productivity shock while less rain is seen as 

                                                           
10 A sensitivity analyzes with sample weights has also been done for the whole sample of children and children 6 

to 10. In similarity to the main result, the joint test for the entire sample and younger children is not statistically 

different from zero. The result is available in Appendix A3.  
11 The result for the whole sample of children and result for children aged 6 to 10 when an ordered logistic 

regression is used are presented in appendix A4. In similarity to the main specification, the joint test is not 

statistically different from zero for the entire sample or younger children. When the effect is estimated separately 

by gender for children 11 to 16 the joint significance test is significant at the 5 percent significance level for both 

males and females (Result available in appendix A4).  
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a negative productivity shock. In similarity with earlier results rain the year before is used. 

                         

Tale 10: Effects of Rain on cognitive ability: Children aged 11 to 16 

 (1) (2) (3)  

VARIABLES Math Swahili English Joint significance test 

Rain previous year 0.105 0.156 0.149 p-value: 

 (0.115) (0.127) (0.126) 0.2518 

Observations 304,390 293,866 296,594  

Districts  158 158 158  

R-squared 0.164 0.129 0.138  

District fixed Effects Yes Yes Yes  

Time fixed Effects Yes Yes Yes  

The answers on the math test range from 1 to 8 and the answers for the reading tests range 

from 1 to 7. The child’s age and gender, the mother's education level, the mother`s age, the 

gender of the household head and home language are included as controls in all regressions. 

Standard errors, clustered at the district level, in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 

 

 

In the table above we can see that the point estimates are positive for all three tests. Thus, the 

sign of the coefficients is in line with the main specification, while drought decreases 

cognitive ability the result above indicates that more rain could increase children’s cognitive 

ability. However, with this specification of a productivity shock, the test result for older 

children is in difference to the main specification, not statistically different from zero. A 

possible explanation is that the result may be downward biased because of flooding. In this 

specification, more rain is assumed to be a proxy for a positive productivity shock. While 

more rain the year before have shown to increase harvest (see for example Chemin, M., de 

Laat, J., & Haushofer, J, 2013) this might not be the case for extremely high rainfall.  

Droughts are a common problem in Kenya that have shown to decrease harvest (World bank 

group, 2016), and thus less rain can be seen as a negative shock. However, one other problem 

in Kenya is flooding (World bank group, 2016). Thus, it might be the case that the assumption 

that more rain is positive for productivity is not true for very severe rainfall. To examine if 

flooding causes the result to be downward biased results are presented in the table below 

where very severe12 rainfall is excluded. 

 

                                                           
12Severe rain has been defined as rain above the 90 percentiles. Thus, observations have been excluded if rain is 

above the 90 percentiles of rain. This excludes observations where the logarithm of rain minus the logarithm of 

the district mean is above 0.1985714. 
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    Table 11:  Effects of Rain on cognitive ability: Children aged 11-16 

 (1) (2) (3)  

VARIABLES Math Swahili English Joint significance test 

Rain previous year 0.187 0.240* 0.244* p-value: 

 (0.122) (0.125) (0.134) 0.0636 

Observations 255,511 246,894 249,195  

Districts  158 158 158  

R-squared 0.167 0.130 0.140  

District fixed Effects Yes Yes Yes  

Time fixed Effects Yes Yes Yes  

The answers on the math test range from 1 to 8 and the answers for the reading tests range 

from 1 to 7. The child’s age and gender, the mother's education level, the mother `s age, the 

gender of the household head and home language are included as controls in all regressions. 

Standard errors, clustered at the district level, in parentheses  

*** p<0.01, ** p<0.05, * p<0.1 

 

In table 11 above we can see that the point estimates become larger and the joint significance 

test becomes marginally statistically significant at the 10 percent level when severe rain is 

excluded.13 This indicates that the insignificant result in the previous table was driven by 

downward bias because of flooding. Thus, the result for older children seems to be robust to a 

continuous specification of productivity shocks. Accordingly, the result does not seem to be 

specific to the district that experienced a drought during the sample period. When the result is 

estimated separately for males and females, aged 11 to 16, the joint test for males is 

significant at the 5 percent significance level while the joint test for females is insignificant 

(Result available in Appendix A5). 

