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Abstract

The relationship between women and stability, if any, is a topic of much debate
and research. Several large and influential organizations have all researched women’s
effect on stability. Furthermore, several of these world organizations, the United
Nations, in particular, have declared gender equality to be a driving force in promoting
stability and conflict prevention. Due to the United States active involvement in
conflict prevention in such regions as West Africa, research concerning the relationship
between women and stability is of particular interest to the United States Africa

Command.

As such, this research applied Topological Data Analysis, combined with other
machine learning algorithms, to Demographic and Health Survey Program data com-
bined with Armed Conflict Location and Event Data so as to observe the relationship
between women’s status and armed conflicts in the West African region. While this
team did not observe any direct correlation between women’s well-being and stability
- defined as a lack of armed conflict events - the chosen methodologies and data usage

have potential implications for future research concerning stability and conflict.

v



AFIT-ENS-MS-19-M-143

I dedicate this thesis to my loving family. A special feeling of gratitude to my parents
whose constant and unwavering love, faith, and sacrifice made me the person who I
am today. My siblings, whose love, friendship and and encouragement have
continually pushed me to try and succeed in that which I may not have otherwise.
They, along with my faith, are the foundation on which I stand and without, would

be lost.



Acknowledgements

I would like to thank my thesis advisor, LTC Christopher Smith, PhD. He con-
sistently allowed this paper to be my own work but steered me in the right direction

whenever he thought I needed it.

I would also like to thank the members of the Topological Data Analysis team at
the Air Force Research Laboratories, Brad Reynolds, Ryan Kramer and Zack Little.
They generously provided guidance and assistance with the chosen methodology and

as such were critical in the completion of this thesis.

I would also like to acknowledge Maj Timothy Breitbach, PhD, as the reader of
this thesis. I am very grateful for his thoughtful comments and feedback on this

thesis.

Finally, I must express my gratitude to my family for providing me with unfailing
support and continuous encouragement throughout my years of study and through
the process of researching and writing this thesis. This accomplishment would not

have been possible without them.

Michaela A. Pendergrass

vi



Contents

Page

Abstractl . . ... o iv
[Acknowledgements| . . ... ... . . vi
[List of Figures|. ... ... X
List of Tablesl. . . ..o xii
(L. [ntroduction] . . .. ... 1
(1.1 Background| ....... ... .. . . 3
(1.1.1  West African History| ........ ... . ... .. ... ... .. ... ... ...... 6

[LI2 Current Statel...... .. . 15

M2 WOIMEH] -« o oo ove e e e e e e 16
[1.2.1  Conflict and Stability| ......... ... ... ... .. ... .. ... ...... 19

(1.3 Department of Defense Presence in West Africa] .................... 19

(L4 Problem Statement] .. ...... . .. 21

(1.0 ASSUMPLIONS|. . . . oot 22

O OVEIVIEW. . . oo ottt et e e e e 24

[ Literature Reviewl .. .. ... .. ... . . . 26
1 Overviewl. . . ... 26

[2.2  Women and Stability Research| .. .......... . ... ... ... ... . ... ... 27
[2.2.1  Women and General Stability| ......... ... ... ... . ... ... .. 28

[2.2.2 Hypothesis| ...... ... .. . . . 28

2.3 Topology|. . ... 29
[2.3.1 Topological Data Analysis|......... ... ... ... ... ... ... ...... 33

[2.4 Important Machine Algorithms Utilized| ............ ... ... ... ... 40
2.4.1 Random Forestl........... .. .. .. . . 40

2.42 Tsolation Forest] ........ ... ... 41

[2.4.3 t-Distributed Stochastic Neighbor Embedding |

(-SNE)| . . o 42

vil



[2.5 Geospatial Analysis|. . ...... ... .. 43

([II.  Methodology| ...... ... . . 44
Bl OVEIVIEWI. . . oottt e e e 44

13.2 Topological Data Analysis (TDA) Models|. ......................... 44
[3.2.1 Toplogical Hierarchical Decomposition (THD)|................ 45

[3.3 Geospatial Analysis|......... ... 45

(V. Analysis| . ... 47
M OVEIVIEWI. . oottt et e e e 47

2 Datal. . ..o 47
[4.2.1 Data Manipulation and Imputation|......................... 50

[4.2.2 Variable Creationl. .. ... 52

[4.2.3  Machine Learning Variable Creation| ........................ 55

4.3 Imitial Findings| . ... ... ... 58
[4.3.1 Initial Geospatial Analysis|.......... ... .. ... ... ... ... ...... 58

4.4 'Topological Hierarchical Decomposition| ...................... ... .. 61
441 DHS Datal. ... 62

442 DHS and ACLED Datal .. ... oo 64

(V. Conclusions and Future Researchl............. ... .. ... .. ... ... ... .... 68
D1 DISCUSSIONI. . . oot 68

H.2 Future Researchl........ .. .. . . 69
[Appendix A. Variables|....... ... ... . 72
[Appendix B. Variable Dictionaries and Lists|.......... ... .. ... . ... ... .. .. 76
[Appendix C. Python Functions for Data Manipulation| ..................... 106
[Appendix D. Data Cleaning and Manipulation Code| .. ............... ... .. 121
[Appendix E. Jupyter Notebook Analysis| .............. ... ... ... ... ... .... 134

viil



X



List of Figures

Figure Page
(1 Hardvard University’s Map of Ethnic Diversity in Africa |
| L 3
[2 Mali Empire in 1300 AD [2]|......... o i i 7
13 Africa with Colonial Powers [3]: West Africa Outlined |
| in Blackl . ... 10
21 Violent Events in West Africa (1997-2012) [4][. ...................... 13
(b 2016 Map of the Ebola Outbreak in West Africa (5[ ................. 14
(6 Percentage of Young Women (20-24 years) Married |
| before the Age of 18 [6][......... ... i 18
[7 Military Expenditures in West Africa [7]|......... . ... .. ... ... 20
(8 Diagram of the Konigsberg bridges 8. .................. ... ... ... 29
9 A transformation from donut to coffee cup [9] ........ ... . o oL 30
(10 Example of Coordinate Invariance Property [10]| .............. ... ... 31
(11 Example of Deformation Invariance Property [10[f ................... 32
(12 Geometric example of Deformation Invariance [11] ............... ... 32
(13 Compressed Representation Property Example |[10[|.................. 33
(14 MAPPER example [12]|. ... ... . 35
(15 Mapper Simplicial Complex with Fisher’s Iris Data Set| .............. 36
(16 Methodology Map| . ...... .. 46
(17 DHS Samples Map|. . ..... ... 50




