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Abstract 

 
This dissertation consists of three essays that address the role of infrastructure in different sectors- 

education, manufacturing, and agriculture- in Sub-Saharan Africa. In the first essay, I estimate the 

impacts of access to electricity on student performance in the 9th and 12th grades examinations in 

Ghana. In Particular, I use nighttime satellite imagery to estimate the impact of luminosity on 

student performance. The results suggest luminosity matters the most when there is a 

considerable study time constraint.  In the second essay, using the World Bank Enterprise 

Surveys, I investigate the link between access to infrastructure-electricity, transportations, and 

telecommunications- and the productivity of manufacturing firms and its role in firms’ location 

decision in 29 Sub-Saharan countries. These manufacturing firms are from seven different 

industries- Food, Textiles, Garment, Chemicals, Non-Metallic and Basic Metals, Fabricated 

Metals and Machinery, and Wood and Furniture. These relationships are less known in the 

context of Sub-Saharan African economies given the challenges for many countries in the region 

to build adequate infrastructure. The results shed lights on the importance of specific 

infrastructure in a particular industry. The last essay focused on the quality of trunk (major) roads 

and agricultural yield in Tanzania. Given the poor quality of roads in Sub-Saharan Africa, this 

essay tries to evaluate the impacts of recently rehabilitated trunk roads (2,500 Km) on agriculture 

yield in Tanzania- a country whose economy is largely based on agriculture led by small 

agricultural households.    
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1. Introduction 

 

 

Essay 1: The lack of access to electricity is a significant barrier to economic and human 

development, especially in the poorest countries around the world. This paper analyzes the 

impact of access to electricity on student performance on entrance examinations into upper 

secondary schools and into universities in Ghana. I take advantage of the universal 

electrification program that was implemented in Ghana from 1993 to 2014 to study the 

effect of access to electricity on students' 9th and 12th grade national examination 

outcomes. I also use nighttime satellite imagery to investigate whether luminosity (public 

lighting) affects student performance. Using a fixed effects model within a pseudo-panel 

analysis, I find that increasing access to electricity has no effect on student performance on 

the 9th grade exam that determines entrance into upper secondary schools. In contrast, 

access to electricity has a positive and statistically significant impact on student 

performance on the university entrance examination at the end of grade 12. A mediation 

analysis shows that luminosity accounts for between one third and one half of the total 

effect of access to electricity on student performance on the 12th grade examination. These 

heterogeneous effects at different educational levels reflect the differential study time 

constraints faced by students in grade 9 and in grade 12. The results suggest that access to 

electricity alleviates studying time constraints and becomes more important as more study 

hours at night are needed. 
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Essay 2: This paper examines the effects of different types of infrastructure constraints 

on firm productivity for seven different industries in Sub-Saharan Africa. Using the World 

Bank Enterprise Surveys, I exploit firm-level microdata covering 29 countries to estimate 

the impacts of infrastructure constraints on different manufacturing industries. First, I 

estimate firms' total factor productivity. Second, I estimate the impacts of infrastructure 

constraints on total factor productivity at the firm level, by industry. I find robust evidence 

that obstacles to electricity infrastructure have negative effects on firm productivity. 

Finally, I use a two-level Nested Logit Model to estimate the location choices of foreign 

firms in the sample. The results suggest that local (regional) industrial productivity and 

electricity infrastructure constraints have significant negative effects on firm location 

choices in Sub-Saharan Africa. 

Essay 3: Improved transportation infrastructure is one means to alleviate spatial isolation, 

increase economic opportunities, and reduce poverty. In this paper, I analyze the impacts 

of a trunk road rehabilitation program in Tanzania on agricultural productivity. This 

program rehabilitated more than 2,500 kilometers of major (trunk) roads between 2008 and 

2013. I use difference in differences estimation to evaluate the impacts of the project on 

the agricultural productivity of small farm holders. The results suggest that the road 

rehabilitation project has no effect on agricultural yield, although this result partly reflects 

that the estimates are not very precise. Contrary to construction of new roads, these results 

suggest that upgrading major roads may not improve access to inputs or reduce transaction 

costs enough to have a significant impact on agricultural productivity. 
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2. Let There Be Light: The Effects of Nighttime Light on Exam 

Results in Ghana 

 

 

Ibrahim Keita 

 

 

2.1 Introduction 
 

As arguably the greatest discovery in history, electricity has had tremendous impacts on 

human and economic development at every level. Yet, more than 1 billion people still do 

not have access to electricity. For those people, many economic activities cannot be easily 

carried out. The region of the world most affected by this lack of access to electricity is 

Sub-Saharan Africa (SSA), where more than 60 percent of the population has no access to 

electricity (Lucas et al. 2017). Beyond providing lighting at night, access to electricity has 

significant impacts on health, education, and income. One of the most touted benefits of 

access to electricity is the potential link between electricity and education, especially study 

time, test scores, and educational attainment (years of schooling). However, this link 

between electricity and education is not well understood. Even though electricity is thought 

to have an impact on education, or more specifically on the number of years in school, the 

mechanisms through which that are carried out is unclear. 

The results in this paper suggest that electric light increases test scores by alleviating study 

time constraints. To show this, I first exploit the rollout of an electrification program to 

estimate the effects of luminosity, measured using nighttime satellite imagery, on student 
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performance from 2003 to 2014 in Ghana. I find that luminosity has significant and positive 

impacts on pass rates and average test scores for the university entrance exam, taken at the 

end of grade 12, while these impacts are insignificant for the upper secondary school 

entrance exam, taken at the end of grade 9. 

The relationship between access to electricity and education outcomes to date has largely 

focused on the impact on educational attainment of employment opportunities created by 

the availability of electricity. On one hand, access to electricity can create opportunities for 

low-skilled employment (Squires, 2015). Students might respond these opportunities by 

dropping out of school. On the other hand, access to electricity can increase the demand 

for high skilled labor through an increase in manufacturing or service sector jobs. If these 

job opportunities increase the returns to human capital, in this case, educational attainment 

(years of schooling) will go up as students choose to stay in school longer. 

Theoretically, many economists have emphasized the latter reason as the main the 

mechanism through which access to electricity affects educational attainment. They claim 

that a skilled workforce sustains the long-term economic growth of a country, and that 

education allows a worker to be more productive and versatile in a changing economy 

(Decker et al. 1997; Berger & Fisher, 2013). Although, a number of studies have explored 

the impact of access to electricity on health and income, there are many conflicting results 

(Barron & Torero 2014; Chakravorty et al., 2014; Lipscomb et al. 2013). Others have 

focused more on the impact of electricity on employment, hours worked, and wages 

(Lipscomb et al., 2013 Grogan, 2013; Dinkelman, 2011; Khandker et al., 2012, 2013). 
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Empirically, there are also mixed findings on the impact of access to electricity on 

educational outcomes. Some studies find positive effects while others find no effect. While 

Bensch et al. (2010) find no effect on study time in Rwanda, Khandker et al. (2012) 

estimate that students in rural India with access to electricity study on average 2.3 hours 

per day more compared to those without electricity. Barron and Torero (2014) find no 

effect on school enrollment, but Khandker et al. (2009, 2012, 2013) find an increase in 

enrollment and years of completed schooling. Furukawa (2013), in a randomized controlled 

trial, finds that solar lamps lowered test scores by 5 points even though they increased 

reported study time by approximately 30 minutes. He explains that flickering resulting 

from the lack of a full charge might lower students’ productivity. Squires (2015) uses 

distance to the distribution grid as an instrument to show that electrification not only 

reduces school attendance and education attainment, but it also increases dropout rates due 

to improved market opportunities. 

Given these mixed results of the impact of electrification on education, I take advantage of 

an electrification program in Ghana from 1993 to 2014 to estimate the impact of access to 

electricity on exam results. Ghana’s commitment to universal electrification goes back to 

1989 (Kumi, 2017). According to the Ghana Demographic and Health Surveys (GDHS 

1993, 2014), only about 39 percent of the population had access to electricity (74 percent 

in urban areas and 6 percent in rural areas) in 1993. In contrast, close to 80 percent of the 

population had access in 2014 (about 91 percent in urban areas and 63 percent in rural 
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areas).1 I exploit this very large increase, especially in rural areas, occurring at different 

times throughout the country and in each district, to estimate the impact of electricity on 

exam results. 

In contrast to the previous literature, I focus on the most basic aspect of access to electricity 

at night: nighttime lights. In particular, I examine how having light at night affects study 

hours and eventually test scores. I specifically look at exam results at the secondary level 

of Ghana’s education system: The Basic Education Certificate Examination (BECE) taken 

at the end of 9th grade (which determines entrance into upper secondary school) and the 

West African Senior School Certificate Examination (WASSCE), formerly known as the 

Senior Secondary School Certificate Examination (SSSCE), taken near the end of the last 

year of upper secondary school (which determines entrance into university-level 

education). Both the 9th grade exam and the 12th grade exam require students to spend a 

good number of hours studying and accumulating knowledge from previous school years. 

That is, an ill-prepared student cannot just decide to study a few weeks prior to the exam 

and expect to pass it. The 12th grade exam is much harder because of the competitive 

nature of the exam, in terms of both successfully finishing upper secondary school and 

getting admitted to the main public university, the University of Ghana. 

I make two main contributions to the literature. First, I argue that the availability of light 

at night alleviates study time constraints. As a result, students can study longer hours even 

if they do not get the chance to do so during the day due to household chores and other 

                                                           
1 These numbers differ from the computed values in this paper. In the analysis, I restrict the district sample to the 

districts with at least three clusters. The electricity access rate and other district characteristic variables are computed 

using only the districts in the sample. 
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daytime activities. Also, given the curricula in the 9th grade and the 12th grade, there exists 

a significant differential in study time between the two grades.2 In the 9th grade, students 

are still doing (basic) general education, and they might not require long hours of studying. 

In contrast, by the time the 12th graders take their exams, they have the sense of their 

strengths in different subjects, and the difficulty of the curriculum has significantly 

increased since the beginning of the upper secondary school. Therefore, access to 

electricity (light) is more likely to alleviate time constraints for the 12th graders. This 

suggests that 12th grade students with (electric) light should have a higher success rate on 

the exams than 12 grades without access to electric light. Finally, using the luminosity 

index from nighttime satellite imagery, I show that luminosity (public outdoor lighting) is 

one of the mechanisms through which access to electricity increases average test scores on 

the 12th grade examination. Moreover, results from a mediation analysis suggest that 

luminosity accounts for between one third and one half of the total effect of access to 

electricity on student performance on the 12th grade examination. 

The rest of the paper is organized as follows: Section 2 provides background information 

on Ghana’s education system as well as access to electricity and the universal 

electrification program in Ghana. Section 3 describes the data. Section 4 explains the 

econometric specification. Section 5 discusses the results and validity. Section 6 provides 

robustness checks and presents the result from a mediation analysis. Section 7 concludes. 

 

                                                           
2 Data from 2008 Ghana Living Standards Survey and the 2009-10 Socioeconomic Panel Survey show the time spent 

studying outside of school by 12th graders is close to three times higher than that of 9th graders. Students in 12th grade 

spend about 3.3 hours and 9th grade students spend about 1.3 hours. 
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2.2 Universal Electrification Programs and The Education System in 

Ghana 

2.2.1 Universal Electrification Programs 

Ghana’s government made a commitment to universal electrification in the late 1980’s 

after the first electricity crisis in 1984, which was due to a drought from 1982 to 1984 that 

affected the inflow into the Akosombo Hydroelectric Dam. From that time on, Ghana 

diversified its electricity generation mix, mainly away from hydro and toward thermal 

(fuel-based) sources. Ghana has also begun to invest in other renewable electricity sources. 

By 2015, the total electricity produced by thermal power plants reached 2,053 MW per 

year (Energy Commission of Ghana, 2016). At the end of 2016, 57.2 percent of Ghana's 

electricity was generated from fossil fuels, 42.8 percent was from hydro sources, and 0.2 

percent was from other renewable sources (Ackom and Kemausuor, 2017). Despite many 

years of investing in electricity, Ghana has continued to experience power supply 

challenges that have had a significant impact on the Ghanaian economy. The World Bank 

estimated a loss of 1.8 percent of GDP during the 2007 power crisis (Mathrani et al. 2013). 

In 2014, the country lost GDP worth US $2.1 million per day due to these power supply 

problems (ISSER, 2015). 

The National Electrification Scheme (NES) has been leading the efforts to extend 

electricity to all parts of Ghana over a 30-year period (1990-2020) (Ministry of Energy, 

2010). Only 15-20 percent of the population had access to electricity at the beginning of 

the program (Ministry of Power, 2016). In Ghana, as part of the National Electrification 
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Program (NEP) program, all district capitals without access to electricity were connected 

by 1998, compared to only 46 out of 110 district capitals that were connected in 1989. The 

electrification of the district capitals was intended to improve the working conditions of 

the government and businesses in all districts. Under the NES, all district capitals were 

connected to the national grid, along with the towns and villages en route to those capitals. 

By 2009, the proportion of the population with access to electricity reached 66.7 percent, 

and by 2016 it had reached 82.5 percent. At this rate, Ghana is drawing close to its universal 

electrification goal. However, Ghana will need to increase its electricity production by at 

least 80-85 percent from its current production level if it is to meet universal electrification 

as planned.3 Figure 2-1a shows the electricity access rate over time, computed from DHS 

surveys. Today, Ghana still faces high electricity demand and the country is still striving 

to avoid major power rationing such as those that occurred in 1983-1984, 1997-1998, 2003, 

2006-2007, and from 2011 to today, due to fuel supply changes, low levels of water in 

hydropower sources, and natural gas shortages (Kumi, 2017). 

 

 

 

 

                                                           
3 Electricity demand has significantly increased in recent years putting pressure on production. Also, other 

circumstances such drought are making the problems worse as Ghana depends heavily on hydroelectric production of 

electricity. 
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Figure 2- 1a-b: Access to Electricity and Luminosity vs Time (District Average) 

Source: Author’s computation GDHS Survey 
 

 

2.2.2 Ghana’s Education System 

The education system in Ghana consists of three parts: basic education, the secondary 

cycle, and tertiary education. The basic education cycle has also three parts: kindergarten, 

primary education, and lower secondary school. Primary school consists of six years 

(grades 1-6), while the lower secondary school consists of three years (grades 7-9). Basic 

education ends at grade 9, at which point students take the Basic Education Certificate 

Examination (BECE). Students who are successful on that examination can move on to 

upper secondary education (general or vocational). The secondary cycle lasts three years 

(grades 10-12) and ends with the West African Senior School Certificate Examination 

(WASSCE) for the students who choose the general secondary education. Prior to 

WASSCE, the completion of secondary school was determined by the Senior Secondary 
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School Certificate (SSSCE); the switch to WASSCE occurred in 2006. Upon satisfactory 

performance on the WASSCE, students can enter a university or a polytechnic program 

such as engineering programs. There is also technical and vocational education after the 

BECE. Students who choose technical or vocational education after grade typically follow 

a 3 or 4-year curriculum. A chart describing Ghana’s education system is provided in Table 

A1-2 in the Appendix. 

2.3 Data 

2.3.1 BECE and WASSCE 

In 9th grade, all students in Ghana take the BECE, which determines the next step in their 

education. Some, depending on their preferences and strengths, will opt for the general 

upper secondary schools, which lead to the WASSCE in the 12th grade. Others will go to 

vocational or technical secondary schools. The BECE is a national exam and is usually 

held in May or June. There have not been any significant changes to the BECE during the 

the time period covered by this analysis. Each student takes the test in his or her district. 

Students in grade 9 take eight subjects in the examination. A student receives a score 

between 1 and 6 in each subject (1 being the best score and 6 a failing score). A student 

must obtain a total of 30 points or lower on his or her six best scores to pass. Those who 

pass can pursue two tracks: general education and technical or vocational schools. Those 

who choose the general upper secondary education track are expected to take the WASSCE 

three years later, at the end of grade 12. 

The curriculum in upper secondary school consists of four core subjects: Mathematics, 

English, Integrated Science, and Social Science. Additionally, each student chooses three 
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or four elective courses out of five available subjects. For the WASSCE, in each subject, 

students are graded using the following grading scheme: A1, B2, B3, C4, C5, C6, D7, E8, 

and F9. F9 is a failing grade, while D7 and E8 are still considered passing; however, they 

are insufficient for admission to the national public universities. Students must pass at least 

five courses (including at least three core courses) in order to be admitted to a national 

public university. While students who score D7 or E8 on the core subjects are not accepted 

into public universities, they can still attend private universities. Prior to 2007, under the 

SSSCE grading system, in each subject, the grading was as follows: A, B, C, D, E, and F. 

Table 2-1 shows the grading conversion between the two systems. In this analysis, I 

consider D7, E8 (D and E in SSSCE) as passing scores when computing the proportion of 

students who passed the WASSCE. Figures 2a-b show the relationship between access to 

electricity and passing rates in the 9th and 12th grade examinations over time. The trend 

lines on these figures show that pass rates in the 9th grade examination decreased, while 

they have increased in the 12th grade examination during the time period 1993-2014 
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Figure 2- 2a-b: BECE (9th Grade) and WASSCE (12th Grade) Pass Rates vs Access 

to Electricity 

 

Source: Author's computation using WAEC data.  

 

Table 2- 1: Grade Conversion and Point Assignment    

SSSCE Grading System WASSCE Grading System Points 

   

A A1 5 

B B2 4 

C B3 3 

D C4, C5, C6 2 

   

Passing Grades, but not acceptable in 

public university 
  

E D7, E8 1 

Falling Grade   

F F9 0 

Source: Education US Center (Embassy of the United States in Ghana) This conversion corresponds to that of the West 

African Examination Council (WAEC). The point assignment corresponds to the level of the student performance and is 

somewhat arbitrary. This assignment can be done in different ways.  
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2.3.2 Ghana Demographic and Health Surveys (GDHS) 

The U.S Agency for International Development (USAID) has supported the 

implementation of the Demographic and Health Survey (DHS) program in many 

developing countries. I used five rounds of this survey conducted as part of the DHS 

program in Ghana, namely the rounds for 1993, 1998, 2003, 2008, and 2014. The data of 

particular interest are from the household questionnaire, mainly because it includes the 

characteristics of all household members, including visitors. Most importantly, it includes 

the characteristics of the dwelling, such as information about electricity and the materials 

used to build the dwelling, which are used to construct an index for the household’s wealth. 

The households in the sample are selected from stratified clusters, which are geo-

referenced. However, to maintain the confidentiality of the households, the geo-

coordinates of these clusters are randomly displaced. Clusters in the urban areas are 

displaced by a distance of 0-2 kilometers, while those in the rural areas are displaced up to 

10 kilometers. In the surveys released since 2009, which includes GDHS 2008, the 

displacement of the clusters has been restricted so that to the geo-coordinates are kept 

within the second administrative level of the country (districts in Ghana). In Ghana, the 

number of districts has significantly increased from 110 in 1993 to 216 today. Table 2-2 

provides summary statistics of the surveyed households. 
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Table 2- 2: District Characteristics Summary Statistics 

Variables 1993 1998 2003 2008 2014 

Percentage Male Head of Household 0.64 0.65 0.70 0.68 0.68 

Average  Age of Head of Household 42.95 44.19 45.58 44.67 45.26 

Average Household Size 3.97 3.81 4.31 4.03 3.82 

District Urban/Rural density 0.75 0.76 0.68 0.69 0.60 

Average years of schooling of Head of 

Household  4.95 5.62 5.66 6.40 6.33 

Average Household  Wealth Index 0.07 0.06 -0.14 0.08 -0.05 

Percentage Access to Electricity 0.20 0.32 0.36 0.49 0.67 

Average Luminosity Index 1.62 2.30 2.20 2.67 3.56 
Source: Author's computation using GDHS surveys. The luminosity variable is the average over the area covered by the 

surveyed clusters. This variable is obtained from NOAA. The wealth index was computed using principal component 
analysis. 

 

 

2.3.3 NOAA Nightlight Satellite Imagery 

The Defense Meteorological Satellite Program (DMPS), under the United States 

Department of Defense, records low-light imaging data for detecting moonlit clouds. It also 

captures the intensity of earth-based lights produced by human activities and settlements. 

The system has been used from 1992 to 2013; these same cloud-free composites have been 

made using all the available archived DMSP-OLS smooth resolution data for these 

calendar years, which are freely available for download. The products are 30-arc second 

grid pixels (approximately 0.86 square kilometers at the equator), spanning -180 to 180 

degrees longitude and -65 to 75 degrees latitude. The resulting digital number is an integer 

between 0 (no light) and 63. Given the high resolution of these data, one can spatially 

analyze economic activity across small geographical areas, especially for regions or areas 

with limited economic data. Henderson et al. (2012), Elvidge et al. (2012), Doll et al. 
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(2006), Sutton et al. (1997), and Michalopoulos and Papaioannou (2013) use nighttime 

lights as a proxy for economic activity. 

To estimate the impact of electricity on education and exam results, I use luminosity data 

to proxy for district-level lighting (outdoor lighting and lighting from households), and 

more specifically to capture students' opportunity for study time in public places, including 

schools or other educational buildings, at night. Typically, a couple of months before the 

exams, students tend to study much more, especially at night for grade 12 students in upper 

secondary school. Indeed, during the day, they still have to attend school to finish the 

curriculum, so nighttime allows them to review concepts taught since the beginning of the 

school year. For students without electricity at home, this index captures the availability of 

lights outside of their homes. A district with more lights can provide more study areas to 

students. Figures 1a-b show luminosity and access to electricity over time. Note that the 

decline in luminosity captures the significant electricity crisis in 2003, which was due to 

drought and high demand. This is also reflected in a lower rate of increase in access to 

electricity from 1998 to 2003. The change in average luminosity index over time is 

provided on the last line of Table 2-2. 

2.3.4 Districts in Ghana 

Ghana is comprised of 10 regions and over 200 districts. Districts are secondary 

administrative levels in Ghana. Currently, there are 216 districts. The current district 

system was established in 1988/89 as an effort to decentralize the government, reduce 

corruption, and improve democracy in Ghana. This resulted in the creation of 110 districts. 

In 2006, 28 new districts were created out of the original 110 by splitting some of the 
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original districts. In early 2008, 32 new districts were formed, again by splitting some of 

the old districts, bringing the total number to 170 districts. Then, in June 2012, 46 more 

districts were added, bringing the current number to 216. 

There are three categories of districts in Ghana. Metropolitan districts are those with at 

least 250,000 people. Municipal districts have a minimum of 95,000 people and a 

maximum of 250,000. Finally, ordinary districts have a minimum of 25,000 people and 

maximum of 95,000. In the analysis, I use the original 110 districts by keeping track of the 

successive splits in 2006, 2008, and 2012. Whenever a new district is created I keep it as 

part of one of the original districts. It is important to note that, for the WASSCE, students 

still take the exam under the umbrella of the original districts even if they live in a new 

district that was created later from an old one. 

2.3.5 The Constructed Dataset 

I combine the data described above from several sources. National individual-level exam 

results (WASSCE and BECE) were obtained from the West African Educational Council 

(WAEC). First, I compute two different outcomes of interest: the district pass rate and the 

district average test score. I compute the district pass rate and district average (mean) test 

score from individual results for 1993, 1998, 2003, 2008 and 2014. On the WASSCE, the 

exam subjects consist of four core subjects and three or four elective subjects. For the pass 

rate, I create a pass dummy variable, which takes the value 1 if a student passes five 

subjects; otherwise it takes a value 0. Since most students take the exam in seven subjects, 

then a student who passes five subjects must pass at least one or two core subjects. This is 

relevant for admissions to the university. By passing two core subjects, a student might not 
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be able to get a spot at the University of Ghana, due to competition, but she or he can still 

get into accredited private universities. The district pass rate is the proportion of students 

who passed in five subjects. The district average test score is the average of each individual 

student's average scores on the exams that she or he took. To do this, I assign points to each 

grade in the exam, as shown in the grade conversion table (Table 2-1). This provides more 

information about the exam results than just passing or not passing. 

For the BECE, I use similar technique to compute the district pass rate and the average test 

score. Unlike on the WASSCE, students need to obtain a total score of 30 or lower in their 

six best subjects to pass the exam. As a result, district with a lower average score is better 

than one with a higher average score. Summary statistics of both exam results, from 1993 

to 2014, are provided in Table 2-3. 

Table 2- 3: WASSCE (12th Grade) / BECE (9th Grade) Summary Statistics 

  1993 1998 2003 2008 2014 

Pass Rate in 3 Core Subjects 0.00 0.05 0.11 0.20 0.26 

Pass Rate in 4 Core Subjects 0.00 0.02  0.11 0.13 

Pass Rate in 5 Subjects 0.20 0.22 0.45 0.70 0.70 

Pass Rate in Mathematics 0.03 0.08 0.22 0.19 0.30 

Pass Rate in English 0.00 0.09 0.27 0.37 0.41 

Average Test Score (WASSCE) 0.75 0.59 0.83 1.37 1.43 

Pass Rate (BECE) 0.83 0.53 0.54 0.55 0.49 

Average Test Score (BECE) 2.73 2.71 2.74 2.77 2.94 
Source: Author's computation using individual test scores from the Ministry of Education and the West African 

Examination Council. The core subjects include Mathematics, English, Social Sciences, and Integrated Sciences. The 

remaining courses are elective courses which the students choose among the following subjects: agricultural science, 

business, information technology, etc. In 2003, there was not fourth core subject in the data. All the variables are from 

the WASSCE data, except the last two rows. The test scores are standardized. 
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These district-level exam results were matched to the DHS surveys. Given the geo-

coordinates, I match each cluster in the DHS survey to a shapefile containing only the 

original 110 districts. If a cluster falls into a district on the map, I consider that cluster to 

be in that district. Even though the exact geo-coordinates of the clusters are displaced 

within 2 kilometers in urban areas and 10 kilometers in rural areas, this process will induce 

only small random errors overall and should have little effect on the estimates. I use a 

similar process to estimate the average luminosity for each district. I join the Ghana district 

shapefile and an raster file (from NOAA) containing the luminosity indices of Ghana. I 

compute the district average luminosity index over the surveyed clusters in each district. 