 

This section has shown that the result for older children is robust to using sample weights and 

an ordered logistic regression, with both these specifications the joint test becomes significant 

at the 5 percent significance level. When including rain as a continuous variable instead of 

using a dummy variable with only droughts the joint test for older children is no longer 

statistically different from zero. However, this is likely explained by the fact that the result is 

downward biased by flooding. In the specification where very severe rain is excluded, the 

joint significance test for children aged 11 to 16 becomes marginally statistically significant at 

                                                           
13 The result for the whole sample of children, younger children and result separately by gender when rain is 

constructed as a continuous variable and severe rain is excluded is presented in the appendix A5. The joint tests 

are not statically significant for the entire population of children or children aged 6 to 10. When the sample 

weights are used for children aged 11 to 16, in the speciation where rain is constructed as a continuous variable 

and severe rain is excluded, the joint test becomes significant at the one percent level (result available in 

Appendix A5). 
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the 10 percent significance level. Thus, this section has shown that the result for children 11 

to 16 seems to be robust to alternative specifications. The result estimated separately by 

gender for children aged 11 to 16 is inconclusive. In some specifications, only the joint tests 

for males are significantly affected and in other speciation’s, only the test scores for females 

are significantly affected. Thus, the study cannot show any conclusive evidence of differences 

between gender.   

10. Placebo test  
 

The assumption for the empirical strategy to be valid is that it does not exist any factors that 

change differently over time for different districts that are correlated with cognitive ability 

and droughts. If drought is an exogenous weather shock this assumption should be satisfied. 

However, to test if this assumption is likely to be satisfied this section presents a placebo test 

where the independent variable is drought year t plus 1. Thus, the drought has not happened 

yet and if the empirical strategy is valid it should not have any significant effect on cognitive 

ability.  

 

Table 12: Placebo test children aged 11-16 

 (1) (2) (3)  

VARIABLES Math Swahili English Joint significance test 

Drought year t+1 0.0524 0.0515 0.0340 p-value: 

 (0.0507) (0.0484) (0.0482) 0.3298  

Observations 304,390 293,866 296,594  

Districts  158 158 158  

R-squared 0.164 0.129 0.138  

District fixed Effects Yes Yes Yes  

Time fixed Effects Yes Yes Yes  

The answers on the math test range from 1 to 8 and the answers for the reading tests range 

from 1 to 7. The child’s age and gender, the mother's education level, the mother`s age, the 

gender of the household head and home language are included as controls in all regressions. 

Standard errors, clustered at the district level, in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 

 

The result from the placebo test in table 12 above shows that the coefficients for all three tests 

are, in difference to the main result, positive. The coefficient is relatively large. This raises a 

concern that drought might not be completely random and it may be a correlation between 

drought between years. If this is the case, the estimated effect from a drought might not 

capture the effect from just the specific year. However, none of the coefficient nor a joint test 

are statically significant. That we do not see any statistically significant effect makes it less 
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likely that this is a large problem.  

11. Other possible mechanisms 
 

The result presented in this study indicates that a drought decreases the cognitive ability for 

older children while no significant effect is found for younger children. This study has shown 

that one possible mechanism for why cognitive ability is affected is that a negative 

productivity shock decreases nutrition. The effect on school enrollment was not statistically 

distinguishable from zero. Nevertheless; decreases up to 2 percent could not be excluded. It is 

also possible that children work more in case of a negative productivity shock while still 

being enrolled in school. However, it is possible that droughts also have other effects that 

could drive the result. One potential concern is that drought affects migration and thus 

changes the composition of children that takes the test. To evaluate if this is a problem this 

section, therefore examines if migration is likely to bias the result. Another concern is that 

droughts might have other effects than changing productivity, it is possible that droughts also 

have a direct impact on children´s health. This section, therefore, examines if changed health 

could be a channel through which droughts affect children's cognitive ability. Droughts may 

also affect the supply side of the school. A negative productivity shock works to decrease 

available resources in the district and thus also the resources available to the school. Thus, it 

is both possible that the effect is driven by the fact that households are not able to protect 

themselves from temporary shocks or by the decreased resources available to the school. 

Therefore, this section examines how school resources are affected by droughts. More 

precisely this section presents results for how a drought effects school feeding programs and 

the number of teachers presented in schools.  