Figure Page
(18 Continuous Conflict Variables Boxplots|............. ... ... . ... ... 54
(19 Anomaly Scores Distributions by Dataset|.......................... o7
{20 Heat Maps of Women by Education Level Attamned| ................. 58
[21 Heat Map of Women Who Have Been Circumcised| .................. 59
[22 Heat Map of Women with Anomaly Scores <O .................. ... 60
[23 Summary of THD Model with Only DHS Datal ..................... 62
[24 Spatial Density Maps of Women in T'H D; Connected |
| COMPONENTS| . . o vttt e 64
[25 Summary of THD Model with DHS and ACLED Datal. .............. 65
[26 Heat Map for Women 1n 2.1 Node of THD model with |
| DHS and ALCED Datal. . ... 66
[27 Heat Maps of Women in Connected Components Lower |
I Conflict Fovents|. ... ... 66

x1



List of Tables

Table Page
(L West African States|. .. ... . 2
[2 West Africa’s Natural Resources |13]| ........... ... ... ... ... 5
13 West African Women Statistics [13[| .......... ... .. ... ... 17
{4 Dataset Country and Sample Years| ............. ... ... . ... ...... 48
(5 Regression Random Forest Model Scores|.............. ... ... ...... 55
(6] Statistical Test Results on Anomalous Women and Rest |

of Data Setl . ... . 61

xii



WOMEN AND STABILITY: A TOPOLOGICAL VIEW OF THE RELATIONSHIP
BETWEEN WOMEN AND ARMED CONFLICT IN WEST AFRICA

I. Introduction

To what extent do women affect their community’s, nation’s, or region’s stability,
particularly with respect to armed conflict and violent extremism? The relationship
between women and stability is a particularly complex one in which copious amounts
of research and inquiry have attempted to answer in some form or the other. Research-
ers in such fields as Economics and Women Studies attempt to answer this question
within the confines of the assumptions and doctrines of their respective fields. How-
ever, as the ever growing, and ambiguously defined, field of Data Science continues to
grow, along with the availability of sizable data samples, the assumptions supporting
several of these field’s traditional methodologies have become less necessary and more

of a formality of the field itself.

For the purposes of this research, which is sponsored by the United States Africa
Command (US AFRICOM), this team will examining women and stability in the West
African region, as defined by the Table [Il The goal of this research is to attempt to
answer questions about the connection between women and stability in West Africa,
obtain a better understanding of the women in that region, and to pinpoint specific

areas for future research.

In order to answer these questions with as little bias and as few assumptions
as possible, a new unsupervised machine learning technique called Topological Data

Analysis will be implemented on data collected through survey and violence data-



bases. Geospatial Analysis will then be implemented on interesting groupings found
in the data. Through these techniques, a more thorough understanding behind the
relationship between women and stability, and the specific geospatial significance in-

fluencing theses relationship(s), will be gained.

Table 1. West African States

Number Member State Capital Flag

1 Benin Porto-Novo k=
2 Burkina Faso ~ Ouagadougou
3 Cabo Verde Praia -——
4 Cote d’Ivoire  Yamoussoukro [ |}
5 Gambia Banjul ——
6 Ghana Accra i
7 Guinea-Bissau Bissau B
8 Guinea Conakry 11
9 Liberia Monrovia =
10 Mali Bamako [} |
11 Niger Niamey ——
12 Nigeria Abuja [ N |
13 Sengal Dakar [ |
14 Sierra Leone Freetown —
15 Togo Lomé =

Understanding the historical development of any culture is imperative to address
the societal problems it may face today. West Africa’s history will assist this research
in understanding the affect women have on their community’s security and stability.
As such, a general background of the West African region, as defined by the US
AFRICOM, will be provided in Section 1.1. In the Background, the effects of the
Slave Trade, Colonialism, and the Cold War will be examined and the conflicts that
erupted as a result along with a general overview of the theories surrounding these
events. Additionally, the struggles and conflicts facing these countries today will also

be examined.



1.1 Background

The Continent of Africa is almost three times the size of the United States and
holds more than 1,000 different ethnic groups - each with their own unique identities
and backgrounds [14]. West Africa itself contains some of the most ethnically diverse
countries Africa has to offer, as demonstrated by Harvard University’s Ethnic Di-
versity Map in Figure [ While the official language for most nations in West Africa
are the respective languages of the western nations that colonized them (France, Por-
tugal and Britain (See Figure |3) each country can have multiple different spoken
languages and dialects . For example, Nigeria, Africa’s most populous nation, has
an estimated 250 different ethnic groups with potentially twice that many lan-
guages and dialects . Depending on which country one is looking at, the religions
tend to be split between Christianity and Islam (with a majority leaning one way or

the other) and the rest being made up of various other faiths including tribal and

non-religious [13}[14].

Figure 1. Hardvard University’s Map of Ethnic Diversity in Africa



On top of the cultural richness that is provided by West Africa’s diversity, the re-
gion is also extremely wealthy in it’s abundance of natural resources such as diamonds,
gold, and petroleum to name just a few [13] (See Table [2|for detailed summary). How-
ever, despite the vast wealth of natural resources, mismanagement and corruption in
political systems, in addition to a series of devastating conflicts from the late 1980’s
to early 2000’s, the region (with the exception of Cabo Verde) has lacked economic
stability since gaining independence starting in the 1950’s [13}/15-18]. In fact, it could
be argued that the state’s strict reliance on its natural resources has been perpetu-
ated political corruption, originally created by the colonial powers that previously
governed the West African States [15H17]. Whatever the reasons may be, it cannot
be denied that West Africa, though technically growing, holds some of the world’s
poorest nations. Eleven out of the fifteen nations (Benin, Burkina Faso, The Gambia,
Guinea, Guinea-Bissau, Liberia, Mali, Niger, Senegal, Sierra Leone, and Togo) are
currently labeled as low-income economies by The World Bank while the rest (Cabo
Verde, Cote d’'Ivoire, Ghana, and Nigeria) are described and Lower-Middle-Income

economies [19).