Some measurement errors are still possible, but they should be negligible as I use the same 

coordinate systems when joining the nighttime lights from NOAA and the district 

shapefiles. Figure 2-3a-b and Table 2-2 provide the average luminosity indices over time 

in Ghana. I use the average luminosity index in 2013 as proxy for the year 2014, assuming 

that significant changes in luminosity are unlikely between two years since no major 

electricity crisis occurred in those years. Moreover, there were no unusual changes in 

access to electricity in 2014 (see Figures 2-1a-b). 

Given that each cluster is now located in a district, I calculate the district average access to 

electricity rate using the households’ responses to whether they had electricity in the DHS 

surveys. Some summary statistics on electricity are provided in Table 2. Using the district 

clusters, for each year, I compute a wealth index using principal component analysis (PCA) 

at the household level before aggregating to the district level. I use assets, dwelling 

characteristics, drinking water source, and types of toilet, which were asked in all surveys 
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from 1993 to 2014. I discard any questions asking whether the household possesses a new 

type of asset such as a mobile phone. I also exclude any assets that require access to 

electricity, such as refrigerators. This allows for a consistent comparison of wealth levels 

over time. However, I include radio as many people in rural areas might have radios even 

if they do not have electricity. These radios might be operated on batteries; therefore, 

excluding radios might have underestimate the wealth level of the households. I provide a 

list of the components used in the PCA analysis in Table A1-1 in the Appendix. 

In my analysis, I consider only the years 2003, 2008, and 2014 due to the lack of reasonable 

explanations of the apparent decrease in the pass rate in the BECE between 1993 and 1998, 

and a significant increase in the WASSCE/SSSCE results from 1998 to 2003. Thus, I start 

my analysis in 2003. Another benefit of starting in 2003 is that all clusters were in the 

correct districts for the years 2008 and 2014.4 Later, I include all years as a robustness 

check. 

 

 

 

 

 

 

 

 

 

                                                           
4 According to DHS Surveys, starting in 2008, displacement of cluster geocodes have been confined to the secondary 

administrative level, which is a district in Ghana 
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 Figure 2- 3a-b: District Average Luminosity Index 1993 and 2013  

 Source: Author's computation using NOAA data.  
 

      

2.4 Econometric Specification 

As discussed in Section 2, given the staggered rollout of Ghana’s Universal Electrification 

Program, districts received access to electricity at different times and rates from 1993 to 

2014. I analyze the effects of the impact of access to electricity on student performance by 

taking advantage of the rollout of this electricity program. Ideally, one would like to 

estimate the following household level equation: 

𝑌ℎ𝑑𝑡 = 𝛼0 + 𝛽𝑒𝑙𝑒𝑐𝑡ℎ𝑑𝑡 + 𝛾𝑛𝑙𝑖𝑔ℎ𝑡𝑑𝑡 + 𝜌𝑒𝑙𝑒𝑐𝑡ℎ𝑑𝑡 ∗ 𝑛𝑙𝑖𝑔ℎ𝑡𝑑𝑡 + 𝜃′𝑋ℎ𝑑𝑡 +  𝛿ℎ + 𝜇𝑡 + 휀ℎ𝑑𝑡   [1] 
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where 𝑌ℎ𝑑𝑡 is either the number of students who passed the exam or the student average 

score on the exams, in household h in district d in year t, 𝑒𝑙𝑒𝑐𝑡ℎ𝑑𝑡 indicates that household 

h in district d has electricity in year t, and 𝑛𝑙𝑖𝑔ℎ𝑡𝑑𝑡 is the average luminosity index in 

district d in year t.5  𝑋ℎ𝑑𝑡 is a vector of observable household characteristics in household 

h in district d in year t, such as the number of years in school of the household head, an 

indicator of whether household head is a male, the age of the household head, the size of 

the household, the wealth index of the household, or whether the household is in an urban 

or rural area. Finally, 𝛿ℎ is a household fixed effect; 𝜇𝑡 is a time fixed effect, and 휀ℎ𝑑𝑡 

incorporates all unobservable time, household, and district variables that affect the 

student’s performance. Given that the analysis is at the district level, aggregating equation 

(1) by taking the average over all households h in district d at time t yields the following 

specification: 

𝑌𝑑𝑡 = 𝛼0 + 𝛽𝑒𝑙𝑒𝑐𝑡𝑑𝑡 + 𝛾𝑛𝑙𝑖𝑔ℎ𝑡𝑑𝑡 + 𝜌𝑒𝑙𝑒𝑐𝑡𝑑𝑡 ∗ 𝑛𝑙𝑖𝑔ℎ𝑡𝑑𝑡 + 𝜃′𝑋𝑑𝑡 + 𝛿𝑑 + 𝜇𝑡 + 휀𝑑𝑡        [2] 

I estimate the above equation. I use nighttime satellite data to investigate whether 

luminosity (access to public outdoor lighting) has any effects on exam scores and pass 

rates. Many rural areas may not have electricity in homes, but they may have some sort of 

night lights at public locations such government administrative buildings, schools, public 

libraries, hospitals, and roads, which are often used by students to study. A district with a 

higher rate of access to electricity (local access) should have a higher luminosity index. To 

make sure that the effects of both electricity and luminosity on the pass rate or average test 

                                                           
5 This index was obtained from the Defense Meteorological Satellite Program (DMPS). I calculated this average 

luminosity over the area of the surveyed clusters 



23 
 

score are not additive, I include an interaction between electricity and luminosity. A 

negative sign on the coefficient of that interaction term, ρ, would indicate that these two 

effects are substitutes as opposed to complements. 

Three challenging issues regarding the above identification are endogeneity, measurement 

error in the electricity variable, and omitted variables. Regarding measurement error in the 

electricity variable, it is unlikely that household electricity variable has errors since 

interviewers can see or verify that household has electricity. Moreover, in all five surveys 

only 0.03 percent or fewer of the respondents have missing data for the question related to 

electricity. As for endogeneity, given that the rollout of the electrification targeted district 

capitals, then communities along the grid network were unintentionally treated. This is a 

potential source of endogeneity. However, the connectivity of communities is greatly 

constrained by the availability of transmission lines and the high use of hydropower. I 

address potential endogeneity and more generally omitted variable bias, in several ways. 

First, I include district fixed effects in all regressions to account for any time-invariant 

district characteristics that could simultaneously affect both student performance and 

access to electricity. Second, I include time fixed effects to control for any shocks that 

affect student performance and access to electricity in all districts in a particular year.6  

                                                           
6 Additionally, in Ghana, it is very unlikely that households move to another district to obtain access to electricity to 

affect the children' s exam outcomes. In all years, DHS surveys were conducted starting in July, right after the exams 

have been administrated. However, the surveyed households are usually selected prior to the exam, starting in January 

or later based on lists of households from previous surveys or the latest census. By selecting households earlier, the 

sampling will not include households that recently had moved into a community. 
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All DHS surveys utilize a two-stage sampling design in which the first stage consists of 

systematically selecting a set of sample communities or clusters from the latest census in 

Ghana. In the second stage, 15 to 30 households, depending on the survey years, are 

systematically sampled from each cluster. Given this methodology, it is reasonable to 

assume that the households are a random sample from each district. In my analysis, I 

consider only districts with 3 or more clusters in order to reduce the possibility of non-

representative samples of district households. 

2.5 Results 

The main regression results are presented in Tables 2-4 and 2-5. I consider both the pass 

rate and the average test score as outcomes of interest. Table 2-4 shows the regression 

results for the 9th grade exam (BECE). I focus on the fixed effect models. The estimates 

on access to electricity and luminosity are insignificant both for the pass rate as well as for 

the average test score. This suggests that neither having access to electricity at home nor 

having access to lighted areas outside the home affect the pass rates on the 9th grade exam. 

Moreover, while the impacts of access to electricity and luminosity are both insignificant 

and positive for the pass rate, they are also (insignificantly) negative for the average test 

score, confirming the lack of an effect of these treatments on student performance on the 

BECE exam. 

The results for the 12th grade exam (WASSCE/SSSCE), in Table 2-5, are quite different. 

Focusing on the specification that includes district and time fixed effects, in Table 2-5 the 

estimate on access to electricity is positive and significant for the pass rate. In Table 2-5, 

Panel A, for a 10 percent increase in access to electricity, the pass rate increases by 2.7 
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percentage points. Though the estimate on luminosity is positive, but it is not significant. I 

also analyze the impacts of access to electricity separately for girls and boys. The estimated 

effect of access to electricity for pass rate is positive for both girls and boys, but it is 

significant for boys only. As for the luminosity, the impact is positive for both boys and 

girls and but significant for boys only. While access to electricity has a higher effect on 

girls' pass rate, the significance of the coefficient of luminosity is higher for the boys. In 

Table 2-5, Panel A, shows that a 10 percent increase in access to electricity increases the 

pass rate by 3.1 percentage points for the girls and 2.4 percentage points for the boys, on 

average. For the boys, a 10 percentage increase in luminosity increases pass rate by 2.2 

percentage points. 

In Table 2-5, Panel B, a 10-percent increase in the access to electricity increases test 

score by 0.011 SD. Luminosity also has a positive and significant effect on the 12th grade 

average test score; a 10 percentage increase in the district average luminosity index 

increases the average score by 0.042 SD. This suggests that light outside the home by 

itself has a direct effect on exam results. These results suggest that access to electricity 

and luminosity have significant impacts on student performance on the WASSCE exam. 

Again, the estimates on boys and girls follow similar trend. However, the estimate on 

access rate is statistically significant at 10 percent level for boys, and it is not significant 

for girls. The estimates on luminosity index is positive and statistically significant 

impacts for both boys and girls. A 10 percent increase in luminosity index increases 

average test score by 0.042 SD for girls and boys. This is slightly higher than the increase 

for the full sample. It is worth noticing that the coefficient on the interaction term is 
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negative and significant for Table 2-5. This means that even though a district with a 

higher rate of access to electricity should also be very luminous, we should not expect the 

average test score in that district to be the sum of the effects of electricity and light 

together. That is, for a student, lighting in public places is a substitute for the access of 

electricity at home or vice versa. The student can use only one place or the other to study 

at any given period in time. 

The effect of the luminosity variable on student performance in grade 12 suggests that the 

probability of success on the exams increases for students who have no access to electricity 

at home if they live in luminous districts. Consequently, students in districts with more 

street lights or public places with lights where students can study in the evening should 

perform better than those in districts with fewer or no street or public lights for studying, 

given a lower rate of access to electricity at the household level. 

Many studies on education and electricity show that access to electricity (electric light) 

increases study hours (Khandker et al. 2012; Furukawa, 2013). Therefore, students who 

have had access to electricity should be more prepared by the time they take the WASSCE 

exam at the end of the 12th grade. Moreover, those students will be better able to deal with 

the time constraints when studying for the exams. Since the results in Table 2-4 suggest 

that electricity and luminosity have no significant impact on student performance on the 

9th grade examination, this implies that having electricity does not affect any study time 

constraints that may exist for 9th grade students. Given that the analyses are on the same 

districts over the same time period, the results suggest that both electricity and luminosity 

matter more at the higher grade levels, when being successful on the exam requires 
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significant hours of studying, especially in the evening. Having access to electricity at 

home or outdoor lighting can alleviate such time constraints as implied by their effects on 

student performance in grade 12. 
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Table 2- 4: Effects of Electricity and Luminosity on the BECE exam (9th Grade) 

2003-2014 

Panel A       

Pass Rate         

          Full Sample             Girls            Boys 
  (1) (2) (3) (4) (5) (6) 

       

Elect. Access Rate -0.055 0.174 0.008 0.196 -0.087 0.162 

 (0.066) (0.186) (0.069) (0.190) (0.065) (0.184) 

Luminosity 0.022 0.097 0.034 0.116 0.019 0.081 

 (0.037) (0.134) (0.039) (0.139) (0.036) (0.132) 

Luminosity x Elect. 

Access Rate 0.014 -0.040 -0.000 -0.064 0.018 -0.030 

 (0.049) (0.069) (0.051) (0.072) (0.048) (0.069) 

       

       

Observations 207 207 207 207 207 207 

Mean of Outcome 0.53 0.53 0.48 0.48 0.56 0.56 

R-squared 0.230 0.720 0.323 0.753 0.178 0.708 

Panel B             

Mean Score         

          Full Sample               Girls               Boys 
  (1) (2) (3) (4) (5) (6) 

       

Elect. Access Rate 0.382** -0.271 0.192 -0.271  0.491*** -0.282 

 (0.186) (0.368) (0.196) (0.366) (0.182) (0.373) 

Luminosity -0.094 -0.182 -0.102 -0.195 -0.098 -0.174 

 (0.102) (0.301) (0.105) (0.308) (0.101) (0.304) 

Luminosity x Elect. 

Access Rate -0.038 0.081 -0.022 0.113 -0.039 0.079 

 (0.121) (0.160) (0.124) (0.162) (0.122) (0.165) 

       

Observations 207 207 207 207 207 207 

Mean of Outcome 2.81 2.81 2.89 2.89 2.76 2.76 

St. Dev. Of Outcome 0.357 0.357 0.374 0.374 0.358 0.358 

R-squared 0.299 0.793 0.372 0.799 0.261 0.800 

Time FE No Yes No Yes No Yes 

District FE No Yes No Yes No Yes 
Note: Test scores are normalized to have a standard deviation of 1. The analysis is at the district level. All variables are 

district averages and are in inverse hyperbolic sine form (asinh)The sample includes districts with at least 3 clusters. DHS 

surveys use stratified sampling. Each cluster consists of 15 to 20 households. Starting 2008, the clusters were geocoded 

at the secondary administrative level (districts in Ghana). Less than 20 percent of the clusters in 2003 might have been 

outside their designated districts using GIS georeferencing. Controls variables are included in the regression. Clustered 

robust standard errors at district level in parentheses. *** p<0.01, ** p<0.05, * p<0.1. 
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Table 2- 5: Effects of Electricity and Luminosity on the WASSCE exam (12th 

Grade) 2003-2014 

Panel A       

Pass Rate             

           Full Sample             Girls            Boys 
  (1) (2) (3) (4) (5) (6) 

       

Elect. Access Rate 0.320*** 0.269** 0.396*** 0.308** 0.304*** 0.235** 

 (0.080) (0.104) (0.098) (0.125) (0.074) (0.100) 

Luminosity -0.011 0.215 -0.022 0.249 0.006 0.222* 

 (0.045) (0.133) (0.055) (0.166) (0.041) (0.119) 

Luminosity x Elect. 

Access Rate 0.011 -0.169* 0.018 -0.203* -0.008 -0.185** 

 (0.059) (0.092) (0.072) (0.121) (0.054) (0.083) 

       

       

Observations 207 207 207 207 207 207 

Mean of Outcome 0.63 0.63 0.57 0.57 0.66 0.66 

R-squared 0.258 0.853 0.284 0.863 0.249 0.843 

Panel B             

Mean Score           

           Full Sample             Girls             Boys 
  (1) (2) (3) (4) (5) (6) 

       

Electricity Access Rate 0.762*** 0.566* 0.844*** 0.502 0.768*** 0.590* 

 (0.197) (0.322) (0.219) (0.333) (0.187) (0.314) 

Luminosity -0.131 0.651** -0.144 0.650* -0.105 0.689** 

 (0.095) (0.316) (0.106) (0.344) (0.090) (0.310) 

Luminosity x Elect. 

Access Rate 0.186 -0.462** 0.175 -0.457* 0.174 -0.520** 

 (0.125) (0.231) (0.128) (0.257) (0.125) (0.220) 

       

       

Observations 207 207 207 207 207 207 

Mean of Outcome 1.23 1.23 1.14 1.14 1.27 1.27 

St. Dev. of Outcome 0.463 0.463 0.534 0.534 0.444 0.444 

R-squared 0.256 0.867 0.263 0.877 0.263 0.864 

Time FE No Yes No Yes No Yes 

District FE No Yes No Yes No Yes 
Note: Test scores are normalized to have a standard deviation of 1. The analysis is at the district level. All variables are 

district averages and are in inverse hyperbolic sine form (asinh)The sample includes districts with at least 3 clusters. DHS 

surveys use stratified sampling. Each cluster consists of 15 to 20 households. Starting 2008, the clusters were geocoded 

at the secondary administrative level (districts in Ghana). Less than 20 percent of the clusters in 2003 might have been 

outside their designated districts using GIS georeferencing. Controls variables are included in the regression. Clustered 

robust standard errors at district level in parentheses. *** p<0.01, ** p<0.05, * p<0.1. 
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2.6 Robustness Checks 

Extending time periods 

To check the robustness of the results, I add the years 1993 and 1998. By adding two 

additional periods, the sample size increases, which allows for more variation over time in 

the exams and in access to electricity. Table 2-6 and Table 2-7 show the estimates. 

Focusing on the fixed effects estimates, for the 9th grade exam, the coefficients on the 

electricity and luminosity remain insignificant, further supporting the conclusion that 

access to electricity has no impact on student performance in grade 9. The results for grade 

12 also hold. More specifically, in Table 2-7, Panel A, for the impact on the pass rate, the 

estimate on the access to electricity variable is significant, whereas the luminosity variable 

remains insignificant, but positive. In Panel B, the coefficient estimates on access to 

electricity and luminosity are still positive and significant for the mean test score, although 

the magnitude of these coefficients decreases slightly on the estimate on access to 

electricity, and more substantially for the luminosity. The patterns of these results hold for 

boys; however, the estimate on the access to electricity is not statistically significant for 

girls. These results, for girls, are similar to the ones in Table 2-5. The estimates on the 

interaction term remain highly significant and negative. The significance on both electricity 

and luminosity for the mean test score suggest that access to electricity and luminosity have 

had an impact on student performance in grade 12. The magnitudes of the effects are 

generally stable, regardless of the time period, suggesting that the results are robust over 

time. However, for girls, the magnitudes of the effects of access to electricity and 

luminosity are somewhat lower. 
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Table 2- 6: Effects of Electricity and Luminosity on the BECE exam (9th Grade) 1993 

2014 

Panel A       

Pass Rate             

       Full Sample            Girls            Boys 

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

       

Elect. Access Rate -0.295*** 0.077 -0.279*** 0.114 -0.294*** 0.060 

 (0.053) (0.088) (0.058) (0.095) (0.050) (0.083) 

Luminosity 0.018 0.030 0.026 0.042 0.015 0.027 

 (0.026) (0.065) (0.029) (0.071) (0.025) (0.060) 

Luminosity x Elect. 

Access Rate 0.048 0.042 0.044 0.038 0.047 0.037 

 (0.036) (0.044) (0.039) (0.052) (0.034) (0.039) 

       

       

Observations 349 349 349 349 349 349 

Mean of Outcome 0.59 0.59 0.55 0.55 0.62 0.62 

R-squared 0.227 0.690 0.229 0.693 0.226 0.693 

Panel B             

Mean Score             

           Full Sample             Girls              Boys 

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

       

Elect. Access Rate 0.453*** -0.279 0.295** -0.341 0.520*** -0.257 

 (0.120) (0.202) (0.128) (0.212) (0.116) (0.195) 

Luminosity -0.129 -0.132 -0.154* -0.141 -0.117 -0.141 

 (0.080) (0.166) (0.086) (0.172) (0.077) (0.160) 

Luminosity x Elect. 

Access Rate -0.067 -0.058 -0.041 -0.042 -0.079 -0.046 

 (0.095) (0.117) (0.101) (0.125) (0.094) (0.111) 

       

       

Observations 349 349 349 349 349 349 

Mean of Outcome 2.76 2.76 2.85 2.85 2.71 2.71 

St. Dev. of Outcome 0.368 0.368 0.388 0.388 0.365 0.365 

R-squared 0.257 0.615 0.287 0.616 0.246 0.633 

Time FE No Yes No Yes No Yes 

District FE No Yes No Yes No Yes 
Note: The analysis is at the district level. All variables are district averages and are in inverse hyperbolic sine form 

(asinh), except for the mean test score. The sample includes districts with at least 3 clusters. DHS surveys use stratified 

sampling. Each cluster consists of 15 to 20 households. Starting 2008, the clusters were geocoded at the secondary 

administrative level (districts in Ghana). Less than 20 percent of the clusters in 2003 might have been outside their 

designated districts using GIS geo-referencing. Controls variables are included in the regression. Clustered robust 

standard errors at district level in parentheses. *** p<0.01, ** p<0.05, * p<0.1. 



32 
 

Table 2- 7: Impact of Electricity and Luminosity on the WASSCE exam (12th Grade) 

1993-2014 

Panel A       

Pass Rate             

           Full Sample             Girls            Boys 

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

       

Electricity Access 

Rate 0.643*** 0.207*** 0.670*** 0.176** 0.647*** 0.211*** 

 (0.064) (0.062) (0.072) (0.069) (0.063) (0.061) 

Luminosity -0.011 0.086 -0.018 0.095 -0.005 0.087 

 (0.032) (0.054) (0.036) (0.060) (0.031) (0.054) 

Luminosity x Elect. 

Access Rate -0.009 -0.105*** 0.004 -0.106** -0.016 -0.111*** 

 (0.043) (0.039) (0.049) (0.048) (0.043) (0.036) 

       

Observations 349 349 349 349 349 349 

Mean of Outcome 0.91 0.91 0.77 0.77 0.97 0.97 

R-squared 0.408 0.888 0.397 0.893 0.416 0.887 

Panel B             

Mean Score             

           Full Sample                   Girls                  Boys 

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

       

Electricity Access 

Rate 1.008*** 0.404** 1.078*** 0.341 1.006*** 0.446** 

 (0.147) (0.203) (0.175) (0.211) (0.138) (0.198) 

Luminosity -0.039 0.255* -0.023 0.246* -0.042 0.281* 

 (0.078) (0.141) (0.086) (0.143) (0.081) (0.144) 

Luminosity x Elect. 

Access Rate 0.060 -0.269** 0.027 -0.284** 0.079 -0.298*** 

 (0.095) (0.109) (0.101) (0.122) (0.100) (0.106) 

       

Observations 349 349 349 349 349 349 

Mean of Outcome 1.01 1.01 0.92 0.92 1.04 1.04 

St. Dev. Of Outcome 0.489 0.489 0.552 0.552 0.480 0.480 

R-squared 0.319 0.848 0.302 0.861 0.334 0.847 

Time FE No Yes No Yes No Yes 

District FE No Yes No Yes No Yes 
Note: The analysis is at the district level. All variables are district averages and are in inverse hyperbolic sine form 

(asinh), except for the mean test score. The sample includes districts with at least 3 clusters. DHS surveys use stratified 

sampling. Each cluster consists of 15 to 20 households. Starting 2008, the clusters were geocoded at the secondary 

administrative level (districts in Ghana). Less than 20 percent of the clusters in 2003 might have been outside their 

designated districts using GIS geo-referencing. Controls variables are included in the regression. Clustered robust 

standard errors at district level in parentheses. *** p<0.01, ** p<0.05, * p<0.1. 
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Rural and urban effects 

According to the DHS data, from 1993 to 2014, the electricity access rate increased from 

6 percent to 63 percent in rural areas, whereas, in urban areas, the access rate increased 

from 75 percent to about 91 percent. It is reasonable to conclude that much of the effect of 

access to electricity on student performance results from the increase in rural areas. To 

account for this significant increase in the electrification rate in both rural and urban areas, 

I divide the districts into three distinct groups according to their level of urbanization. I use 

the urban/rural density variable, which is the percentage of the households in the DHS 

survey that resides in rural areas. I apply this to the districts based on the value of this 

variation in 1993. 

Three categories of districts were created. The first category, the most urbanized, consists 

of 27 districts with an urban/rural density between 0 to 0.625, the second category consists 

of 27 districts with a density between 0.625 and 0.815, and the last category, the most rural, 

is comprised of 54 districts with a density of 0.815 or higher, of which 49 were entirely 

rural districts, meaning their densities equal 1. I estimate the effects of access to electricity 

on student performance for each category by creating a dummy variable for each case. 

Table 2-8 shows the results. 

The estimates show the effect of access to electricity on student performance are significant 

for the most urban and the most rural areas. For districts in category 1, the most urbanized, 

the coefficient estimates on the electricity and luminosity variables are positive and 

significant. Although, the estimate on the luminosity variable is not statistically significant. 

For the category 2, partly urban, while the coefficient on the luminosity variable is positive 
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and statistically significant (at the 10% level), the coefficient on access to electricity is not 

significant. For the most rural, districts in category 3, the coefficient on access to electricity 

is positive and significant and that of the luminosity variable is not significant, suggesting 

that luminosity has no effect on student performance for the districts in category 3, which 

are almost entirely rural. Yet, access to electricity has a slightly positive and significant 

impact on student performance. This suggests that the impact of access to electricity 

dominates public lighting in rural areas. The surprising result for districts in category 1 

implies that, even though the most urban areas experienced a lower increase in the rate of 

access to electricity from 1993 to 2014 compared to rural areas, they had a considerable 

increase in lighting, which had a significant impact on student performance. 
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Table 2- 8:  Rural and Urban Effects 

    Pass Rate        Mean Score 

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

Category 1     

     

Electricity Access Rate  0.510*** 0.401*** 0.859*** 0.802** 

 (0.091) (0.099) (0.209) (0.386) 

Luminosity -0.043 0.104 0.009 0.354 

 (0.065) (0.065) (0.150) (0.280) 

Luminosity x Elect. Access Rate  0.043 -0.205*** 0.042 -0.496* 

 (0.075) (0.058) (0.173) (0.271) 

Category 2     

     

Electricity Access Rate 0.566*** 0.136 1.040*** 0.123 

 (0.107) (0.125) (0.247) (0.349) 

Luminosity -0.079 0.178* -0.139 0.437 

 (0.073) (0.099) (0.167) (0.272) 

Luminosity x Elect. Access Rate 0.112 -0.161 0.117 -0.342 

 (0.129) (0.150) (0.298) (0.416) 

Category 3     

     

Electricity Access Rate  0.698*** 0.198** 1.153*** 0.501* 

 (0.080) (0.081) (0.185) (0.258) 

Luminosity 0.008 0.039 0.001 0.082 

 (0.038) (0.074) (0.088) (0.164) 

Luminosity x Elect. Access Rate -0.047 -0.051* -0.073 -0.168* 

 (0.068) (0.030) (0.156) (0.085) 

     

     

Time FE No Yes No Yes 

District FE No Yes No Yes 

     

     

Observations 345 345 345 345 

R-squared 0.461 0.914 0.326 0.852 
Note: All variables are district averages and are in inverse hyperbolic sine form (asinh), except for the mean test score. 