 

11.1 Migration  
By using data where children are tested at home instead of in school the paper overcomes the 

problem that a drought might affect who is in school and thus decreases the problem that a 

drought might affect the composition of children taking the test. However, even if this study 

decreases the problem that a drought might affect the composition of children taking the test 

one potential concern are that a drought might affect migration. Migration might be a concern 

if people who experience a drought react by moving to another area. If people react to drought 

by moving droughts might affect the composition of children taking the test. However, this is 

only a problem if households move from the district. Since the productivity shock is on the 
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district level households that move within the district will still be in the treated district.  

 

Thus, migration as a response to drought might cause a selection problem. From a theoretical 

point of view, it is not clear who choose to migrate because of a drought. One possibility is 

that the poorest part of the population chose to move since they might be most vulnerable to 

droughts. Furthermore, they probably have fewer assets than the richer population, for 

example in the form of agricultural land, that can be costly to sell and which would increase 

the cost of migrating. If the poorest part of the population migrates the poorest children, who 

probably on average have the lowest test score, will not take the test. The estimated effect on 

a drought on children´s cognitive ability is negative. The migration of the poorest part of the 

population will, therefore, lead to an underestimation of the effect on cognitive ability. 

However, it might also be the case that the richer part of the population chooses to move since 

they might have a larger network and might have easier to get a job elsewhere. This will lead 

to an overestimation of the effect. The Uwezo data do not include any direct measure of 

migration. However, one way to test for selective migration is to test how drought affects the 

mother´s education. The mother´s education is likely predetermined and should thus not be 

affected by a drought. Thus, if a drought affects the mother’s education this might indicate 

that some part of the population has migrated and that the composition of children taking the 

test has changed.   

 

Table 13: Effects of drought on mother’s education 

 (1) 

VARIABLES Mothers education 

Drought previous year 0.0225* 

 (0.0134) 

Observations 609,674 

Districts  158 

R-squared 0.455 

District fixed Effects Yes 

Time fixed Effects Yes 

Standard errors, clustered at the district level, in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 

 

In the table above the result for how the mother's education is affected by drought is 

presented. The effect on mothers` education is positive and marginally statistically significant 

at the 10 percent significance level. A drought is estimated to increase the likelihood that the 

mother has some education with around 2 percent. That the effect from mother's education is 
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significant at the 10 percent level could indicate that migration might be a problem in this 

setting. Since drought is estimated to increase the mother´s education this indicates that the 

poorest part of the population migrates as a response to drought and thus don't take the test.14 

Thus, the selection effect seems to work in a different direction as the result and could 

potentially bias the result against zero. The implication from this is that the effects on 

cognitive ability presented in this study can be seen as lower bound in absolute size. Thus, it 

is possible that the effect of drought on children´s cognitive ability is larger than the effect 

estimated in this paper.  

However, when the sample weights, that reflect the survey design and some expose 

corrections, are used the estimated effect on the mother´s education becomes smaller and 

statistically insignificant. The result is shown in table 14 below. 

Table 14: Effects of drought on mother’s education, with sample weights  

 (1) 

VARIABLES Mother`s education 

Drought previous year 0.0104 

 (0.00831) 

Observations 609,674 

Districts  158 

R-squared 0.366 

District fixed Effects Yes 

Time fixed Effects Yes 

Standard errors, clustered at the district level, in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 

 

In table 14 above the result shows that although the standard errors decrease the estimated 

effect of drought is no longer statistically significant. Thus, this indicates that the problem of 

the changed composition of children taking the test may be decreased in the specification 

where the sample weights are used. This could be an explanation for why the estimated 

effects are somewhat larger and more precisely estimated in the specification with sample 

weights. Since the selection problems seem to decrease when the weights are used this could 

indicate that the size of the estimates in the specification with the sample weights is more 

correct.   

                                                           
14 The mean test scores for children with mother´s without any education are lower than the test scores for 

children to mother´s who have some education. The mean test scores for children aged 11 to 16 to mother´s with 

some education are 7.27 in math, 6.11 in English and 6.23 in Swahili.  The mean test scores of children aged 11 

to 16 to mothers without any education are 6.42 in math, 5.30 in English and 5.43 in Swahili. 
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11.2 Access to clean water and child health  
In the theoretical section, we discussed that the likely mechanism through which a negative 

productivity shock affects children´s cognitive ability is through nutrition and schooling. 

However, is also possible that drought affects children´s cognitive ability by affecting their 

health. It is possible that the child´s health has a direct effect on cognitive ability, where a 

child who is ill is likely to perform worse on the tests. Furthermore, it is likely that the child´s 

health affects the parent´s willingness to send the child to school, where the parent´s probably 

are less willing to send an ill child to school. 

