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Abstract
We replicate the statistical analyses of Diao, Harttgen and McMillan (2017) on the
changing structure of Africa’s economies, and extend them by adding most recent data from the
World Bank. Due to lack of information provided in the original paper, we are unable to replicate
part of the analyses and furthermore we find what appear to be major flaws in their linear
regression results. On the other hand, consistent with some of the original paper’s findings, we
show that the decline in the employment share in agriculture continues. This decline is most
pronounced for rural females. We also show that although the trend of the employment share
follows the pattern observed in the rest of the world, its value-added differs. This difference
suggests premature deindustrialization of high-income African countries.
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Chapter 1 Introduction

According to Rostow's stages of growth (Rostow, 1960), there are five stages of
development of an economy. In the early stage, the country relies mostly on agriculture. Then, it
would enter the stage of industrialization, growing its investments and focusing more on regional
growth. In the final stage, the service sector would become dominant. According to Diao,
Harttgen, and Mcmillan (2017), the decline in employment share in agriculture of sub-Saharan
African countries is evident, which indicates that Africa is possibly transitioning from its early
stage to a higher stage of development.
To observe the claimed structural transformation, in this thesis we first focus on
replicating the result in Diao et al. (2017) based on their original data, and then we add more
recent data from 2010 to present from the World Bank to analyze further trend. Due to lack of
information provided in the original paper, we are unable to replicate part of the analyses and
furthermore we find what appear to be major flaws in their linear regression results. On the other
hand, consistent with some of the original paper’s findings, we show that the decline in the
employment share in agriculture continues. This decline is most pronounced for rural females.
We also show that although the trend of the employment share follows the pattern observed in
the rest of the world, its value-added differs. This difference suggests premature
deindustrialization of high-income African countries.

Overview of African Economy
Africa has long been thought of as a continent full of the poor and hungry people, with
high death rates. In The Bottom Billion (Collier, 2007), the author asserts that Africa was trapped
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by conflict, natural resource, bad neighbors and bad governance. In addition, since Asia has
taken the benefit of being first to break into global markets in the 1980s and because of the
enormous wage gaps between Europe and Asia and agglomerations, it is much harder for Africa
now to enter the global markets. Economy of agglomeration refers to the spatial economies of
scale in manufacturing, (Collier, 2007). If many firms are producing manufacturers in the same
location, they can provide other firms with skills, services, and inputs. Thus, it reduces the cost
for every firm in that location. Due to these factors, it seems that Africa has less chance to
develop and diversify its manufacturing and thus the globalization does not bring many benefits
to Africa. However, its recent rapid growth should not be ignored. To get a more comprehensive
view, in this thesis we examine different aspects of African economies with an emphasis on subSaharan Africa.
Africa is a vast continent which consists of 54 countries. While the economic gap
between Africa and the rest of the world is big, the gap between African countries also greatly
varies. Table 1 shows the ranked Gross Domestic Product (GDP) and GDP per capita of African
countries using Purchasing Power Parity (PPP) exchange rates. Since the market exchange rates
fluctuate daily, we measure and compare GDP and GDP per capita using PPP. In addition, we
include both GDP and GDP per capita so that we can get a sense of both the overall performance
of a country and the average income of its people. The table is produced based on the dataset we
collected from the World Bank website (2017)1, and it is based on 2017 data. The World Bank
dataset contains all the countries in the world and covers the span of 57 years, from 1960 to
2017. We use the GDP and GDP per capita values of 50 out of 54 countries from the year 2017

1

The GDP, PPP dataset can be accessed at https://data.worldbank.org/indicator/NY.GDP.MKTP.PP.CD, and the
GDP per capita dataset can be accessed at https://data.worldbank.org/indicator/NY.GDP.PCAP.PP.CD. Accessed on
March 3, 2019.

3
since the year 2017 data of four countries (Djibouti, Eswatini, Somalia, South Sudan) are absent
from the original dataset. We divide the value of each country by the value of the United States
and multiply by 100 to get the percent value. We then rank the percent value from highest to
lowest as shown in Table 1 below; this is a typical way of computing GDP, (Weil, 2016).
Table 1 Ranked GDP and GDP per capita of African Countries
Sources: World Bank dataset (2017).
Egypt, Arab Rep.
Nigeria
South Africa
Algeria
Morocco
Ethiopia
Sudan
Angola
Tanzania
Kenya
Tunisia
Ghana
Libya
Cote d'Ivoire
Cameroon
Uganda
Congo, Dem. Rep.
Zambia
Senegal
Mali
Zimbabwe
Madagascar
Botswana
Mozambique
Gabon
Burkina Faso
Equatorial Guinea
Chad
Congo, Rep.
Guinea
Mauritius
Namibia
Benin
Rwanda
Malawi
Niger
Mauritania
Togo
Eswatini
Sierra Leone
Burundi
Lesotho
Liberia
Cabo Verde
Gambia, The
Central African Republic
Guinea-Bissau
Seychelles
Comoros
Sao Tome and Principe

GDP PPP(%)
5.83
5.78
3.95
3.25
1.54
1.03
1.03
1.02
0.85
0.84
0.71
0.67
0.65
0.49
0.46
0.41
0.37
0.35
0.28
0.21
0.21
0.21
0.2
0.19
0.19
0.18
0.16
0.15
0.15
0.15
0.15
0.14
0.13
0.13
0.12
0.11
0.09
0.07
0.06
0.06
0.04
0.03
0.03
0.02
0.02
0.02
0.02
0.01
0.01
0

Seychelles
Equatorial Guinea
Mauritius
Libya
Gabon
Botswana
Algeria
South Africa
Tunisia
Egypt, Arab Rep.
Namibia
Eswatini
Morocco
Cabo Verde
Angola
Nigeria
Congo, Rep.
Sudan
Ghana
Zambia
Mauritania
Cote d'Ivoire
Cameroon
Senegal
Sao Tome and Principe
Kenya
Tanzania
Lesotho
Comoros
Zimbabwe
Benin
Guinea
Mali
Rwanda
Chad
Ethiopia
Uganda
Burkina Faso
Guinea-Bissau
Gambia, The
Togo
Madagascar
Sierra Leone
Liberia
Mozambique
Malawi
Niger
Congo, Dem. Rep.
Burundi
Central African Republic
World

GDP per capita PPP(%)
49.16
40.97
37.47
32.98
30.36
28.54
25.63
22.67
20.01
19.46
17.55
14.51
13.8
11.59
11.16
9.87
9.14
8.24
7.55
6.76
6.63
6.61
6.24
5.8
5.63
5.52
4.95
4.91
4.61
4.08
3.82
3.77
3.72
3.43
3.26
3.19
3.13
3.13
2.86
2.85
2.79
2.61
2.57
2.15
2.1
2.02
1.71
1.49
1.23
1.22
28.48
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Table1 shows that the country (Egypt) which has the highest GDP only accounts for 6%
of that of the United States. While the highest GDP per capita is higher than some developed
countries, the lowest only accounts for 1 percent of the U.S. level. Also, 88% of African
countries’ GDP per capita are below the world aggregate value (28.88%), and almost half of
them are below 5% of the U.S. level.
Table 2 Ranked GDP growth of African Countries
Sources: World Bank dataset (2017).
Country Name
Algeria
Angola
Benin
Burkina Faso
Burundi
Botswana
Cabo Verde
Cameroon
Central African Republic
Congo, Dem. Rep.
Congo, Rep.
Cote d'Ivoire
Chad
Comoros
Ethiopia
Egypt, Arab Rep.
Equatorial Guinea
Eswatini
Gabon
Ghana
Guinea-Bissau
Gambia, The
Guinea
Kenya
Lesotho
Madagascar
Malawi
Mali
Mauritania
Mauritius
Mozambique
Morocco
Namibia
Niger
Nigeria
Rwanda
Senegal
Sierra Leone
Seychelles
South Africa
Sudan
Togo
Tunisia
Tanzania
Uganda
Zimbabwe
Zambia

1980-1989
2.8
2.25
3.13
3.74
4.29
11.46
5.21
4
0.93
1.81
6.82
-0.24
5.38
2.45
1.88
6.69
3.04
8.58
1.88
1.99
2.91
3.94
1.36
4.22
3.24
0.37
1.72
2.57
2.21
4.32
0.4
4.83
1
0.04
-0.93
3.23
2.39
1.13
2.12
2.24
3.39
2.62
3.56
0.38
2.11
5.22
1.44

1990-2000
1.57
1.18
4.94
5.12
-1.43
5.4
10.13
0.3
1.29
-5.47
0.83
2.45
2.22
1.55
2.66
4.49
34.31
4.88
2.48
4.27
1.3
3.11
4.09
2.24
4.41
1.62
4.13
3.91
2.68
5.16
7.52
3.21
3.55
1.88
2.31
1.75
2.72
-2.62
4.86
1.39
4.41
2.62
5.08
3.27
6.88
2.91
1.31

2000-2010
3.89
8.75
4.26
5.59
2.77
3.54
7.16
3.96
2.02
3.3
4.57
0.71
9.61
3.3
8.1
4.98
21.19
3.35
0.56
5.36
2.64
3.8
2.89
3.57
3.58
3.21
4.3
5.32
4.47
4.73
7.67
4.77
4.39
3.64
7.68
8.34
4.02
6.8
1.73
3.6
7.1
2.09
4.35
6.51
7.14
-5.18
6.82

2011-2017
3.14
3.11
4.42
5.59
2.35
4.94
2.21
4.65
-1.45
6.5
2.87
6.32
3.58
2.96
10.18
3.39
-2.55
3.07
4.48
6.9
4.19
2.81
6.11
5.85
3.45
2.72
4.22
4.29
4.23
3.78
6.21
3.63
4.24
6.18
4.05
7.14
4.92
5.22
5.04
2
2.87
5.79
1.96
6.83
5.17
7.77
5.41