Each category is defined using the level of urbanization of the district. Category 1is the most urbanized, followed by 

category 2. Category 3 consists of mainly rural districts. Robust standard errors clustered at the district level are in 

parentheses. *** p<0.01, ** p<0.05, * p<0.1 
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Can economic growth or other factors explain the effects in grade 12? 

Parallel to the rollout of electrification in Ghana, the economy was also increasing. This 

economic growth could lead to an increasing funding in public schools, better labor market, 

and wages, all of which could have a significant impact on educational outcomes. 

Specifically, in Ghana, the positive effect of access to electricity on student performance 

could have been caused by a growing economy. Consequently, the effect on education 

outcomes may have been due to the underlying time trend of the economy rather than the 

increased opportunity to study at night. I argue that the effect of access to electricity on 

student performance is not the result of the economy growth during the rollout period in 

Ghana, but instead was due to higher availability of lighting for studying after dark. 

To check for this, I first estimate the effect of access to electricity on student performance 

in grade 12 assuming that the current pass rate or mean test score was the value from two 

periods prior. By doing so, for instance, district pass rates or average test scores in years 

2003, 2008, and 2014 are replaced with those of 1993, 1998, and 2003 respectively. 

However, the explanatory variables for 2003, 2008, and 2014, including the access to 

electricity and luminosity variables, are not changed.7 A positive and significant effect on 

student performance would suggest that factors other than access to electricity, such as 

economic growth, might explain the effect of access to electricity on student performance. 

Table 2-9 shows the regression results. Focusing on the specification with time and district 

                                                           
7 Ideally, for this technique, the time of any variables should not be changed; and the estimation should include district 

economic growth variables. However, no district economic growth variable was available for this analysis. 
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fixed effects, the estimated impacts of electricity and luminosity are insignificant. This 

indicates that factors other than access to electricity do not explain the positive effect of 

access to electricity on student performance in grade 12. Moreover, this undermines any 

potential labor market effect due to an increase in access to electricity over time. 

Similar to the above method, I consider the same technique on the treatment variables, 

access to electricity and luminosity. I replace the electricity and luminosity variables with 

their respective values two periods prior while not changing the time period for the 

outcome variable. That is, I use the values for access to electricity and luminosity index in 

years 1993, 1998, and 2003 instead of the values in 2003, 2008, and 2014, while the 

outcome variable was unchanged. Columns 2 and 4 (pass rate and average test score, 

respectively) in Table 2-9 suggest that factors other than access to electricity do not explain 

the positive and significant effect of access to electricity and luminosity on student 

performance. These results indicate that any significant impact on student test scores is due 

to an increasing access rate, confirming the previous results. 
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Table 2- 9: Lagged Treatment and Outcome 

Panel A     

Lagged Treatment         

       Pass Rate       Mean Score  

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

     

Lagged Elect. Access Rate 0.218*** 0.272 0.537*** 0.518 

 (0.071) (0.170) (0.194) (0.424) 

Lagged Luminosity 0.026 -0.034 0.009 -0.297 

 (0.031) (0.103) (0.084) (0.275) 

Lagged Lum. x Elect. Access Rate -0.040 -0.114 0.012 -0.002 

 (0.045) (0.113) (0.121) (0.339) 

     

     

Observations 206 206 206 206 

Mean of Outcome 0.63 0.63 1.24 1.24 

R-squared 0.215 0.849 0.213 0.862 

Panel B     

Lagged Outcome (t-2)     

                 Lagged (t-2)             Lagged (t-2)   

                Pass Rate          Mean Score 

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

     

Electricity Access Rate  0.245*** -0.018 -0.069 -0.035 

 (0.076) (0.120) (0.152) (0.258) 

Luminosity -0.090** 0.047 -0.031 0.135 

 (0.042) (0.116) (0.085) (0.240) 

Luminosity x Elect. Access Rate  0.144** -0.045 0.177 -0.178 

 (0.056) (0.085) (0.112) (0.174) 

     

     

Observations 205 205 206 206 

Mean of Outcome 0.30 0.30 0.73 0.73 

R-squared 0.336 0.912 0.282 0.910 

Time FE No Yes No Yes 

District FE No Yes No Yes 
Note: In Panel A, the treatment variables (electricity and luminosity) are lagged two prior. That is, for year 2014, I used 

the 2003 data. In Panel B, the outcome variables (pass rate and mean score) are the lagged values two periods prior. 

Robust standard errors clustered at the district level in parentheses. *** p<0.01, ** p<0.05, * p<0.1. 
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2.7 Conclusion 

The universal electrification program in Ghana has been successful even in the presence of 

many difficulties in recent years, including shortages and loadshedding, which is a 

scheduled blackout in some areas or households to avoid overloading the electric grid. It is 

important to understand the impacts of the program on households. In my analysis, I show 

that the impact of access to electricity at home on educational outcomes differs across 

educational levels. More specifically, while access to electricity at home has no impact on 

student performance on the secondary entrance examination, the BECE (taken at the end 

of grade 9), it increases the pass rate and average test score on tertiary entrance 

examination, the WASSCE/SSSCE (taken at the end of grade 12). Moreover, the results 

suggest that luminosity (outdoor lighting), measured using satellite imagery, has a 

significant effect on student performance on the tertiary entrance examination. Indeed, a 

mediation analysis indicates that luminosity accounts for between one third and one half 

of the total effect of access to electricity on student performance. 

These results are robust to extending the analysis to additional time periods. Also, further 

analysis suggests that neither economic growth nor factors other than access to electricity 

are likely to be the source of the impacts of access to electricity and luminosity on student 

performance in grade 12. This suggests that access to electricity allows for longer study 

hours, which are particularly important for the higher educational level (grade 12) than the 

lower level (grade 9). The results also suggest that the effects are higher in more urban 

districts. 
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Access to electricity affects the daily lives of households, and more generally, the daily life 

in an entire region. Increasing access to electricity in regions where electricity is scarce has 

the potential effect of reducing the economic gap or inequality between individuals or 

regions with access to electricity and those without such access. Access to electricity 

produces economic benefits, but it also leads to many improvements in life. The results of 

this study indicate that access to electricity increases educational outcomes among 

disadvantaged households (those without electricity), which should lead to a decrease in 

educational inequality as well. The original goal of Ghana's Universal Electrification 

Program was to improve government efficiency in district capitals by providing electricity 

to all district capitals in that country, but it has many other benefits, including positive 

impacts on student learning. 
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3. Access to Infrastructure, Firm Productivity, and Location 

Decision 
 

 

 

Ibrahim Keita 

 

 

3.1 Introduction  

In almost all countries, the distribution of economic activity is spatially and unevenly 

concentrated in some regions. Firm productivity can be spatially dependent, and it is 

common for highly productive firms to clustered in large cities and near coastlines. This 

clustering is the results of agglomeration economies in which firms benefit from 

productivity and cost advantages by locating near each other. Consequently, both 

reductions in transport costs through input-output linkages and increases in productivity 

due to knowledge spillovers in a thick market (Marshall, 1890) can be attributed to the 

concentrated location choices of individual firms. 

This paper analyses the extent to which different types of infrastructure account for higher 

productivity in an industry. First, by assuming that firms have Cobb-Douglas production 

functions, I use firm-level data to estimate the Total Factor Productivity (TFP) as the Solow 

residual, controlling for different industries. Second, I estimate the effects of infrastructure 

constraints on firm productivity. This framework assumes that TFP is a function of, among 

other things, different types of infrastructure. Economists have developed theoretical 
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models that include infrastructure as public input that affect private production (Samuelson 

(1954), Kaizuka (1965), and Sandmo (1972)). Finally, I analyze the location choices of the 

foreign-owned firms in my dataset using a Nested Logit Model. I estimate this model by 

analyzing firms' locations in different regions in Sub-Saharan Africa (SSA), where access 

to infrastructure is still one of the major constraints to firm productivity. 

In the analysis, TFP is defined as the portion of output not explained by the amount of 

inputs used in production, across different manufacturing industries, using microdata from 

the World Bank's Enterprise Surveys (WBES) data. The surveys provide a wide variety of 

firm-level data, including data on infrastructure, innovation, and investment climate. The 

surveys have been conducted for two or three rounds in many countries, including some in 

SSA. In almost all of these surveys, the same regions are surveyed because they are mostly 

where some agglomeration economies or at least a significant clustering of firms exist. So, 

the dataset provides panel data at the region level, and any changes in local regional 

infrastructure can be captured over time. One of the advantages of the WBES data is that 

the surveys are collected using a standard methodology, which provides national 

representative samples of private sector firms. I produce estimates of firm-level TFP for 

eight different manufacturing industries in SSA, including one consisting of a set of other 

manufacturing industries. I later use the different questions regarding business climate to 

estimate the effects of different infrastructure constraints on the productivity of firms in 

different industries. 

Infrastructure can affect not only firm's productivity but also their location decisions. 

Indeed, firms' locations can be affected by government investment in infrastructure 
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favoring one region over another. Regions with a thick market or a larger local labor market 

attract firms due to the availability of a diverse labor pool (skilled and unskilled) and the 

potential for knowledge exchange. Also, regions with adequate infrastructure, such as 

seaports, access to roads, and electricity, are likely to have a clustering of firms. In 

developed countries, and some emerging economies, agglomerations and industrial 

clustering have been established for many years (Yusuf et al. 2008). However, in 

developing countries, the disparities in firm concentration within a country are often driven 

by the scarcity or complete lack of infrastructure. Indeed, depending on the type of 

infrastructure, firms might choose to locate in a region based on the availability of that 

specific infrastructure. 

In Africa, agglomeration economies are still struggling to take off, although a few examples 

exist such as the textile sector in Kenya, Tanzania, and Ethiopia (Otsuka and Sonobe, 

2011). Much of low firm productivity in the region may be a result of the lack of access to, 

or the low quality of, infrastructure. Firms are unable to take advantage of the decreasing 

transaction costs due to input-output linkages resulting from accessibility to high quality 

infrastructure. Indeed, access to electricity, transportation, and even access to 

communications infrastructure is low, or the infrastructure is in poor condition. 

Consequently, firms have to decide which infrastructure is crucial or most productive for 

their activities and, hence they become more selective. For instance, a shoe manufacturing 

firm that depends on electricity for its production and roads for exports might decide to 

locate in a region in Cote d'Ivoire where there are fewer blackouts rather than Accra 

(Ghana) or Lagos (Nigeria), where the power supply is less reliable. Transport 



44 
 

infrastructure can also be crucial, especially for multinational corporations. Boudier-

Bensebaa (2005) finds road availability to be a crucial determinant of investment in 

Hungary. Moreover, access to seaports and good transport infrastructure attract foreign 

direct investment (Ryan et al., 2004; Milner et al., 2006; Belderbos and Carree 2002; 

Deichmann et al., 2005). 

The remainder of this chapter is structured as follows. In section 2, I present the related 

literature on agglomeration economies and infrastructure as well as my contributions. 

Section 3 discusses the Enterprise Surveys data. Section 4 outlines the estimation strategy. 

Section 5 discusses the results of the estimation, and section 6 discusses the Nested Logit 

Model and the results. Section 7 concludes the paper. 

3.2 Related Literature and Contributions 

The literature on the role of infrastructure in the economic development process is still 

understudied given that most infrastructure is not randomly allocated and is mainly built 

or introduced in regions or places where economic benefits are expected. Even though this 

is the case around the world, Sub-Saharan Africa, where the economic environment differs 

from that advanced economies, lacks industry-targeted infrastructure construction. This is 

partly due to lack of longitudinal firm data and industrial policies. Moreover, much of the 

literature on the impacts of infrastructure on economic development or economic growth 

has focused on transport infrastructure and its role in trade or exports. However, some 

studies have also emphasized the effects of infrastructure on productivity growth following 

earlier works from Aschauer (1989a, 1989b), who showed that public capital stock, such 

as transportation and water systems, had strong effects on productivity in the U.S. and other 
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G-7 countries in the 1950s and 1960s. Barro (1990); Gramlich (1994); and Lynde et al. 

(1992) reiterate these results using theoretical works on economic growth. While Canning 

and Pedroni (2008) and Easterly and Rebelo (1993) examine these effects on long-term 

productivity, Adam et al. (2005) show these impacts in a cross-countries analysis. 

Furthermore, the impacts of specific types of infrastructure (transport and 

telecommunications) on economic growth were found to be positive. (see Cronin et al. 

1991; Demetriades and Mamuneas. 2000; Morrison and Schwartz. 1996). 

Transportation infrastructure affects markets and market prices. Studies on infrastructure 

investment in India from 1861 to 1921 show convergence of prices, especially in the grain 

market, which expanded as the result of infrastructure investment (Hurd, 1975). Baum-

Snow et al. (2015) find that investment in road and railroad networks in Chinese cities 

improved access to market and contributed to regional economic growth. Reductions in 

transaction costs are one of the mechanisms through which infrastructure affects economic 

outcomes. Bougheas et al. (1999) show that there is a negative relationship between the 

development of transportation infrastructure and trade costs. Roller and Waverman (2001) 

also find this negative relationship by estimating the effect of telecommunications 

infrastructure on economic development in 21 OECD countries over a period of 20 years. 

They find a significant positive causal link especially in presence of critical mass 

telecommunications infrastructure. Moreover, infrastructure allows firms to have access to 

a large pool of labor. In a study of U.S. cities between 1983 and 2003, Duranton and Turner 

(2012) find that a 10 percent increase in the stock of highways in a city leads to an increase 

in employment by 1.5 percent. In a recent paper, Hjort and Poulsen. (2018) find that the 
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gradual arrival of submarine internet cables on the coast in Africa has had a large positive 

effect on employment rates, especially in higher-skill occupations. 

In addition to the impact of infrastructure on productivity and economic development, 

agglomeration economies also affect these same economic outcomes. There is a large 

literature focused on the effects of externalities from agglomeration economies on 

productivity, including agglomeration within the same industry (see Marshall, 1890; 

Romer, 1986) and agglomeration across different industries (Jacobs, 1969). 

Most of these studies have focused largely on the impacts of infrastructure on productivity 

or other economic outcomes, without explicitly considering the effects or the relevance of 

different infrastructure on the productivity of a particular industry through the 

agglomeration channel. Mera (1973) studied the determinants of agglomeration economies 

and the effects of transportation and communications infrastructure on personal income 

and labor productivity in both developed and developing countries. Moomaw (1983) 

showed that transport infrastructure has a positive effect on the productivity in five 

different industries even after controlling for population agglomeration. Calem and Carlino 

(1991) found that infrastructure and resource endowments seemed to influence urban 

productivity through agglomeration economies in U.S cities. Yet, they acknowledged the 

omission of the infrastructure variable due to the difficulty of measurement, which might 

bias their results. 

3.3 Data 

I use the World Bank Enterprise Surveys (WBES), covering 29 countries in SSA for my analysis. 

These surveys are collected through the Enterprise Analysis Unit (EAU) of the World Bank. The 
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EAU uses a harmonized global sampling methodology for its data collection. The methodology 

takes into account regions within the countries, and only regions with a significant concentration 

of firms are surveyed. The surveys include firms in the manufacturing and service sectors. The 

EAU classifies firms as small, medium, and large depending on the number of employees.8 

Sometimes, the EAU conducts Indicator Surveys instead of the full Enterprise Surveys. 

These surveys include fewer questions than the full questionnaire of the EAU. It is 

challenging to compute the productivity of firms in the Indicator Surveys because these 

surveys might not include all the required variables. The full surveys for SSA have sample 

size varying between 150 and 2,676 depending on the size of the economy (with Nigeria 

having the largest sample size). In the surveys, the firms are selected through a two-stage 

sampling process from a universe of firms. The sample of firms is stratified by sector, size, 

and geographic region.9 A weight is assigned to each firm reflecting this stratification. The 

final dataset is cross-sectional, and each country has two rounds of surveys. Most of the 

first rounds of these surveys in SSA were collected between 2006 and 2009. A few 

countries were surveyed in 2005. If a country has three surveys, I select the two surveys 

that have the most information and that are most harmonized with the rest of EAU's 

surveys. The final sample size in the analysis consists of 7,126 firms. 

                                                           
8 Small firms are firms with at least 5 employees and at most 19 employees. Medium firms have between 20 and 99 

employees, inclusive. Large firms have at least 100 employees. No firm with less than 5 employees is included in the 

survey. 
9 The surveys are conducted in largest cities, which are part of the primary administrative levels within the countries. 

The primary administrative levels are considered as regions in my analysis. There are 104 distinct regions in the 

sample. 
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I compute TFP only for manufacturing firms, assuming a Cobb-Douglas production 

function. In the surveys, firms are classified using 2-digit manufacturing codes from 

International Standard Industrial Classification (ISIC REV. 3.1) (See Table 3-1). I group 

the firms in the sample into seven major industry categories as the result of the sample 

design: Food, Textiles, Garment, Chemicals, Non-Metallic Minerals and Basic Metals, 

Fabricated Metals and Machinery, and Wood Products and Furniture. The food industry is 

the largest, with close to 27 percent of the manufacturing sector firms followed by the wood 

and furniture and garment industries, with more than 17 and 16 percent respectively. 

Industries in the manufacturing sector that do not belong in these seven categories are 

grouped as “Other Manufacturing”, accounting for more than 13 percent of the sample. 

Table 3- 1: Industry Categories 

ISIC Code Industry Total Number Percentage 

        

    

15 Food 1,911 26.82 

17 Textile 189 2.65 

18 Garment 1,201 16.85 

24 Chemicals 363 5.09 

26, 27 Non-Metallic Minerals and Basic Metals 473 6.64 

28, 29 Fabricated Metals and Machinery 777 10.9 

20, 36 Wood and Furniture 1,231 17.27 

 Other Manufacturing 981 13.77 

        

  Total 7,126 100.0 
Source: Author's calculated numbers using Enterprise Surveys data. These are the number of manufacturing firms  

used in the sample. 

 

 

The survey questionnaires consist of different sections that are designed to collect data on 

firm operations, investment, and business environment. For manufacturing firms, some 

details about production, investment, and business environment are needed to estimate 
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firms' TFP. To do so, I use the following variables: annual sales (Y), labor costs or wages 

(L), the total replacement value of machinery, vehicles and equipment (K), the 

expenditures on intermediate inputs, including raw materials (M) and energy such as 

electricity and fuel (E). Firms with missing values for any of these variables are excluded 

from the analysis. All data refer to the last completed fiscal year. These values should be 

considered reliable as most surveys are completed using the firms' records.10 I control for 

outliers by winsorizing all firm-level input and output variables at the 1st percentile and 

the 99th percentile (see Abeberese et. al (2017)). I deflate all monetary values to 2010 

constant International Dollars using the World Development Indicators from the World 

Bank and the purchasing parity power exchange rate from the International Monetary Fund 

(IMF). Tables 3-2 and 3-3 show the summary statistics of firm characteristics in each 

industry: average managers' years of experience, average number of operations hours per 

week, proportion of output that is exported, whether the firm is internationally certified, 

whether firm uses foreign license for its operation, firm age, firm size and TFP. 

For the purpose of this study, a key set of variables are the answer to the questions about 

infrastructure in the business environment section. A typical question is: “To what degree 

is Electricity an obstacle to the current operations of this establishment?”. The respondent 

chooses from the following possible responses: degrees of obstacle- No obstacle (0); Minor 

obstacle (1); Moderate obstacle (2); Major obstacle (3); and Very severe obstacle (4). The 

                                                           
10 The surveys include a comment section where the surveyor can indicate the trustworthiness and honesty of the 

respondents. For instance, the survey can indicate whether the respondent used a record book to answer sales or other 

questions which rely on the best possible responses. 
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answer chosen should reflect not only the availability of the infrastructure, but also its 

reliability or quality. The nuance between the different degrees of obstacle is not clearly 

defined. For this reason, I reduce the number of different degrees of obstacle to mitigate 

the nuance. I combine “Minor obstacle” and “Moderate obstacle” as “MODERATE 

OBSTACLE” and “Major obstacle” and “Very severe obstacle” as “VERY SEVERE 

OBSTACLE”. Table 3 shows the summary statistics of the distribution of these obstacle 

categories by industry. It is important to realize that a response to the infrastructure 

question as “minor obstacle” does not mean the same in all countries and might also vary 

countries depending on the industry in which the firm belongs.  

3.3.1 Industrial Productivity and Infrastructure Obstacles 

A fundamental feature of industrial productivity is the clustering of firms. In urban 

agglomeration theory, Alfred Marshall (1890) proposed firm proximity fostered innovation 

and competitiveness. This means that to maintain a balance between urban manufacturing 

and a dense population, it is necessary to understand which industries are most competitive 

in urban cities. To attract firms, cities must provide urban infrastructure those firms require. 

Infrastructure should improve the productivity of firms. 

Even so, not all types of infrastructure should contribute equally to the productivity of firms 

in all industries. Some industries require the availability and the use of a specific type 

infrastructure. For instance, the food industry requires energy (electricity) for processing 

and preparation. Yet, prior to the preparation, one might argue that roads, for the transport 

of agricultural products, are the most important infrastructure. Indeed, for the food 

industry, although electricity might increase productivity, this might occur primarily 
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because transportation and electricity infrastructure are complements in the industry. 

Among the different types of infrastructure, I consider (electricity, transportation, and 

telecommunications), electricity and transportation infrastructure stand out as the most 

important ones as at least 70 percent of firms in each industry indicate that those two types 

of infrastructure pose at least a minor obstacle to their operations. At least 40 percent of 

the firms in the food, garment, and wood and furniture industries experience a major 

obstacle to their operations with regards to the electricity, while 37, 38, and 35 percent 

indicate transportation as a major obstacle, respectively. 

Of course, this seems to imply that electricity is the most important type of infrastructure. 

However, other types of infrastructure could be as relevant as electricity. For a furniture 

firm, access to road can be significant for production, in two different ways. First, the 

availability of good roads can facilitate access to raw materials. Second, the roads could 

make distribution of the final products much easier, especially if such distribution extends 

to the other cities in the country. Poorly maintained roads or lack of access to roads increase 

transportation costs. Indeed, trade and transportation costs are influenced by the quality of 

infrastructure (domestic and cross-border) and the business climate, as well as the 

efficiency of trade logistics services, all of which tend to be relatively poor in most African 

countries (Balchin et al. 2016). In the sample, about half of the firms in each industry say 

that they face a minor obstacle to their operations with regards to transportation 

infrastructure, while about a third experience a major obstacle. About 85 percent of the 

firms in the non-metallic minerals and basic metals, and wood and furniture, industries face 

at least a minor obstacle with transportation infrastructure. 
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In addition to electricity and transportation, telecommunication infrastructure, particularly 

access to the internet, has been shown to increase labor productivity in SSA (Hjort and 

Poulsen, 2018). To dates, there has been very little result of the effect of access to 

telecommunications infrastructure in the manufacturing sector.11  

A key benefit of the impact of the telecommunications infrastructure on manufacturing is 

through managers ‘communications with customers and suppliers. These communications 

can improve production timing, access to competitive prices for raw materials, and reduced 

wasted time in production; all of this reduces uncertainty in production and product 

delivery. Furthermore, telecommunications can assist manufacturers by allowing them 

manufacturers to improve their logistics. In my sample, relatively few firms declare 

telecommunications infrastructure is a major obstacle. Among those, only 18 percent of 

the firms have a website, while 40 percent communicate with customers and suppliers by 

email. About two thirds of the firms in the sample face some obstacle with regards to 

telecommunications infrastructure, which is lower than the proportion who indicates 

electricity and transportation as obstacles to their operations. The textile industry and other 

manufacturing industries have the highest proportion of firms reporting facing at least some 

obstacle with regards to telecommunications. 

The differences in the infrastructure obstacles faced by the different industries indicate the 

significance of that particular infrastructure to some industries. Therefore, industrial 

productivity should be negatively affected. Clearly, electricity and transportation 

                                                           
11 There is some evidence of the effect of access to internet on labor productivity, but not on total factor productivity. 
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infrastructure seem to be the two major types of infrastructure that affect industries the 

most in SSA. Both could have similar effect on some industries. Hence, in the wood and 

furniture industry is one of the industries that is significantly affected by both types of 

infrastructure; and, the productivity in that industry should be significantly affected when 

both are considered in the production function. From my sample, with regards to 

telecommunications infrastructure, all industries face a lesser impact compared to 

electricity and transportation. In the following section, I present the econometric using 

econometric methods that I will use for this study
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Table 3- 2:  Firm Characteristics Summary Statistics, by Industry 

Industry 

Managers' 

years of 

experience 

Operation 

hours per 

week 

Exporters 

(proportion) 

Internationa-

lly certified 

(proportion) 

Food 13 73.6 0.13 0.15 

 (9.83) (39.53)   

Textile 15 67.0 0.38 0.19 

 (9.93)  (39.77)   

Garment 14 61.3 0.09 0.05 

 (8.73)  (22.97)   

Chemicals 15 60.6 0.30 0.29 

 (11.60) (36.31)   

Non-Metallic Minerals and Basic 

Metals 14 59.1 0.13 0.14 

 (10.12) (29.33)   

Fabricated Metal and Machinery 16 57.3 0.10 0.11 

 (10.26)  (23.58)   

Wood and Furniture 15 57.8 0.08 0.07 

 (10.86)  (24.52)   

Other Manufacturing 16 62.9 0.22 0.17 

 (11.14) (35.74)   

Average 15 62.5 0.18 0.14 
Source: Author's calculated numbers using Enterprise Surveys data.   
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Table 3- 3:  Firm Characteristics Summary Statistics, by Industry (continued)  

 

Industry 

Foreign 

license owners 

(proportion) 

Firm age 

(years) 
Firm Size* TFP 

Food 0.14 15 1.62 1.056 

  (13.20)  (0.808) 

Textile 0.14 19 1.95 1.184 

   (14.93)  (0.964) 

Garment 0.07 13 1.26 1.077 

   (9.17)  (0.726) 

Chemicals 0.23 21 1.98 1.113 

   (16.23)  (0.862) 

Non-Metallic Minerals and 

Basic Metals 0.14 16 1.56 1.049 

   (12.16)  (0.781) 

Fabricated Metal and 

Machinery 0.14 17 1.44 1.075 

   (13.40)  (0.861) 

Wood and Furniture 0.08 15 1.32 1.041 

   (11.50)  (0.774) 

Other Manufacturing 0.21 20 1.78 1.092 

  (16.38)  (.849) 

Average 0.14 17 1.61 1.080 
Source: Author's calculated numbers using Enterprise Surveys data.   