 

Earlier research has discussed that rain may affect children`s health where research has 

discussed that one concern is that rainfall may affect diarrheal diseases. However, research 

about how rainfall affects children´s health has shown different results. While some studies 

show that less rain increases diarrheal diseases (see for example Bandyopadhyay, Kanji and 

Wang, 2012) other studies show that more rain increases diarrheal diseases (see for example 

Carlton at all, 2014). One way through which rain can affect diarrheal diseases is by affecting 

access to safe water, since access to safe water has shown to be important to decrease 

diarrheal diseases (Bhavnan et al., 2014). To study how drought affects children's health the 

study, therefore, presents results for how droughts affect the household´s access to clean water 

and if the child missed school yesterday because of illness.    

 

 

Table 15: Effects of drought on access to clean water and illness 

 (1) (2) 

VARIABLES Access clean water Missed school yesterday due to illness 

Drought previous year -0.0951*** -0.00792 

 (0.0158) (0.00664) 

Observations 648,981 219,434 

Districts  158 158 

R-squared 0.332 0.007 

District fixed Effects Yes Yes 

Time fixed Effects Yes Yes 

The estimated effect on if children missed school yesterday because of illness only includes 

the years 2014 and 2015, since data for this variable are only available these years. The child's 

age, gender, the mother's education level, the mother`s age, the gender of the household head 

and home language are included as controls in all regressions. Standard errors, clustered at the 

district level, in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 

 

In table 15 above we can see that drought decreases the probability that the household has 

access to clean water with around 9 percent. The effect is significant at the one percent 
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significance level. Thus, it is possible that one other channel by which drought affects 

children´s cognitive ability is by decreasing access to clean water. Thus, this could indicate 

that the decrease of the child´s cognitive ability may not only be driven by decreased 

productivity but also by decreased health. However, while decreased access to clean water 

indicates that drought increases illness the effect on if the child missed school yesterday 

because of illness points in a different direction. The effect is not statistically significant, but 

the point estimate suggests that, if anything, it is more likely that a drought decreases illness. 

Thus, the effect on how droughts affect illness is not clear. That access to clean water 

decreases could indicate that health is a part of the effect. However, the effect if the child 

missed school yesterday because of illness is pointing in a different direction. Nevertheless, 

the result should be interpreted with the knowledge that decreased health also could be part of 

the explanation for why cognitive ability decreases.  

 

11.3 School feeding programs  
 

Shan and Steinberg (2017) argue that it is possible that drought affects the probability that 

schools serve free lunches. The effect from droughts on school feeding program could 

theoretically go both ways. It is both possible that school´s increase free lunches during a 

negative productivity shock to try to compensate for the negative shock. However, it is also 

possible that free school lunches decrease during a negative productivity shock since a 

negative productivity shock decreases available resources. School feeding programs in poor 

countries have shown to increase school enrollment and attendance as well as increase 

nutrition (see Jomaa, McDonnell, & Probart, 2011 who summarize earlier research about 

school feeding programs). School feeding programs have also shown to increase arithmetic 

test results while the result for reading, writing and spelling tests are inconclusive. Thus, if 

negative productivity shocks affect school feeding programs this is another channel through 

which children´s cognitive ability could be affected. 
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Table 16: Effects of drought on School feeding program 

 (1) 

VARIABLES School feeding program 

Drought previous year  -0.0532** 

 (0.0210) 

Observations 20,773 

Districts  158 

R-squared 0.296 

District fixed Effects Yes 

Time fixed Effects Yes 

Standard errors, clustered at the district level, in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 

 

In table 16 we can see that a negative productivity shock decreases the probability that 

schools have a school feeding program. The effect is significant at the 5 percent significant 

level. According to the point estimate, a drought decreases the probability that a school has a 

school feeding program with around 5 percent. Thus, it is possible that school feeding 

program is another channel through which a negative productivity shock could affect 

children´s cognitive ability. 

11.4 Number of teachers presented in school  
Shan and Steinberg (2017) argue that another possible explanation for why productivity 

shocks affect children´s cognitive ability is that productivity shocks may affect teacher 

absence. The reason for this is that a positive productivity shock may affect outside options 

for teachers. It is also possible that teachers are more afraid of losing their job when the 

economy is worse and therefore more likely to be presented in school. To test for this 

mechanism a regression for how drought affects the number of teachers presented in school 

on the survey day is presented below. 