Average
Sub-Saharan Africa
World

2.98
1.57
3.03

3.59
1.93
2.66

4.83
5.23
2.82

4.31
3.88
3
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However, the growth rates of African countries have been astonishing in recent years.
In 2017, Africa had an average of 4.11% growth rate per year, and sub-Saharan Africa had an
average of 3.88%, which outperformed most European and Latin America countries. Table 2
shows the GDP growth rates of each country by alphabetic order. This GDP growth data are also
obtained from the World Bank dataset (2017)2 which contains data of all countries in the world
on an annual basis and covers years 1961 to 2017. Since most data for African countries before
1980 is absent from this dataset, we use data from 1980 to 2017 and divide them into ten-year
periods (1980-1989, 1990-1999, 2000-2009, 2010-2017). We then add the data within each of
the ten-year periods together and divide them by 10 to get the average annual growth rates for
each period. According to the “rule of 72” (Rule of 72, 2019)3, sub-Saharan Africa could double
its GDP by year 2038. Africa’s high growth however seems to be mostly due to the fast growth
in mining. Mining is a capital-intensive sector, which means it does not absorb much labor, while
the growth of labor-intensive sectors like manufacturing and industry remains slow.
On the other hand, the African population is growing fast. Since the start of the
millennium, most of the whole world has been experiencing a low fertility rate. The fertility rate
of Japan and most European countries is zero and even negative. With its high fertility rate and
slowing mortality rate, Africa has become the leading contributor to the population growth.
While population growth in other regions has slowed, Africa’s has increased by 2.42% per year
for the past 30 years, (African Development Bank, n.d.)4. By the end of this century, Africa will
be home to 39% of the world’s population, almost as much as Asia, and four times the share of

2

The GDP growth data can be accessed at: https://data.worldbank.org/indicator/NY.GDP.MKTP.KD.ZG. Accessed
on March 3, 2019.
3
The rule of 72 refers to the time that required by an economy to double its growth at a constant growth rate is equal
to 72/growth rates. Here, the doubling time for sub-Saharan Africa is equal to 72/3.88 = 19 years. Accessed on
March 5, 2019.
4
This data can be accessed at: https://www.afdb.org/en/knowledge/publications/tracking-africa%E2%80%99sprogress-in-figures/human-development/. It is under the subsection named Population. Accessed on March 3, 2019.
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North America and Europe put together; see Mariam (2015). While the rest of the world is
experiencing population aging, the composition of the African population is very young. This
young population is still proliferating. Just over 1 billion people live in Africa — half of whom
are under the age of 20. This population boom might bring Africa a chance to grow economically
as well since it will have more people at working age. It means that Africa needs to maintain its
economic growth rates to keep up with its population growth. It also needs to build more laborintensive industry to absorb more working-age labors.
However, the quality of health and education in Africa is still a great concern, (Collier
2007). Most people are under the condition of malnutrition, and they do not realize it. To provide
better healthcare does not only require money but also knowledge, and investment in education
is still low. While the youth school dropout rates have been slowly decreasing in recent years, for
many young people, six years of school are insufficient to build literacy skills. With its high
population growth, Africa now is in urgent need of better education as well. For more details on
these topics, see Collier (2007).
Structural changes in economy of Africa are also likely to be impacted by trends in its
population emigration. The total number of emigrants worldwide from all sub-Saharan African
countries combined grew by 31% between 2010 and 2017, outpacing the rate of increase from
both the Asia-Pacific (15%) and Latin America-Caribbean (9%) regions; see Connor (2018). The
current flow of migration causes more people to migrate since it affects family member
migration. Also, it is very likely that those who migrate are skilled workers or highly educated
because those ensure they can find jobs in the countries of destination.
Microcredit is one solution that is uniquely designed to solve African problems. Since the
poor usually do not have acceptable collateral and it is difficult for the bank to monitor and
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differentiate the high risk and low risk, they can hardly borrow money from the bank and start
their business. High transaction cost means the high-interest rate and high default rate and the
failure to screen the low risk leads them to drop out. Microcredit solves above questions by
applying group lending which places peer pressure on borrowers and progressive lending which
demonstrate reliability over a long-term relationship. Mohammad Yunus, the founder of
Grameen Bank in Bangladesh and the father of microfinance, suspects that 5% of Grameen
Bank's clients exit poverty each year, (Finance and economics: A partial marvel, 2009)5. He also
claims that 95% of the borrowers are women. One reason for this is that women are less mobile
and have less opportunity for getting regular loans. By benefitting women, the whole family
benefits from the increased education investment and improved quality of food to have better
health. Although the effect of the credit market on relieving poverty remains unknown, it
certainly brings the poor population some hope.
Information and communications technologies have varied levels of impact on Africa at
the moment, but rapid ones. The Internet’s contribution to Africa’s overall GDP is low now but
is projected to grow to at least 5 to 6%, the same level as Sweden, Taiwan, and the United
Kingdom, by 2025. On the other hand, Africa is now the fastest growing and second largest
mobile phone market in the world, (African Development Bank, n.d.)6. This leads to the question
of whether Africa could leapfrog. Leapfrog means that under the effect of globalization,
developing countries can close the income gap between the west by directly adopting high-end
technology from the west and do not have to develop it by its own. However, it is evident that

5

This article can be accessed at: http://ezaccess.libraries.psu.edu/login?url=https://search-proquestcom.ezaccess.libraries.psu.edu/docview/223983578?accountid=13158. Accessed on March 5, 2019.
6
This data can be accessed at: https://www.afdb.org/en/knowledge/publications/tracking-africa%E2%80%99sprogress-in-figures/infrastructure-development/. It is in the subsection named Information and Communication
Technology. Accessed on March 3, 2019.
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before having access to the internet and higher technology, the poor population should first have
access to basics like electricity, roads, and communications. Figure 12 in Appendix shows the
world map at night. Except for the coastal area, most Africa is entirely dark. In Africa electricity
coverage ranges from 65% in urban areas to only 28% in rural areas, (African Development
Bank, n.d.).7
Overall, although Africa has many problems, it still has a great chance to grow. In the
next chapters, we will take a closer look at the structural changes in sub-Saharan areas. In
Chapter 2, we focus on employment changes among different sectors of economy and on
replication of results from Section II from Diao et al (2017). In Chapter 3, we study the structural
change by evaluating the labor productivity and try to replicate results from Section III from
Diao et al (2017). In Chapter 4, we evaluate the changes in occupation patterns by background
characteristics and replicate results from Section IV from Diao et al (2017). In the last chapter,
we provide brief concluding remarks. In the various section of Appendix, we provide some of
the figures and results from the Diao et al (2017) paper, our R code and more detailed R output
and analyses.

7

This data can be accessed at: https://www.afdb.org/en/knowledge/publications/tracking-africa%E2%80%99sprogress-in-figures/infrastructure-development/. It is in the sub-section named Water and Sanitation. Accessed on
March 3, 2019.
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Chapter 2 Fitting Africa into the Recent Literature on Structural Change: Employment
Change

Structural change refers to long-term and persistent shifts in the sectoral composition of
economic systems, (Chenery and others, 1986; Syrquin, 2007). One way to study the process of
structural transformation across countries is to track how has employment changed among
sectors in the economy. Diao et al. (2017) plot the employment share of each economic sector in
sub-Saharan African countries and compare it with the pattern observed in the rest of the world.
We will first replicate the results from Section II of the original paper. Then, we will add new
data to analyze further trends.

Replication result
We use the employment share data from the Groningen Growth and Development Center
Data (GGDC) dataset8 and the GDP data from Maddison (2010)9. The GGDC data were last
updated in January 2015 (Timmer, de Vries, and de Vries, 2015), which is the version used both
here and in the original paper. However, based on our exploratory and regression analyses in the
later part of this chapter, it is clear that we do not have the exact same dataset. For example, our
sample size is different from that indicated in the original paper. Since there is no sufficient
information presented in the original paper on any data editing and pre- or post-processing, we
do not know if Diao et al. (2017) used some slightly modified version of the same dataset or if
they eliminated some data only during the process of performing regression analyses. The
GGDC data contain 11 countries in Africa, 11 countries in Asia, 2 countries in the Middle East
and North Africa, 9 countries in Latin-America, the United States and 8 countries in Europe and

8

The GGDC dataset can be accessed at http://www.rug.nl/research/ggdc/data/africa-sector-database. Accessed on
October 10, 2018.
9
This dataset can be accessed at http://www.ggdc.net/maddison/oriindex.htm. Accessed on September 13, 2018.
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cover from years 1960 to 2010. Variables covered in the dataset are annual series of valued
added, and persons employed for 10 sectors10. In addition, the GDP dataset should only have one
version. It is a census data which contain all the countries in the world and cover years 1 to 2008
AD. Following Diao et al. (2017), we aggregate the 10-sector GGDC dataset as follows:
Agriculture, Industry (Manufacturing, mining, construction, and public utilities), Services
(Wholesale and retail trade; transport and communication; ﬁnance and business services; and
community, social, personal, and government services) and Industry.
Figure 1 Employment Shares by Main Economic Sector, Africa 1960–2010. Note: GGDC Africa sample
includes Botswana, Ethiopia, Ghana, Kenya, Malawi, Mauritius, Nigeria, Senegal, South Africa,
Tanzania, and Zambia. Data Sources: Maddison (2010) GDP version 2013; GGDC dataset (Timmer, de
Vries, and de Vries 2015).