*There are three categories of firm size based on the number of employees, small (number of employee >=5 and <=19), 

medium: number of employees >=20 and <=99, Large (number of employees >=100), coded as 1,2, and 3 respectively.  
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Table 3- 4: Percentage of Firms Facing Different Levels of Infrastructure Constraints, by Industry  

Panel A          

  

Food  Textile Garment Chemicals 

Non-

Metallic 

and Basic 

Metals 

Fabricated 

Metal and 

Machinery 

Wood and 

Furniture 

Other 

Manufacturing 
Total 

Electricity Obstacle          

          

No Obstacle       (0) 21% 30% 19% 25% 31% 24% 24% 25% 23% 

Minor Obstacle   (1) 37% 42% 38% 41% 39% 39% 35% 39% 38% 

Major Obstacle   (2) 42% 28% 43% 34% 30% 38% 41% 36% 39% 

          

Panel B                   

Transportation 

Obstacle          

          

No Obstacle       (0) 20% 21% 28% 20% 17% 21% 16% 24% 21% 

Minor Obstacle   (1) 46% 47% 50% 45% 48% 47% 47% 49% 47% 

Major Obstacle   (2) 33% 32% 22% 34% 35% 32% 37% 28% 31% 

          

Total Number of 

Firms 1,911 189 1,201 363 473 777 1,231 981 7,126 
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Panel C: Telecommunications                 

  

Food  Textile Garment Chemicals 

Non-

Metallic 

and Basic 

Metals 

Fabricated 

Metal and 

Machinery 

Wood 

and 

Furniture 

Other 

Manufacturing 
Total 

Transportation Obstacle          

          

No Obstacle       (0) 39% 30% 46% 33% 41% 38% 38% 31% 39% 

Minor Obstacle   (1) 31% 34% 26% 32% 31% 32% 33% 35% 31% 

Major Obstacle   (2) 29% 37% 28% 36% 28% 30% 29% 34% 30% 

          

Total Number of Firms 1,584 128 985 281 432 660 1,036 787 5,893 
Source: Author's calculated numbers using Enterprise Surveys data. The percentages are round up or down to nearest whole number. 

 

 

 



58 
 

3.4 Econometric Analysis 

3.4.1 Estimating Firm-Level and Industry-level Total Factor Productivity (TFP) 

I use the standard neoclassical production function to estimate firm-level TFP across 

industries (see Baily et al. (1992), Bartelman and Dhrymes (1998), Roberts and Tybout 

(1996)). In the specification, I assume that all firms within each industry have the same 

technology across countries. Thus, I estimate firm-level TFPs for each industry, allowing 

the input coefficients to differ across industries. This method is less restrictive than the case 

in which all input coefficients are the same across industries.12 For all estimations, I use 

the following Cobb-Douglas production function: 

𝑌𝑖𝑗𝑟𝑡 = 𝐴𝑖𝑗𝑟𝑡𝐾
𝑖𝑗𝑟𝑡

𝛼𝑗 𝐿
𝑖𝑗𝑟𝑡

𝛽𝑗 𝑀
𝑖𝑗𝑟𝑡

𝜃𝑗 𝐸
𝑖𝑗𝑟𝑡

𝛾𝑗
                                       [3] 

where Yijrt is output, as measured by annual sales, of firm i in industry j in region r in year 

t, Lijrt is labor costs or wages, Kijrt is the total replacement value of machinery, vehicles and 

equipment, Mijrt is the total cost of intermediate inputs, including raw materials, Eijrt is the 

cost of energy such as electricity and fuel, and Aijrt is the firm-specific TFP. The parameters 

αj, βj, θj, and γj are the output elasticities of the input factors. In estimating the above 

production function, I take the log of both sides of equation (3). Thus, I estimate the log 

transformation of this function, the residual of which is the log of the TFP. Table 3-5 

presents the estimates of this transformed equation. 

The results in Table 3-5 are the estimated factor shares of the input variables. These 

estimates are all positive and almost always highly statistically significant, except for the 

                                                           
12 TFP estimates could be subject to serious problems with input endogeneity, which could lead to biased parameter 

estimates. However, this approach has long been used in the literature. Therefore, this is appropriate to use it here.  
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estimate for the capital input in the Textile industry, which is not statistically significant. 

In each industry, the sum of the estimates is very close to 1. This is consistent with the 

assumption of the Cobb-Douglas production function that elasticities of substitution among 

the inputs are unitary. Labor input has largest share in the Food, Textile, Garment, and the 

Chemicals industries. In the Non-metallic and Basic Metals, Fabricated Metals and 

Machinery, and the Wood and Furniture industries, labor and material inputs have 

approximately equal shares. The estimated capital input shares are positive and statistically 

significant, except for textiles. However, their relatively small magnitudes suggest that 

capital has a smaller role in the production processes of these industries compared to the 

roles of labor and material inputs. 

The estimates of αj, βj, θj, and γj in Table 3-5 are then used to estimates the log of TFP, as 

follows. TFP estimates use country fixed effects, which helps to control for variation in 

factor prices, for example wage rates, across countries. 

  𝑙𝑛(�̂�𝑖𝑗𝑟𝑡) = 𝑙𝑛(𝑌𝑖𝑗𝑟𝑡) − �̂�𝑗𝑙𝑛(𝐾𝑖𝑗𝑟𝑡) − �̂�𝑖𝑗𝑟𝑡𝑙𝑛(𝐿𝑖𝑗𝑟𝑡) − 𝜃𝑖𝑗𝑟𝑡𝑙𝑛(𝑀𝑖𝑗𝑟𝑡) − 𝛾𝑖𝑗𝑟𝑡𝑙𝑛(𝐸𝑖𝑗𝑟𝑡)          [4] 
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Table 3- 5: Estimates of the Factor Shares, by Industry 

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

 

Food  Textile Garment Chemicals 

Non-Metallic 

and Basic 

Metals 

Fabricated 

Metals and 

Machinery 

Wood and 

Furniture 

Other 

Manufacturing 

                 

Capital 0.035*** 0.029 0.018*** 0.019* 0.049*** 0.042*** 0.032*** 0.038*** 

 (0.008) (0.020) (0.004) (0.010) (0.014) (0.012) (0.007) (0.010) 

Labor 0.469*** 0.316** 0.530*** 0.551*** 0.373*** 0.371*** 0.306*** 0.492*** 

 (0.066) (0.150) (0.066) (0.132) (0.091) (0.071) (0.063) (0.054) 

Material 0.261*** 0.228*** 0.278*** 0.222* 0.371*** 0.347*** 0.366*** 0.194*** 

 (0.058) (0.053) (0.077) (0.132) (0.091) (0.042) (0.058) (0.046) 

Energy 0.194*** 0.248*** 0.154*** 0.199*** 0.095*** 0.156*** 0.185*** 0.198*** 

 (0.031) (0.083) (0.025) (0.041) (0.030) (0.039) (0.041) (0.030) 

         

         

Observations 1,911 189 1,201 363 473 777 1,231 981 
Note: Estimation of the log-linearization of equation (3), Cobb-Douglas production function. The estimates are the output elasticities of the input factors. Material variable refers 

to all intermediate input costs and energy variable consists of the total expenditure on energy sources, mainly fossil fuels, used in the production.  *** p<0.01, ** p<0.05, *p<0.1 
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3.4.2 Estimating the Impact of Infrastructure Obstacle on Firm Productivity 

In the previous subsection, I explained the computation of TFP for each firm. In this 

subsection, I exploit the information on the business environment found in the questions 

on obstacles for the different types of infrastructure in the Enterprise Surveys to estimate 

the impacts of those obstacles on TFP. Regions within a country differ in access to 

infrastructure, and firms' answers to these questions can be used as proxies not only for 

access to infrastructure, but also for the reliability of that infrastructure. Therefore, to 

analyze the effects of the different types of infrastructure on firm productivity, I estimate a 

series of econometric specifications by combining all firms in all industries, and then by 

considering firms in specific industries. 

First, I estimate the effect of infrastructure obstacles on TFP using the following 

specification. 

𝑙𝑛 �̂�𝑖𝑗𝑟𝑡 = 𝜇0 + 𝛺 𝐸𝐿𝐸𝐶𝑇_𝑂𝐵𝑆𝑇𝑖𝑗𝑟𝑡 + 𝛩 𝑇𝑅𝐴𝑁𝑆_𝑂𝐵𝑆𝑇𝑖𝑗𝑟𝑡 + 𝛷 𝑇𝐸𝐿𝐸_𝑂𝐵𝑆𝑇𝑖𝑗𝑟𝑡 +

                  𝛿′𝑋𝑖𝑗𝑟𝑡   + 𝜆𝑗𝑡 + 𝜋𝑐𝑡 + 휀𝑖𝑗𝑟𝑡                                                                                       [5]                                                                                              

 

where ln Âijrt is the log of the TFP of firm i in industry j in region r in year t, and 

ELECT_OBSTijrt , TRANS_OBSTijrt, and TELE_OBSTijrt are the degrees to which firm i's 

operation in industry j in region r at time t faces obstacles in electricity, transportation, 

and telecommunications, respectively. These infrastructure variables take on values 0, 1, 

and 2, representing no obstacle, moderate obstacle, and very severe obstacle, 

respectively, as defined in Section 3. Xijrt is a vector of firm i's characteristics in region r 

at time t: firm manager's years of experience, number of operation hours per week, firm's 

age, firm size, an indicator whether the firm owns foreign licenses, whether it is 

internationally certified, and its export status. The parameters of interest are Ω, Θ, and 
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Φ.13  Since the productivity (LHS variable) is a generated variable, then it could be 

measured with error. However, this is accounted for in the RHS residual. 

To control for unobservable heterogeneity, I include country-by-year fixed effects πct and 

industry-by-year fixed effects λjt. The former controls for any time-varying unobservable 

factors that vary across (but not within) countries which affect productivity in all industries 

and are correlated with infrastructure obstacles. An example of this could be 

macroeconomic conditions or geography such as being landlocked. The latter controls for 

time-varying unobserved factors that affect the productivity of firms in all countries in a 

particular industry that may be correlated with infrastructure obstacles. An example of this 

could be changes in technology specific to the industry. 

The fixed effects in Equation (5) imply that the impact of the infrastructure obstacle 

variables is statistically identified by variation in the following way. The country-by-year 

fixed effects control for average differences in each of the obstacle variables for each 

country-year combination. This implies that only variation of these obstacles within each 

country, and only within each year, is being used to estimate the impacts of the obstacle 

variables on firm productivity. The industry-by-year fixed effects are averages for each 

industry-year combination of observations. Thus, the variation across industries within the 

same country-year set of firms will contribute to the identification of the impact of 

                                                           
13 Seker (2012) and Dollar et al. (2006) used similar methods to identify impacts of different business conditions on 

firm's performance; and Paunov and Rollo (2015) for the contribution of internet to firm development. 

Foreign licenses ownership refers to firms that own licenses to manufacture patented products from a foreign firm. 
Sometimes, the firms use these patented products as inputs in their production 

Firms that are internationally certified manufacture products that meet the standards aids in the creation of these 

products that are safe, reliable, and of good quality. The standards help businesses increase productivity while 
minimizing errors and waste. 

Export status is dummy variable indicating whether the firm exports directly or indirectly to other countries. 
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infrastructure obstacles on firm productivity only to the extent that this variation deviates 

from industry averages over all countries for that year. The εijrt term in Equation (5) 

incorporates all other unobservable time and region varying factors that affect firms' 

productivity. I assume that εijrt is uncorrelated with all right-hand-side variables. As a 

robustness check, Equation (5) will also be estimated using region-by-year fixed effects 

instead of country-by-year fixed effects, where each country is divided into several regions. 

Four challenges are threats to the above identification, mainly related to the infrastructure 

obstacle variables: omitted variable bias (there may be unobserved variables that affect 

productivity and are correlated with the infrastructure variable), measurement error in the 

infrastructure variable (the response to the infrastructure question may not reflect the actual 

infrastructure constraint), endogeneity (a firm's reported infrastructure obstacles may be 

influenced by its productivity), and selection bias (the final sample used for the analysis 

may exclude firms that exit their industries due to severe infrastructure obstacles). In the 

rest of this section, I focus on the first three threats to the identification. I address sample 

selection bias in Section 6. 

First, turn to omitted variable bias. The introduction of country-by-time and industry-by-

time fixed effects controls for all unobserved country and industry characteristics that vary 

over time, including government policies or industry-specific technology, that may affect 

firms' productivity. I also include the following firm-level controls: firm manager's years 

of experience, number of operation hours per week, firm's age, firm size, an indicator 

whether the firm owns foreign licenses, whether it is internationally certified, and its export 

status. 
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Second, regarding measurement error in the infrastructure variables, if these errors are 

random, then the attenuation bias due to measurement error can be reduced by replacing 

the infrastructure obstacle variables with their region means as shown in Equation (6), 

where the firm's individual infrastructure variable is replaced with the average 

infrastructure within industry within region within time period: 

𝑙𝑛 �̂�𝑖𝑗𝑟𝑡 = 𝜇0 +  𝛽1𝐴𝑉𝐸_𝐸𝐿𝐸𝐶𝑇𝑗𝑟𝑡 + 𝛽2 𝐴𝑉𝐸_𝑇𝑅𝐴𝑁𝑆𝑗𝑟𝑡 + 𝛽3 𝐴𝑉𝐸_𝑇𝐸𝐿𝐸𝑖𝑗𝑟𝑡 + 𝛿1
′𝑋𝑖𝑗𝑟𝑡 + 𝜆𝑗𝑡 +

                    𝜋𝑐𝑡 + 휀𝑖𝑗𝑟𝑡                                                                                                                                         [6] 

where AVE_ELECTjrt, AVE_TRANSjrt, and AVE_TELEjrt are the average electricity, 

transportation, and telecommunications obstacle in industry j within region r at time t. Note 

that this estimation constrains the infrastructure obstacle variable to be the same for all 

firms within each industry within each region. Given that firms are assumed to have the 

same technology; this would appear to be a reasonable assumption. 

Finally, consider the issue of endogeneity. A more productive firm may be less affected by 

infrastructure constraints, so it is likely to report that infrastructure is a not serious 

impediment to its operation. In contrast, a relatively unproductive firm might state that 

infrastructure is a major impediment to its operation. To address this issue, I estimate the 

impact of infrastructure obstacle on productivity using the “drop-one-out” mean 

specification. This estimation is a variant of Equation (6), in which the firm's own 

infrastructure variable is replaced with the infrastructure variable average within industry 

within region within time period less the firm's own degree of infrastructure obstacle. This 

is calculated as shown in Equation 7a. This “drop-one-out” mean specification breaks the 

link between the firm's response to the infrastructure obstacle question and its productivity. 

This removes the endogeneity in the infrastructure variable by removing the firm's own 
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degree of infrastructure obstacle. Equation (7) estimates the effect of a type of regional 

infrastructure obstacle on firms' productivity. 

𝑙𝑛 �̂�𝑖𝑗𝑟𝑡 = 𝜇0 +  𝛽1𝐸𝐿𝐸𝐶𝑇_𝑂𝐵𝑆𝑇𝑗𝑟𝑡
−𝑖 + 𝛽2 𝑇𝑅𝐴𝑁𝑆_𝑂𝐵𝑆𝑇𝑗𝑟𝑡

−𝑖 + 𝛽3 𝑇𝐸𝐿𝐸_𝑂𝐵𝑆𝑇𝑗𝑟𝑡
−𝑖 + 𝛿1

′𝑋𝑖𝑗𝑟𝑡 +

                   𝜆𝑗𝑡 + 𝜋𝑐𝑡 + 휀𝑖𝑗𝑟𝑡                                                                                                           [7] 

 

where  𝐼𝑁𝐹𝑅𝐴𝑆𝑇_𝑂𝐵𝑆𝑇𝑗𝑟𝑡
−1 =

∑ 𝐼𝑁𝐹𝑅𝐴𝑆𝑇_𝑂𝐵𝑆𝑇𝑛𝑗𝑟𝑡
𝑁
𝑛=1,𝑛≠𝑖

𝑁−1
                                                 [7a]  

 

N = number of firms in the industry in the region. 

Two final estimation issues remain. The first is that the effects of infrastructure obstacles 

on productivity are likely to differ across industries. To investigate this heterogeneity, I 

estimate the impacts of the infrastructure obstacles separately for each industry in a 

“stacked” regression. This allows the estimates of Ω, Θ, and Φ to be different across 

industries, as indicated by the j subscript in Equation (8): 

 𝑙𝑛 �̂�𝑖𝑗𝑟𝑡 = 𝜇0 + 𝛺𝑗 𝐸𝐿𝐸𝐶𝑇_𝑂𝐵𝑆𝑇𝑖𝑗𝑟𝑡 + 𝛩𝑗 𝑇𝑅𝐴𝑁𝑆_𝑂𝐵𝑆𝑇𝑖𝑗𝑟𝑡 + 𝛷𝑗 𝑇𝐸𝐿𝐸_𝑂𝐵𝑆𝑇𝑖𝑗𝑟𝑡 + 𝛿′𝑋𝑖𝑗𝑟𝑡 +

                      𝜆𝑗𝑡 + 𝜋𝑐𝑡 + 휀𝑖𝑗𝑟𝑡                                                                                                           [8] 

                         

The second estimation issue is that the impacts of the infrastructure obstacles could vary 

by the severity of the obstacle. Equation (9) allows for the effects of infrastructure obstacles 

to vary by their severity. The estimated impacts of moderate of the moderate infrastructure 

obstacles are expected to be smaller in magnitude than those of the very severe obstacles. 

I perform two estimations, 1) by combining all industries and 2) by industry, to analyze the 

heterogeneous effects. 

 

 



66 
 

𝑙𝑛 �̂�𝑖𝑗𝑟𝑡 = 𝜇0 + 𝛺1 𝐸𝐿𝐸𝐶𝑇_𝑀𝑂𝐷_𝑂𝐵𝑆𝑇𝑖𝑗𝑟𝑡 +

𝛺2 𝐸𝐿𝐸𝐶𝑇_𝑆𝐸𝑉_𝑂𝐵𝑆𝑇𝑖𝑗𝑟𝑡 +  𝛩1𝑇𝑅𝐴𝑁𝑆_𝑀𝑂𝐷_𝑂𝐵𝑆𝑇𝑖𝑗𝑟𝑡 +

 𝛩2𝑇𝑅𝐴𝑁𝑆_𝑆𝐸𝑉_𝑂𝐵𝑆𝑇𝑖𝑗𝑟𝑡 + 𝛷1 𝑇𝐸𝐿𝐸_𝑀𝑂𝐷_𝑂𝐵𝑆𝑇𝑖𝑗𝑟𝑡 +

𝛷2 𝑇𝐸𝐿𝐸_𝑀𝑂𝐷_𝑂𝐵𝑆𝑇𝑖𝑗𝑟𝑡+𝛿′𝑋𝑖𝑗𝑟𝑡 + 𝜆𝑗𝑡 + 𝜋𝑐𝑡 + 휀𝑖𝑗𝑟𝑡                                [9]     

 

3.5 Results 

Tables 3-6 through 3-23 provide the regression results for the different specifications. The 

underlying production theory suggests that an improvement or increase in the quality of 

infrastructure should increase the productivity of firms or industries. Therefore, the 

opposite, i.e. the worsening of the quality of infrastructure, would suggest that productivity 

should decrease. Thus, the signs of the estimates on the infrastructure obstacle variables 

should be negative. 

Table 3-6 shows estimation of the impacts of infrastructure obstacle on TFP when all 

industries are combined using the firm-level obstacle variables. Columns (1) through (4) 

are estimates for Equation (3). In column (1), the estimates of the impacts of the electricity 

and transportation obstacles are negative and statistically significant, as expected. The 

estimate on the telecommunications obstacle is positive, but it is smaller in magnitude and 

not statistically significant. The telecommunications obstacle variable is missing for 1,233 

observations, and its lack of statistical significance suggests that it could be dropped to 

increase the sample size. This is done in column (2). Doing this causes the transportation 

obstacle to lose significance and become slightly positive, but the electricity obstacle 

variable remains negative and highly statistically significant. Column (3) and (4) yield very 

similar results when region-by-year fixed effects are used instead of country-by-year fixed 

effects. 



67 
 

Table 3-7 shows the results for Equation (4), where the obstacle variables are replaced with 

the region means of those variables. This is done to reduce attenuation bias due to 

measurement error in the obstacle variable. The standard errors are larger because there is 

no longer any variation across firms within industries within regions. The estimated 

parameters are larger, which suggests that there is attenuation bias Table 3-6. Similar to 

the results in the firm-level obstacle estimation, the estimates for electricity and 

transportation obstacles in Table 3-7, column (1) are negative, although only the electricity 

obstacle variable is statistically significant, and the estimate on transportation obstacle 

variable is positive, but not significant. The estimate on the transportation variable, 

however, is statistically significant when region-by-year fixed effects are used instead of 

country-by-region fixed effects, as seen in column (3). In columns (2) and (4), when the 

telecommunications obstacle variable is excluded to increase the sample size, the estimates 

on the electricity and transportation remain negative, but only the estimate on the electricity 

obstacle is statistically significant. 

Finally, Table 3-8 presents the results for Equation (5), the “drop-one-out” mean 

specification. This specification breaks the link between the firm's own infrastructure 

obstacle and its productivity. This reduces bias due to both measurement bias and 

endogeneity in the infrastructure obstacle variables. The standard errors are similar to those 

in the region mean estimation. In columns (1) and (2), with country-by-year fixed effects, 

the estimated impacts are all negative, but statistically insignificant. They are similar in 

size to the estimates in Table 3-6. The reduction in the size of the estimates, especially for 

the electricity variable, relative to the columns (1) and (2) in Table 3-7, suggest that 

endogeneity in the obstacle variable tends to the overestimation of the magnitude of their 
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impacts. In columns (3) and (4), with the region-by-year fixed effects, all estimates are 

statistically insignificant, but the coefficients for the electricity variable are slightly 

positive. These unexpected results may indicate that region-by-year fixed effects do not 

work well with the drop-one-out mean approach.14 All remaining estimates in this chapter 

will use country-by-time fixed effects. 

In general, the results in Tables 3-6 through 3-8 are consistent with the conceptual 

framework in that infrastructure obstacles have negative impacts on the productivity of 

firms. The strongest evidence is for the electricity obstacle. It is almost always negative, it 

is largest in magnitude, and it is statistically significant in two out of three specifications. 

The estimates in the previous tables constrain the impacts of the infrastructure variables to 

be the same for all industries. Yet, there may be heterogeneous effects of infrastructure 

obstacles across industries. This is investigated in the estimates for the specification in 

Equation (6), using country-by-year fixed effects, which are presented in Table A2-1 

through Table A2-3 (Appendix). Some estimates are negative and statistically significant, 

while others are positive, but not statistically significant. The F-tests on these results 

indicate there exists some heterogeneity in the impacts of electricity obstacle on 

productivity across industries (Tables A2-2 and A2-3), and, perhaps in the impacts of 

                                                           
14 To see the problem, suppose that region-by-time fixed effects are “enhanced” to be region-by-time-by-industry fixed 

effects. Then, the only variation remaining in the drop-one-out means of the infrastructure obstacle variables would be 

variation due to each firm's obstacle, which would defeat the purpose of the drop-one-out specification. Although the 

regression in columns (11) and (12) do not use such “enhanced” fixed effects, moving from country-by-time fixed 

effects in columns (9) and (10) to region-by-time fixed effects in columns (11) and (12) raises the risks that drop-one-

out mean contains a large amount of firm-level variation in the obstacle variable. 
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telecommunications on productivity (Table A2-3). As for the transportation obstacle, there 

is no evidence of heterogeneity of impacts of that variable on productivity across industries. 

Tables 3-9 and 3-10 shows the estimate results for Equation (3) by industry. In Table 3-10, 

I exclude the telecommunications variable from the regression. These estimates are likely 

to be biased downward due to measurement error, so they are likely to underestimate the 

impacts of the infrastructure obstacles. For the electricity obstacle, the estimates for all 

industries are negative, except for textile in Table 3-10. These estimates, however, are 

statistically significance only for Wood and Furniture, Non-Metallic and Basic Metals, and 

perhaps for Food and Chemicals (Table 3-10), with magnitudes between -0.113 and -0.50. 

As for the transportation obstacle, the estimates for five industries are negative. The only 

exceptions are the Garment and Non-Metallic and Basic Metals industries, and possibly 

food (Table 3-10). The estimates are statistically significant for the Chemicals and 

Fabricated Metals and Machinery industries. Telecommunications seem not to be an 

obstacle for any industries. 