Table 2. West Africa’s Natural Resources [13]

Country

Natural Resources

Benin

Burka-Fasso

Cabo Verde
Cote d’Ivoire

The Gambia
Ghana

Guinea
Guinea-Bissau

Liberia

Mali

Niger

Nigeria
Sengal

Sierra Leone

Togo

Small offshore oil deposits, limestone,

marble, timber

Manganese, limestone, marble, small deposits of gold, phosphates, pumics,
salt

Salt, Basalt rock, limestone, kaolin, fish, clay, gypsum

Petroleum, natural gas, diamonds, manganese, iron ore, cobalt, bauxite,
copper, gold, mickel, tantalum, silica sand, clay, cocoa beans, coffee, palm
oil, hydropower

Fish, clay, silica sand, titanium (rutile and ilmenite), tin, zicron

Gold, timber, industrail diamonds, baxite, manganese, fish, rubber,
hydropower, petroleum, silver, salt, limestone

Bauxite, iron ore, diamonds, gold, uranium, hydropower, fish, salt

fish, timber, phosphates, bauxite, clay, granite, limestone, unexploited
deposits of petroleum

iron ore, timber, diamonds, gold, hydropower

gold,

phosphates, kaolin, salt, limestone, uranium, gypsum, granite, hydropower,
note: bauxite, iron ore, manganese, tin, and copper deposits are known
but not exploited

uranium, coal,

iron ore, tin, phosphates, gold, molybdenum, gypsum, salt, petroleum
natural gas, petroleum, tin, iron ore, coal, limestone, niobium, lead,

zinc, arable land

fish, phosphates, iron ore

diamonds,

titanium ore, bauxite, iron ore, gold, chromite

phosphates,

limestone, marble, arable land

The obstacles facing West African nations in their economic development and

protection of their citizens’ human rights are numerous and complicated. While

several countries in this region (mainly Nigeria and Ghana) are starting to grow

their economies, most of their development is being halted by conflicts and political

corruption within their respective nations [15]. Additionally, women in particular are

facing obstacles and injustices in their communities from Female Genital Mutilations



and Cuttings (FGM/C), Rape, child/forced marriages, and general restricted access
to resources and liberties [13]20,21]. The introduction for this thesis will examine
West Africa’s history and the factors that pushed this arguably wealthy region into

the crises that its nations find themselves in today.

1.1.1 West African History.

West Africa’s history is both complicated and fascinating. The West African
region held some of the wealthiest kingdoms of their times, was the most affected by
the Transatlantic Slave Trade, and has survived civil wars, coup d’etats, and wide-
ranging disease outbreaks that have ravaged their respective countries and made

economic and social development difficult in the following years [13,[22-24].

1.1.1.1 West Africa’s Wealth.

Before the intrusion of western powers, West Africa had several major kingdoms,
all of which were extremely wealthy and heavily involved in trade with the rest of
Africa and even Europe [14}/16,125]. For the purposes of this research, this research
team will briefly cover the first two kingdoms - the Ghana Empire and the Mali
Empire. The Ghana Empire lasted from about AD 300 - 1076 [25]. Due to the
Trans-Saharan trade and iron work, the Ghana Empire went from a village and grew
in a kingdom so large so as to warrant a political system that required the ruling of
several kings - and their respective governors - all providing loyalty and taxes to their
central government [16,25]. The wealth of the Ghana empire was its gold, something
of great value to both Northern Africa and Europe [25]. All the gold that Europeans
possessed at that time was either mined in Europe or West Africa [25]. The Ghana
empire was able to obtain their gold mines and expand its kingdom due to their skill

as iron workers, providing them the significant advantage of iron weapons against

6



their neighbors . The kingdom following the Ghana Empire was the Mali Empire
which lasted from roughly 1234-1468 AD [16].

Mali’s economy was agricultural based but “supported by the profits of the flour-
ishing gold trade” [16:1-22]. The Mali Empire spread its influence to the Sudan
through the power of its “chain-mailed cavalry” 1—22]. The Mali Empire was then
spread west to the coastline through the militant king Sabakura, a freed slave who

seized the throne in 1285 and eventually developed the kingdom depicted in Figure

Bl [26]-

T-g aza SAH, A—D;SER,T
e *RAFH"EC‘Ar

|
: (/ SAVANNA

Figure 2. Mali Empire in 1300 AD [@I

The Mali Empire’s wealth is best illustrated in the story of its most famous king
- Mansa Munsa (1312 - 1337). Mansa Munsa gave fame to the Mali Empire on his
extravagant pilgrimage to Mecca where he was said to be accompanied by a force
of 60,000 men and 500 slaves, each of whom carried a golden rod .It was Mansa
Munsa’s excessive consumption and spending that earned him and his empire’s fame

throughout Northern Africa and Arabia.

The wealth and success of the Ghana and Mali empires demonstrates the wealth
and sophistication in West Africa before Europe and other Western powers became
involved. This helps to dispel the common western myth of a poor continent in need

to aid and western intervention - a myth that helped perpetuate the ideas supporting

7



colonialism.Long before the west was involved with Africa, the continent had several
kingdoms, each wealthy and governed by a relatively complex political system for its

time.

1.1.1.2 The Slave Trade and Colonialism.

Europe’s knowledge of West Africa was through the Muslim traders that trans-
ported West Africa’s gold through the Trans-Saharan routes. However, Portugal in
the early 15" century sent out sailing explorations along the western coast of Africa
in hopes of circumventing the economic middle man inorder to trade directly with
West Africa for its gold and recruit them in their fight against Islam [16]. Eventually,
Portugal would go around the African continent to India and only continue trade

with West Africa in gold, and later on, slaves [16].