10

10 sectors contain Agriculture; Manufacturing; Mining; Construction; Public utilities; Wholesale and retail trade;
Transport and communication; Finance and business services; Community, social, personal, and government
services

11
Figure 1 plots employment shares in agriculture, industry, service, and manufacturing on
the y-axis and log GDP per capita on the x-axis for 11 African countries in the GGDC sample for
years 1960 to 2010. We put the corresponding figure of the original paper in appendix for
comparison purposes (see Figure 14), and the trend looks the same as in the original paper.
As countries grow, the main economic activity will shift from primary production like
agriculture to manufacturing. Then it will move to the service sector. As this transition proceeds,
the industry will first grow and then decline since the economy shifts the emphasis to services.
Figure 1 shows the downward sloping line in the agriculture plot, the upward sloping line in the
service plot and the inverted-U shape in both industry and manufacturing plot. It is consistent
with the economic theory, (Rostow, 1960). Then we fit the 39 countries from the GGDC dataset
to the same plot to see how African countries compare to the rest of the world.

12
Figure 2 Employment Shares in Africa Compared with Non-Africa Sample, 1960–2010. Note: GGDC
full sample includes 39 countries (see table S.1 for the list of the countries). Data Sources: Maddison
(2010) GDP version (2013); GGDC dataset (Timmer, de Vries, and de Vries 2015); authors’ calculations.

Figure 2 displays employment shares in agriculture, industry, services, and
manufacturing on the y-axis and log GDP per capita on the x-axis simultaneously for our sample
of African countries and the rest of the countries in the GGDC sample for the period 1960–2010.
The original figure from Diao et al. (2017) is in appendix for comparison purpose; see Figure 15.
Diao et al. (2017) show that the patterns observed in sub-Saharan Africa appear to be similar to
the patterns observed in the rest of the world. However, most African countries are in the lowerGDP range, which means they are left behind by countries in the rest of the world.
To better understand the differences between Africa and the rest of the world, Diao et al.
(2017) perform linear regression analysis by regressing employment share on log GDP per capita
using the data from figures 1 and 2. They add the log GDP per capita squared in the industry and
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manufacturing model. In addition, they add Africa dummy categorical variable by setting nonAfrica countries as the reference group. We fit the same models with our GGDC dataset. Table 3
shows the regression results we replicated. The original regression results table is in appendix,
(see Table 6).
Table 3 Regression Results for Figure 2 (1960-2010): GDP and Employment Shares, Full Sample. Note:
The coefficient is rounded to the nearest thousandths; standard error is in the parentheses, underlined
number means it is significant at a 95% confidence level. Data Source: Maddison GDP Version. (2013).
GGDC dataset (Timmer, de Vries, and de Vries 2015); authors’ calculations.
Africa vs. rest of world

LogGDP

Services

Industry

Manufacturing

Agriculture

Services

Industry

Manufacturing

-0.221
(0.002)

0.165
(0.002)

0.165
(0.002)

0.582
(0.03)
-0.031
(0.002)

0.364
(0.028)
-0.019
(0.002)

-0.005
(0.005)

0.364
(0.028)
-0.019
(0.002)
-0.305
(0.06)
0.019
(0.004)

-0.221
(0.002)

-0.052
(0.005)

0.582
(0.03)
-0.031
(0.002)
-0.567
(0.06)
0.037
(0.004)

-0.077
(0.011)

0.044
(0.01)

-0.042
(0.01)

-0.029
(0.009)

1930
0.919

1930
0.865

-0.347
(0.422)
0.021
(0.031)
-0.536
(0.1)
0.358
(0.006)
1930
0.698

-0.129
(0.376)
0.01
(0.028)
-0.687
(0.09)
0.046
(0.006)
1930
0.485

LogGDP^2
LogGDP*Africa

Africa (rich & poor vs. rest of world)

Agriculture

LogGDP^2*Africa
LogGDP*AfricaPoor
LogGDP^2*AfricaPoor
LogGDP*AfricaRich
LogGDP^2*AfricaRich
Observation
R-squared

1930
0.919

1930
0.863

1930
0.698

1930
0.507

The original paper claims faster falling of the employment share in agriculture in Africa
versus the rest of the world (estimated coefficient for log GDP and Africa is -0.04 at p-value less
than 0.05). We observe the same trend but with stronger significance, with estimated coefficient
at -0.05 at p-value 0.005).
Note that for services, we get a very different result. They claim a non-significant change
in poor and rich Africa service sector in comparison to the world (estimated coefficient for log
GDP and AfricaPoor is -0.04 and log GDP and AfricaRich is -0.02 with no significance),
whereas we observe a highly significant effect (log GDP term with AfricaPoor is 0.04 at p-value
0.005 and log GDP and AfricaRich is -0.03 at p-value 0.01).
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Moreover, some of our other results are also different from the original paper. Firstly, the
number of observations is different. After removing the missing values, we have 57 more
observations than the dataset used in the original paper. Unfortunately, there is no information
presented in the original paper nor in its supplementary materials about which points were
removed.
According to the original paper, there is a significant difference between the industry and
manufacturing sector of Africa and the rest of the world (coefficient for log GDP and Africa is
0.77 at p-value 0.005 for industry model and 0.86 at p-value 0.005 for manufacturing model).
We get the same interpretation since in the first industry column, the coefficient of -0.567 on the
interaction term indicates that the employment share in industry is falling faster as income
increases in Africa as compared with the rest of the world. The second industry and
manufacturing columns indicate that the difference persists only in rich African countries,
whereas poor African countries follow the pattern of the rest of the world. This interpretation
seems to be similar with that in the original paper. However, if we look at the confidence interval
of each coefficient of all eight models, there appear to be significant differences between our
results and the original result. Figure 3 below shows the confidence interval for each coefficient
of all eight models of two regression results.
Figure 3 shows the differences between our confidence interval and that of the original
paper. Although some coefficients are close to the original reported numbers, the width of the
confidence interval is very different. Our confidence intervals are generally much shorter than
the original ones. In addition, for the LogGDP of agriculture, industry and manufacturing
models, there is no overlap between the corresponding confidence intervals. Aside from the
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difference in the sample size, at this point, we are unable to determine more detailed and exact
reasons for such different values, and leave this to future investigations.

Figure 3 Confidence Interval of Two Regression Results. Note: the left confidence interval is from our
regression results and the right is from the original paper.

More crucially, however, the linearity, equal variance and normality assumptions of
linear regression model for agriculture, industry, and manufacturing models are severely
violated, (see Appendix C). Since our plots in Figure 2 are the same as in the original paper and
we fit those data into the same model, we surmise that assumptions of the regressions fitted in
the original paper are not met either. This finding is troublesome, and casts a shadow on the
results and any inferences reported by the original paper. Next, we try to address the linear
regression assumption problems.
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For the agriculture models, we add the squared term of Log GDP per capita and
transform the response from agriculture employment share to the root square of it. After the
modification, the linearity assumption is met. However, the problems of non-constant variance
and non-normality persist. We suspect that one possible issue is that there are many influential
points. We use Cook’s distance based on 4/(n-p-1) =0.002, where n is the sample size, and p is
the number of predictors in the model, to find influential points and remove 191 points! After
removing influential points, the normality assumption is met. However, the non-constant
variance issues still exist.
Figure 4 Influential Points for Agriculture Models

For the influential points we removed, we find some patterns. First, most countries have
a relatively low agriculture employment share compared to other countries at the same GDP
level. Among all those countries, Singapore stands out. Singapore has almost 0 percent of people
employed in the agriculture sector and has high GDP. The reason why is that Singapore is a
small country with limited land for farming. The agriculture sector contributes less than 1% of
the country’s GDP per capita and 0.119 % of labor force in 2017, (World Bank, 2017).
Singapore imports nearly 90% of its food products from abroad. To compensate for its restricted
land use, Singapore developed advanced technology to produce diversified food. Other countries
having below average agriculture employment share are mostly due to geographic location.
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Taiwan is small, and South Africa is surrounded by the sea. Both are not ideal places for
developing farmland.
Second, Thailand has a high agriculture employment share relative to other countries at
the same GDP level. Its agriculture value-added as the percent of total GDP decreases steadily.
With the value-added decrease, people should move out of the agriculture sector. Since the total
income becomes small, the amount per person also becomes less. However, Thailand’s
agriculture employment share remains high, which is about 25% higher than other countries, and
there are many reasons. Ricks (2017) suggests that Thai farmers rely on the work of the informal
sector to supplement their agricultural income. For example, they will do jobs like driving taxis,
motorcycles, street vending. Thus, Thailand is experiencing a delayed structural transformation.

Table 4 Agriculture Regression Model with and without Influential Points. Note: The coefficient is
rounded to the nearest thousandths; standard error is in the parentheses, underlined number means it is
significant at a 95% confidence level. LogGDP2 is the squared term of LogGDP; Country is a binary
indicator variable that includes Africa and Non-Africa.
Agriculture Regression Model

LogGDP
LogGDP2
Country
LogGDP: Country
LogGDP2: Country
R-squared
Observation

Before
Modification, With
Influential Points
-0.221
(0.002)
—
0.387
(0.037)
-0.051
(0.005)
—
0.919
1930

After Modification,
With Influential Points
0.083
(0.038)
-0.018
(0.003)
0.266
(0.307)
-0.07
(0.08)
0.004
(0.005)
0.917
1930

After Modification,
Without Influential
Points
0.009
(0.032)
-0.014
(0.002)
-0.363
(0.258)
0.081
(0.067)
-0.005
(0.004)
0.953
1739

Table 4 shows the regression model results with influential points (AGR ~ LogGDP +
Country + LogGDP:Country), the model after modification (AGR^0.5 ~ LogGDP + LogGDP2 +
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Country + LogGDP:Country + LogGDP2:Country) and the model after influential points were
removed (AGR^0.5 ~ LogGDP + LogGDP2 + Country + LogGDP:Country +
LogGDP2:Country). While the R-squared is improved from 0.919 to 0.953, only LogGDP
squared is significant now at the 0.05 Type 1 error rate in the model without influential points.
For the industry and manufacturing models, we also add the squared term of Log GDP
per capita and transform the response to the industry employment share to the power of 0.9.
After the modification, the normality plot seems better but there is a large curvature in the
residual plot. We suspect that there are influential points, and based on 0.002 Cook’s distance
value we remove them. The linearity and normality assumptions are basically met, but the nonconstant variance issue still persists although to a lesser extent, (see Figure 26 in appendix).