Table 17: Effects of drought on number of teachers presented in school  

 (1) 

VARIABLES Number of teachers presented 

Drought previous year  0.397* 

 (0.233) 

Observations 20,670 

Districts  158 

R-squared 0.223 

District fixed Effects Yes 

Time fixed Effects Yes 

Standard errors, clustered at the district level, in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 
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In table 17 above we can see that the coefficient on the number of teachers presented in 

school on the day the school was visited is positive and marginally significant at the 10 

percent significance level. According to the estimate, a drought year is on average estimated 

to increase the number of teachers presented in school with 0,4 teachers. This indicates that 

the outside option for teachers might affect their presence in schools. The effect from more 

teachers presented in school should work to increase children's cognitive ability. Thus, this 

effect goes in a different direction from the effect that the households lose resources. This 

could be one explanation for why no significant effect was found for the entire sample. While 

decreased nutrition and possibly less time spent in school works to decrease cognitive ability 

more teachers should work to increase cognitive ability. 

12. Conclusion and discussion  

 

The purpose of this study is to answer how transitory weather shocks affect children’s 

cognitive ability in Kenya. Where weather shocks are assumed to be aggregated shocks that 

temporary change productivity in districts. In the main specification, droughts are used as 

negative shocks that decrease harvest. The result of the study shows that droughts decrease 

the cognitive ability of children 11 to 16. In the main specification, the effect is marginally 

significant at the 10 percent level. No significant effect on cognitive ability is found for 

children aged 6 to 10. When children never enrolled in school are excluded the precision 

increases and the joint test for children aged 11 to 16 becomes statistically significant at the 5 

percent level. Thus, the reason that the effect is only marginally significant in the main 

specification doesn´t seem to be driven by the fact that households are able to protect 

children´s cognitive ability from temporary shocks. On the contrary, the reason seems to be 

that a part of the population doesn´t have enough resources to protect children´s cognitive 

ability even in good years. No conclusive difference on of boys' and girls' cognitive ability is 

affected have been found. 

One possible explanation for why drought seems to decrease the cognitive ability for older 

children when no significant effect is found for younger children is that older children are 

more productive. Thus, if households need child labor it is rational to withdraw older children 

from school in favor of child labor before younger children. However, an alternative 

explanation is that younger children have not yet learned the skills needed for the test and thus 

will perform badly on the test regardless of drought or not. The effect for older children goes 
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in a different direction from the effect found by Shah and Steinberg (2017) who found that a 

negative productivity shock increased cognitive ability. Thus, in Kenya, the effect of lost 

resources seems to outweigh the effect from a decreased opportunity cost for schooling. 

When examining the mechanism behind why drought decreases cognitive ability the result 

shows a decrease in food consumption. This result could lend support for the theoretical 

discussion that households are not able to smooth food consumption because they meet an 

imperfect credit market. Thus, this indicates that households´ inability to protect themselves 

from temporary shocks could be an explanation for why cognitive ability decreases. The 

result has not shown any significant effect on school enrollment. However, a 95% confidence 

interval includes a decrease in the probability to be enrolled in school to up to 2 percent. It is 

also possible that children attend school less because of work while they are still enrolled in 

school.  

However, when alternative explanations were examined the result also showed that a drought 

decreases access to clean water. Thus, it possible that the effect is not only driven by changed 

productivity, also changes health during a drought could explain the effect. Furthermore, the 

study has shown that droughts significantly decreases school feeding programs. Hence, the 

problem doesn’t only seem to be that households are not able to smooth consumption but also 

that the government fails to smooth resources. In the same time household´s´ are most 

vulnerable and in need of school feeding programs the resources in the district decreases and 

school feeding programs subsequently decreases. Thus, the result indicates that to be able to 

protect children´s cognitive ability from temporary shocks both households but also the 

government´s possibilities to smooth resources needs to be improved. Since school feeding 

program has shown to increase both enrollment, nutrition and ability on arithmetic test (see 

Jomaa, McDonnell, & Probart, 2011) smoothing or even increasing school feeding program 

during a negative productivity shock could be a way to reduce the impact from negative 

productivity shocks.  
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Appendix  
 

A1: Heterogeneity analysis by gender  

 