To deal with measurement error, in Tables 3-11 and 3-12 (with no telecommunications 

variable) presents estimates using regional means of the infrastructure obstacle variables. 

The results indicate that electricity is the biggest obstacle for Wood and Furniture, Non-

Metallic and Basic Metals, and also for Fabricated Metal and Machinery, and possibly for 

Chemicals (Table 3-12) industries, but no longer for the Food industry. Recall that the 

results in Table A2-2 suggest that the impacts of the electricity across these industries are 

heterogeneous. There is little evidence that transportation and telecommunications are 

obstacles for any industry. 
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To analyze heterogeneity by industry while controlling for endogeneity of the 

infrastructure obstacle variables, Tables 3-13 and 3-14 (with no telecommunications 

variable) presents the results with the drop-one-out mean specification (using country-by-

time and industry-by-time fixed effects). The results in Table A2-3 suggests that these 

impacts are heterogeneous across industries. The estimated impacts of the electricity 

obstacle variable in five (six in Table 3-14) out of seven the industries are negative. 

However, only the estimate for the Non-Metallic and Basic Metals industry is statistically 

significant. More unusual is that the estimate of the electricity obstacle variable for the 

Textile industry is positive and highly significant. Perhaps the small sample in that industry 

when combined with the drop-one-out mean leads to the same problem discussed in 

footnote 13. As for the transportation obstacle, the estimates in two industries -Chemicals 

and Wood and Furniture- are negative and statistically significant. These estimates suggest 

that there is some heterogeneity in the impacts of telecommunications obstacle across 

industries. Indeed, the results in Table A2-3 also suggest this heterogeneity. Finally, none 

of the estimated impacts for transportation obstacle variable are significant at the 5% level, 

which is consistent with earlier results. 

The impacts of different infrastructure obstacles may vary according to whether they are 

moderate or very severe obstacles. This is investigated in Tables 3-15 through 3-23. In 

Table 3-15, the estimated impact of a moderate electricity obstacle is negative, but not 

statistically significant. In contrast, very-severe electricity obstacles have large negative 

impacts that are statistically significant. These results suggest that electricity is the biggest 

obstacle across all industries. Moreover, the magnitudes of estimates reflect the degree of 

the obstacle, and suggest that firms that report very severe electricity obstacle experience 
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about 9 percent decrease in productivity. As for the transportation and telecommunications 

obstacles, the estimates are very small in magnitude and not statistically significant. 

Table 3-16 repeats the analysis in Table 3-15, but does this separately by industry. For the 

electricity obstacle, all industries, except textiles, have negative estimates for the very-

severe category, with statistically significance only for the Wood and Furniture industry, 

with more than 13 percent decrease in productivity. Note that the estimated impacts for 

Chemicals and Non-Metallic and Basic Metals industries are of similar magnitude as that 

for Wood and Furniture, but they are not significant which probably reflects their much 

smaller sample sizes. For the transportation obstacle, the estimated impacts for both 

moderate and severe obstacles for the Chemicals industry are negative and statistically 

significant, respectively with 27 and 33 percent decrease in productivity. The estimate for 

the very-severe category is also negative and statistically significant for the Fabricated 

Metals and Machinery industry, with more than 16 percent decrease in productivity. For 

the telecommunications obstacle, estimates are both positive and negative, but none is 

statistically significant. 

Tables 3-18 through 3-23 present similar estimated impacts of different infrastructure 

obstacles with region mean and drop-one-out means specifications. In general, the 

estimated impacts of a severe electricity obstacle are negative and significant mainly for 

the Garment, Chemicals, Non-Metallic and Basic Metals, Fabricated Metal and Machinery, 

and Wood and Furniture industries. There are few estimated impacts that are positive and 

significant. These results are either inconsistent with the framework of the impact of 

infrastructure obstacle on productivity or the specifications are not appropriate for these 

estimations. 
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Table 3- 6: Effects of Infrastructure Obstacle on TFP (Firm-level Obstacle) 

     

 

Firm-level Obstacle 

  

   

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

     

Elect. Obstacle -0.049*** -0.052*** -0.044*** -0.044*** 

 (0.015) (0.015) (0.015) (0.016) 

Trans. Obstacle -0.021* 0.005 -0.022* 0.003 

 (0.011) (0.013) (0.012) (0.013) 

Telecomm. Obstacle 0.017  0.017  

 (0.017)  (0.017)  

     

     

Observations 5,893 7,126 5,893 7,126 

Mean of Outcome 1.056 1.070 1.056 1.070 

Std. Dev. of Outcome 0.782 0.806 0.782 0.806 

Region x Time FE No No Yes Yes 

Country x Time FE Yes Yes No No 

Industry x Time FE Yes Yes Yes Yes 
Note: Outcome variable is industry total factor productivity (TFP) computed as Solow residual using Cobb-Douglas 

production function. The estimates are based on all industries combined. Control variables are included. Robust 

standard errors clustered at the regional level are in parentheses. *** p<0.01, ** p<0.05, * p<0.1 
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Table 3- 7: Effects of Infrastructure Obstacle on TFP (Region Mean Obstacle) 

       

                      Region Mean 

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

     

Elect. Obstacle -0.100** -0.116*** -0.079* -0.087** 

 (0.042) (0.039) (0.043) (0.039) 

Trans. Obstacle -0.055 -0.015 -0.072* -0.023 

 (0.044) (0.038) (0.041) (0.035) 

Telecomm. Obstacle 0.026  0.026  

 (0.042)  (0.043)  

     

     

Observations 5,893 7,126 5,893 7,126 

Mean of Outcome 1.056 1.070 1.056 1.070 

Std. Dev. of Outcome 0.782 0.806 0.782 0.806 

Region x Time FE No No Yes Yes 

Country x Time FE Yes Yes No No 

Industry x Time FE Yes Yes Yes Yes 
Note: Outcome variable is industry total factor productivity (TFP) computed as Solow residual using Cobb-Douglas 

production function. The estimates are based on all industries combined. Firm's infrastructure variable is replaced 

with the region average. Control variables are included. Robust standard errors clustered at the regional level are in 

parentheses. *** p<0.01, ** p<0.05, * p<0.1 
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Table 3- 8: Effects of Infrastructure Obstacle on TFP (Drop-one-out Mean) 

     

           Drop-one-out Mean  

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

     

Elect. Obstacle -0.044 -0.058 0.016 0.016 

 (0.044) (0.043) (0.041) (0.041) 

Trans. Obstacle -0.021 -0.019 -0.024 -0.020 

 (0.047) (0.041) (0.046) (0.039) 

Telecomm. Obstacle -0.025  -0.022  

 (0.041)  (0.041)  

     

     

Observations 5,698 6,888 5,698 6,888 

Mean of Outcome 1.060 1.073 1.060 1.073 

Std. Dev. of Outcome 0.783 0.808 0.783 0.808 

Region x Time FE No No Yes Yes 

Country x Time FE Yes Yes No No 

Industry x Time FE Yes Yes Yes Yes 
Note: Outcome variable is industry total factor productivity (TFP) computed as Solow residual using Cobb-Douglas 

production function. The estimates are based on all industries combined. The infrastructure variable is the region 

average less firm's own infrastructure obstacle. Control variables are included. Robust standard errors clustered  

at the regional level are in parentheses. *** p<0.01, ** p<0.05, * p<0.1 

 

 

 

 

 

 

 

 



75 
 

Table 3- 9: Effects of Infrastructure Obstacle on TFP (by Industry) 

Individual Firm Obstacle        

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

  Food  Textile Garment Chemicals 

Non-metallic 

and Basic 

Metals 

Fabricated 

Metal and 

Machinery 

Wood and 

Furniture 

                

Elect. Obstacle -0.037 -0.030 -0.028 -0.107 -0.077* -0.042 -0.073** 

 (0.025) (0.102) (0.025) (0.070) (0.046) (0.048) (0.030) 

Trans. Obstacle -0.016 -0.088 0.021 -0.137* 0.038 -0.089** -0.007 

 (0.025) (0.111) (0.021) (0.074) (0.047) (0.037) (0.030) 

Telecom. Obstacle 0.007 0.034 -0.003 0.118 -0.024 0.062 0.012 

 (0.024) (0.107) (0.023) (0.079) (0.070) (0.040) (0.036) 

        

        

Observations 1,584 128 985 281 432 660 1,036 

Mean of Outcome 1.043 1.354 1.045 1.144 1.038 1.041 0.995 

Std. Dev. of Outcome 0.793 1.021 0.693 0.862 0.767 0.812 0.694 

Country x Time FE Yes Yes Yes Yes Yes Yes Yes 
Note: Outcome variable is industry total factor productivity (TFP) computed as Solow residual using Cobb-Douglas production function. Control variables are included. The  

Robust standard errors clustered at the regional level are in parentheses. *** p<0.01, ** p<0.05, * p<0.1 
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Table 3- 10: Effects of Infrastructure Obstacle on TFP (by Industry, No telecommunications) 

Individual Firm Obstacle       

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

  Food  Textile Garment Chemicals 

Non-Metallic 

and Basic 

Metals 

Fabricated 

Metal and 

Machinery 

Wood and 

Furniture 

        

Elect. Obstacle -0.050** 0.075 -0.022 -0.113* -0.080* -0.034 -0.079*** 

 (0.023) (0.085) (0.021) (0.064) (0.045) (0.047) (0.028) 

Trans. Obstacle 0.012 -0.002 0.030 -0.018 0.024 -0.042 0.000 

 (0.027) (0.089) (0.026) (0.053) (0.041) (0.029) (0.027) 

        

        

Observations 1,911 189 1,201 363 473 777 1,231 

Mean of Outcome 1.056 1.184 1.077 1.113 1.049 1.075 1.041 

Std. Dev. of Outcome 0.808 0.964 0.726 0.862 0.781 0.861 0.774 

Country x Time FE Yes Yes Yes Yes Yes Yes Yes 
Note: Outcome variable is industry total factor productivity (TFP) computed as Solow residual using Cobb-Douglas production function. Control variables are included. The  

Robust standard errors clustered at the regional level are in parentheses. *** p<0.01, ** p<0.05, * p<0.1 
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Table 3- 11: Effects of Infrastructure Obstacle on TFP using Region Mean (by Industry) 

Region Mean        

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

  Food  Textile Garment Chemicals 

Non-metallic 

and Basic 

Metals 

Fabricated 

Metal and 

Machinery 

Wood and 

Furniture 

        

Elect. Obstacle -0.029 0.060 -0.129 -0.251 -0.379*** -0.274** -0.188** 

 (0.116) (0.204) (0.091) (0.175) (0.119) (0.113) (0.093) 

Trans. Obstacle -0.116 -0.058 -0.117 -0.071 0.098 0.068 0.002 

 (0.128) (0.183) (0.092) (0.144) (0.130) (0.107) (0.123) 

Telecom. Obstacle 0.161 0.054 -0.037 -0.063 0.034 0.144 -0.073 

 (0.102) (0.215) (0.086) (0.180) (0.120) (0.110) (0.093) 

        

        

Observations 1,584 128 985 281 432 660 1,036 

Mean of Outcome 1.043 1.354 1.044 1.144 1.037 1.041 0.994 

Std. Dev. of Outcome 0.792 1.021 0.693 0.861 0.766 0.812 0.694 

Country x Time FE Yes Yes Yes Yes Yes Yes Yes 
Note: Total factor productivity (TFP) is computed as Solow residual using Cobb-Douglas production function. The firm's infrastructure variable is replaced with the region  

average by industry by time period. Control variables are included. Robust standard errors clustered at the regional level are in parentheses. *** p<0.01, ** p<0.05, * p<0.1 
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Table 3- 12: Effects of Infrastructure Obstacle on TFP using Region Mean (by Industry, No telecommunications) 

Region Mean        

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

  Food  Textile Garment Chemicals 

Non-metallic 

and Basic 

Metals 

Fabricated 

Metal and 

Machinery 

Wood and 

Furniture 

        

Elect. Obstacle -0.099 -0.011 -0.111 -0.390*** -0.337*** -0.209** -0.182** 

 (0.109) (0.194) (0.081) (0.130) (0.111) (0.103) (0.080) 

Trans. Obstacle 0.008 -0.016 -0.094 0.013 0.125 0.073 -0.030 

 (0.111) (0.143) (0.068) (0.115) (0.100) (0.090) (0.100) 

        

        

Observations 1,911 189 1,201 363 473 777 1,231 

Mean of Outcome 1.056 1.184 1.077 1.113 1.049 1.075 1.041 

Std. Dev. Of Outcome 0.808 0.963 0.726 0.862 0.781 0.861 0.774 

Country x Time FE Yes Yes Yes Yes Yes Yes Yes 
Note: Total factor productivity (TFP) is computed as Solow residual using Cobb-Douglas production function. The firm's infrastructure variable is replaced with the region average 

 by industry by time period. Control variables are included. Robust standard errors clustered at the regional level are in parentheses. *** p<0.01, ** p<0.05, * p<0.1 
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Table 3- 13: Effects of Infrastructure Obstacle on TFP using Drop-one-out Mean (by Industry) 

Drop-one-out Mean        

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

  Food  Textile Garment Chemicals 

Non-

metallic 

and Basic 

Metals 

Fabricated 

Metal and 

Machinery 

Wood and 

Furniture 

        

Elect. Obstacle 0.032 0.399** -0.031 -0.014 -0.264* -0.141 -0.078 

 (0.099) (0.166) (0.122) (0.182) (0.132) (0.113) (0.082) 

Trans. Obstacle -0.172 0.021 -0.073 0.098 0.183 0.062 0.013 

 (0.111) (0.200) (0.124) (0.156) (0.142) (0.112) (0.117) 

Telecom. Obstacle 0.073 -0.107 0.014 -0.291** -0.073 0.046 -0.143* 

 (0.093) (0.148) (0.110) (0.140) (0.122) (0.099) (0.083) 

        

        

Observations 1,568 94 956 261 401 642 1,017 

Mean of Outcome 1.044 1.434 1.044 1.158 1.053 1.049 0.995 

Std. Dev. Of Outcome 0.787 1.088 0.691 0.856 0.781 0.818 0.697 

Country x Time  FE Yes Yes Yes Yes Yes Yes Yes 
Note: Total factor productivity (TFP) computed as Solow residual using Cobb-Douglas production function. The infrastructure variable is the region average less firm's own 

infrastructure obstacle. Control variables are included. Robust standard errors clustered at the regional level are in parentheses.  *** p<0.01, ** p<0.05, * p<0.1 

 

 

 



80 
 

Table 3- 14: Effects of Infrastructure Obstacle on TFP using Drop-one-out Mean (by Industry, No telecommunications) 

Drop-one-out Mean        

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

  Food  Textile Garment Chemicals 

Non-

metallic 

and Basic 

Metals 

Fabricated 

Metal and 

Machinery 

Wood and 

Furniture 

        

Elect. Obstacle -0.040 0.353** -0.054 -0.195 -0.249* -0.089 -0.091 

 (0.098) (0.143) (0.104) (0.130) (0.133) (0.104) (0.074) 

Trans. Obstacle -0.073 -0.105 -0.074 0.035 0.193* 0.002 -0.035 

 (0.098) (0.165) (0.085) (0.133) (0.113) (0.090) (0.095) 

        

        

Observations 1,891 151 1,167 335 434 754 1,211 

Mean of Outcome 1.056 1.209 1.078 1.126 1.061 1.086 1.042 

Std. Dev. of Outcome 0.802 1.008 0.727 0.861 0.794 0.869 0.778 

Country x Time  FE Yes Yes Yes Yes Yes Yes Yes 
Note: Total factor productivity (TFP) computed as Solow residual using Cobb-Douglas production function. The infrastructure variable is the region average less firm's  

own infrastructure obstacle. Control variables are included. Robust standard errors clustered at the regional level are in parentheses.  *** p<0.01, ** p<0.05, * p<0.1 
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Table 3- 15: Effects of Different Categories of Infrastructure Obstacles on TFP 

(Firm-level Obstacle) 

  Firm-level Obstacle 

     

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

     

Elect. Obstacle     

Moderate -0.014 -0.032 -0.014 -0.025 

 (0.023) (0.025) (0.023) (0.026) 

Very Severe -0.089*** -0.099*** -0.081*** -0.085** 

 (0.030) (0.032) (0.031) (0.033) 

Trans. Obstacle     

Moderate 0.022 0.034 0.023 0.038 

 (0.026) (0.023) (0.026) (0.024) 

Very Severe -0.030 0.012 -0.030 0.013 

 (0.025) (0.025) (0.025) (0.027) 

Telecom. Obstacle     

Moderate 0.021  0.021  

 (0.037)  (0.036)  

Very Severe 0.031  0.031  

 (0.035)  (0.035)  

     

     

Observations 5,893 7,126 5,893 7,126 

Mean of Outcome 1.056 1.070 1.056 1.070 

Std. Dev. of Outcome 0.782 0.806 0.782 0.806 

Region x Time FE No No Yes Yes 

Country x Time FE Yes Yes No No 

Industry x Time FE Yes Yes Yes Yes 
Note: Outcome variable is firm's total factor productivity (TFP) computed as Solow residual assuming a Cobb-Douglas 

production function. The estimates are based on all industries combined. All regressions include control variables. For 

each infrastructure obstacle, three categories are created- no obstacle, moderate obstacle, and very severe obstacle. No-

obstacle category is used as reference (omitted category) in the regressions. Robust standard errors clustered at the 

regional level are in parentheses. *** p<0.01, ** p<0.05, * p<0.1 
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Table 3- 16: Effects of Different Categories of Infrastructure Obstacles on TFP using Firm-level Obstacle  

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

  

Food  Textiles Garment Chemicals 

Non-metallic 

and Basic 

Metals 

Fabricated 

Metal and 

Machinery 

Wood and 

Furniture 

Elect. Obstacle        

Moderate -0.028 0.142 -0.032 0.044 -0.050 0.003 -0.026 

 (0.046) (0.207) (0.043) (0.113) (0.073) (0.078) (0.056) 

Very Severe -0.067 0.054 -0.058 -0.173 -0.149 -0.077 -0.135** 

 (0.051) (0.212) (0.050) (0.134) (0.094) (0.098) (0.062) 

Trans. obstacle        

Moderate 0.054 0.128 -0.021 -0.273** 0.194* -0.045 0.017 

 (0.047) (0.237) (0.036) (0.117) (0.106) (0.074) (0.061) 

Very Severe -0.010 -0.092 0.040 -0.331** 0.132 -0.166** -0.003 

 (0.054) (0.252) (0.041) (0.143) (0.100) (0.078) (0.064) 

Telecom. Obstacle        

Moderate 0.029 -0.103 0.046 0.084 -0.041 0.067 0.013 

 (0.056) (0.216) (0.057) (0.146) (0.120) (0.082) (0.061) 

Very Severe 0.011 0.017 -0.004 0.226 -0.054 0.117 0.019 

 (0.049) (0.219) (0.046) (0.158) (0.140) (0.085) (0.074) 
        

Observations 1,584 128 985 281 432 660 1,036 

Mean of Outcome 1.043 1.354 1.045 1.144 1.038 1.041 0.995 

Std. Dev. of Outcome 0.793 1.021 0.693 0.862 0.767 0.812 0.694 

Country x Time FE Yes Yes Yes Yes Yes Yes Yes 
Note: Outcome variable is firm's total factor productivity (TFP) computed as Solow residual assuming a Cobb-Douglas production function. All regressions include  

control variables. For each infrastructure obstacle, three categories are created- no obstacle, moderate obstacle, and very severe obstacle. No-obstacle category  

is used as reference (omitted category) in the regressions. Robust standard errors clustered at the regional level are in parentheses. *** p<0.01, ** p<0.05, * p<0.1 
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Table 3- 17: Effects of Different Categories of Infrastructure Obstacles on TFP using Firm-level Obstacle (No Telecom.) 

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

  

Food  Textiles Garment Chemicals 

Non-

Metallic 

and Basic 

Metals 

Fabricated 

Metal and 

Machinery 

Wood and 

Furniture 

Elect. Obstacle        

Moderate -0.061 0.238** -0.016 -0.043 -0.087 0.022 -0.065 

 (0.039) (0.110) (0.041) (0.088) (0.076) (0.075) (0.048) 

Very Severe -0.099** 0.170 -0.040 -0.217* -0.156* -0.065 -0.156*** 

 (0.047) (0.152) (0.044) (0.123) (0.091) (0.097) (0.055) 

Trans. obstacle        

Moderate 0.071* 0.208** -0.003 -0.098 0.130 -0.000 -0.011 

 (0.041) (0.092) (0.045) (0.110) (0.090) (0.057) (0.058) 

Very Severe 0.038 -0.067 0.063 -0.066 0.084 -0.076 -0.004 

 (0.055) (0.177) (0.052) (0.110) (0.084) (0.058) (0.058) 

        

        

        

Observations 1,911 189 1,201 363 473 777 1,231 

Mean of Outcome 1.056 1.184 1.077 1.113 1.049 1.075 1.041 

Std. Dev. of Outcome 0.808 0.964 0.726 0.862 0.781 0.861 0.774 

Country x Time FE Yes Yes Yes Yes Yes Yes Yes 
Note: Outcome variable is firm's total factor productivity (TFP) computed as Solow residual assuming a Cobb-Douglas production function. All regressions include  

control variables. For each infrastructure obstacle, three categories are created- no obstacle, moderate obstacle, and very severe obstacle. No-obstacle category  

is used as reference (omitted category) in the regressions. Robust standard errors clustered at the regional level are in parentheses. *** p<0.01, ** p<0.05, * p<0.1 
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Table 3- 18: Effects of Different Categories of Infrastructure Obstacles on TFP 

(Region Mean Obstacle) 

  Region Mean 

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

     

Elect. Obstacle     

Moderate -0.052 -0.119* -0.070 -0.095 

 (0.069) (0.064) (0.073) (0.068) 

Very Severe -0.191** -0.232*** -0.155* -0.177** 

 (0.082) (0.076) (0.088) (0.077) 

Trans. obstacle     

Moderate 0.046 0.079 0.065 0.131* 

 (0.081) (0.067) (0.077) (0.068) 

Very Severe -0.076 -0.011 -0.094 -0.011 

 (0.090) (0.078) (0.082) (0.071) 

Telecom. Obstacle     

Moderate -0.060  -0.082  

 (0.072)  (0.073)  

Very Severe 0.041  0.038  

 (0.083)  (0.084)  

     

     

Observations 5,893 7,126 5,893 7,126 

Mean of Outcome 1.056 1.070 1.056 1.070 

Std. Dev. of Outcome 0.782 0.806 0.782 0.806 

Region x Time FE No No Yes Yes 

Country x Time FE Yes Yes No No 

Industry x Time FE Yes Yes Yes Yes 
Note: Outcome variable is firm’s total factor productivity (TFP) computed as Solow residual assuming a Cobb-Douglas 

production function. The estimates are based on all industries combined. All regressions include control variables. For 

each infrastructure obstacle, three categories are created- no obstacle, moderate obstacle, and very severe obstacle. No-

obstacle category is used as reference (omitted category) in the regressions. Robust standard errors clustered at the 

regional level are in parentheses. *** p<0.01, ** p<0.05, * p<0.1  
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Table 3- 19: Effects of Different Categories of Infrastructure Obstacles on TFP using Region Mean 

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

  

Food  Textiles Garment Chemicals 

Non-Metallic 

and Basic 

Metals 

Fabricated 

Metal and 

Machinery 

Wood and 

Furniture 

Elect. Obstacle        

Moderate -0.187 -0.096 -0.251 0.280 -0.116 -0.227 -0.111 

 (0.229) (0.281) (0.201) (0.267) (0.212) (0.279) (0.223) 

Very Severe -0.120 0.163 -0.341* -0.186 -0.789*** -0.512** -0.371* 

 (0.248) (0.481) (0.188) (0.322) (0.199) (0.241) (0.194) 

Trans. obstacle        

Moderate -0.027 0.062 -0.234 -0.782** 0.361 0.439*** 0.002 

 (0.271) (0.363) (0.169) (0.337) (0.242) (0.145) (0.200) 

Very Severe -0.187 0.056 -0.237 -0.441 0.277 0.226 -0.015 

 (0.292) (0.391) (0.204) (0.280) (0.260) (0.192) (0.246) 

Telecom. Obstacle        

Moderate 0.138 -0.197 0.127 -0.042 -0.257 0.012 -0.117 

 (0.187) (0.313) (0.169) (0.274) (0.202) (0.180) (0.170) 

Very Severe 0.306 0.084 -0.061 -0.030 0.059 0.323 -0.157 

 (0.204) (0.391) (0.176) (0.332) (0.243) (0.204) (0.180) 

        

        

Observations 1,584 128 985 281 432 660 1,036 

Mean of Outcome 1.043 1.354 1.045 1.144 1.038 1.041 0.995 

Std. Dev. of Outcome 0.793 1.021 0.693 0.862 0.767 0.812 0.694 

Country x Time FE Yes Yes Yes Yes Yes Yes Yes 
Note: Outcome variable is firm's total factor productivity (TFP) computed as Solow residual assuming a Cobb-Douglas production function. The firm's infrastructure variable is 

replaced with the region average by industry by time period. All regressions include control variables. For each infrastructure obstacle, three categories  

are created- no obstacle, moderate obstacle, and very severe obstacle. No-obstacle category is used as reference (omitted category) in the regressions. Robust  

standard errors clustered at the regional level are in parentheses. *** p<0.01, ** p<0.05, * p<0.1  
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Table 3- 20: Effects of Different Categories of Infrastructure Obstacles on TFP using Region Mean (No Telecom.) 