Figure 5 Influential points for industry models.

There are also pattern in the influential points that can be seen in Figure 5. First, the
United States and other developed countries like Sweden, France, and Netherland appear in the
bottom right of the Figure 5 have high GDP and low employment shares. This suggests that they
might have entered the stage of deindustrialization. For the US, the employment share declined
steadily from 1980. After 2000, the US increased the number of imports from the emerging
market, mostly from China. This resulted in a decline in the employment share in manufacturing
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since the demand for domestic manufacturing goods decreased. Domestically, the overall
weakness in US employment growth also contributed to the manufacturing employment decline.
Second, in the late 1970s, China launched an open-door policy. As China has been
expanding, Hong Kong has become the center for its operations and shipping. So the industry
employment shares increased a lot (see green points at the top of the curve of Figure 5). Since
Hong Kong's trade with China and the rest of the world has increased the demand for tradable
services such as shipping, storage, marketing, and financial services started to grow (Imai, 2010).
At the beginning of 1990, Hong Kong began to transit from manufacturing to service, and the
employment shares in industry decreased, (green points at the bottom right of Figure 5).
Third, Mauritius's industry employment share is slightly higher than of other countries.
Since Mauritius is a small island nation, it does not have much industries to focus on. Its leading
sector is the labor-intensive manufactured exports, and that is why the employment share is high.

Table 5 Agriculture Regression Model with and without Influential Points. Note: The coefficient is
rounded to the nearest thousandths; standard error is in the parentheses, underlined number means it is
significant at a 95% confidence level. LogGDP2 is the squared term of LogGDP; Country is a binary
indicator variable that includes Africa and Non-Africa.

Industry
Regression Model
LogGDP
LogGDP2
Country
LogGDP: Country
LogGDP2: Country
R-squared
Observation

Before
Modification, With
Influential Points
0.582
(0.03)
-0.031
(0.002)
2.137
(0.244)
-0.567
(0.06)
0.037
(0.004)
0.698

After Modification,
With Influential
Points
0.612
(0.031)
-0.032
(0.002)
1.985
(0.251)
-0.531
(0.065)
0.035
(0.004)
0.715

After Modification,
Without Influential
Points
0.275
(0.03)
-0.012
(0.002)
0.635
(0.262)
-0.202
(0.07)
0.015
(0.005)
0.794

1930

1930

1701
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Table 5 shows the regression model results with influential points (IND ~ LogGDP +
+LogGDP2 + Country + LogGDP:Country + LogGDP2:Country), the model after modification
(IND^0.9 ~ LogGDP + LogGDP2 + Country + LogGDP:Country + LogGDP2:Country) and the
model after influential points were removed (IND^0.9 ~ LogGDP + LogGDP2 + Country +
LogGDP:Country + LogGDP2:Country). The R-squared is improved from 0.698 to 0.794, and
all the coefficients still remain significant looking at the 95% confidence intervals in the model
without influential points. So the model indeed improves after we remove influential points.
The patterns observed in the influential points reveal that although all countries follow
the general trend of how a country will move from agriculture to manufacturing and then to
services, there are still substantial regional differences. Because of the different endowments,
geographic location, income level, the paths of structural development of each country differs.
Moreover, for African countries, points removed are from rich African countries (Botswana,
Mauritius, and South Africa), which means rich African countries do not follow the pattern of
the rest of the world. Based on the size and significance of the coefficient of the interaction terms
that include rich Africa and poor Africa (see seventh column of Table 3), Diao et al (2017)
conclude that difference of the patterns persist only in rich African countries, whereas poor
African countries follow the pattern of the rest of the world, which is consistent with our finding.
However, we do need to be careful about the size of the reported effects in the original paper and
their generalizability, as we are not sure to what extent their regression models satisfy the
expected model assumptions. Our analyses imply that a more careful look at the model
assumptions and interpretations of the results is needed.
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New data added
The GGDC dataset did not update its data since 2015. We update this data by adding
information from the World Bank dataset to perform additional analyses. The World Bank
dataset contains employment share data on an annual basis in three sectors (agriculture, industry
and services) of all the countries and covers years 1997 to 2017. The original paper aggregated
ten sectors in the GGDC dataset into three main categories: agriculture, industry, and services.
They also add a fourth category manufacturing which is extracted from the industry category.
While the three categories from the World Bank data are consistent with those in the original
paper, we cannot extract the manufacturing data from the industry category. Our goal in this
subsection is to check whether the changes in employment share are consistent with the World
Bank dataset.
Figure 6 plots the new employment share on the y-axis and original log GDP per capita
on the x-axis. The figures from left to right and top to bottom are Agriculture, Industry, and
Services. These patterns are consistent with those in Figure 1.
Figure 7 plots new employment share on the y-axis and new log GDP per capita on the xaxis. Compared to Figure 2, the employment share in agriculture continues to decrease. While
most African countries in Figure 2 are at the low GDP range, some countries start to enter the
mid GDP range as seen in Figure 7. In Figure 2, Mauritius is the only country in the Africa
sample with a log GDP per capita at or exceeding the threshold identified by Herrendorf,
Rogerson, and Valentinyi (2014) at which deindustrialization has occurred in the rest of the
world. However, in Figure 6, Botswana and South Africa also approach the threshold.
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Figure 6 Employment Shares by Main Economic Sector, Africa 1991-2008. Data Sources: Maddison
GDP Version. (2013). World Bank dataset (2017); authors’ calculations.
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Figure 7 Employment Shares by Main Economic Sector, Africa 1991-2017. Note: World bank dataset
includes Botswana, Ethiopia, Ghana, Kenya, Malawi, Mauritius, Nigeria, Senegal, South Africa,
Tanzania, and Zambia, which is consistent with GGDC Africa sample. Data Sources: World Bank dataset
(2018); authors’ calculations.
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Chapter 3 Fitting Africa into the Recent Literature on Structural Change: Labor Productivity

Another way to evaluate the structural change is to observe changes in labor productivity.
Diao et al (2017) in their section III start by looking at the labor productivity gaps in Africa at
the year 2010.
To replicate this result (see Figure in appendix which is the Figure 3 in Section II of the
original paper), we first calculate the value added in current prices in agriculture in 2005 in US
dollar PPPs by using the formula Value added2005ppp = Value added-agr-2005 / (price level-agr
* exchange rates). This formula is obtained from the notes of the PPP data file11 used by the
original paper. Since there is no additional information presented in the original paper, we
assume this is how they calculate the result. Then we weight the value added by the employment
number of each country within the same sector. We add the value added by weighted average.
However, this result does not match results reported in the original paper. We were unable to
replicate the labor productivity part.12

11

This data file can be accessed at https://www.rug.nl/ggdc/productivity/10-sector/other-releases/africa-sectordatabase. Accessed on October 10, 2018.
12
We consult with Dr. Jonathan Eaton and are still unable to replicate this result.

25
Since we are unable to replicate Section III in the original paper, we use different method
to evaluate changes in labor productivity in each sector. Following McMillan, Rodrik, and
Sepulveda (2017), we calculate the value added as the percent of total GDP to evaluate the trend

of how each sector contribute to the total GDP from years 1960 to 2010. We separate 11 subSaharan African countries into Botswana (red dots), Mauritius (green dots), South Africa (purple
dot) and other poor countries (blue dots) (see Figure 8), which is consistent with the grouping
method in Figure 1. The y-axis is the value added as a percent of total GDP, and the x-axis is the
periods. Since the dataset ranges from 1960 to 2013, we divide periods as a ten-year period.
Following Diao et al. (2017), we aggregate ten sectors into agriculture, industry (manufacturing,
mining, construction, and public utilities combined), services (wholesale and retail trade;
transport and communication; finance and business services; and community, social, personal,
and government services) and manufacturing. Then we divide the value added of four sectors by
the summation of sector GDP. The percentages should add up to 1.
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Figure 8 Value Added by Sector (% of GDP). Note: The panel from left to right, top to bottom is
Agriculture, Industry, Services, Manufacturing. We separated the 11 countries

Figure 8 shows the changes of value added in each sector. The decrease of employment
share in agriculture sector is observed when most countries of the rest of the world transit from
low to higher developmental stage. However, this decline does not mean that Africa is
transitioning to a higher developmental stage. According to the Rostow's stages of growth
(Rostow, 1960), labor will shift from labor-intensive production like agriculture to industry, and
finally to services sector. In this process, when labor shift from low-productivity sectors to highproductivity sectors, they will contribute to the increase in the valued added of the whole
economy. However, this is not observed in the Figure 8. The value added in industry and
manufacturing decreases which is the opposite of our expectation. We expect the value added to
increase because in Figure 1 the industry and manufacturing employment shares gradually
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increase from years 1960 to 2008. This means that the labor allocation indicated in Figure 1 is
not due to the high productivity of industry and manufacturing sectors and these two sectors did
not generate enough growth to sustain labors shifted away from agriculture. On the other hand,
both the employment share and the value added in services sector is increasing. It suggests that
services sector may have taken the place of the industry and manufacturing sectors to be the
high-productivity sector, while in most countries of the rest of the world, those two sectors are
main sectors that generate high productivity, absorb labors shifted away from agriculture, and
promote the economy to a higher developmental stage.
Overall, since we are unable to replicate the Section III about labor productivity in the
original paper, we follow McMillan, Rodrik, and Sepulveda (2017) and use a different method to
evaluate changes in the labor productivity in each sector. The trend of the changes in each sector
suggests that industry and manufacturing sector are absent from the overall labor productivity
growth. In addition, labor reallocation did not contribute much to promote Africa to a higher
developmental stage, which is consistent with the results presented in the original paper. As
indicated by Diao et al (2017), structural change has made very little contribution to the overall
growth in labor productivity.