Slavery was an established institution in Africa well before Europeans started
trading with West Africans |[16]. However, slaves in West African society similar to a
domestic servant than a slave, who’s value was determined by the “prestige that he
awarded his master” rather than the economic value that he represented in Europe
and the Americas [16:197-199]. Though a slave never belonged to a kinship group,
he was awarded status within society [16]. However, once West Africans drained the
supply of their own slaves in trade with Europe, they started to obtain slaves through
warfare |16]. While relatively few people were sold into slavery as a yearly percent
of the population, it was mostly the young, fit and healthy - predominately men -
who were captured and sold [16]. The general historical and economic consensus that
the loss of able body labor hindered the regions of Africa affected by the slave trade
[16]. One study in the American Economic Review observed that there was a positive
correlation between areas in Africa that were most affect by the slave trade and their

ability to trust today [26]. The importance of this finding, as it relates to the West



African economy today, is that a willingness to trust is necessary for most economic
activities. This indicates that the slave trade is affecting West Africa’s economic

development today.

However, in the 18 century, European (specifically British) attitudes towards
the Trans-Atlantic slave trade started to change. Due to the influence of Enlight-
enment ideas and evangelical Christianity in addition with an increased interest in
“legitimate” trade and exploration, abolitionist ideas started to spread across Furope
[16:220-225]. This eventually lead to England’s criminalization of the slave trade in
1807. By 1833, the practice of slavery had been abolished throughout the entire Brit-
ish Empire [16]. England, through diplomacy, convinced several powerful European
and American nations to abolish the slave trade by 1817 [16]. However, despite naval
action taken by Britain, slavers continued to evade British ships and transport slaves
from West Africa to the Americas [16]. Due to this, there was a growing idea in Bri-
tain and Europe that the way to stop the slave trade was to go further inland and set
up legitimate trade and spread Christianity [16]. This lead to the slogan of “Chris-
tianity, Commerce, Colonization” which was the ultimate start to the colonization of

the African Continent |16:220-225].

As depicted in Figure[3] the West African region was colonized by France, England
and Portugal with the exception of Liberia; a somewhat peculiar incident of Colo-
nialism. Despite its lack of accuracy, Liberia is often considered the United States
only Colony in Africa [27]. An organization called the American Colonization Soci-
ety (ACS), founded in 1812, made up of Quakers and slave holders, wanted freeborn
Blacks and former slaves to colonize Africa [27]. The Quakers believed that freeborn
Blacks and former slaves would face better chances for freedom in Africa, while also
spreading Christianity. The slave owners, however, wanted to avoid a potential slave

uprising like the one in Haiti [27]. Despite significant disagreement from several prom-



inent African American figures and other white abolitionists, with the help of a few
legislators, the ACS was able to start their first colony in 1821 with 86 African Amer-
ican volunteers in modern day Liberia . Upon arrival, the white ACS members
governed the colony of Liberia for several years [27]. The Americo-Liberians grew
in number over the years due to further immigration and would eventually become
pseudo colonists over the indigenous Africans there before them ,. Yet, despite
several problems that the country would later on develop, Liberia would eventually
become a model for several other African Colonies wanting independence as Liberia

was one of the few free republics in Africa while colonialism in Africa was at its height

[27).

Colonialism (1945)

Land Occupation

- Beigium

- France

[

[ Pomuga

- Spain

- United Kingdom
Union of South Africa
[ 1ndependent

Figure 3. Africa with Colonial Powers |\ West Africa Outlined in Black

10



France was the primary colonial power in West Africa, as evident by Figure [3
France significantly benefited from its colonial standpoint in West Africa. In fact,
during World War I and II, France had enlisted several of its African citizens in their
armed forces to fight on the front lines in Europe [16]. The general consensus in
French colonialism was to build up the African colonies and encourage a certain level
of self-governance while still maintaining a level of Western/French superiority [16].
France’s view of colonialism was the general consensus in most of the Western world,
as evident in the famous poem “The White Man’s Burden”, written by Rudyard

Kipling in 1899:

“Take up the White Man’s burden —
Send forth the best ye breed —

Go bind your sons to exile

To serve your captives’ need;

To wait in heavy harness,

On fluttered folk and wild —

Your new-caught, sullen peoples,

Half-devil and half-child.” (1-7)

The West viewed their colonialism as a mutually beneficial arrangement - they
profited and the poor people of inferior cultures were civilized. There still exists a
debate between those in related fields concerning the extent to which colonialism af-
fects Africa today [16] However, most experts agree that colonialism did negatively
affect colonized nations. All but two countries - the former Portuguese colonies of
Guinea Biassau and Cabo Verde - gained independence in a relatively peaceful man-
ner. However, the colonial powers that colonized West African nations did little to

prepare them for Independence [17]. Additionally, some contribute colonialism to the

11



corruption of Africa’s governing bodies, which eventually lead to the region’s conflict

and economic instability [16}/17,[28]

1.1.1.3 Civil Unrest.

The end of the Cold War has been “characterized by a wave of violent civil wars
that produced unprecedented humanitarian catastrophe and suffering” [17;1-9]. These
violent conflicts, starting with the first civil war in Liberia in 1991 to the coup d’etat
in Cote d’Ivoire in 2002, West Africa has been plagued with catastrophic violence
in Liberia, Sierra Leone, Mali, Niger and Cote d’Ivoire [17]. From the documented
cases of force amputations in Sierra Leon’s civil war to the cannibalistic war lords in

Liberia’s civil wars, it is not hyperbolic to claim that these wars were hell on earth

[29130].

The reasons for these conflicts vary, though the underlining ethnic tensions and
political corruption are persistent underlining themes. The arbitrary boarders drawn
up by France, Great Britain and Portugal has magnified ethnic tensions within the
region. The arbitrary boarders continually cause social and political unrest in several
African nations |17]. Indeed, it was the arbitrary boarders drawn by France and
Great Britain concerning Gambia that caused serious problems in the secessionist
war in the Casamance region of Sengal [17]. Since these boarders were drawn with no
thought towards the existing tribes and their communal ancestry, intrastate conflicts

have spread across boarders as members of the same ancestry will often come to the

aid of their kin [17].