Table A1:  Effects of drought on cognitive ability, separately estimated for boys and girls  

Male 

 (1) (2) (3) Joint significance test 

VARIABLES Math Swahili English  

Drought previous year -0.0562 -0.0427 -0.0322 p-value: 

 (0.0420) (0.0379) (0.0366) 0.2436 

Observations 314,316 306,461 311,518  

Districts  158 158 158  

District fixed Effects Yes Yes Yes  

Time fixed Effects Yes Yes Yes  

Female 

 (1) (2) (3) Joint significance test 

VARIABLES Math Swahili English  

Drought previous year -0.0448 -0.0353 -0.0224 p-value: 

 (0.0449) (0.0375) (0.0380) 0.3833 

Observations 301,770 293,872 298,484  

Districts 158 158 158  

District fixed Effects Yes Yes Yes  

Time fixed Effects Yes Yes Yes  

The answers on the math test range from 1 to 8 and the answers for the reading tests range 

from 1 to 7. The child’s age, the mother’s education level, the mother age, the gender of the 

household head and home language are included as controls in all regressions. Standard 

errors, clustered at district level, in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 
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A2: Never enrolled in school excluded  

Table A2: Effects of drought on cognitive ability 

Children aged 11 to 16, children never enrolled in school excluded 

 (1) (2) (3)  

VARIABLES Math Swahili English Joint significance test 

Drought previous year -0.0743** -0.0530* -0.0506* p-value: 

 (0.0301) (0.0270) (0.0263) 0.0206 

Observations 293,984 283,792 286,143  

Districts  158 158 158  

R-squared 0.126 0.100 0.114  

District fixed Effects Yes Yes Yes  

Time fixed Effects Yes Yes Yes  

The answers on the math test range from 1 to 8 and the answers for the reading tests range 

from 1 to 7. The child’s age and gender, the mother’s education level, the mother age, the 

gender of the household head and home language are included as controls in all regressions. 

Standard errors, clustered at district level, in parentheses 

*** p<0.01, ** p<0.05, * p<0. 

Table A3:  Effects of drought on cognitive ability, separately estimated for boys and girls  

Male aged 11-16, children never enrolled in school excluded 

 (1) (2) (3)  

VARIABLES Math Swahili English Joint significance test 

Drought previous year -0.0820** -0.0463 -0.0367 p-value: 

 (0.0329) (0.0323) (0.0306) 0.0591 

Observations 151,128 146,020 147,204  

Districts  158 158 158  

R-squared 0.118 0.099 0.112  

District fixed Effects Yes Yes Yes  

Time fixed Effects Yes Yes Yes  

Female aged 11-16, children never enrolled in school excluded 

 (1) (2) (3)    

VARIABLES Math Swahili English  Joint significance test  

Drought previous year -0.0658** -0.0615** -0.0669**  p-value:  

 (0.0299) (0.0268) (0.0281)  0.0122  

Observations 142,856 137,772 138,939    

R-squared 0.135 0.100 0.115    

District fixed Effects Yes Yes Yes    

Time fixed Effects Yes Yes Yes    

The answers on the math test range from 1 to 8 and the answers for the reading tests range 

from 1 to 7. The child’s age, the mother’s education level, the mother age, the gender of the 

household head and home language are included as controls in all regressions. Standard 

errors, clustered at district level, in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 
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A3: Sample weights  

 

In the table below result is shown where the sample weights are used that reflect the Uwezo 

sampling design. The sampling method in the Uwezo data has been made in a three-stage 

process (Uwezo, 2015). In the first step, a random sample of districts have been selected, then 

a random sample of enumeration areas in the district and finally a random sample of 

households in the enumeration areas. The sample weights reflect the sample design and also 

take into account some expose correction. 