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

  

Food  Textiles Garment Chemicals 

Non-

Metallic 

and Basic 

Metals 

Fabricated 

Metal and 

Machinery 

Wood and 

Furniture 

Elect. Obstacle        

Moderate -0.352* -0.021 -0.272 -0.025 -0.201 -0.114 -0.171 

 (0.178) (0.223) (0.181) (0.230) (0.202) (0.217) (0.183) 

Very Severe -0.268 -0.018 -0.297 -0.606** -0.744*** -0.394* -0.364** 

 (0.219) (0.421) (0.180) (0.258) (0.210) (0.209) (0.166) 

Trans. obstacle        

Moderate 0.143 -0.024 -0.209 -0.438* 0.302 0.289** 0.030 

 (0.208) (0.294) (0.153) (0.237) (0.223) (0.131) (0.156) 

Very Severe 0.063 -0.028 -0.175 -0.109 0.330 0.193 -0.044 

 (0.234) (0.289) (0.135) (0.231) (0.204) (0.169) (0.198) 

        

        

        

Observations 1,911 189 1,201 363 473 777 1,231 

Mean of Outcome 1.056 1.184 1.077 1.113 1.049 1.075 1.041 

Std. Dev. of Outcome 0.808 0.963 0.726 0.862 0.781 0.861 0.774 

Country x Time FE Yes Yes Yes Yes Yes Yes Yes 
Note: Outcome variable is firm's total factor productivity (TFP) computed as Solow residual assuming a Cobb-Douglas production function. The firm's infrastructure  

variable is replaced with the region average by industry by time period. All regressions include control variables. For each infrastructure obstacle, three categories  

are created- no obstacle, moderate obstacle, and very severe obstacle. No-obstacle category is used as reference (omitted category) in the regressions. Robust  

standard errors clustered at the regional level are in parentheses. *** p<0.01, ** p<0.05, * p<0.1  
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Table 3- 21: Effects of Different Categories of Infrastructure Obstacles on TFP 

(Drop-one-out Mean) 

  Drop-one-out Mean 

     

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

     

Elect. Obstacle     

Moderate -0.008 -0.049 -0.021 -0.049 

 (0.055) (0.048) (0.056) (0.052) 

Very Severe -0.084 -0.117** -0.030 -0.063 

 (0.062) (0.057) (0.066) (0.058) 

Trans. obstacle     

Moderate 0.127** 0.141*** 0.161** 0.164*** 

 (0.054) (0.041) (0.064) (0.050) 

Very Severe 0.085 0.092* 0.073 0.063 

 (0.071) (0.052) (0.080) (0.055) 

Telecom. Obstacle     

Moderate -0.030  -0.067  

 (0.055)  (0.062)  

Very Severe -0.001  0.001  

 (0.060)  (0.070)  

     

     

Observations 5,698 6,888 5,698 6,888 

Mean of Outcome 1.060 1.073 1.060 1.073 

Std. Dev. of Outcome 0.783 0.808 0.783 0.808 

Region x Time FE No No Yes Yes 

Country x Time FE Yes Yes No No 

Industry x Time FE Yes Yes Yes Yes 
Note: Outcome variable is firm's total factor productivity (TFP) computed as Solow residual assuming a Cobb-Douglas 

production function. The estimates are based on all industries combined. All regressions include control variables. For 

each infrastructure obstacle, three categories are created- no obstacle, moderate obstacle, and very severe obstacle. No-

obstacle category is used as reference (omitted category) in the regressions. Robust standard errors clustered at the 

regional level are in parentheses. *** p<0.01, ** p<0.05, * p<0.1 
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Table 3- 22: Effects of Different Categories of Infrastructure Obstacles on TFP using Drop-one-out Mean  

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

  

Food  Textiles Garment Chemicals 

Non-

Metallic 

and Basic 

Metals 

Fabricated 

Metal and 

Machinery 

Wood and 

Furniture 

Elect. Obstacle        

Moderate -0.138 0.169 -0.106 0.449 -0.337* -0.267 0.059 

 (0.170) (0.187) (0.130) (0.330) (0.174) (0.167) (0.176) 

Very Severe 0.036 1.895*** -0.100 0.357 -0.660*** -0.383** -0.185 

 (0.179) (0.481) (0.139) (0.476) (0.175) (0.174) (0.128) 

Trans. obstacle        

Moderate 0.101 -0.375* -0.164 -0.260 0.450** 0.363*** 0.140 

 (0.205) (0.183) (0.119) (0.291) (0.222) (0.104) (0.152) 

Very Severe -0.005 -0.934** -0.070 -0.261 0.568** 0.189 0.193 

 (0.241) (0.380) (0.206) (0.299) (0.226) (0.129) (0.184) 

Telecom. Obstacle        

Moderate 0.110 -0.552** 0.251* 0.161 -0.032 0.004 -0.048 

 (0.124) (0.213) (0.138) (0.335) (0.153) (0.120) (0.125) 

Very Severe 0.185 -0.252* -0.030 0.056 -0.126 0.238* -0.197 

 (0.138) (0.143) (0.195) (0.398) (0.201) (0.136) (0.123) 
        

Observations 1,568 94 956 261 401 642 1,017 

Mean of Outcome 1.044 1.434 1.044 1.158 1.053 1.049 0.995 

Std. Dev. of Outcome 0.787 1.088 0.691 0.856 0.781 0.818 0.697 

Country x Time FE Yes Yes Yes Yes Yes Yes Yes 
Note: Outcome variable is firm’s total factor productivity (TFP) computed as Solow residual assuming a Cobb-Douglas production function. The firm's infrastructure  

variable is replaced with the region average less the firm’s own infrastructure obstacle. All regressions include control variables. For each infrastructure obstacle,  

three categories are created- no obstacle, moderate obstacle, and very severe obstacle. No-obstacle category is used as reference (omitted category) in the regressions 

Robust standard errors clustered at the regional level are in parentheses. *** p<0.01, ** p<0.05, * p<0.1  
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Table 3- 23: Effects of Different Categories of Infrastructure Obstacles on TFP using Drop-one-out Mean (No Telecom.) 

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

  

Food  Textiles Garment Chemicals 

Non-Metallic 

and Basic 

Metals 

Fabricated 

Metal and 

Machinery 

Wood and 

Furniture 

Elect. Obstacle        

Moderate -0.127 0.166 -0.042 0.549** -0.360* -0.190 -0.034 

 (0.179) (0.194) (0.114) (0.257) (0.186) (0.135) (0.172) 

Very Severe 0.077 1.017 0.019 0.518* -0.711*** -0.249 -0.256* 

 (0.177) (0.690) (0.133) (0.265) (0.187) (0.154) (0.130) 

Trans. obstacle        

Moderate 0.222 -0.163 -0.121 -0.270 0.424** 0.388*** 0.086 

 (0.186) (0.345) (0.105) (0.258) (0.196) (0.106) (0.132) 

Very Severe 0.105 -0.317 -0.036 -0.333 0.511** 0.249** 0.131 

 (0.222) (0.558) (0.139) (0.295) (0.195) (0.114) (0.170) 

        

        

        

Observations 1,568 94 956 261 401 642 1,017 

Mean of Outcome 1.044 1.434 1.044 1.158 1.053 1.049 0.995 

Std. Dev. of Outcome 0.787 1.088 0.691 0.856 0.781 0.818 0.697 

Country x Time FE Yes Yes Yes Yes Yes Yes Yes 
Note: Outcome variable is firm’s total factor productivity (TFP) computed as Solow residual assuming a Cobb-Douglas production function. The firm's infrastructure  

variable is replaced with the region average less the firm’s own infrastructure obstacle. All regressions include control variables. For each infrastructure obstacle,  

three categories are created- no obstacle, moderate obstacle, and very severe obstacle. No-obstacle category is used as reference (omitted category) in the regressions. 

Robust standard errors clustered at the regional level are in parentheses. *** p<0.01, ** p<0.05, * p<0.1 
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3.6 Sample Bias 

The results obtained above may be subject to sample selection bias. More specifically, 

firms that exit their respective industries largely due to infrastructure constraints may be 

under-represented in the sample, which will cause the impacts of infrastructure obstacles 

to be underestimated. One way to remove, or at least reduce, selection bias is to use the 

Heckman correction method. However, there is no variable in the data that belongs in the 

first stage (probit) estimation of the Heckman method and can be excluded from the second 

stage. Thus, the Heckman model will not be appropriate for this analysis. 

Fortunately, the age structure of the firms in the sample suggests that sample selection is 

unlikely to lead to bias. The average firm in the sample is 17 years old. Figure 3-1 shows 

the distribution of the ages of the firms. If many firms drop out of the sample when they 

confront infrastructure obstacles, one would expect to see a large proportion of “young” 

firms in Figure 3-1. Yet, the distribution shows that there are older firms, suggesting that 

few young firms go out of business after facing infrastructure obstacle. Thus, sample 

selection bias seems unlikely to be a problem. 

When firms do exit their industries, it is unlikely due to infrastructure obstacles. Most of 

firms in the sample, at least 87 percent, are small- or medium-sized firms. When making 

decisions to enter the industry, they must have considered the status of the infrastructure in 

the region at that time. If infrastructure problems increase, this may cause many firms to 

drop out, but if infrastructure problems decrease, then such problems are unlikely to lead 
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firms to exit their industries, and thus the situation should not generate sample selection 

bias. 

Figure 3-2 depicts the average of the different types of infrastructure obstacles over time. 

In general, these obstacles appear to be decreasing over time, which suggests that 

infrastructure is improving over time. Therefore, a typical firm avoids negative 

infrastructure shocks severe enough to make it go out of business. Other shocks (not 

correlated with infrastructure) can be the reasons for it to go out of business. In this case, 

the sample attrition will not be related to infrastructure, and should not lead sample 

selection bias.15 

Figure 3- 1: Distribution of Firms’ Ages 

 

 

 

 

 

 

 

 

                                                           
15 Even though the estimates seem not to have a selection problem in terms of firms dropping out because of 

infrastructure problems, there could still be a selection problem from firms that never start up, but there is no method to 

correct this problem with the data in the sample. 
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Figure 3- 2: Average Infrastructure Obstacle over Time  

 

 

 

 

 

 

 

 

 

 

 

3.7 Location Choice Model: Nested Logit Model 

To model firms' location choices, I use the Nested Logit Model (NLM) (See McFadden 

(1978); Ben-Akiva (1973)). Many studies use the NLM to model location choice (Barrios 

et al. (2003); Crozet et al. (2004); Disdier and Mayer (2004); Head and Mayer (2003); 

Mucchielli and Florence (2004), and Bekes (2005)). This model is appropriate when a 

choice among alternative locations is a function of the characteristics of the alternatives 

and perhaps also the characteristics of the individuals making the choice. The NLM used 

in this section is based on random utility maximization (RUM), developed by McFadden. 
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Within this discrete choice framework, a general utility function is used to explain how 

firms choose a location. For the case of firms, it is reasonable to replace of the utility 

function with a profit function. This does not alter the theoretical analysis. 

Following McFadden, the model assumes that each firm i obtains utility (or profit) Uij from 

location j, which is determined by a set of observable characteristics or attributes of the 

decision maker and of the locations, which is captured by a deterministic part, Vij, and by 

some unobservable factors, which are captured by introducing a stochastic term, εij. 

                                                       𝑈𝑖𝑗 = 𝑉𝑖𝑗 + 휀𝑖𝑗                                                           [10] 

Both the terms Vij and εij are known to the firm. Therefore, the choice is completely 

deterministic from the firm’s perspective. The firm chooses the alternative that provides 

the maximum utility (profit). The linear expression of the deterministic part is given as: 

                                                          𝑉𝑖𝑗 = 𝛽 𝑋𝑖𝑗                                                             [11] 

where Xij is a vector of observable characteristics of location j and of the decision maker i, 

and β is a vector of parameters, which can be estimated by maximum likelihood technique. 

So, we have: 

                                                   𝑈𝑖𝑗 = 𝛽 𝑋𝑖𝑗 + 휀𝑖𝑗                                                           [12] 

 

The firm i will choose the location j if 

 

                                              𝑈𝑖𝑗 > 𝑈𝑖𝑘   , 𝑓𝑜𝑟 𝑎𝑙𝑙  𝑘 ≠ 𝑗                                              [13] 
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The stochastic nature of the utility (profit) function implies that the probability that location 

j is selected by the investor i equals: 

                                        𝑃𝑖𝑗 = Pr(𝑈𝑖𝑗 ≥ 𝑈𝑖𝑘)    𝑓𝑜𝑟 𝑎𝑙𝑙 𝑘 ≠ 𝑗                                      [14] 

 

It is assumed that the ith firm will choose location j if Uij ≥ Uik for all k, where k indexes 

all the other possible alternative location choices to the ith firm. Firm i settles in location j 

if it yields a utility greater than all the alternative locations. In other words, the probability 

that a firm i chooses location j is: 

𝑃𝑖𝑗 ≡ Pr(𝑦𝑖 = 𝑗) = Pr(𝑈𝑖𝑗 ≥ 𝑈𝑖𝑘) = 

                                    Pr(휀𝑖𝑘 − 휀𝑖𝑗 ≤ 𝑉𝑖𝑗 − 𝑉𝑖𝑘)     𝑓𝑜𝑟 𝑎𝑙𝑙  𝑘 ≠ 𝑗                                 [15] 

 

Given the deterministic part of the utility (profit) function, this probability will depend on 

the assumption for the distribution of the error term. The conditional logit model is defined 

by the assumption that the random term εij. is independent across i and j and follows an 

extreme-value type 1 distribution. With this assumption, the probability that a given firm i 

chooses location j rather than another location is given by: 

 

                                                         𝑃𝑖𝑗 =
exp (𝑉𝑖𝑗)

∑ 𝑒𝑥𝑝(𝑉𝑖𝑗)
𝐽
𝑗=1

                                        [16] 

 

Define dij = 1 if firm i picks location j, and dij =0 otherwise. Then, we can write the log 

likelihood of the conditional logit (CL) model as follows: 
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                                                  𝑙𝑜𝑔 𝐿𝐶𝐿 = ∑ ∑ 𝑑𝑖𝑗
𝐽
𝐽=1

𝑁
𝑖=1 𝑙𝑜𝑔 𝑃𝑖𝑗                                  [17] 

 

A major limitations of CL model is the assumption of independence of errors across 

choices. This is called the independence of irrelevant alternatives (IIA) assumption. If two 

alternatives are similar, errors will likely be positively correlated, and the estimates of the 

CL model parameters will be inconsistent. The NLM (nested logit model) extends the CL 

model to overcome this problem. 

It is simple to extend the CL model to the NML. The concept of the NLM is that alternatives 

can be grouped into nests. The nesting reflects the categorization of the choices. If there 

are correlated unobserved factors among a set of choices, they can be categorized into the 

same group or nest. Assume that the set of J alternatives (locations) can be partitioned or 

grouped into M non-overlapping subsets denoted S1, S2, S3.........,SM M and called nests 

(industries), that is, each alternative j, belongs to a nest SM. The utility (profit) function 

results from the sum of a marginal component from Level 2 and a conditional component 

from Level 1, which both consist of a deterministic part and a stochastic part. 

Thus, the J alternatives with similar attributes are put in the same nest. This allows the 

decision maker to partition the set of choices into the groups or nests such that random 

errors are uncorrelated across the groups or nests. That is, the error terms of the alternatives 

within a nest are correlated, while the error terms of any two alternatives in different nests 

are uncorrelated. The key advantage of the NLM is that it relaxes the IIA assumption. 
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For estimation purposes, it is useful to decompose the nested model into two logit 

functions. The utility (profit) function can be split into: (1) a component W that is constant 

for all alternatives within a nest; and (2) a component Y that varies over alternatives within 

the nest. 

                            𝑈𝑖𝑗 = 𝑊𝑖,𝑀 + 𝑌𝐼,𝐽|𝑀 + 𝜂𝑖,𝑀 + 𝜋𝑖,𝑗|𝑀           𝑓𝑜𝑟 𝑎𝑙𝑙 𝑗 휀 𝑆𝑀                    [18] 

where: Wi,M denotes the utility (profit) obtained from every alternative within nest M. Wi,M  

depends only on variables that describe nest M. These variables differ over nests but not 

over alternatives within each nest. Yi, j|M denotes the utility (profit) obtained from the 

specific alternative j. Yi,j|M depends on variables that describe alternative j. These variables 

vary over alternatives within nest M. 

The derivation of the nested logit model is based on the assumption that some of the 

alternatives share common components in their random error terms. That is, the random 

term of the nested alternatives can be decomposed into a portion associated with each 

alternative and a portion associated with groups of alternatives. This is very similar to a 

standard random effects specification for panel data. The error terms ηi,M and πi,j|M are 

independent of each other. The error terms πi,j|M are identically and independently 

distributed (IID) and follow on extreme value distribution with scale parameter θM. This 

term provides the correlation of the alternatives’ errors within nest M. The compound error 

term εij is the sum of the two stochastic error terms in Equation (16), coming from the 

upper and lower levels respectively. Thus, the utility (profit) function can be represented 

as: 
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                                                 𝑈𝑖𝑗 = 𝑊𝑖,𝑀 + 𝑌𝑖,𝑗|𝑀 + 휀𝑖𝑗                                                [19] 

 

The linear specification of the above equation is given as: 

 

                               𝑈𝑖𝑗 = 𝑊𝑖,𝑀 + 𝑌𝑖,𝑗|𝑀 + 휀𝑖𝑗 = 𝛾𝑍𝑖𝑀 + 𝛼𝑋𝑖𝑗 + 휀𝑖𝑗                               [20] 

 

where ZiM is a vector of nest M characteristics, and XiM is a vector of state (specific 

alternative j) characteristics, which eventually vary across firms. The nested logit 

probability is given by the product of two standard logit probabilities: 

                                                       𝑃𝑖𝑗
𝑁𝐿 = 𝑃𝑖,𝑗|𝑀 𝑃𝑖,𝑀                                                      [21] 

This equation states that the probability of choosing location j can be expressed as the 

product of the two probabilities: the probability of choosing location j conditional on 

having chosen nest M times the probability of choosing nest M. The resulting log-

likelihood function is given by: 

                     log 𝐿 = ∑ ∑ 𝑑𝑖𝑗  𝑙𝑜𝑔𝑗 𝜖 𝑆𝑀

𝑁
𝑖=1 𝑃𝑖,𝑗|𝑀 + ∑ ∑ 𝑑𝑖𝑚

𝑀
𝑚=1 𝑙𝑜𝑔𝑁

𝑖=1 𝑃𝑖𝑚                   [22]  

 

I analyze the firm's location decision using NLM for 393 firms that are identified as foreign 

firms in the sample. These firms, in all seven industries, are located in sixteen countries: 

Angola, Benin, Botswana, Nigeria, Ethiopia, Senegal, Ghana, Cameroon, Chad, Cote 

d'Ivoire, Mali, Malawi, Mozambique, Madagascar, Togo, and Zambia. Since these are 

foreign firms, their location choices are likely driven by many factors associated with the 

industries and the countries, which their owners/managers take into account when deciding 
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where to locate. These factors could include access to infrastructure, industry productivity 

in the region, the firm size, and potential exports status, etc. 

To model the decision tree, I specify the industries to be the nests in the upper level (level 

1). The lower level (level 2) consists of the location alternatives within a given industry 

(the upper level) in the different regions (countries). The underlying assumption is that the 

firms select the industry in which to operate, after which they select which country within 

that industry to operate. For instance, a firm first selects an industry, say the Chemicals 

industry. Then, it chooses Ghana's chemicals as its “industry-location”. The firm could 

have chosen Nigeria's chemicals as an alternative (See the example in Figure 5). The 

underlying assumption is that the location choice might not have been Ghana had the 

industry been different from the Chemicals industry. Given that the firms are foreign firms, 

the location choice depends on the characteristics of the location and the industry. This 

analysis is more appropriate for foreign firms as it is rare for an African domestic firm to 

open a factory in another country. 

The alternatives at the lower level consist of countries, which are divided into parts that 

represent the available industries in which the firms operate. That is, for the Food industry, 

Angola is an alternative because there are foreign firms in that industry that are located in 

Angola. However, for the Textile industry, Angola is not considered as an alternative 

because there are no firms in that industry operating in Angola. This hierarchical tree 

structure of the model is quite intuitive. 
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In the model, the dependent variable is a dummy variable for the location choice of the 

firm. For instance, a foreign firm in the Textile industry in Ghana has 1 for the location 

“Ghana Textile” and 0 for all other possible locations like “Malawi Textile”, “Senegal 

Textile”, or “Nigeria Textile”. To analyze whether the firms choose a particular location 

based on the sectoral productivity and characteristics of that location, I include the average 

industry TFP, average industry infrastructure obstacles for electricity and transportation as 

the alternative-specific variables. The telecommunications obstacle variable was missing 

for all of these firms, due to the fact that survey did not include a question about 

telecommunications obstacle for the countries in the NLM analysis. These variables are 

different for each alternative in the NLM. For firm's specific characteristics variables, I use 

the firm size, manager's years of experience, and export status. In the estimation, other 

manufacturing industry is the base industry. This allows for a comparison across the seven 

other industries. 

3.7.1 Results 

Table 3-24 shows the NLM results. In the NLM, the coefficient estimates do not represent 

the marginal effects. Therefore, I abstract from interpreting these coefficients. I restrict the 

interpretation to the signs of the coefficient estimates along with the magnitude and sign 

of the dissimilarity parameters, which indicates the relevance of the nested structure. The 

dissimilar parameters indicate the degree of correlation of the random errors within each 

of the eight listed industries (including other manufacturing industry). If the value of the 

dissimilar parameter is in the 0-1 range, then the model is consistent with the RUM. Also, 

the likelihood ratio, at the bottom of the table, tests the IIA property. The IIA property 
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holds if and only if the dissimilar parameters are all equal to 1, which implies that there is 

no correlation between among the alternatives in the nest. In this case, the nesting structure 

is not necessary and the model becomes a conditional logit. 

In this analysis, all the dissimilar parameters are less than one, except for the Food industry, 

with a dissimilar parameter value of 1.180. This means that the alternatives within the Food 

industry are more dissimilar to alternatives within their nest. This implies that the NLM is 

not appropriate for the Food industry. The dissimilarity parameters for all other industries 

are in the 0-1 range. Thus, the proposed nesting structure is valid for all the other industries. 

The alternative-specific (explanatory) variables included in the analysis are expected to 

influence the location choice of the firms. The coefficient estimates are not the marginal 

effects as in linear models. However, the signs of these coefficients have the same meaning 

as in linear models. I include the location attributes to analyze the attractiveness of the 

industry-location. The average industry productivity in the location has a negative and 

statistically significant impact on the location choice of the firms. That is, a higher 

productive industry in a given location deters foreign firms from choosing that location. A 

possible explanation is that foreign firms choose the industry-location with low 

productivity in order to become the most productive firms in the location they choose. This 

should lead to higher profits in the region selected. Similarly, industry-locations with 

higher electricity obstacles act as disincentives for the location of foreign firms. Contrary 

to this, industries with higher transportation obstacles have a positive impact on the 

location decisions foreign firms. The opposite impacts of the two types of infrastructure 
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obstacles, namely electricity and transportation, are inconsistent with the analysis of their 

respective effects on industry productivity. This disparity should be further investigated. 
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Table 3-24 a: Nested Logit Model Results 

RUM-consistent nested logit 

regression     
Number 

of obs =   34,408 

Case variable: Firm ID   

Number 

of cases =  391 

       

Alternative variable: Industry 

Place   

Alts per 

case: min =  88 

   avg =  88 

   max =  88 

       

   

Wald 

chi2 (24) =  73.07 

Log likelihood = -1628.4395   

Prob > 

chi2 =  0 

              

place choice Coef. 

Std. 

Err. z P>z 

[95% 

Conf. Interval] 

        

industry_place       

Average  Industry  TFP -0.319 0.103 -3.1 0.002 -0.520 -0.118 

Avg. Ind. Electricity Obstacle -0.029 0.014 -2.06 0.04 -0.057 -0.001 

Avg. Ind. Transport. Obstacle 0.087 0.033 2.64 0.008 0.022 0.152 

       

type equations            

Food             

Firm Size -0.511 0.190 -2.69 0.007 -0.883 -0.139 

Manager's Year of Experience -0.013 0.014 -0.89 0.372 -0.041 0.015 

Export Status -0.261 0.391 -0.67 0.505 -1.027 0.506 

Textiles             

Firm Size -0.626 0.286 -2.19 0.029 -1.185 -0.066 

Manager's Year of Experience 0.014 0.023 0.59 0.553 -0.031 0.059 

Export Status 1.773 0.608 2.92 0.004 0.582 2.965 

Garment             

Firm Size 0.094 0.212 0.44 0.656 -0.322 0.511 

Manager's Year of Experience 0.025 0.017 1.54 0.125 -0.007 0.058 

Export Status 0.771 0.427 1.81 0.071 -0.066 1.607 

Chemicals             

Firm Size -0.208 0.221 -0.94 0.347 -0.641 0.225 

Manager's Year of Experience 0.018 0.018 0.99 0.321 -0.018 0.054 

Export Status 0.293 0.527 0.56 0.579 -0.740 1.326 
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Table 3-24 b: Nested Logit Model Results (continued) 

place choice Coef. 

Std. 

Err. z P>z 

[95% 

Conf. 