While ethnic tensions have and continue to influence several conflicts in West
Africa, a significant force behind these conflicts are widely attributed to general mis-
management of economic funds and political corruption [15}/18,24]. Unlike most co-

lonial states in Asia, Africa’s road to Independence was relatively fast and surprising

12



to most of their colonial powers . Additionally, all three colonial powers restric-
ted their African subjects’ ability to self-govern [17]. As a result, most African were
illiterate and lacked the necessary skills to govern a nation . Furthermore, Afric-
ans became accustomed to a centralized, authoritarian form of governance from their
colonial rulers. As a result, most freed African nations placed a significant amount
of power in the hands of a few, most of whom lacked the skills necessary to succeed
[17]. As most of Africa’s wealth came from its natural resources, the mismanagement
of such resources, along with the significant debt brought on by rampant borrowing,
eventually lead to conflict within the region [13][17]. The resulting conflicts have sab-
otaged the economic growth several West African nations, spreading poverty, crime

and disease.

From 1997 to 2000 From 2001 to 2004

Total number of violent events, by period
8000
6000
4000
2000

1997-00  2001-04  2005-08  2009-12

Figure 4. Violent Events in West Africa (1997-2012)

1.1.1.4 Ebola Crisis.

The Ebola Crisis, which lasted from 2013-2016, incapacitated the countries of

Guinea, Liberia, and Sierra Leone. According to the Center for Disease Control
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(CDC), the disease started in a small village in Guinea in December 2013 where an
18-month old boy was believed to be infected by bats [31]. Over a span of two and a
half years, the disease spread to two other nations, infecting 28,600 people and killing
11,325 [31-33]. Figure [f] provides a geographical representation of where the virus

was most effective.
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Figure 5. 2016 Map of the Ebola Outbreak in West Africa

Though large, the death toll is not adequately represented by those whose death
was solely caused by Ebola. Due to fear of hospitals and medical workers, created
by the rampant spread of Ebola, others who required medical attention unrelated to
Ebola failed to obtain it [22,[32,[33]. In addition to lives lost, these three nations had
recently experienced serious conflicts and were starting to rebuild their economies.
The loss of production, human capital, and costs associated with trade restrictions
impeded the economic and social growth of recently war-torn nations ,.
The unbridled spread of the Ebola virus eventually lead to a global health crises that

forced the international community to intervene .

The rampant spread of the Ebola has several causal factors including a lack of
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communal knowledge and training concerning disease control and prevention, insuf-
ficient reaction speed - both communally and from the international community -
and failure to recognize the importance of a “safe and dignified burial” from mul-
tiple West African communities [32:2]. However, experts place primary blame on
inadequate health services [22,131-33]. In a report titled, “A Wake Up Call: Lessons
from Ebola for the world’s health systems”, Save the Children organization reported
that in 2012 Guinea spent an average of $9 per person on health care, compared to
a recommended minimum expenature of $86 per person [32:4]. Lack of funding was
further exacerbated by an insufficient supply of doctors, nurses and hospitals required
to contain the virus [22,31-33]. Due to the absence of necessary health care resources,

the international community was forced to get involved, costing the rest of the world

$4.3 billion [329].

1.1.2 Current State.

The West African region is currently home to some of the Continent’s more stable
countries (Ghana and Sengal) and also houses several countries (Ivory Coast, Liberia,
Sierra Leone) who have successfully transitioned from war to relative peace [15]. The
region, overall, has transitioned from the post Cold War conflicts to a state where
the political institutions are relatively stable. However, this transition is more or less

a transition from one type of conflict to another.

Currently, the region is under tremendous stress due to the transition from “con-
ventional and large-scale conflict events” [15;24] to instability driven by election re-
lated violence, drug trafficking, violent extremism, piracy, and overall criminality

[3).
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1.2 Women

In West Africa, Women face significant obstacles such as early marriages, FGM/C,
a lack of education, and significantly high maternal mortality rates [13]. As you can
see from Table[3] several of West Africa’s countries lack what most developed countries
would view as basic necessities for women. The inadequate maternal care and female
education oppresses women living in these nations. Without an education and basic
maternal heath care, women will face substantially greater obstacles in their lives
compared to most men in similar economic living standards. Two of the nations in
West Africa, Niger and Seirra Leone, are leading the world in fraternity rates and

maternal mortality rates respectively [13].
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Table 3. West African Women Statistics

Afri
West rican Reference Countries

Countries

Metrics Binin  Burkina Faso Cabo Verde Cote d’Ivoire  Gambia Ghana Guinea-Bissau Guinea Liberia  Mali  Niger Nigeria Sengal Sierra Leone  Togo South Africa USA
Mothers Mean Age at First Birth 203 194 N/A 198 20.9 226 NJ/A 18.9 192 188 181 203 215 192 21 N/A 26.4
%i‘i:g‘;lf"”“l“y Ratio (dealths/100,000 | 4,0 g7y 2 645 706 319 549 679 725 587 553 84 315 1,360 368 138 14
Z{f}:f) Mortality Rate (deaths /1,000 live | 5o o 75 21.9 55.8 60.2 352 857 50 522 695 811  69.8 491 684 122 31 5.8
ggxfli;mmy Rate (children born per 477 571 2.24 3.38 3.52 4 4.09 477 506 601 649  5.07 428 473 4.38 2.29 1.87
Contraceptive Prevalence Rate 17.9%  25.4% N/A 15.5% 9.0% 33.0%  16.0% 8.7% 31.0%  15.6% 18.9% 13.4%  251% 16.6% 19.9% 54.6% 72.7%
%ﬁﬁg’"%m”y (physician/1,000 015  0.05 0.79 0.14 0.11 0.1 0.08 008 002 009 002 038 007 0.02 0.06 0.82 257
Female Literacy 27.3%  29.3% 82.0% 32.5% 47.6%  T1A%  48.3% 22.8%  32.8%  22.2% 11.0% 49.7%  46.6%  37.7% 51.2% | 93.4% N/A
Male Literacy 49.9%  43.0% 91.7% 53.1% 63.9%  820% T71.8% 381%  624%  451% 27.3% 69.2%  69.7% 58.7% 77.3% | 95.4% N/A
Female School life Ezpectancy 11 7 13 8 9 12 N/A 8 N/A 7 5 8 9 N/A N/A 13 16
Male School Life Ezxpectancy 14 8 13 10 9 12 N/A 10 N/A 9 6 9 9 N/A N/A 12 17