Table A4: Effects of drought on cognitive ability for entire sample with sample weights 

 (1) (2) (3) Joint significance test 

VARIABLES Math Swahili English  

Drought previous year -0.0672** -0.0338 -0.0257 p-value: 

 (0.0320) (0.0319) (0.0296) 0.1527 

Observations 616,086 600,333 610,002  

R-squared 0.375 0.401 0.415  

District fixed Effects Yes Yes Yes  

Time fixed Effects Yes Yes Yes  

The answers on the math test range from 1 to 8 and the answers for the reading tests range 

from 1 to 7. The child’s age, gender, the mother’s education level, the mother age, the gender 

of the household head and home language are included as controls in all regressions. Standard 

errors, clustered at district level, in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 

 

Table A5: Effects of drought on cognitive ability: children 6-10, sample with sample weights   

 (1) (2) (3)  

VARIABLES Math Swahili English Joint significance test 

Drought previous year -0.0741** -0.0258 -0.00224 p-value: 

 (0.0363) (0.0393) (0.0366) 0.3125 

Observations 311,696 306,467 313,408  

Districts 158 158 158  

R-squared 0.299 0.278 0.291  

District fixed Effects Yes Yes Yes  

Time fixed Effects Yes Yes Yes  

The answers on the math test range from 1 to 8 and the answers for the reading tests range 

from 1 to 7. The child’s age, gender, the mother’s education level, the mother age, the gender 

of the household head and home language are included as controls in all regressions. Standard 

errors, clustered at district level, in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 
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Table A6: Effects of drought on cognitive ability: separately by gender, with sample weights   

Male children aged 11 to 16   

 (1) (2) (3)  

VARIABLES Math Swahili English Joint significance test 

Drought previous year -0.0709** -0.0429 -0.0375 p-value: 

 (0.0333) (0.0342) (0.0325) 0.1022 

Observations 156,543 151,242 152,648  

Districts  158 158 158  

R-squared 0.141 0.111 0.125  

District fixed Effects Yes Yes Yes  

Time fixed Effects Yes Yes Yes  

Female children aged 11 to 16 

 (1) (2) (3)  

VARIABLES Math Swahili English Joint significance test 

Drought previous year -0.0860** -0.0702** -0.0925*** p-value: 

 (0.0340) (0.0279) (0.0281) 0.0032 

Observations 147,847 142,624 143,946  

Districts  158 158 158  

R-squared 0.158 0.115 0.130  

District fixed Effects Yes Yes Yes  

Time fixed Effects Yes Yes Yes  

The answers on the math test range from 1 to 8 and the answers for the reading tests range 

from 1 to 7. The child’s age, the mother’s education level, the mother age, the gender of the 

household head and home language are included as controls in all regressions. Standard 

errors, clustered at district level, in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 

 

 

A.4 Ordinal logistic regression  

In the tables below result where an ordinal logistic regression is used is presented.  

Table A7: Effects of drought on cognitive ability with an ordinal logistic regression 

 (1) (2) (3) Joint significance test 

VARIABLES Math Swahili English  

Drought previous year -0.0863** -0.0268 -0.0139 p-value: 

 (0.0432) (0.0419) (0.0424) 0.2850 

Observations 616,086 600,333 610,002  

Districts 158 158 158  

District fixed Effects Yes Yes Yes  

Time fixed Effects Yes Yes Yes  

The answers on the math test range from 1 to 8 and the answers for the reading tests range 

from 1 to 7. The child’s age, gender, the mother’s education level, the mother age, the gender 

of the household head and home language are included as controls in all regressions. Standard 

errors, clustered at district level, in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 
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Table A8: Effects of drought on cognitive ability:  

Ordinal logistic regression children aged 6 to 10 

 (1) (2) (3) Joint significance test 

VARIABLES Math Swahili English  

Drought previous year -0.0587 -0.00815 0.00916 p-value: 

 (0.0478) (0.0476) (0.0498) 0.6754 

Observations 311,696 306,467 313,408  

Districts  158 158 158  

District fixed Effects Yes Yes Yes  

Time fixed Effects Yes Yes Yes  

The answers on the math test range from 1 to 8 and the answers for the reading tests range 

from 1 to 7. The child’s age, gender, the mother’s education level, the mother age, the gender 

of the household head and home language are included as controls in all regressions. Standard 

errors, clustered at district level, in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 

 

 

Table A9: Effects of drought on cognitive ability: Ordinal logistic regression children 

separately by gender 

Male age 11 to 16 

 (1) (2) (3)  

VARIABLES Math Swahili English Joint significance test 

Drought previous year -0.163*** -0.0685 -0.0457 p-value: 

 (0.0602) (0.0486) (0.0448) 0.0463 

Observations 156,543 151,242 152,648  

Districts 158 158 158  

District fixed Effects Yes Yes Yes  

Time fixed Effects Yes Yes Yes  

Female age 11 to 16 

 (1) (2) (3)  