Interval

] 

Non-Metallic Minerals and  Basic 

Metal Products             

Firm Size -0.537 0.304 -1.76 0.078 -1.134 0.059 

Manager's Year of Experience -0.034 0.026 -1.32 0.187 -0.086 0.017 

Export Status 0.148 0.663 0.22 0.824 -1.152 1.448 

Fabricated Metals and Machinery             

Firm Size -0.676 0.259 -2.61 0.009 -1.183 -0.169 

Manager's Year of Experience 0.023 0.019 1.21 0.225 -0.014 0.060 

Export Status -0.017 0.649 -0.03 0.98 -1.289 1.256 

Woods and Furniture             

Firm Size -0.848 0.270 -3.14 0.002 -1.376 -0.319 

Manager's Year of Experience 0.026 0.017 1.52 0.129 -0.008 0.059 

Export Status 1.208 0.448 2.69 0.007 0.329 2.087 

Other Manufacturing             

Firm Size 0 (base)     

Manager's Year of Experience 0 (base)     

Export Status 0 (base)         

        

dissimilarity parameters       

type                             

/Food_tau    1.180 0.192   0.803 1.557 

/Textiles_tau    0.198 0.105   0.008 0.403 

/Garment_tau    0.057 0.021   0.016 0.097 

/Chemicals_tau     0.239 0.113   0.018 0.460 

/MineralsBasic_tau     0.757 0.297   0.175 1.339 

/Metal_Machinery_tau     0.594 0.220   0.161 1.026 

/Woods_Furniture_tau     0.800 0.286   0.238 1.361 

/Others_tau     0.568 0.179     0.217 0.918 

       

LR test for IIA (tau=1):            

chi2(8) = 81.56   

        

Prob > chi2 = 0.0000 
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3.8 Conclusion 

The analyses provided in this paper demonstrate that infrastructure obstacles, especially 

electricity obstacles, affect the productivity of firms in Sub-Saharan Africa, using a sample 

of firms in 29 countries in that region. I exploit firm managers' perceived infrastructure 

obstacles to their firms' operations to analyze these obstacles' effects on firms' productivity, 

especially, total productivity factor, TFP, in different industries: Food, Textile, Garment, 

Chemicals, Non-Metallic Minerals and Basic Metals, Fabricated Metals and Machinery, 

and Wood Products and Furniture. For the analysis, I assume that firms in all industries 

face a Cobb-Douglas production, but with different output elasticities for the input factors. 

To analyze the effects of infrastructure obstacles on TFP, I use different specifications to 

account for omitted variable bias, measurement error, and endogeneity of the infrastructure 

variable. First, estimates that combine all industries suggest electricity, and perhaps 

transportation, infrastructure obstacles affect the productivity of firms. The estimates 

indicate that electricity infrastructure obstacles have the strongest effects. Using individual 

firm-level obstacle, there is no evidence of heterogeneity in the impacts of the electricity 

obstacle infrastructure across industries. Transportation and telecommunications obstacles 

seem not to have significant adverse impacts across industries, except in the Chemicals and 

Fabricated Metals and Machinery industries. 

Second, to account for measurement error, I replace the firm-level obstacle variable with 

its regional average, separately for each industry. When all industries are combined, the 

results suggest a possibility of significant measurement error in the infrastructure variables. 
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The estimates using the region mean specification again suggest that electricity is the 

biggest obstacle in all industries. These impacts for electricity are heterogeneous. The 

results for this specification suggest that electricity obstacles affect some industries the 

most, specifically Garment, Non-Metallic and Basic Metals, and Fabricated Metals and 

Machinery industries. 

Finally, to deal with endogeneity, I use the “drop-out-one” mean specification. The 

estimates in this specification suggest that endogeneity leads to overestimation of the 

negative impacts of infrastructure obstacles. Separate estimates by industry again suggest 

that electricity is the biggest obstacle. 

I further investigate the effects of infrastructure obstacle on firms' productivity in different 

industries by separating the infrastructure obstacle into two different levels: moderate and 

very severe. The results again suggest that the electricity obstacle severely affects all 

industries. As one would expect, the magnitude of the estimate for the very severe category 

is larger than that of the moderate category for all industries. As for the transportation and 

telecommunications obstacles, the estimates suggest that these obstacles have no effect on 

industries. 

Given that obstacle to infrastructure varies by region within country, I analyze firm's 

location decision by exploiting the locations of foreign firms in the different industries 

using the Nested Logit Model. It is reasonable to assume that foreign firms make their 

location decisions depending on, among other factors, infrastructure. Using a two-level 

NLM, the results suggest that both average local industry productivity and obstacles to 
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electricity infrastructure have strong negative effects on firms' location choices. The results 

suggest that foreign firms locate in regions or countries with lower industry average 

productivity and with a lower degree of obstacle to electricity. A surprising result is that 

foreign firms are more likely to locate in areas with higher transportation obstacle. This 

means that electricity obstacles have a negative effect on firm location while transportation 

obstacles have an (unexpected) positive effect. 

The results suggest that countries in Sub-Saharan Africa are likely to benefit from investing 

in infrastructure, especially electricity infrastructure. This likely to promote the 

development of their manufacturing sectors and thus increase industrial productivity. As 

firms become more productive, they could also become globally competitive and export 

more. This could lead to improvement on other socio-economic outcomes such as lower 

unemployment and reduced poverty levels. 
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4. The Quality of Roads and Agricultural Productivity in Tanzania 

                               

 

Ibrahim Keita 

 

 

4.1 Introduction  

In Sub-Saharan Africa (SSA), agriculture is still the most prominent economic activity. A 

large majority of the population lives in rural areas. Despite the importance of the 

agriculture sector, most of the countries in SSA face many constraints that hinder their 

productivity. These constraints range from technological to infrastructure. This paper 

considers the special case of Tanzania, a country in East Africa. Like other countries in 

SSA, in Tanzania, many households depend on farming as their main source of livelihood. 

Tanzanian agriculture employs 70 percent of its total workforce and accounts for about 30 

percent of its gross domestic product (GDP). In recent years, the the agricultural sector has 

experienced significant growth. This growth is the result an increase in the production of 

exports crops, including cashew tobacco, sugar, coffee, and cotton. This translates into 

about 25 percent of Tanzania's annual exports earnings. Additionally, Tanzania's 

agricultural growth extends to its staple crops: maize, cassava, paddy, and sorghum.16 

                                                           
16 Food and Agriculture Organization of the United Nations 
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During the same period, Tanzania upgraded a significant portion of its major or trunk roads 

throughout the country. 

This paper analyzes the role of road rehabilitation in the growth of the agricultural sector 

in Tanzania. A better transportation infrastructure plays an important role in the 

development process. The nature of the Tanzanian economy suggests that the recent road 

rehabilitation should have had a significant impact on its agriculture. While better 

transportation infrastructure allows access to markets and reduction in transaction costs, 

there is little evidence on how road infrastructure affects agriculture beyond those 

mechanisms. A key objective of this analysis is to explore the productivity mechanism, 

especially agricultural yield. To pursue this, I try to identify how productivity of crops in 

agricultural households is affected by the road rehabilitation program in Tanzania. 

There exists a large literature on the impacts of improved transportation infrastructure on 

the welfare of poor rural households. A high quality transportation infrastructure system 

facilitates connectivity between locations and reduces transportation costs. As a result, 

lower prices promote the availability of a variety of goods (Khandker et al., 2009; 

Donaldson, 2018; Aggarwal, 2018). Also, access to input markets provides small 

agricultural famers access to better seeds (hybrid or improved) and fertilizers. 

Consequently, this increases agricultural output and income, potentially leading to 

specialization at the household level in the agriculture sector. (Shamdasani, 2016; Shrestha, 

2019; Donaldson, 2018; Qin and Zhang, 2016; Khandker et al. 2009). 
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Indeed, the construction of major roads and highways affects not only the agriculture 

sector, but also exports and the manufacturing sector (Volpe Martincus et al., 2016; 

Storeygard, 2016; Ghani et al., 2016). In the case of Tanzania, the rehabilitation of trunk 

roads, as part of the Tanzanian government's plan to reduce poverty, should affect not only 

the agriculture sector but also economic growth in general. Agriculture productivity 

mediates the link between agriculture and economic growth. Agricultural productivity 

growth is the first and most important source of economic growth in most developing 

countries (Gollin, 2010). 

Like most countries in Sub-Saharan Africa, Tanzania lacks adequate levels of public 

infrastructure. In 2008, it was ranked as one of the worst countries in terms of infrastructure 

development. The lack of infrastructure is even more pronounced in rural areas. Rural 

residents have very limited access to trunk road networks. These infrastructure constraints 

are considered to be an impediment to development. Recognizing this, in 2005, the 

Government of Tanzania launched the National Strategy for Growth and the Reduction of 

Poverty in Tanzania (MKUKUTA), which included a major transport sector investment 

program. This program identified the rehabilitation of road transport corridors (about 

10,300 km) to improve regional integration within the country as well as a better 

connectivity to Tanzania's neighbors. By 2013, the program had upgraded about 2,500 km 

of trunk roads. 

This paper evaluates the impacts of this major road upgrade program on agricultural 

productivity in Tanzania. To do so, I use two data sources- an agricultural panel dataset 
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and road data containing spatial information reflecting changes in the road infrastructure 

upgrade. I identify the effects of the road rehabilitation program on agricultural 

productivity using a difference-in-difference strategy that controls for village (enumeration 

area) fixed effects. 

The present paper contributes to the literature in two ways. First, much of the literature on 

the effects of transportation, railroads, and rural roads in particular, has mainly focused on 

other continents such as America and Asia. To the exception of few papers (Storeygard, 

2016; Ghani et al., 2016; Shrestha, 2019; Casaburi et al., 2013; Burgess et al., 2015; 

Gachassin et al., 2010); there has been little research on the role of road infrastructure in 

Sub-Saharan Africa, specifically the role of major roads. These papers address topics 

related to markets, poverty reduction, and prices. It is reasonable to assume that the impacts 

of improvement of major roads on the welfare of the inhabitants of rural areas would yield 

similar results as the papers mentioned. Rural roads are built with lower standards and are 

low traffic volume roads. These roads could improve labor market participation by 

facilitating the transport of people from one village to the other. Major roads, which are 

meant for heavy traffic volume roads are built with high standards, and link cities and 

regions within a country, might not achieve such integration because of the time required 

to access them. However, access to major roads has the potential to reduce input prices, 

improve agricultural production, and increase exports. Therefore, it is crucial to analyze 

the impacts of major roads on the economy of rural areas. 
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Second, the prioritization of the rehabilitation of the major roads and the timing of the 

project, together, with recently implemented LSMS surveys, provide an ideal opportunity 

to evaluate the impacts of Tanzania's major road improvement on its agricultural 

productivity. In particular, I take advantage of the rollout of the LSMS panel surveys, 

which started before any road project had been completed. Therefore, the staggered rollout 

of the road project over time provides a treatment of different enumeration areas. I use the 

distances from these enumeration areas to the upgraded roads as the treatment to establish 

a difference-in-difference identification strategy to study the effects of the rehabilitation of 

trunk roads on agricultural productivity. 

The paper is structured as follows. Section 2 provides a background on agriculture in 

Tanzania. Section 3 describes the road rehabilitation program in Tanzania during the period 

2008-2013. Section 4 presents the data. Section 5 describes the identification strategy. 

Section 6 provides the results and Section 7 concludes the paper. 

4.2 Agriculture in Tanzania 

Tanzania is a low-income country in East Africa with a population of about 58.5 million; 

and about 65 percent of the inhabitants in Tanzania work in the agriculture sector (The 

World Bank. With a total area of 94.5 million hectares of land, of which 44 million hectares 

are classified as suitable for agriculture, Tanzania utilizes only 10.1 million hectares or 23 

percent of its arable land for cultivation (FAO, 2018). Although Tanzania has numerous 

rivers and underground water resources, their potential has barely been exploited for 

irrigation. Tea, sugar cane, flowers, grapes, fruits, maize, paddy, onions, and vegetables 



112 
 

are the main irrigated crops. About 1.9 percent of small farmers' farmland is irrigated. 

Farmers in Tanzania rely mainly on rainfall. 

Tanzania has four main climate zones-the hot humid coastal plain, the semi-arid central 

plateau, the high rainfall lake regions, and the temperate highlands. Except in the temperate 

highlands, the average temperatures in the country rarely fall below 20 degrees Celsius. 

The hottest months are November through February, with temperature ranging from 25 and 

31 degrees Celsius, and the coldest months are between May and August with temperature 

between 15 and 20 degrees. Tanzania has two major rainy seasons. The Vuli, or short rainy 

season in Kiswahili, occurs from October to December. The long rainy season, or Masika, 

occurs from March to May. These two rainy seasons take place in the north of the country. 

Another rainy season, referred to as Musumi, takes place in the southern, central, western 

parts of the country and occurs from October to April.17 

Agriculture is one of the cornerstones of the Tanzanian economy. The agricultural 

economy is dominated by food crop production. Tanzania produces all of its own food, and 

most of its agricultural production is directed toward domestic consumption. About 85 

percent of cultivated land is under food crops. In addition, a significant proportion of 

agricultural production-cashew tobacco, sugar, coffee, and cotton- is oriented towards 

export. About 83 percent of all farm holdings are operated by small farmers, producing 

about 75 percent of the total agricultural production (FAO, 2018). The country has a variety 

                                                           
17 Global Yield Gap Atlas, www.yieldgap.org 
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of farming systems, from food crops to cash crops, due largely to the variation in its 

climatic and agroecological conditions. The main cash crops and exports are the following: 

coffee, cotton, cashew nuts, tobacco, sisal, pyrethrum, tea, cloves, horticultural crops, oil 

seeds, and spices. The food crops consist of the following: maize, sorghum, millet, rice, 

wheat, beans, cassava, potatoes, bananas and plantains. 

Despite its recent increase in agricultural growth, Tanzanian farmers have limited access 

to agricultural inputs, which negatively affects these farmers' productivity. The majority of 

famers rely on hand tools in agriculture, with only 1.4 percent of small famers using 

motorized equipment. Also, on average, only 16 percent use fertilizers, whereas about 42 

percent of the agricultural households have access to improved seeds. 

Most of the agricultural households' main activity is crop cultivation and consists, on 

average, of more than 5 household members, with a land holding of about 1.2 hectares. 

These households usually have livestock and poultry, which constitute a second source of 

income. Women represent the majority of the agricultural labor force. Yet, only 26 percent 

of the agricultural households are female-headed. A typical small family farm can earn up 

to USD $5,000 per year, with 56 percent of that earning coming from growing and selling 

crops. About 39 percent of the agricultural households live below the national poverty line. 

The main channels through which famers sell their crops are local markets. More than 95 

percent of the sales and purchases of agricultural inputs occur in local markets. 

Agricultural households face significant constraints. Even though the average distance to 

the nearest road is about 2 kilometers, which is low compared to other countries in East 
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Africa, this does translate into higher crop sales. Tanzanian small farmers sell only about 

35 percent of their agricultural products, with the rest being used for domestic 

consumption. This means that the proximity to roads, and thus to markets, is most favorable 

to small farmers that are net producers. Access to credit is another constraint to Tanzanian 

small farmers. The average small farmer has a credit of USD $1,036, which represents an 

important source for investments. Agricultural households spend about 7 percent of their 

production revenue on agricultural inputs. 

4.3 Road Rehabilitation Program in Tanzania 

According to the World Economic Forum's Global Competitiveness Index in 2008, 

Tanzania ranked 118th out of 134 countries in the infrastructure dimension (Schwab and 

Porter, 2008). The ranking was partially due to the extremely poor conditions of the roads 

because of low road density and a poor road network.18 

As part of the 2005 National Strategy for Growth and the Reduction of Poverty in Tanzania 

(MKUKUTA), one of the major impediments to growth and poverty to be addressed was 

the poor condition of the rural road network. Indeed, given the nature of the rural economy, 

poor road conditions have adverse effects on input markets and agricultural productivity. 

Therefore, any program to alleviate poverty in rural areas should include the improvement 

of the quality of rural infrastructure, especially roads. Indeed, one of the objectives of 

MKUKUTA was investing in infrastructure projects, including the rehabilitation and 

                                                           
18 Road density estimates were 96.5 meters per square kilometer and only 36.6% of the road network was paved or 

sealed and considered in good or fair condition according to the Government of Tanzania (2008) 
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construction of major roads. These investments could potentially improve living standards 

by promoting economic growth and reducing poverty in rural areas. 

To reach the goals of the MKUKUTA, the Government of Tanzania put in place two 

significant actions. First, regarding infrastructure investment, the government unveiled the 

“10 Year Transport Sector Investment Programme (TSIP)”, designed to improve the 

regional integration within Tanzania and to also connect the country to its neighbors via 

nine major trunk road transport corridors consisting of 10,300 kilometers. All roads in poor 

conditions in these nine corridors were planned to be paved. The main goal of the program 

was to upgrade and rehabilitate about 6,000 kilometers of poor quality roads within 10 

years. The first phase of the TSIP program was scheduled to be implemented between 2007 

and 2013. Second, the government set the legal basis for the implementation of the road 

investment by launching the “Road Act” (Government of Tanzania 2007). The purpose of 

this act was to assign to the Tanzania National Road Agency (TANROADS) the 

improvement of the Trunk and Regional Road Network. These roads consist of about 

33,890 kilometers out of a total of 86,470 kilometers on the Tanzanian mainland.19 The 

Local Government Authorities (LGA) manage the rest of the road network (urban, district, 

and feeder roads). Together, TSIP and the Road Act propelled the start of the first phase of 

infrastructure works in 2008. The second phase, originally scheduled to start in 2012-13 

and end in 2016-2017, has been postponed. 

                                                           
19 Tanzania National Roads Agency, http://tanroads.go.tz 
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The upgrading of the roads had three policy goals: to promote economic growth, to improve 

of the welfare of the rural poor by increasing production and access to markets for 

agricultural inputs and products, and to serve as a major transit for its landlocked neighbors. 

The prioritization of the road projects in the TSIP and Road Act allows for an evaluation 

of their impacts in this paper. First of all, the maintenance of roads in bad condition was 

given the highest priority. Second, road segments contributing to improved exportation and 

production of important food crops were prioritized. Third, connectivity of all regional 

centers with paved roads and of district headquarters with all- weather roads of at least 

gravel should be considered. Finally, the opening up of all major population regions to the 

modern economy and trade was given priority. 

By the end of 2013, there was a significant improvement in the road network. Figure 4-1 

shows approximately 2,560 km of road rehabilitated to paved condition. Figures 2a-b show 

the state of the road network before and after the rehabilitation projects. Before the road 

infrastructure projects, 49 percent of roads were graveled, 30.5 percent sealed, and 11 

percent paved. By the end of 2013 the percentage of paved road increased to about 30 

percent. The road infrastructure projects significantly improved the standing of Tanzania 

on the infrastructure dimension of the Global Competitiveness Index by the end of 2017. 
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Figure 4- 1: Road Rehabilitated Over Time 

 

Source: Author’s computation using TANROADS data. 
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Figure 4- 2a-b: Road Rehabilitation 2008-2013 

 

Source: Dumas, C & Jativa, X. 
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4.4 Data 

4.4.1 The Tanzania Roads Data 

I use the geo-referenced data on road condition and rehabilitation, which was collected by 

the Tanzania Road Agency (TANROADS). The dataset covers the road network and 

provides information on primary and secondary roads including their lengths, condition 

(paved, sealed, gravel, and soil type), type of projects, and completion date. To analyze the 

impact of the road rehabilitation on agricultural productivity, I consider only trunk roads, 

which were rehabilitated between 2008-2013. Given the dataset, from the centroid of any 

enumeration area, I compute the distance to the nearest road before the rehabilitation 

project and the distance to the closest treated road. I also use the quality of the roads. 

4.4.2 The Living Standards Measurement Study-Integrated Surveys on Agriculture 

The Living Standards Measurement Study-Integrated Surveys of Agriculture (LSMS-ISA) 

is a panel dataset consisting of three waves of a nationally representative household sample, 

implemented by the Tanzania's National Bureau of Statistics (TNBS). These waves 

comprise three rounds of data collected in 2008/09, 2010/11, and 2012/13. The households 

were chosen using a random two-stage sampling process. In the first wave of the survey, 

3,265 households were sampled from in 410 enumeration areas (EAs), with 386 of which 

were from rural areas, across mainland Tanzania (excluding the island of Zanzibar). This 

wave of data collection was done over 12 months, from October 2008 to September 2009, 

during which agricultural households were visited twice (post-planting and post-harvest). 

In the second wave, from October 2010 to December 2011, all previous households were 

targeted. The sample size increased from 3,265 to 3,924 due to the splitting or relocation 
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of some households. The third round, which was conducted from October 2012 to 

December 2013, consists of 5,015 households. During the second and third waves, there 

was about 4.8 percent of attrition. The TNBS conducted a new wave on a completely new 

sample in 2014/15, which consists of 3.352 new households clustered in 419 enumeration 

areas. Thus, the last wave of panel data collection was in 2012/13. 

The LSMS-ISA data, when combined with the TANROAD data, provide a unique dataset 

that is well suited for the analysis in this paper. Among other modules, the LSMS-ISA data 

contain detailed information on the agriculture module. The variables related to agriculture 

are particularly important in studying the effect of the road rehabilitation program on 

agricultural productivity. Moreover, the geo-location information for the enumeration 

areas allows for the identification of those that are treated and the timing of the treatment. 

The agriculture module covers the long rainy season, typically from March to May, and 

the short rainy season, from October to December. I focus on the long rainy season as most 

planting and harvesting take place in that season. The module contains very detailed 

information on plots, crops, inputs, harvests, and sales for each crop on each plot for every 

agricultural household in the sample. For my analysis, I only consider plot size that are at 

most 5 acres because the average plot size in most small farming households is about 2 

acres. This ensures that I have close to all small farming households. Also, I aggregate all 

variables up to the enumeration area level. The survey also contains important information 

on households in each enumeration area, including distance to major roads, distance to the 

nearest market, distance to a population center of at least 20,000 people, and variables 
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related to the climate and topography of the enumeration area such as annual mean 

temperature, annual mean precipitation, soil wetness, elevation, and nutrient availability. 

These geophysical characteristics vary across enumeration areas and likely contribute to 

the differences in agricultural productivity. Table 1 provides the distribution of the different 

crops in the sample. Maize and paddy rice are the two major crops in Tanzania; and they 

represent about 44 percent and 21 percent respectively in the final sample. Table 2 through 

Table 4 provides the summary statistics of the key agricultural variables by survey year. 

 

               Table 4- 1: Distribution of The Crops 

  Frequency Percentage Cumulative 

Maize 533 43.87 43.87 

Paddy 252 20.74 64.61 

Sorghum 134 11.03 75.64 

Sweet Potatoes 129 10.62 86.26 

Cassava 50 4.12 90.38 

Bulrush Millet 28 2.3 92.68 

Finger Millet 21 1.73 94.41 

Cocoyams 19 1.56 95.97 

Irish potatoes 16 1.32 97.29 

Yams 14 1.15 98.44 

Onions 10 0.82 99.26 

Wheat 9 0.74 100 

Total 1,215 100   
               Source: Author’s computation from LSMS-ISA 
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Table 4- 2: Summary Statistics (Plot Characteristics) 

Source: Author’s computation using LSMS-ISA Surveys 

 

 

 

 2008/09 2012/13 

 Mean SD Mean SD 

Plot Characteristics     

     

Plot Area (acres, survey respondent report) 1.480 0.710 1.536 0.985 

Plot Area (acres, GPS measured) 1.424 0.966 1.451 0.978 

Estimated Plot Area (acres, GPS measured if available) 1.463 0.701 1.417 0.873 

Plot Slope 1.832 0.626 1.578 0.675 

Plot Soil Type 2.013 0.407 2.079 0.424 

Plot Soil Quality 1.557 0.362 1.638 0.406 

Area Cultivated 1.130 0.591 1.208 0.746 

Area Cultivated (acres, Based on GPS measured) 1.066 0.775 1.121 0.764 

Area Cultivated (acres, Based on GPS measured if available) 1.118 0.580 1.127 0.685 

Proportion of Plot Area Cultivated 0.811 0.175 0.863 0.166 

Plot Distance to Market (Km) 6.999 5.650 9.992 9.728 

Plot Distance to Road (Km) 1.830 1.859 2.029 2.957 

Plot Distance to Home (Km) 2.922 3.392 8.230 33.610 

Proportion of Plot with intercropping  0.656 0.315 0.563 0.350 

Proportion of Plot Erosion 0.168 0.205 0.111 0.200 
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Table 4- 3: Summary Statistics (Input Variables, Harvest, and Sales) 

Source: Author’s computation using LSMS-ISA Surveys 

 2008/09 2012/13 

Panel A Mean SD Mean SD 

Inputs     

     

Land Prep Time (Days) 29.590 21.600 23.273 15.415 

Land Weeding Time (Days) 29.589 26.478 24.944 16.894 

Total Harvest Time (Days) 22.714 25.876 16.946 14.228 

Proportion HH in EA using org. fertilizer 0.171 0.264 0.164 0.256 

Proportion HH in EA using inorg. fertilizer 0.142 0.272 0.154 0.290 

Proportion of HH using Hired Labor on Plots 0.388 0.281 0.357 0.317 

Proportion of HH in EA using irrigation system 0.048 0.177 0.032 0.143 

     

Panel B         

Crop/Harvest/Sales/Storage/Losses     

Proportion of Crop Harvested 1.000 0.000 1.000 0.000 

Plot Area Harvested (acres) 0.950 0.513 1.022 0.665 

Plot Quantity Harvested (Kg)         421          859          453       1,177  

Plot Harvest Value (Shillings)    84,185     76,012    166,405    222,765  

Yield (Harvested Quantity/ GPS Area Harvested) Kg/Acre)         683    114,194          490    192,132  

Yield (Harvested Value / GPS Area Harvested) Shillings/Acre   126,672       3,194    199,380          610  

Yield in Real terms  (Quant. Value / GPS Area Harvested) Shillings/Acre   215,027    482,222    227,332    231,899  

Percentage of HH using Crop Storage 0.232 0.289 0.235 0.314 

Crop Quantity Stored (Kg) 230.593 796.355 177.001 242.724 

Percentage of HHs with Post- Harvest Crop Loss 0.134 0.190 0.066 0.162 

Value of Crop Loss (Shillings)    14,228     40,404     23,929     65,126  

Crop Quantity Sold 146.614 244.707 449.771 1030.881 
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Table 4- 4: Summary Statistics (Geo-variables) 

 2008/09 2012/13 

 Mean SD Mean SD 

Geo-variables     

Distance to Rehabilitated Trunk Road in 2011 (km) N/A N/A 222.526 127.533 

Distance to Rehabilitated Trunk Road in 2012 (km) N/A N/A 138.618 103.810 

Distance to Rehabilitated Trunk Road in 2013 (km) N/A N/A 119.775 76.702 

Distance from EA to any the closest Trunk Road 29.727 35.881 30.007 34.886 

Distance from HH to Major Road (km) 21.122 24.756 20.781 23.321 

Distance from HH to Population center with 20,000+ habitants) 48.295 40.794 44.849 36.373 

Distance from HH to Nearest Market (km) 82.159 55.298 78.103 51.960 

Annual Precipitation 1117.113 340.601 1097.297 311.853 

Elevation 820.242 576.893 831.106 560.452 

Potential Wetness Index 13.539 3.856 13.711 2.838 

Terrain Roughness 5.160 3.377 5.055 2.978 

Nutrient Availability 1.703 0.874 1.773 0.826 

Nutrient Retention 1.451 0.778 1.527 0.776 

Rooting Conditions 1.294 0.930 1.355 0.902 

Oxygen Availability 1.106 0.682 1.169 0.702 

Excess Salt 1.024 0.605 1.098 0.658 

Toxicity 0.990 0.570 1.056 0.633 
 Source: Author’s computation using LSMS-ISA Surveys
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4.5 Estimation Strategy 

4.5.1 Measuring Agricultural Productivity 

In general, productivity is defined as the ratio of outputs to inputs. The output can be 

expressed in values (at constant prices) or in physical quantities (pounds, kilograms, tons, 

etc.). The interpretation of productivity can be complex if multiple outputs and inputs are 

used. Nonetheless, higher productivity should result in higher production and higher profits 

or income. There are two major types of productivity measures-partial factor productivity 

and multifactor productivity such as total factor productivity (FAO, 2017). In this analysis, 

the agricultural productivity measure used falls into a single-factor productivity 

framework, where only one input is considered: land size or area. 