28
Chapter 4 Occupation Patterns by Background Characteristics

To observe more specific changes that happened in Africa, Diao et al. (2017) in the
Section IV of their paper use the Demographic and Health Surveys (DHS) data13 which includes
a section on employment status and occupation for woman and men between the ages of 15 and
59. There are eight countries (Ethiopia, Ghana, Kenya, Malawi, Nigeria, Senegal, Tanzania, and
Zambia) in the GGDC dataset that overlap with those in the DHS data. The DHS data are based
on survey questions, (see Table 7 in appendix for details about which questions were asked). In
addition, DHS is not based on annual basis like the GGDC dataset. It only contains several
reports conducted in certain years, (see Table 8 in appendix for details about which year is used.).
Diao et al. (2017) first compare the employment share in agriculture of GGDC dataset and DHS
data to validate the robustness of the GGDC dataset. Then they use occupation information to
analyze how occupation changed by education and location. We will first replicate their results
and then add updated DHS data beyond year 2008 to analyze further trends.

Replication result
To compare two datasets, we calculate changes in the employment share in agriculture
from both dataset because except for agriculture, the DHS occupational categories do not
correspond to those in the GGDC dataset. We first match the survey years in DHS data to that in
the GGDC dataset. For example, in the DHS data, Ghana has surveys in year 1998, 2003 and
2008. We take the employment share data in the corresponding year 1998 and 2008 in the
GGDC dataset. We then subtract recent year data from the previous year to get the employment
share changes in agriculture. Figure 9 shows the changes between the DHS and the GGDC

13

This dataset can be accessed at: https://dhsprogram.com/data/available-datasets.cfm. Accessed on October 10,
2018.
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dataset. For each country, the changes in agriculture employment shares are different when they
are calculated by using two different datasets. For example, for Ethiopia, when we use GGDC
dataset, the changes are 10%, and when we use DHS data, the changes are around 13%.
However, the difference is not pronounced when we look at the simple average. So, we can
conclude that the DHS data indeed validate the robustness of the GGDC dataset.

Figure 9 Comparison of Changes in Agriculture Employment Shares: GGDC versus DHS. Note: The
original figure in Appendix, (see Figure 16).

In Figure 10, the biggest change in occupation is in agriculture, which is consistent with
Figure 1. This change is most pronounced for woman age 25 and older and happened mostly in
rural areas. We observe general increase in the service sector across all sex and age groups. In
addition, the number of men who are not working decreased about 5% within ten years, however,
this number increased for women in urban and in rural area in particular.
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Figure 10 Average Change in the Probability of Working in Selected Occupation Types. Note: The
original figure in Appendix, (see Figure 17).

In Figure 11, the decrease in employment share in agriculture is most pronounced for
people with no prior education. Also, people with education secondary or higher generally do not
change their occupation between sectors.
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Figure 11 Agricultural Employment Share (%) by Level of Education for Population Age 25–59, 1998–
2005 and 2006–2014. Note: The original figure in Appendix, (see Figure 18).

New data added
We tried to use the World Bank data again to conduct analysis of more recent trends
since the DHS dataset did not have any updates since 2008. However, the World Bank data only
covers employees. Self-employed and unpaid family workers are excluded. In such cases, the
employment share of the agricultural sector is severely underreported. Thus, we turn back to
DHS dataset since it contains more information of self-employed and unpaid family workers and
then design an analysis that focuses on different aspect of the changes in occupation than in the
original paper.
To better understand the movement within each sector by background characteristics, we
first examine the occupation pattern by location (Rural/Urban) and Education (No education,
Primary, Secondary or higher). Since Diao et al. (2017) paper only shows the percent change
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within the survey years, we divide the survey years into four parts and show the change rate with
the updated data, (see Table 8 in appendix about which year was updated). First, we divide the
survey years (1998-2018) into four parts (1998-2002, 2003-2007, 2008-2012, 2013-2018). Then,
we compute the change in the employment share between each period within each country. We
weight the change by the number of the labor force and add it up to get the result.
Figure 12 Agriculture Occupation Patterns by Location and Education
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Figure 12 shows the change rate of the agriculture occupation pattern by location and
education. For education, we divide woman and man into three education levels (No education,
Primary, and secondary and higher) which is consistent with Figure 11. For location, we divide
woman and men into two locations (rural and urban) which is consistent with figure 10. In
Figure 12, the agriculture employment share continues to decrease for people with no education.
Not surprisingly, the change in the shares in urban area (blue and purple dots) remains around 0
and did not change much from the year 1998 to 2018. In addition, the decline of agriculture
employment share is most pronounced in rural areas, especially for rural females and people with
no education and secondary or higher degrees.
Overall, we are able to replicate all the findings in the section IV of the original paper.
We use the updated DHS to analyze further trends and find out that the decrease of agriculture
employment share for rural females indicated in the original paper continues. Also, for people
with no prior education, the number of people engaged in the agriculture sector continues to
decrease from the year 1998 to 2008.
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Conclusions

The African population has been experiencing a rapid growth in recent years. By 2100,
Africa will comprise almost half of the earth population, (Kazeem, 2017). Thus, its development
is not just its own concern but highly relevant to the rest of the world. In this thesis, we aimed to
replicate the analysis from Diao et al (2017), and further investigate their findings by adding
more recent economic data. In chapter 1, we discussed several opportunities and obstacles faced
by African economy. In chapter 2, we first replicate the findings in Dial et al (2017) and add
more recent data to perform new analysis. Our replication indicates similar trends as described in
the original paper. However, we also identify major flaws in the potential result of the linear
regression models. Many of the usual assumptions of linearity, constant variance and normality
are not satisfied, and this casts a doubt on the validity of the interpretation provided in the
original paper. Our update analysis trying to fix the observed problems provide more stable
estimated models but harder to interpret. Due to lack of information provided in the original
paper, we were unable to fully replicate some of the original findings. Thus, our work reminds
the scientific community of the importance of having clearly explained data collection,
modification and modeling processes in order to sustain the validity of findings, generalizability
and replications. In the new analysis, we found out the decrease in the agriculture employment
share continues. However, in chapter 3, based on some of the replicated results, and additional
analysis we can infer that although Africa follows the economic patterns observed in other
countries, the lags of value added are still huge. While the employment shares in agriculture
decrease, the value added in agriculture and industry sector does not increase as expected. For
the rich African countries in particular, this may suggest premature deindustrialization. In
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chapter 4, we investigate further the detailed trend of the changes in shares by background
characteristics and found that this decrease is pronounced in rural females and people with no
prior education.
While Asia has taken a prominent place in the global markets for manufacturing, it is
harder for Africa to break in. For future growth, it should place the infrastructure in the first
place. Since the productivity of the agriculture sector is still low, there still remains a large space
for Africa to grow by improving the technology. It should also try to grow its industry sector to
absorb more laborers and strive for more productivity growth. Underlying all this, the quality of
health and education urgently needs to be improved. Overall, although Africa is facing many
obstacles, it still has a large space to grow.
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Appendix A
Figure 13 The World Map at Night

Figure 14 Original Figure Corresponds to
Figure 1
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Figure 15 Original Figure Corresponds to

Table 6 Original Figure Corresponds to Table 3
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Table 7 Questions on Occupation in the DHS Datasets by Survey Phases.
Note: this table is obtained from the appendix of the original paper.

Table 8 Survey Years of the DHS dataset

Country Name DHS Survey
Years
Ethiopia
2000, 2005,
2011
Ghana
1998 ,2003,
2008
Kenya
1998, 2003,
2009
Malawi
2000, 2004,
2010

Updated
Survey Years
2016

Country Name

2014

Senegal

2014

Tanzania

2015

Zambia

Nigeria

DHS Survey
Years
2003, 2008,
2013
2005, 2011,
2014
1999, 2004,
2010
2001, 2007,
2014

Updated
Survey Years
N/A
2015
2015
N/A
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Figure 16 Original Figure Corresponds to Figure 9

Figure 17 Original Figure Corresponds to Figure 10

Figure 18 Original Figure Corresponds to Figure 11
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Figure 19 Labor Productivity Gaps in Africa, 2010
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Appendix B
Table 9 Descriptive Statistics for All Variables

Figure 20 Histograms for Four Variables (AGR, IND, SER, MANU)

While the histogram of IND and SER looks symmetrical, the histograms of AGR and MANU are
right-skewed. This might suggest future transformation of the response since the symmetrical
plot works better with the regression model.
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Appendix C
Missing Values
The employment shares ranges from 1960 to 2010 with some missing values. The GDP per
capita ranges from 1960 to 2008. So, we accommodate the employment shares to match the GDP
per capita and delete the year 2009 and 2010 values for employment shares. we also delete the
missing values for the employment shares. Details about which years missing are displayed
below.
Table 10 Missing Years for Each Countries
Country: Non-Africa
HKG
IDN
KOR
MYS
PHL
SGP
TWN
DEW

Years Missing
1960-1973
1960-1970
1960-1962
1960-1974
1960-1970
1960-1969
1960-1962
1992-2008

Country: Africa
BWA
MUS
ETH
KEN
MWI
SEN
ZMB

Years Missing
1960-1963
1960-1969
1960
1960-1968
1960-1965
1960-1969
1960-1964

Outliers
We perform the boxplot to see if there are significant outliers for each variable. There are no
significant outliers except for Manufacturing. There are 12 outliers. Because the sample size is so
large, we did not think this would present any issues.
Figure 21 Boxplot for MANU
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Appendix D
Assumptions checked for each of the models:
For all eight models, since the data observations were collected over time, we first create a
scatterplot with the residuals on y-axis and time sequence on x-axis to check whether the
independent assumption is met.
Figure 22 scatterplot with the residuals on y-axis and time sequence on x-axis

There is no pattern which affirms the “Independent” condition.