Figure [6] provides a geographical representation of some of the problems women
in West Africa face today. The Organization for Economic Cooperation and Devel-
opment’s (OECD’s) Development Center Published a paper by Gaelle Ferrant and
Alexandre Kolev titled “Does gender discrimination in social institutions matter for
long-term growth?”. Ferrant and Kolev’s research concluded that gender discrimina-
tion is estimated to collectively cost nations over 12 trillion USD, or roughly 16% of
2016’s global GDP [34]. Gender discrimination can be observed through forced child
marriages, FGM/C, the lack of legal standing or the loss of life and human capital
found in high maternal mortality rates . For example, Despite laws providing
widows with equal legal rights as widowers towards their inheritance, accusations of
witchcraft can be used to prevent widows and daughters’ right to claim their inherit-
ance . Additionally, only in Liberia and Mali do laws exist to guarantee men and
women equal access to financial services . Gender discrimination actively hinders
half of any given population from contributing to the potential economic growth of a
nation. Furthermore, child marriages prevent young girls from finishing their educa-
tion by prematurely burdening them with children of their own, thereby diminishing

female labor force participation.
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Figure 6. Percentage of Young Women (20-24 years) Married before the Age of 18 [|§||
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1.2.1 Conflict and Stability.

Women are both contributors and victims of conflict. For example, during the post
Cold War conflicts in West Africa systematic rape was rampant [17]. Women and
the young were often targets of such violence [17]. However, women have also been
contributors to conflict. Such examples are women being used as a recruitment tool
through rearranged marriages between members of extremist groups and young wo-
men [35]. Women and children, whether through coercion or their own convictions,
have committed suicide bombings and other acts of violent extremism [35]. Boko
Haram, earlier in its development, managed to appeal to and recruit women followers
[21]. Initially, Boko Haram educated their female members in Islam [21]. However,
such practices have diminished and women are now taught only in the house [21].
Today, Boko Haram uses women as incentives (willing or forced) for their male mem-
bers as wives, providing status and other favors [14]. As such, Boko Haram started
kidnapping girls and women, mainly in christian dominated sections of Nigeria [21].
In April, 2014, Boko Haram kidnapped over 200 schoolgirls in the town of Chibok,
causing international outrage and activist groups to join the “Bring back our girls”
campeign [21]. Nigeria’s President at the time, Goodluck Jonathan, took three weeks
before making a statement while his wife, Patience, supposedly speculated that the
girls’ abductions occurred [21]. Boko Haram continues to kidnap women and use

them as bargaining chips for recruitment and terrorist activities [21].

1.3 Department of Defense Presence in West Africa

The United State’s involvement in Africa has been relatively insignificant when
compared to other nations such as France, Portugal or Britain. However, as religious

extremism and terrorist activities increase in Africa, the United States has increased
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their militaristic presence on the continent mainly through the United States Africa
Command (AFRICOM) [36]. Department of Defense (DoD) activity and expenditures
in West Africa have been on the rise, as seen in Figure [7]] Back in 2003, President
George W. Bush sent several hundred troops to Liberia as a humanitarian peace
keeping attempt near the end of Liberia’s second civil war [37]. However, before U.S.
troops were able to reach Liberia, Nigerian troops, under the Economic Community
of West African States (ECOWAS) authority, were sent to stop the fighting and
help restore peace . In more recent news, according to a npr report in 2018, the
DoD had over 1,000 personnel in the Nigeria, Niger and Mali region alone . U.S.
activities in Africa go beyond that of simple expenditures and man hours. In October

of 2018, four Americans were killed during an ambush in northern Niger [38].

I > 500 million

I 200 < 500 million
100 < 200 million
<100 million

Figure 7. Military Expenditures in West Africa

According to AFRICOM’s website, their mission is to “strengthen security forces,
counter transnational threats, and conduct crisis response in order to advance U.S.
interests and promote security, stability and safety” with local partners . Ac-
cording to an article published in the Orbis Journal titled, “Assessing a Decade of
U.S. Military Strategy in Africa”, the U.S. presence in Africa, through AFRICOM,
differs from U.S. DoD presence in other continents in that AFRICOM “prioritizes
a light footprint and the priorities of African partner nations” [36;657]. AFRICOM

implements their priorities of cooperation and stability by “attempting to reduce the
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sources of insecurity and helping to strengthen African security capabilities” [36;657].
AFRICOM’s, and by extension the U.S. Military’s, mission in Africa is to promote
stability within the continent while also promoting the U.S’s interests - particularly

against terrorist activities and extremism.

Africa’s “security, stability and safety” are primary concerns for AFRICOM |[39).
Additionally, several respectable organizations, such as the UN, have declared gender
equality to be a key determinant in stability and maintaining peace [40]. Given
AFRICOM’s mission statement, researching the relationship between women and
stability could potentially determine whether DoD investment in gender equality in

Africa could assist in the promotion of AFRICOM’s mission statement.

1.4 Problem Statement

West Africa is a region with a complex history filled with various Western inter-
ventions, slavery, Colonialism and is continually dealing with ethnic, religious and
politically charged conflicts, human rights violations, and overall criminality. Several
global organizations, like the United Nations, have already started to seek out ways
to increase gender equality in West Africa and similar regions so as to encourage
stability and peace in war torn nations. However, there is little research done to
better observe and summarize the complex relationship between women and armed
conflict and the specific regions in which it may take place. Due to the absence of
quantitative research pertaining to women and conflict, this research will endeavor to
capture the relationship between conflict and women and its geographic significance,

if any exists.
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1.5 Assumptions

As with all research, necessary and preferably valid assumptions were implemented
in order to continue with the project. Below is a comprehensive list of the assumptions

utilized in this research.