Using a simple ratio of output, quantity of crop harvested (kg) over plot size (acres), this 

productivity represents agricultural yield per acre. This measure is sensitive to 

measurement error, largely due to errors when measuring land size. However, the 

measurement error can be reduced if land size is measured using a global positioning 

system device (GPS). In the LSMS surveys, there are two plot size measures- respondent's 

or farmer's stated plot size and GPS-measured plot size. I use the latter whenever available. 

Some plots were not GPS-measured, so I use the respondent's stated measure. Given I use 

productivity as the left-hand side variable in my estimation, measurement error should not 

lead to bias. However, it is important take into account all the potential sources of these 

errors. 
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As for the measure of output, the surveys contain two output variables: quantity harvested 

and estimated value of the harvested crop.20 Another way to calculate the former variable 

is to add the quantity of crops sold, the quantity consumed, and quantity spoiled or stored 

or lost. However, it is likely that each of these variables is measured with error; thus 

resulting in even larger measurement error. 

A final measurement complication for the computation of agricultural productivity is plot 

intercropping, where two or three crops are planted together on the same plot. Intercropping 

is common in Sub-Saharan Africa, including Tanzania. Kelly et al. (1996) suggest that this 

underestimates output and yields because secondary crops and by-products are not properly 

measured. Hopkins and Berry (1994) estimate that, in Niger, measured returns to labor 

(labor productivity expressed in monetary units) were 20 percent lower when only the 

principal crop was accounted for, as compared to when the output is measured for both the 

principal and secondary crops. To account for potential measurement error due to 

intercropping, I use the estimated plot area which was planted with the crop. In the LSMS 

survey, famers respond to the following question: What proportion of the plot was used for 

this crop? I exploit this variable to estimate the area used in the computation of the 

agricultural productivity or yield.21 This should mitigate measurement error in the 

productivity variable, the variable of interest in the estimation. Furthermore, to account for 

differential productivity across crops, I compute crop-specific yield at each enumeration 

                                                           
20 I use both measures (quantity harvested and its monetary value) to compute two separate yields. All monetary values 

were deflated to constant 2014 Tanzanian Shillings 

21 The area is computed as the fraction of the plot size cultivated multiplied by GPS-measured plot size. 
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area level. Thus, for each year, the number of enumeration area observation in the data is 

equal to the number of crops grown in that enumeration area in that year. 

4.5.2 Timing and Distance to Roads as Treatment 

The timing of the road rehabilitation program, combined with the LSMS-ISA data, 

provides an ideal setup for the study in this paper. Given that no road rehabilitation had yet 

started in 2008. The first wave of the survey can be defined as the pre-treatment period. 

There are two relevant points regarding the timing of the treatment. First, given that the 

duration of the LSMS survey is more than one year, the extent of the treatment depends on 

the date of the interview and the planting season (based on the long rainy season). Any 

treatment should take into account this time frame to make sure that the road rehabilitation 

was completed well before the household or the enumeration area is surveyed. To ensure 

that farmers benefitted fully from the road rehabilitation, I require that the local road 

rehabilitation project must have been completed at least 2 months before the planting 

season.22 For instance, in the 2012-13 survey, this means that the road had to be completed 

at the latest by January of 2013. This definition of the treatment method allows me to avoid 

any partial treatment (enumeration area being treated part of the year; and not being treated 

in the other part) because such a partial treatment has the potential to underestimate the 

impact of road rehabilitation on agricultural productivity. I dropped all partially treated 

enumeration areas from the final sample. 

                                                           
22 In the LSMS-ISA Survey, agricultural households are interview twice, post-planting and post-harvest. The “Masika” 

or the long rainy season occurs between March and May in most regions in Tanzania. Most crops are planted around 

March since the heaviest rainfall occurs in May. (FA0, 2020). 
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Second, the described treatment should make a distinction between enumeration areas that 

are treated and those that are not when a road is rehabilitated. The variation of the distance 

from the enumeration area to the road would likely generate variation in the impact. For 

treatment, I use a flexible specification that allows for different impacts for different 

distances to rehabilitated roads. It is also important to note that if an enumeration area is 

treated in 2011, then it is also treated in the subsequent years. 

4.5.3 Specification 

Given the above considerations, I use the following difference-in-difference specification: 

𝑌𝑐𝑟𝑡 = 𝜇 + ∑ 𝛽𝑠𝑆  𝑅𝑒ℎ𝑎𝑏_𝑅𝑜𝑎𝑑𝑟𝑠 𝑥 1(𝑡 = 2012) + 𝜃′ 𝑋𝑐𝑟𝑡 + 𝛾 1(𝑡 = 2012) + 𝜆𝑟 + 휀𝑐𝑟𝑡       [23]        

where Ycrt is the yield of crop c, in enumeration area r at time t, and S is defined as the set 

of distance bands as follows: {[ 0,25], (25,50], (50,100], (100,150], (150,200], (200, ∝)}. 

Rehab_Roadrs is a dummy variable indicating whether the enumeration area r is located 

within a distance band s 𝜖 S from a road rehabilitated at least 12 months before the date of 

the interview for the survey year 2012/13. the term 1(t=2012) is the time dummy variable 

and takes the value 1 for year 2012. Xcrt is a vector of time-varying crop and plot 

characteristics at the enumeration area r at time t. The term λ r denotes the enumeration 

area fixed effects. The term εcrt is the error term that incorporates all unobservable time-

varying enumeration area variables that affect agricultural yield. The standard errors of the 

estimates are clustered at the enumeration area level. 

With this specification, all enumeration areas are considered as pre-treatment in 2008. 

Enumeration areas that are very far from rehabilitated roads in 2012 are very unlikely to 
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have been affected by the road rehabilitation program. Therefore, I choose the distance 

band (200, ∝) as the reference point (omitted category) in the estimation of equation (1). 

βs, the key parameters of interest are the effects of rehabilitated roads on agriculture 

productivity for enumeration area r within the distance band s with regard to the reference. 

This is essentially a difference in differences specification. The γ parameter controls for 

general changes in productivity over time that affect all enumeration areas. The 

enumeration area fixed effects control for time-invariant differences in the enumeration 

areas that affect agriculture productivity. Finally, the βs terms estimate the impacts of the 

program for enumeration areas within 200 kilometers of a rehabilitated road in 2012/13. 

4.6 Results 

Table 4-5 through Table 4-7 present results of the estimated βs coefficients from Equation 

(23). I focus on the signs and significance of these estimates rather than their magnitudes. 

Table 4-5 presents the estimated coefficients from Equation (23). In column (1), with no 

controls, the estimates are all negative and not statistically significant except for the 

estimate on the distance band 50-100 km which is statistically significant. These results 

suggest that, with reference to being more than 200 km from a rehabilitation road, the 

impacts of rehabilitated road on agricultural yield are negative for any enumeration area 

within any distance band. When control variables are included (column (2)), the results are 

similar to those in column (1). The estimated coefficients are negative with no statistical 

significance except for the distance band 50-100 km, which is significant at 10 percent 

level. However, the F-tests on both columns suggest that there is no statistical differences 

in these estimated coefficients. In columns (3) and (4), I use value of harvested quantity 
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per acre as the dependent variable. None of the estimated coefficients are statistically 

significant. Although they are all positive, except for the distance band 50-100 km. So, 

perhaps, the road rehabilitation might have some impacts on the value of the harvest, but 

again the estimates are very imprecise. The F-tests on these estimates indicate no statistical 

differences in the estimated coefficients. 

One of the goals of the road rehabilitation project was to increase in farming households' 

consumption and reduce poverty through exports of crops. In Tanzania, most farmers 

cultivate paddy rice, maize, and sorghum. I investigate whether the road rehabilitation had 

an impact on these crops. Table 4-6 presents the results of this analysis. In column (1), the 

estimated coefficients are all negative when yield is measured as output per acre, although 

the coefficient on the distance band 50-100 km is statistically significant. When control 

variables are included in column (2), the estimated coefficients for distance bands 0-25 km, 

25-50 km, and 50-100 km are all slightly significant. These results are slightly different 

from those in Table 4-5. As for value of output per acre, almost all the estimated 

coefficients are negative and not statistically significant, except for the estimates on 

distance bands 25-50 and 150-200, which are positive, but not statistically significant. The 

F-tests suggest that there is no statistical difference in these estimated coefficients.  

One of the reasons for the lack of any positive impact of the rehabilitation on agricultural 

yield can be explained by the absence of any significant increase in input use, in particular 

fertilizer use. Table 4-7 shows the results of the impacts of the rehabilitation project on 

input use. The coefficient estimates are mainly positive for all distance bands except in the 

case of organic fertilizer for distance bands 100-150 and 150-200. However, none of these 
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coefficient estimates are statistically significant. In general, these results suggest that road 

rehabilitation has no impact on agricultural yield in Tanzania, but caution is warranted 

because these estimates are very imprecise.  
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Table 4- 5: Effects of Road Rehabilitation on Agricultural Yield 

          

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

 Yield (log) Yield (log) Yield (log) Yield (log) 

  Kg/acre Kg/acre Shilling/acre Shilling/acre 

     

Distance (0-25 Km) -0.382 -0.425 0.126 0.108 

 (0.281) (0.262) (0.289) (0.275) 

Distance (25-50 Km) -0.352 -0.398 0.200 0.186 

 (0.299) (0.293) (0.287) (0.277) 

Distance (50-100 Km) -0.582** -0.640** -0.079 -0.091 

 (0.276) (0.267) (0.275) (0.278) 

Distance (100-150 Km) -0.198 -0.351 0.156 0.029 

 (0.320) (0.297) (0.312) (0.297) 

Distance (150-200 Km) -0.166 -0.117 0.208 0.326 

 (0.313) (0.313) (0.320) (0.330) 

     

     

Observations 1,213 1,213 1,214 1,214 

Mean of Outcome 526 526 158,439 158,439 

Std. of Outcome 1,735 1,735 273,682 273,682 

Enumeration Area FE YES YES YES YES 

Controls NO YES NO YES 

F-test 1.27 1.35 0.74 0.87 

p-value 0.281 0.2523 0.5673 0.48 
Note: In columns (1) and (2), yield is computed as quantity harvested divided by harvested area, while in columns (3) 

and (4), yield is expressed as value of the quantity harvested divided by harvested area. The outcome variables are in the 

log form. The means of the outcome variables are expressed in kilograms (columns (1) and (2)) and in Shilling (columns 

(3) and (4)). Robust standard errors are clustered at the enumeration area level. *** p<0.01, ** p<0.05, * p<0.1 

 

 

 

 

 

 

 



133 
 

Table 4- 6: Effects of Road Rehabilitation on Agricultural Yield (Maize, Rice, and 

Sorghum) 

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

 Yield (log) Yield (log) Yield (log) Yield (log) 

  Kg/acre Kg/acre Shilling/acre Shilling/acre 

     

Distance (0-25 Km) -0.511 -0.546* -0.129 -0.173 

 (0.322) (0.305) (0.331) (0.311) 

Distance (25-50 Km) -0.516 -0.551* 0.026 0.007 

 (0.339) (0.330) (0.337) (0.321) 

Distance (50-100 Km) -0.621** -0.592* -0.246 -0.196 

 (0.314) (0.304) (0.324) (0.316) 

Distance (100-150 Km) -0.460 -0.502 -0.162 -0.259 

 (0.365) (0.343) (0.356) (0.341) 

Distance (150-200 Km) -0.348 -0.328 -0.032 0.052 

 (0.354) (0.349) (0.363) (0.347) 

     

     

     

Observations 918 918 918 918 

Mean of Outcome 457 457 156,186 156,186 

Std. Dev. of Outcome 1,835 1,835 258,567 258,567 

Enumeration Area FE YES YES YES YES 

Controls NO YES NO YES 

F-test 0.40 0.28 0.47 0.54 

p-value 0.802 0.894 0.760 0.709 
Note: In columns (1) and (2), yield is computed as quantity harvested divided by harvested area, while in columns (3) 

and (4), yield is expressed as value of the quantity harvested divided by harvested area. The outcome variables are in the 

log form. The means of the outcome variables are expressed in kilograms (columns (1) and (2)) and in Shilling (columns 
(3) and (4)). Robust standard errors are clustered at the enumeration area level. *** p<0.01, ** p<0.05, * p<0.1 
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Table 4- 7: Effects of Road Rehabilitation on Input Use (Fertilizers)  

 Organic Fertilizer Inorganic Fertilizer 

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

          

     

Distance (0-25 Km) 0.025 0.045 0.034 0.060 

 (0.094) (0.097) (0.047) (0.049) 

Distance (25-50 Km) 0.048 0.055 0.032 0.050 

 (0.117) (0.115) (0.048) (0.047) 

Distance (50-100 Km) 0.044 0.069 0.041 0.057 

 (0.092) (0.088) (0.042) (0.042) 

Distance (100-150 Km) -0.059 -0.034 0.026 0.049 

 (0.129) (0.130) (0.050) (0.048) 

Distance (150-200 Km) -0.032 -0.059 0.078 0.080 

 (0.103) (0.101) (0.058) (0.055) 

     

     

     

Observations 1,215 1,215 1,215 1,215 

Mean of Outcome 0.14 0.14 0.12 0.12 

Std. Dev. of Outcome 0.272 0.272 0.277 0.277 

Enumeration Area FE YES YES YES YES 

Controls NO YES NO YES 

F-test 0.47 0.85 0.24 0.10 

p-value 0.756 0.492 0.917 0.982 
Note: The outcome variables (inorganic fertilizer and organic fertilizer) are the proportion or percentage of plots  

on which the inputs were used by enumeration areas. A hyperbolic sine transformation is applied to these variables  

since some plots have 0 percent use of fertilizer. Robust standard errors are clustered at the enumeration area level.  

*** p<0.01, ** p<0.05, * p<0.1 
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4.7 Conclusion 

The literature on the effects of roads on welfare has found that the impact of road 

construction on rural areas is generally positive. Reduction in transaction costs, increased 

market participation, and access to inputs are the main mechanisms through which these 

road construction projects have positive impacts (See Aggarwal et al. (2018); Gachassin et 

al. (2010); Khandker et al. (2009), and Lokshin et al. (2009)). For agriculture, in particular, 

access to improved seed, fertilizers, and product markets have been shown to increase the 

welfare of farmers. 

In contrast, the analysis in this paper finds that the rehabilitation of trunk roads in Tanzania 

does not lead to increases in agricultural productivity. There could be several reason for 

this. First, road rehabilitation might not have the same impacts on the agricultural 

productivity of farmers as construction of new roads. On the other hand, when roads are 

upgraded to asphalt or paved, travel times are reduced significantly, which should lead to 

a decrease in transaction costs and other associated costs. Second, while improved roads 

should translate into an increase in inputs, thus farmers in Tanzania do not use “modern 

inputs”. For example, as seen in Table 2 only about 15 percent of Tanzanian farmers use 

chemical fertilizers so improved access to such inputs may have little effect. 
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Chapter 1 Appendix 

 

 
Table A1-1: Variables used in the principal component analysis (PCA) for wealth index 
  

 

 

 

 

 

 

 

 
               Note: These variables are included in the Ghana Demographic 

                and Health Surveys. 

 

 

 

Table A1-2: Ghana: Education System Schematic 
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Chapter 2 Appendix 

 
Figure A2-1: The Effects of Infrastructure Obstacle on TFP using Firm-level Obstacle, 

 (All Industries Combined) 

                                                                                                               

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Note: All graphs are plotted using the coefficients along with the 95 percent confidence intervals obtained  

from the corresponding equations in the paper.  
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Figure A2-2:  Effects of Infrastructure Obstacle on TFP using Individual Firm Obstacle, (by Industry) 

 

 

 

  The above figures are plots of the point estimates in Tables 3-6 with their respective 95 percent confidence intervals. 
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Figure A2-3: The Effects of Infrastructure Obstacle on TFP using Region Mean, (by Industry) 

   
  The above figures are plots of the point estimates in Tables 3-8 with their respective 95 percent confidence intervals. 
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  Figure A2-4: Effects of Infrastructure Obstacle on TFP using “drop-one-out” mean, by Industry 

   

 The above figures are plots of the point estimates in Tables 3-10 with their respective 95 percent confidence intervals. 
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Figure A2-5: Density Distribution of Log of Total Factor Productivity, by Industry         
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Table A2-1: Effects of Infrastructure Obstacle on TFP with Different Industries 

Estimates 

  

 Panel A   Firm-level Obstacle 

        

 Elect. Obstacle -0.030 -0.051* 

  (0.025) (0.026) 

Food Trans. Obstacle -0.013 0.004 

  (0.025) (0.024) 

 Telecom. Obstacle 0.005  

  (0.023)  

    

 Elect. Obstacle -0.012 0.074 

  (0.086) (0.073) 

Textile Trans. Obstacle -0.107 -0.011 

  (0.079) (0.068) 

 Telecom. Obstacle 0.020  

  (0.077)  

    

 Elect. Obstacle -0.072*** -0.059** 

  (0.027) (0.023) 

Garment Trans. Obstacle 0.001 0.018 

  (0.021) (0.027) 

 Telecom. Obstacle 0.019  

  (0.023)  

    

 Elect. Obstacle -0.091 -0.123** 

  (0.065) (0.056) 

Chemicals Trans. Obstacle -0.168** -0.047 

  (0.069) (0.055) 

 Telecom. Obstacle 0.094  

    (0.076)   
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Table A2-1: Effects of Infrastructure Obstacle on TFP with Different Industries 

Estimates (continued) 

    Firm-level Obstacle 

        

    

 Elect. Obstacle -0.089** -0.073* 

  (0.045) (0.042) 

Non-Metallic and 

Basic Metals Trans. Obstacle 0.023 0.026 

  (0.045) (0.038) 

 Telecom. Obstacle -0.021  

  (0.067)  

    

 Elect. Obstacle -0.045 -0.022 

  (0.039) (0.046) 

Fab. Metals and 

Machinery Trans. Obstacle -0.094** -0.035 

  (0.036) (0.029) 

 Telecom. Obstacle 0.083**  

  (0.037)  

    

 Elect. Obstacle -0.035 -0.066** 

  (0.046) (0.027) 

Wood and 

Furniture Trans. Obstacle -0.088** -0.005 

  (0.039) (0.025) 

 Telecom. Obstacle 0.065  

    (0.040)   

 Electricity 0.64 0.97 

F-test Transportation 1.34 0.57 

  Telecommunications 0.60   

Observations 5,893 7,126 

Mean of Outcome 1.056 1.070 

Std. Dev. of Outcome 0.782 0.806 
Note: Outcome variable is industry total factor productivity (TFP) computed as Solow residual using Cobb-Douglas 

production function. Control variables are included.  In column (2), the infrastructure variable is the region average less 

firm's own infrastructure obstacle.  In column (3), firm’s infrastructure variable is replaced with the region average. The 

Robust standard errors clustered at the regional level are in parentheses. *** p<0.01, ** p<0.05, * p<0.1 
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Table A2-2: Effects of Infrastructure Obstacle on TFP with Different Industries 

Estimates 

    Region Mean 

        

 Elect. Obstacle -0.014 -0.112 

  (0.090) (0.097) 

Food Trans. Obstacle -0.082 -0.051 

  (0.108) (0.083) 

 Telecom. Obstacle 0.111  

  (0.080)  

    

 Elect. Obstacle 0.009 0.014 

  (0.132) (0.118) 

Textile Trans. Obstacle -0.113 -0.039 

  (0.130) (0.122) 

 Telecom. Obstacle 0.063  

  (0.153)  

    

 Elect. Obstacle -0.289*** -0.276*** 

  (0.095) (0.082) 

Garment Trans. Obstacle -0.168* -0.109 

  (0.091) (0.067) 

 Telecom. Obstacle 0.084  

  (0.088)  

    

 Elect. Obstacle -0.147 -0.308*** 

  (0.152) (0.099) 

Chemicals Trans. Obstacle -0.212 -0.102 

  (0.135) (0.108) 

 Telecom. Obstacle -0.025  

  (0.167)  
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Table A2-2: Effects of Infrastructure Obstacle on TFP with Different Industries 

Estimates (continued) 

 Elect. Obstacle -0.372*** -0.251*** 

  (0.093) (0.086) 

Non-Metallic and Basic Metals Trans. Obstacle 0.062 0.119 

  (0.103) (0.086) 

 Telecom. Obstacle 0.005  

  (0.109)  

    

 Elect. Obstacle -0.201** -0.142 

  (0.095) (0.086) 

Fab. Metals and Machinery Trans. Obstacle 0.077 0.085 

  (0.113) (0.091) 

 Telecom. Obstacle 0.128  

  (0.091)  

    

 Elect. Obstacle -0.107 -0.109 

  (0.084) (0.073) 

Wood and Furniture Trans. Obstacle -0.045 -0.062 

  (0.111) (0.080) 

 Telecom. Obstacle -0.057  

  (0.087)  

        

 Electricity 2.22** 1.62 

F-test Transportation 1.00 1.43 

  Telecommunications 0.71   

Observations  5,893 7,126 

Mean of Outcome  1.056 1.070 

Std. Dev. of Outcome   0.782 0.806 
Note: Outcome variable is industry total factor productivity (TFP) computed as Solow residual using Cobb-Douglas 

production function. Control variables are included.  The infrastructure variable is the region average less firm's own 

infrastructure obstacle. The Robust standard errors clustered at the regional level are in parentheses.   

*** p<0.01, ** p<0.05, * p<0.1 
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Table A2-3: Effects of Infrastructure Obstacle on TFP with Different Industries 

Estimates 

    Drop-one-out Mean 
        

 Elect. Obstacle 0.038 -0.053 

  (0.081) (0.090) 

Food Trans. Obstacle -0.136 -0.101 

  (0.101) (0.076) 

 Telecom. Obstacle 0.031  

  (0.080)  

    

 Elect. Obstacle 0.430*** 0.292*** 

  (0.116) (0.093) 

Textile Trans. Obstacle -0.002 -0.144 

  (0.192) (0.118) 

 Telecom. Obstacle -0.084  

  (0.121)  

    

 Elect. Obstacle -0.198* -0.207** 

  (0.113) (0.098) 

Garment Trans. Obstacle -0.157 -0.101 

  (0.107) (0.074) 

 Telecom. Obstacle 0.140  

  (0.094)  

    

 Elect. Obstacle -0.038 -0.193* 

  (0.181) (0.105) 

Chemicals Trans. Obstacle -0.042 -0.061 

  (0.125) (0.104) 

 Telecom. Obstacle -0.129  

  (0.154)  
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Table A2-3: Effects of Infrastructure Obstacle on TFP with Different Industries 

Estimates (continued)  

 Elect. Obstacle -0.295*** -0.186* 

  (0.108) (0.105) 

Non-Metallic and Basic 

Metals Trans. Obstacle 0.084 0.128 

  (0.110) (0.097) 

 Telecom. Obstacle -0.056  

  (0.108)  

    

 Elect. Obstacle -0.143 -0.066 

  (0.097) (0.085) 

Fab. Metals and Machinery Trans. Obstacle 0.047 0.015 

  (0.111) (0.089) 

 Telecom. Obstacle 0.058  

  (0.093)  

    

 Elect. Obstacle -0.021 -0.038 

  (0.077) (0.068) 

Wood and Furniture Trans. Obstacle -0.030 -0.058 

  (0.109) (0.081) 

 Telecom. Obstacle -0.159**  

  (0.075)  

        

 Electricity 

      

4.85*** 

       

4.65*** 

F-test Transportation 0.95 1.05 

  Telecommunications 1.92*   

Observations  5,698 6,888 

Mean of Outcome  1.060 1.073 

Std. Dev. of Outcome   0.783 0.808 
Note: Outcome variable is industry total factor productivity (TFP) computed as Solow residual using Cobb-Douglas 

production function. Control variables are included.  In column (2), the infrastructure variable is the region average less 

firm's own infrastructure obstacle.  In column (3), firm’s infrastructure variable is replaced with the region average. The 

Robust standard errors clustered at the regional level are in parentheses. *** p<0.01, ** p<0.05, * p<0.1 

  



160 
 

Figure A2-5:  Illustration of The Nesting Tree for the Nested Logit Model 

 

 