46
Agriculture Model:
Model1: AGR ~ LogGDP + Country + LogGDP: Country
Model2: AGR ~ LogGDP + CUN + LogGDP: CUN
Figure 23 Assumption Plot for Original Agriculture Model

The red line in the residual plot is curved, which means that linearity assumption is not met.
Also, we can observe some pattern from the cloud of points in the residual plot. It indicates that
the equal variance assumption is not met. In the Normal Q-Q plot, the normality assumption is
not met since there is a tail deviated from the diagonal line. In addition, there potential influential
points in the residual vs leverage plot.
To solve the curvature in the residual plot, we add LogGDP squared.
Below is the model after adding LogGDP squared: AGR ~ LogGDP + LogGDP2 + Country +
LogGDP: Country + LogGDP2: Country
Figure 24 Assumption Plot for Agriculture Plot Squared Term Added
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Now the red line is flat, but the normality plot becomes worse. So, we tried different
transformations for the response and found out that the histogram of the root square of the
response seems more symmetrical.

Below is the model after adding transformed response: AGR^0.5 ~ LogGDP + LogGDP2 +
Country + LogGDP: Country + LogGDP2: Country
Figure 25 Assumption Plot for Agriculture Model Transformed Response Added
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We eliminated the points above 0.002 since an observation would have high influence if cook’s
distance exceeds 4/(n-p-1) = 0.0021. The model: AGR^0.5 ~ LogGDP + LogGDP2 + Country +
LogGDP: Country + LogGDP2: Country
The table below is the specific years we eliminated from the original dataset.
Table 11 Specific countries and years eliminated from agriculture models
Country: Non-Africa
CHN
HKG
IND
PHL
SGP
TWN
THA
ARG

Years Eliminated
1960-1962, 2006-2008
1974-1982, 2008
1960-1963
1993-2008
1970-2002
1971-1984
1982-2008
1960-1961

Country: Non-Africa
BOL
VEN
USA
GBR
MOR
EGY

Years Eliminated
2003-2004
1960-1965
2005-2007
1960-1967
2006-2008
1960-1975

Country:Africa
ZAF
KEN

Years Eliminated
1960-1961, 1985-2008
2005-2008

Figure 26 Assumption Plot for Agriculture Model after Influential Points Removed

After removing the influential points, the red line is flat and there is no specific pattern. The
assumptions are generally met.
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Services Model:
Model1: SER ~LogGDP + Country + LogGDP:Country
Model2: SER ~LogGDP + CUN + LogGDP:CUN
Figure 27 Assumption Plot for Original Services Model

The red line is generally flat which means the linearity assumption is met. The line follows the
diagonal line. So, the normality assumptions is met. However, we observe some pattern in the
residual plot, which means the constant variance assumption is violated.

Industry and manufacturing model:
Model1: IND ~LogGDP+GDP2 + Country + LogGDP:Country+GDP2:Country
Model2: IND ~LogGDP + GDP2 +CUN + LogGDP:CUN+GDP2:CUN
Model3: MANU ~LogGDP+GDP2 + Country + LogGDP:Country+GDP2:Country
Model4: MANU ~LogGDP + GDP2 +CUN + LogGDP:CUN+GDP2:CUN
Below is the orginal model: IND~LogGDP+Country+LogGDP: Country
Figure 28 Assumption Plot for Original Industry Model
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The red line in the residual plot is curved, which means that linearity assumption is not met.
Also, we can observe some pattern from the cloud of points in the residual plot. It indicates that
the equal variance assumption is not met. In the Normal Q-Q plot, the normality assumption is
not met since there is a tail deviated from the diagonal line. In addition, there potential influential
points in the residual vs leverage plot.
To solve the curvature in the residual plot, we add LogGDP squared.
After adding LogGDP squared, the model: IND~LogGDP+LogGDP2+Country+LogGDP:
Country+LogGDP2: Country
Figure 29 Assumption Plot for Industry Model Squared Term Added

The line is still curved, but the normality plot is better. Then we tried different transformations of
the response and found out that IND^0.9 seems more symmetrical.
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Figure 30 Histogram of transformation of response

After transformation, the model
IND^0.9~LogGDP+LogGDP2+Country+LogGDP:Country+LogGDP2:Country;
Figure 31 Assumption Plot for Industry Model Transformed Response Added
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Although the residual plot remains the same, normality plot seems better. Then we remove the
influential points using Cook’s distance.
The table below show the specific years removed from the original dataset.
Table 12 Specific countries and years eliminated from industry models
Country: Non-Africa
Years Eliminated
Country: Non-Africa
Years Eliminated
CHN
2007-2008
FRA
1997-2008
HKG
1974-1984, 1995-2008
GBR
1960-1969, 2000-2008
JPN
2008
NLD
1992-2008
TWN
2007-2008
SWE
1999-2008
THA
1960-1974
USA
1985-2008
DEW
1960-1973
DNK
1996-2008

Country:Africa
BWA
MUS
KEN

After we removed the influential points:
Figure 32 Assumption plot for Industry Model Influential Points Removed

Years Eliminated
1994-2008
1970-1999, 2004-2008
2008
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Appendix E
R code and output:
R code:
>#read in dataset, the data is from the GGDC dataset and Maddison (2010)
> dataset<-read.csv (file. choose (), header=T)
> attach(dataset)
> names(dataset)
[1] "Country" "CUN" "LogGDP” "AGR" "IND" "SER" "MANU"
>
>#Country is a categorical variable which includes Africa and Non Africa
>#CUN is a categorical variable which includes AfricaRich, AfricaPoor and Non Africa
>
> #set reference level
> dataset$Country=relevel (dataset$Country, ref="Non Africa")
> dataset$CUN=relevel (dataset$CUN, ref="Non Africa")
>
> #original Agriculture models used in the paper
>Figure21<-lm (formula=AGR~LogGDP+Country+LogGDP: Country, data=dataset)
> par (mfrow=c (2,2))
> plot(Figure 23)
> summary(Figure22)
>
> #to solve nonlinearity, add loggdp square into the model
>
>LogGDP2<-LogGDP^2
>
> Figure 24< -lm (formula=AGR~LogGDP+LogGDP2+Country+LogGDP: Country+LogGDP2:
Country, data=dataset)
>
> #now the model is linear, but the constant variance and normality assumption are not met, try
transformation of the response
>
> hist(AGR)
> hist(AGR^0.5)
> hist(AGR^2)
> hist(AGR^(1/3))
> hist(log(AGR))
>
>#found out that the root square of the response is better
>
> Figure 25<-lm(formula=AGR^0.5~LogGDP+LogGDP2+Country+LogGDP:
Country+LogGDP2:Country,data=dataset)
>
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> #then to determine influential points by cook's distance
> plot(mod3,4,id.n=100)
> plot(mod3,5,id.n=100)
>
> #eliminate influential points in the dataset file and save as another file named eliminatedset
>#read eliminatedset dataset
>
> eliminatedset<-read.csv(file.choose(),header=T)
> attach(eliminatedset)
>
>
> Figure 26<lm(formula=AGR^0.5~LogGDP+GDP2+Country+LogGDP:Country+GDP2:Country,data=elimi
natedset)
> Agr 2<lm(formula=AGR^0.5~LogGDP+GDP2+CUN+LogGDP:CUN+GDP2:CUN,data=eliminatedset
)
>
>#original Service models used in the paper
> Figure 27<-lm(formula=SER~LogGDP+Country+LogGDP:Country,data=dataset)
> mod7<-lm(formula=SER~LogGDP+CUN+LogGDP:CUN,data=dataset)
>
>#original Industry models used in the paper
> Figure 28<-lm(formula=IND~LogGDP+Country+LogGDP:Country,data=dataset)
>
> #add loggdp sqaure
> Figure 29<lm(formula=IND~LogGDP+LogGDP2+Country+LogGDP:Country+LogGDP2:Country,data=da
taset)
> #found out that transformation IND^0.9 seems better
> Figure 31<lm(formula=IND^0.9~LogGDP+LogGDP2+Country+LogGDP:Country+LogGDP2:Country,dat
a=dataset)
>
> #then to determine influential points by Cook's distance
> plot(mod3,4,id.n=100)
> plot(mod3,5,id.n=100)
>
> #eliminate influential points in the dataset file and save as another file named eliminatedset2
>#read eliminatedset2 dataset
>
> eliminatedset2<-read.csv(file.choose(),header=T)
> attach(eliminatedset2)
>

55

> Figure 31<lm(formula=IND^0.9~LogGDP+LogGDP2+Country+LogGDP:Country+LogGDP2:Country,dat
a=datasetseteliminated2)
> Ind 2<-lm(formula=IND^0.9~ LogGDP
+LogGDP2+CUN+LogGDP:CUN+LogGDP2:CUN,data=dataseteliminated2)
>
>#original Manufacturing models used in the paper
> Manu1<lm(formula=MANU~LogGDP+LogGDP2+Country+LogGDP:Country+LogGDP2:Country,data
=dataset)
> Manu2<lm(formula=MANU~LogGDP+LogGDP2+CUN+LogGDP:CUN+LogGDP2:CUN,data=dataset)
>
>#Modified Manufacturing models used in the paper
> Manu3<lm(formula=MANU^0.9~LogGDP+LogGDP2+Country+LogGDP:Country+LogGDP2:Country,
data=dataseteliminated2)
> Manu4<-lm(formula=MANU^0.9~LogGDP
+LogGDP2+CUN+LogGDP:CUN+LogGDP2:CUN,data=dataseteliminated2)
>
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R output:
Note: Country is an indicator variable (Africa, Non-Africa), CUN is an indicator variable (AfricaRich,
AfricaPoor, Non-Africa); LogGDP2 is the squared term of LogGDP.
We set non-Africa as the reference group for both indicator variable.