e Surveys of women in West Africa, collected over a 16 year period (1998-2014)
depicts an appropriate singular picture of women in West Africa today. In
other words, the various samples that vary over time, without any determinable
pattern, are collectively an appropriate snap shot of the region today. Provided
the format of the data set used, disparate survey samples that vary over years
and countries with no discernible pattern in location and time collection, this is
a very necessary assumption. Furthermore, after some initial analysis, utilizing
the chosen methodology, this team saw no obvious differences between women

over the collected time period, thereby validating the assumption.

e As discussed previously, the boarders separating the nations may not be the
best representation of a separation between people, culture or even national
identities. As such, the boarders separating the survey samples will be con-
sidered arbitrary. This assumption draws its argument from colonial history.
The Western nations who drew the borders were more concerned with its natural
resources than the native people’s culture and history. As such, these boarders
should be considered arbitrary when considering soci-economic factors such as

gender equality and women’s well-being.

e Niger 1998 will have to be a sufficient data sample size as it is the only survey
sample with GPS locations that were provided. This assumption is necessary

due to Demographic and Heath Survey (DHS) samples from Niger either did

22



not collect GPS data, or did, but later found them to be corrupted. Due to the
chosen methodology, this assumption does not significantly affect the analysis,

however, Niger will be under represented in the analysis due to the lack of data.

e The data has some shape in R™ and the shape of the data matters. This is
the most significant assumption behind the primary chosen methodology, To-
pological Data Analysis, and will be discussed further in the following chapters.
Researchers in Applied Topology and Data Science found this assumption to be

necessary, valid, and even additive in data analysis.

e Missing values in the data have meaning and are therefore significant to the
shape of the data. This is a common assumption in Social Science fields [41]
and provided the data set, is both necessary and valid. For example, if a
women has a NaN value for a variable describing the “Age at First Birth” for
each women. In this variable’s instance, the NaN value implies that the woman
simply has not had a child yet, implying that the NaN value protrays meaning
and therefore holds significance in the analysis. For the purposes of this paper,
this team added a binary indicator variable for NaN or missing values when

believed to indicate meaning.

e Niger, for the year 2008, had missing values for all conflict data. However, only
Nigerien women with DHS survey answers from 1998 also had accompanying
sample GPS locations. Therefore, due to the length of time between survey
sample and missing conflict data, the missing conflict event data from 2008
should not significantly affect analysis. As such, all 2008 conflict events for

Niger were made to be zero.

e The answers to the DHS survey sample questions collected, seen in Appendix

[A] are a good proxy for measuring a woman’s well being. Most of the variables
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collected were concerning a woman'’s socio-economic status. Most of the liter-
ature concerning women’s well-being in relation towards stability, the women’s
socio-economic status were primary variables. As such, DHS survey questions
concerning socio-economic status was collected. However, other indicators could
be more appropriate and further research is necessary to evaluate the validate

this assumption.

e A key assumption in the analysis is that a woman’s proximity, as measured by
a 10 kilometer radius from survey sample GPS location, during a five year win-
dow of time, is an adequate measure of the stability /instability in her immediate
surroundings. While other measures of stability and/or instability could poten-
tially better capture stability, in relation to women; due to time constraints, this
assumption was used instead. Further analysis and study would be required to

validate this assumption or implement research with a better assumption.

1.6 Overview

The primary research question is concerning the relationship between treatment of
women and a region’s, nation’s, or community’s stability. This paper defines women’s
station or well-being in life through the use of the Demographic and Health Survey
(DHS) Program data and stability through conflict data gathered from The Armed
Conflict Location & Event Data Project (ACLED) database. For the purposes of
this research, “stability” is defined from a Department of Defense (DoD) view point
by observing conflict that involves the use of arms and threatens potential milit-
ary intervention. Additionally, Geospatial analysis will be implimented on important
socio-economic indicators alongside a few supervised and unsupervised machine learn-

ing algorithms. The data and the definition of conflict and stability /instability will
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be discussed in more detail in later chapters.

The following chapter (Chapter 2) will cover an adequate overview of research
concerning women and their affect on stability. Chapter 2 will also cover the chosen
methodologies. The third chapter will give a comprehensive overview of any method-
ologies that where explored. This will leave Chapter 4 for the analysis of any findings
and chapter 5 for a conclusion of the findings and potential future work that could

be applied to this dataset or research question.
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II. Literature Review

2.1 Overview

As discussed in the Introduction, West Africa is a large region filled with diverse
groups of peoples, cultures, communities, and histories. Provided that women are
roughly half of any given population, the theory that women and how they interact
within their communities will impact those communities. However, as it relates to
the relationship between women and stability, researchers struggle with three primary

aspects of researching this topic:

e How do is “stability” defined?
e Given the definition of stability, how do women affect stability (if at all)?

e To what extent do women affect the decided definition of stability (significant

or not)?

Provided that this research is currently being sponsored by the United States
Africa Command (AFRICOM), a military organization, this research team will be
defining stability as the lack or minimization of occurrences of armed conflict events.
Armed conflict events could be described through battles between nation states or
local militia, violent extremist attacks against unarmed civilians, or riots. The precise
definitions of stability will be revisited and more thoroughly explained in the following

chapter.

This chapter will examine previous research that attempted to examine the re-
lationship between women and stability /instability. This chapter will also provide a

general explanation concerning this research’s chosen methodology.
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2.2 Women and Stability Research

Little quantitative research has been implemented when observing the relationship
between women and the definition of stability that this research will be focusing on.
The lack in research is in large part due to the structure/format of the data. How
does one numerically capture, in a structured manner, the intricate role women may
play in a terrorist organization, or how many women were involved in a particular
battle or riot and their socio-economic status? Despite the shortage of data, there is

plenty of qualitative research implemented on the subject.

Several prominent organizations are trying to better understand the role women
may play in terrorist organizations [42]. There are reported cases of men joining terror-
ist organization in order to help pay a bride price [35]. Furthermore, in West Africa,
there are documented cases of Boko Haram forcing the kidnapped girls into arranged

marriages as a recruitment tool [35].