VARIABLES Math Swahili English Joint significance test 

Drought previous year -0.157** -0.0840* -0.0736 p-value: 

 (0.0690) (0.0493) (0.0500) 0.0367 

Observations 147,847 142,624 143,946  

Districts 158 158 158  

District fixed Effects Yes Yes Yes  

Time fixed Effects Yes Yes Yes  

The answers on the math test range from 1 to 8 and the answers for the reading tests range 

from 1 to 7. The child’s age, gender, the mother’s education level, the mother age, the gender 

of the household head and home language are included as controls in all regressions. Standard 

errors, clustered at district level, in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 
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A5: Rain included as a continuous variable 

 

In the tables below results are presented where rain is included as a continuous variable. The 

rain variable has been constructed as the logarithm of rain minus the logarithm of the district 

long time mean. In all tables severe rain have been excluded. Very severe rain has been 

defined as rain above the 90 percentiles. 

Table A10: Effects of rain on cognitive ability 

 (1) (2) (3) Joint significance test 

VARIABLES Math Swahili English  

Rain previous year 0.0122 0.109 0.0802 p-value: 

 (0.142) (0.133) (0.127) 0.59531 

Observations 516,541 503,588 511,932  

Districts  158 158 158  

R-squared 0.378 0.402 0.414  

District fixed Effects Yes Yes Yes  

Time fixed Effects Yes Yes Yes  

The answers on the math test range from 1 to 8 and the answers for the reading tests range 

from 1 to 7. The child’s age, gender, the mother’s education level, the mother age, the gender 

of the household head and home language are included as controls in all regressions. Standard 

errors, clustered at district level, in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 

 

Table A11: Effects of rain on cognitive ability: Children aged 6 to 10 

 (1) (2) (3)  

VARIABLES Math Swahili English Joint significance test 

Rain previous year -0.0673 0.0414 -0.0238 p-value 

 (0.194) (0.167) (0.152) 0.9302 

Observations 261,030 256,694 262,737  

Districts 158 158 158  

R-squared 0.283 0.257 0.263  

District fixed Effects Yes Yes Yes  

Time fixed Effects Yes Yes Yes  

The answers on the math test range from 1 to 8 and the answers for the reading tests range 

from 1 to 7. The child’s age, gender, the mother’s education level, the mother age, the gender 

of the household head and home language are included as controls in all regressions. Standard 

errors, clustered at district level, in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 
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Table A12: Effects of rain on cognitive ability, estimated separately be gender 

Male aged 11 to 16 

 (1) (2) (3)  

VARIABLES Math Swahili English Joint significance test 

Rain previous year 0.261** 0.262* 0.241 p-value: 

 (0.129) (0.134) (0.146) 0.0443 

Observations 131,341 127,005 128,197  

Districts 158 158 158  

R-squared 0.156 0.120 0.130  

District fixed Effects Yes Yes Yes  

Time fixed Effects Yes Yes Yes  

Female aged 11 to 16 

 (1) (2) (3)  

VARIABLES Math Swahili English Joint significance test 

Rain previous year 0.115 0.234* 0.263* p-value: 

 (0.132) (0.138) (0.144) 0.1269 

Observations 124,170 119,889 120,998  

Districts 158 158 158  

R-squared 0.183 0.144 0.153  

District fixed Effects Yes Yes Yes  

Time fixed Effects Yes Yes Yes  

The answers on the math test range from 1 to 8 and the answers for the reading tests range 

from 1 to 7. The child’s age, the mother’s education level, the mother age, the gender of the 

household head and home language are included as controls in all regressions. Standard 

errors, clustered at district level, in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 

 

Table A13: Effects of rain on cognitive ability, Children aged 11-16, with sample weights  

 (1) (2) (3)  

VARIABLES Math Swahili English Joint significance test 

Rain previous year 0.254** 0.249** 0.274*** p-value: 

 (0.0986) (0.0965) (0.0993) 0.0048 

Observations 255,511 246,894 249,195  

Districts  158 158 158  

R-squared 0.153 0.114 0.129  

District fixed Effects Yes Yes Yes  

Time fixed Effects Yes Yes Yes  

The answers on the math test range from 1 to 8 and the answers for the reading tests range 

from 1 to 7. The child’s age and gender, the mother’s education level, the mother age, the 

gender of the household head and home language are included as controls in all regressions. 

Standard errors, clustered at district level, in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 

 

 