Results from Agriculture models:
Original Model:
Call:
lm(formula = AGR ~ LogGDP + Country + LogGDP:Country, data = dataset)
Residuals:
Min
1Q Median
3Q
Max
-0.299255 -0.052945 0.003803 0.048229 0.315951
Coefficients:
Estimate Std. Error t value Pr(>|t|)
(Intercept)
2.190868 0.019955 109.79 <2e-16 ***
LogGDP
-0.221124 0.002275 -97.20 <2e-16 ***
CountryAfrica
0.387404 0.037028 10.46 <2e-16 ***
LogGDP:CountryAfrica -0.051483 0.004901 -10.51 <2e-16 ***
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
Residual standard error: 0.0777 on 1926 degrees of freedom
Multiple R-squared: 0.9186, Adjusted R-squared: 0.9185
F-statistic: 7247 on 3 and 1926 DF, p-value: < 2.2e-16
Plot: Figure 23 Assumption Plot for Original Agriculture Model

Modified Model:
Call:
lm(formula = AGR ~ LogGDP + LogGDP2 + Country + LogGDP:Country +
LogGDP2:Country, data = dataset)
Residuals:
Min
1Q Median
3Q Max
-0.27976 -0.04523 -0.00061 0.03503 0.33497
Coefficients:
(Intercept)
LogGDP

Estimate Std. Error t value Pr(>|t|)
3.952987 0.168536 23.455 <2e-16 ***
-0.636879 0.039563 -16.098 <2e-16 ***
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LogGDP2
0.024245 0.002304 10.525 <2e-16 ***
CountryAfrica
-0.389907 0.317804 -1.227 0.220
LogGDP:CountryAfrica 0.098858 0.082398 1.200 0.230
LogGDP2:CountryAfrica -0.006614 0.005318 -1.244 0.214
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
Residual standard error: 0.07534 on 1924 degrees of freedom
Multiple R-squared: 0.9236, Adjusted R-squared: 0.9234
F-statistic: 4649 on 5 and 1924 DF, p-value: < 2.2e-16
Plot: Figure 24 Assumption Plot for Agriculture Plot Squared Term Added

Call:
lm(formula = AGR^0.5 ~ LogGDP + LogGDP2 + Country + LogGDP:Country +
LogGDP2:Country, data = dataset)
Residuals:
Min
1Q Median
3Q Max
-0.36436 -0.03950 0.00171 0.04208 0.26830
Coefficients:
Estimate Std. Error t value Pr(>|t|)
(Intercept)
1.144639 0.162770 7.032 2.81e-12 ***
LogGDP
0.083072 0.038210 2.174 0.0298 *
LogGDP2
-0.018319 0.002225 -8.234 3.30e-16 ***
CountryAfrica
0.266307 0.306931 0.868 0.3857
LogGDP:CountryAfrica -0.070153 0.079579 -0.882 0.3781
LogGDP2:CountryAfrica 0.004254 0.005136 0.828 0.4076
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
Residual standard error: 0.07277 on 1924 degrees of freedom
Multiple R-squared: 0.9168, Adjusted R-squared: 0.9166
F-statistic: 4242 on 5 and 1924 DF, p-value: < 2.2e-16
Figure 25 Assumption Plot for Agriculture Model Transformed Response Added

Call:
lm(formula = AGR^0.5 ~ LogGDP + GDP2 + Country + LogGDP:Country +
GDP2:Country, data = eliminatedset)
Residuals:
Min
1Q Median
3Q
Max
-0.183595 -0.035233 0.001207 0.037294 0.172060
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Coefficients:
Estimate Std. Error t value Pr(>|t|)
(Intercept)
1.468407 0.135731 10.818 < 2e-16 ***
LogGDP
0.009429 0.031759 0.297 0.767
GDP2
-0.014107 0.001843 -7.654 3.22e-14 ***
CountryAfrica
-0.363216 0.257521 -1.410 0.159
LogGDP:CountryAfrica 0.081217 0.067134 1.210 0.227
GDP2:CountryAfrica -0.004681 0.004364 -1.073 0.284
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
Residual standard error: 0.05467 on 1733 degrees of freedom
Multiple R-squared: 0.9529, Adjusted R-squared: 0.9527
F-statistic: 7005 on 5 and 1733 DF, p-value: < 2.2e-16
Figure 26 Assumption Plot for Agriculture Model after Influential Points Removed

Call:
lm(formula = AGR^0.5 ~ LogGDP + GDP2 + CUN + LogGDP:CUN + GDP2:CUN,
data = dataset)
Residuals:
Min
1Q Median
3Q
Max
-0.183595 -0.036508 0.001002 0.037224 0.172060
Coefficients:
Estimate Std. Error t value Pr(>|t|)
(Intercept)
1.468407 0.135555 10.833 < 2e-16 ***
LogGDP
0.009429 0.031718 0.297 0.7663
GDP2
-0.014107 0.001841 -7.664 2.99e-14 ***
CUNAfricaPoor
0.510447 1.353017 0.377 0.7060
CUNAfricaRich
-1.005378 0.445218 -2.258 0.0241 *
LogGDP:CUNAfricaPoor -0.169419 0.402098 -0.421 0.6736
LogGDP:CUNAfricaRich 0.259328 0.114295 2.269 0.0234 *
GDP2:CUNAfricaPoor 0.013175 0.029821 0.442 0.6587
GDP2:CUNAfricaRich -0.016668 0.007300 -2.283 0.0225 *
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
Residual standard error: 0.0546 on 1728 degrees of freedom
Multiple R-squared: 0.953, Adjusted R-squared: 0.9528
F-statistic: 4380 on 8 and 1728 DF, p-value: < 2.2e-16
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Results from Service models:
Call:
lm(formula = SER ~ LogGDP + Country + LogGDP:Country, data = dataset)
Residuals:
Min
1Q Median
3Q
Max
-0.215115 -0.051639 -0.003552 0.047091 0.232915
Coefficients:
Estimate Std. Error t value Pr(>|t|)
(Intercept)
-0.953559 0.018363 -51.927 <2e-16 ***
LogGDP
0.164911 0.002093 78.774 <2e-16 ***
CountryAfrica
0.053365 0.034075 1.566 0.117
LogGDP:CountryAfrica -0.005255 0.004510 -1.165 0.244
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
Residual standard error: 0.0715 on 1926 degrees of freedom
Multiple R-squared: 0.8631, Adjusted R-squared: 0.8628
F-statistic: 4046 on 3 and 1926 DF, p-value: < 2.2e-16
Plot: Figure 27 Assumption Plot for Original Services Model

Call:
lm(formula = SER ~ LogGDP + CUN + LogGDP:CUN, data = dataset)
Residuals:
Min
1Q Median
3Q
Max
-0.215115 -0.050334 -0.003606 0.047610 0.232915
Coefficients:
Estimate Std. Error t value Pr(>|t|)
(Intercept)
-0.953559 0.018232 -52.301 < 2e-16 ***
LogGDP
0.164911 0.002079 79.340 < 2e-16 ***
CUNAfricaPoor
-0.274480 0.072274 -3.798 0.000151 ***
CUNAfricaRich
0.240023 0.074783 3.210 0.001351 **
LogGDP:CUNAfricaPoor 0.043565 0.010559 4.126 3.85e-05 ***
LogGDP:CUNAfricaRich -0.028481 0.009044 -3.149 0.001663 **
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
Residual standard error: 0.07099 on 1924 degrees of freedom
Multiple R-squared: 0.8651, Adjusted R-squared: 0.8648
F-statistic: 2469 on 5 and 1924 DF, p-value: < 2.2e-16
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Results from Industry models:
Call:
lm(formula = IND ~ LogGDP + Country + LogGDP:Country, data = dataset)
Residuals:
Min
1Q Median
3Q
Max
-0.217674 -0.039734 -0.003396 0.031991 0.248833
Coefficients:
Estimate Std. Error t value Pr(>|t|)
(Intercept)
-0.237310 0.015974 -14.86 <2e-16 ***
LogGDP
0.056213 0.001821 30.87 <2e-16 ***
CountryAfrica
-0.466453 0.029642 -15.74 <2e-16 ***
LogGDP:CountryAfrica 0.060107 0.003923 15.32 <2e-16 ***
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
Residual standard error: 0.0622 on 1926 degrees of freedom
Multiple R-squared: 0.6509, Adjusted R-squared: 0.6504
F-statistic: 1197 on 3 and 1926 DF, p-value: < 2.2e-16
Plot: Figure 28 Assumption Plot for Original Industry Model

Original Model:
Call:
lm(formula = IND ~ LogGDP + LogGDP2 + Country + LogGDP:Country +
LogGDP2:Country, data = dataset)
Residuals:
Min
1Q Median
3Q
Max
-0.154461 -0.040621 -0.002807 0.036822 0.226531
Coefficients:
Estimate Std. Error t value Pr(>|t|)
(Intercept)
-2.466064 0.129358 -19.064 <2e-16 ***
LogGDP
0.582066 0.030366 19.168 <2e-16 ***
LogGDP2
-0.030665 0.001768 -17.344 <2e-16 ***
CountryAfrica
2.137032 0.243927 8.761 <2e-16 ***
LogGDP:CountryAfrica -0.566739 0.063244 -8.961 <2e-16 ***
LogGDP2:CountryAfrica 0.037374 0.004082 9.156 <2e-16 ***
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
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Residual standard error: 0.05783 on 1924 degrees of freedom
Multiple R-squared: 0.6986, Adjusted R-squared: 0.6978
F-statistic: 891.7 on 5 and 1924 DF, p-value: < 2.2e-16
Plot: Figure 29 Assumption Plot for Industry Model Squared Term Added

Modified Model:
Call:
lm(formula = IND^0.9 ~ LogGDP + LogGDP2 + Country + LogGDP:Country +
LogGDP2:Country, data = dataset)
Residuals:
Min
1Q Median
3Q
Max
-0.163039 -0.042081 -0.002614 0.039056 0.224392
Coefficients:
Estimate Std. Error t value Pr(>|t|)
(Intercept)
-2.569336 0.133228 -19.285 < 2e-16 ***
LogGDP
0.612214 0.031275 19.575 < 2e-16 ***
LogGDP2
-0.032277 0.001821 -17.725 < 2e-16 ***
CountryAfrica
1.985098 0.251224 7.902 4.59e-15 ***
LogGDP:CountryAfrica -0.530534 0.065135 -8.145 6.74e-16 ***
LogGDP2:CountryAfrica 0.035235 0.004204 8.382 < 2e-16 ***
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
Residual standard error: 0.05956 on 1924 degrees of freedom
Multiple R-squared: 0.7155, Adjusted R-squared: 0.7148
F-statistic: 967.9 on 5 and 1924 DF, p-value: < 2.2e-16
Plot: Figure 31 Assumption Plot for Industry Model Transformed Response Added

Call:
lm(formula = IND^0.9 ~ LogGDP + LogGDP2 + CUN + Log.GDP.per.capita:CUN +
gdp2:CUN, data = dataseteliminated2)
Residuals:
Min
1Q Median
3Q
Max
-0.136128 -0.034838 -0.002951 0.034671 0.151959
Coefficients:
(Intercept)

Estimate Std. Error t value Pr(>|t|)
-1.181400 0.127714 -9.250 < 2e-16 ***
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Log.GDP.per.capita
0.274906 0.030244 9.090 < 2e-16 ***
gdp2
-0.011992 0.001778 -6.745 2.09e-11 ***
CUNAfricaPoor
0.117191 1.227502 0.095 0.92395
CUNAfricaRich
1.122448 0.460849 2.436 0.01497 *
Log.GDP.per.capita:CUNAfricaPoor -0.052437 0.364806 -0.144 0.88572
Log.GDP.per.capita:CUNAfricaRich -0.338940 0.120894 -2.804 0.00511 **
gdp2:CUNAfricaPoor
0.004680 0.027057 0.173 0.86271
gdp2:CUNAfricaRich
0.024754 0.007890 3.137 0.00173 **
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
Residual standard error: 0.0492 on 1692 degrees of freedom
Multiple R-squared: 0.795, Adjusted R-squared: 0.794
F-statistic: 820 on 8 and 1692 DF, p-value: < 2.2e-16
Plot: Figure 32 Assumption plot for Industry Model Influential Points Removed

Results from Manufacturing models:
Original Model:
Call:
lm(formula = MANU ~ LogGDP + GDP2 + Country + Country:LogGDP +
Country:GDP2, data = dataset)
Residuals:
Min
1Q Median
3Q Max
-0.14768 -0.03394 -0.00788 0.03413 0.25611
Coefficients:
Estimate Std. Error t value Pr(>|t|)
(Intercept)
-1.550156 0.119434 -12.979 < 2e-16 ***
LogGDP
0.364083 0.028036 12.986 < 2e-16 ***
GDP2
-0.018878 0.001632 -11.565 < 2e-16 ***
CountryAfrica
1.223723 0.225213 5.434 6.22e-08 ***
LogGDP:CountryAfrica -0.305178 0.058391 -5.226 1.92e-07 ***
GDP2:CountryAfrica 0.018904 0.003769 5.016 5.75e-07 ***
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
Residual standard error: 0.05339 on 1924 degrees of freedom
Multiple R-squared: 0.5085, Adjusted R-squared: 0.5072
F-statistic: 398.1 on 5 and 1924 DF, p-value: < 2.2e-16
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Call:
lm(formula = MANU ~ LogGDP + GDP2 + CUN + CUN:LogGDP + CUN:GDP2,
data = dataset)
Residuals:
Min
1Q Median
3Q
Max
-0.147677 -0.035451 -0.004098 0.029936 0.256114
Coefficients:
Estimate Std. Error t value Pr(>|t|)
(Intercept)
-1.550156 0.115197 -13.457 < 2e-16 ***
LogGDP
0.364083 0.027042 13.464 < 2e-16 ***
GDP2
-0.018878 0.001574 -11.990 < 2e-16 ***
CUNAfricaPoor
0.483289 1.263339 0.383 0.702
CUNAfricaRich
2.510557 0.355844 7.055 2.40e-12 ***
LogGDP:CUNAfricaPoor -0.128893 0.375616 -0.343 0.732
LogGDP:CUNAfricaRich -0.687380 0.089788 -7.656 3.03e-14 ***
GDP2:CUNAfricaPoor 0.009272 0.027867 0.333 0.739
GDP2:CUNAfricaRich 0.045801 0.005650 8.106 9.23e-16 ***
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
Residual standard error: 0.0515 on 1921 degrees of freedom
Multiple R-squared: 0.5435, Adjusted R-squared: 0.5416
F-statistic: 285.9 on 8 and 1921 DF, p-value: < 2.2e-16
Modified Model:
Call:
lm(formula = MANU^0.9 ~ LogGDP + LogGDP2 + Country + LogGDP:Country +
LogGDP2:Country, data = dataset)
Residuals:
Min
1Q Median
3Q
Max
-0.130237 -0.032319 -0.005976 0.029451 0.150371
Coefficients:
Estimate Std. Error t value Pr(>|t|)
(Intercept)
-1.396963 0.220378 -6.339 2.96e-10 ***
LogGDP
0.356260 0.060591 5.880 4.94e-09 ***
LogGDP2
-0.019972 0.004137 -4.828 1.51e-06 ***
CountryNon Africa
0.982684 0.252359 3.894 0.000102 ***
LogGDP:CountryNon Africa -0.265195 0.067224 -3.945 8.31e-05 ***
LogGDP2:CountryNon Africa 0.017763 0.004477 3.967 7.57e-05 ***
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
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Residual standard error: 0.04736 on 1695 degrees of freedom
Multiple R-squared: 0.6337, Adjusted R-squared: 0.6326
F-statistic: 586.4 on 5 and 1695 DF, p-value: < 2.2e-16
Call:
lm(formula = MANU^0.9 ~ LogGDP + LogGDP2 + CUN + LogGDP:CUN +
LogGDP2:CUN, data = dataset)
Residuals:
Min
1Q Median
3Q
Max
-0.112510 -0.032122 -0.003873 0.026949 0.150371
Coefficients:
Estimate Std. Error t value Pr(>|t|)
(Intercept)
-1.064208 1.113870 -0.955 0.3395
LogGDP
0.222469 0.331695 0.671 0.5025
LogGDP2
-0.007313 0.024633 -0.297 0.7666
CUNAfricaRich
2.594325 1.184872 2.190 0.0287 *
CUNNon Africa
0.649929 1.119948 0.580 0.5618
LogGDP:CUNAfricaRich -0.699566 0.348463 -2.008 0.0448 *
LogGDP:CUNNon Africa -0.131404 0.332841 -0.395 0.6930
LogGDP2:CUNAfricaRich 0.044736 0.025612 1.747 0.0809 .
LogGDP2:CUNNon Africa 0.005104 0.024687 0.207 0.8362
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
Residual standard error: 0.04489 on 1692 degrees of freedom
Multiple R-squared: 0.6716, Adjusted R-squared: 0.67
F-statistic: 432.5 on 8 and 1692 DF, p-value: < 2.2e-16
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Academic Vita
Zhiyi (Veronica) He
veronicahe97@gmail.com

EDUCATION
The Pennsylvania State University Schreyer Honors College, University Park, PA May 2019
Bachelor of Sciences in Mathematics with System Analysis Option
Relevant coursework: Statistics, Probability, Macroeconomics
EXPERIENCE
Altoona Math Department, Altoona, PA
Sept 2016 – May 2017
Math Tutor

Tutored Calculus in one-on-one and small groups to improve their test scores

Explained complex concepts and theories to students based on ability and
knowledge level by examples and proofs
Office Depot, Shanghai, China
Jun 2017 – Jul 2017
HR Assistant,
 Assisted in training two subordinate front desk interns, including phone answering,
transferring and package signing services.
 Coordinated with external activity planning department to confirm materials supply and
venue rental contact for company’s training programs.
Sales Intern

Developed and implemented project plans for clients including eBay and
JPMorgan Chase; determined deliverables, resources, timing and potential risks for
specific cases, then presented detailed findings and project status to sales team.

Conducted routine return visits to major clients, completed up-to-date tracking
report on projects, contracts and feedbacks.

Employed sales and marketing forecasting and strategic planning to predict sale
and profitability of services for different cases, analyzed business developments and
monitored market trends.
RELATED ACADEMIC PROJECTS
Schreyer Honor Thesis, State College, PA
Spring 2017
The Structural Change in Sub-Saharan African Countries

Analyzed the overall economic growth and structural changed in African
countries with the effect of globalization and the interaction with other countries.

Collected African economic data from school library database, preprocessed the
data with R

Determined all variables and related computing methods, conducted regression
analysis on established models by using R

Visualized the results on Excel and Tableau, then developed economic
development strategies and completed a detailed report.
LANGUAGES AND SKILLS
Languages: Mandarin Chinese (native), English (proficient)
Skills: R, Microsoft Office (Word, Excel, PowerPoint)
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