Research articles looking at a more direct link between women and stability, to
the extent that is normally desired in quantitative research and public policy de-
cision making, are scarce at best. However, a recent research article titled “Women’s
Participation in Peace Negotiations and the Durability of Peace”, and published in
International Interactions, found a positive correlation between the number of fe-
male signatures on peace agreements and the durability of the peace agreement [43].
Moreover, peace agreements with female signatures had a “significantly higher number
of peace agreement provisions aimed at political reform, and higher implementation
rates for provisions” [43:985]. This suggests that women may impact stability as

defined by this research team.
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2.2.1 Women and General Stability.

While there has been little to no quantitative research applied towards women
and stability, as defined earlier, there are copious amount of research on women’s
affect towards a more general sense of stability - such as economic and/or social. The
relationship between women and stability is most researched when it comes to girls’

and women’s education and economic growth.

In economics, there has always been a positive correlation (and arguably causa-
tion) between education and economic growth [44]. In fact, education is believed to
be a leading “determinant of economic growth, employment, and earnings in mod-
ern knowledge-based economies” [44:3]. Women’s education, specifically, has been
consistently documented to have higher rates of return then men’s education [45].
Furthermore, women facing discrimination are costly to nations. According to The
Organisation for Economic Co-operation and Development (OECD), gender-based
discrimination in social institutions results in an estimated loss of USD 120 billion in

income for the West African region alone [20)].

2.2.2 Hypothesis.

Given that women are roughly half of any given population, and have been doc-
umented to have significant impacts on a nation’s socio-economic stability, women
will affect the stability of a nation when it comes to armed conflict. The relationship
between women and the definition of stability, as defined in this research, will most
likely be multifaceted, complicated, and buried amongst several other cultural, his-
torical and soci-economic layers of the West African region. As such, the relationship
between women and stability, as defined in this research, is not likely to be completely

captured in a single research paper.
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However, this research team will attempt to investigate the relationship between
women and stability through the shape of the data. It is this research teams hypothesis
that if the relationship between women and stability exist, it will be best observed
and researched by investigating the shape of the data rather than through traditional

statistical practices.

2.3 Topology

Topology, though not a established field of mathematics until the late 19" to
early 20" century, is often considered to have its origin with none other than Leon-
hard Euler ,. Euler published his paper The solution of a problem relating to
the geometry of position in 1738 with his solution to the Konigsberg bridge problem

depicted in Figure [§] below.

Figure 8. Diagram of the Konigsberg bridges

The Konigsberg bridge problem, depicted in Figure [§ was as follows: is it pos-
sible to start at one point and cross Konigsberg’s seven bridges only once in a single
journey . Euler solved the Konigsberg bridge problem not through strict geometric

analysis, but rather by drawing up a crude diagram of only the relevant information;
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the bridges’ relative position to one another and the blocks of land mass [46]. Euler
proved that it was in fact impossible to make the desired journey [§]. Even though
it would be a couple hundred years after Euler published his paper that the precise
formulation of Topology as a sub-field of mathematics would be defined, Euler and
the Konigsberg bridge problem are most often attributed with the birth of Topology
[8]. The Konigsberg bridge problem is considered to be the birth of Topology be-
cause Euler took a problem concerning shape and geometry and deformed it to its
core components, ignoring irrelevant information concerning shape that often defines

Geometry’s notion of shape.

Instead of Geometry’s rigid definitions concerning shape and congruence, Topo-
logy, “deals with qualitative geometric information” [47:256]. In fact, Topology ig-
nores most quantitative information describing shape, such as distance and angle,
and instead “replaces them with the notion of infinite nearness of a point to a subset
in the underlying space.” [47:256]. Topology’s definition of shape has influenced the
spread of a joke that does a decent job of describing how Topology’s defintion of
shape: A Topologist can’t tell the difference between a coffee mug and a donut [9).
As one can see from Figure [9] below, both the coffee mug and the donut have a hole
or loop; the coffee mugs handle and the hole in the donut. Assuming that the donut
was made of a material that could be bent, molded and transformed at will - so long
as this material was never torn - the donut could be continuously transformed into a

coffee mug with a handle [9].

DT

Figure 9. A transformation from donut to coffee cup [9]
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Though Topology has been studied for a few centuries, it has not been until recent
decades that mathematicians and data scientists have started to apply Topology’s
looser notions of shape to the world of data [46]. There are three key properties
in Topology that make the mathematics’ field potentially superior to others when

dealing with data:

e Coordinate invariance: According to this property, Topology’s study of shape
does no depend on the set of coordinates chosen |10]. according to the coordin-
ate invariance property, which is depicted in Figure all three ellipses are
considered equivalent [10]. This is value added in data analysis because data
often undergoes several different transformations in the data matrix |10]. These
transformations are equivalent to simple changes in the vectors’ coordinates

[10).

il

Figure 10. Example of Coordinate Invariance Property [10]

e Deformation invariance: According to this property, a geometric shape can
be squashed, stretched, and deformed (provided that is is not torn) without
changing it’s topology [9]. A good example of this is humans’ natural ability
to determine equivalency between two slightly different shapes. For example,
when looking at each shape in Figure a human can easily tell that each
shape is the letter “A” in different font styles [10]. The change in font style
does not change the shape or the meaning behind the shape itself; all three are

the letter “A”.
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Figure 11. Example of Deformation Invariance Property

A stricter geometric approach to this property can be seen in Figure [12] Ac-
cording to the deformation invariance property in Topology, all three shapes
are considered to be essentially the same . The edges of the square can be
rounded off and the shape molded into the circle, and since the points on the
edge of the shape that were “near” each other before the deformation are still

“close” to each other after, the shapes are considered to be essentially the same

' O

o

D

Figure 12. Geometric example of Deformation Invariance

»

Compressed representation: This property is one of the most useful tools when
applied to data .Instead of trying to describe the infinite number points and
pairwise points in the circle depicted in Figure one can compress the circle
into the hexagon next to it . Both capture a critical quality of the circle
(the loop) but the hexagon is infinitely easier to examine and describe [10]. This
property is beneficial when visualizing data and relationships within the data

that is currently in R™ space [10].

32



Figure 13. Compressed Representation Property Example [10]

For more information on Topology as a field of mathematics please see Munkres

[48).

2.3.1 Topological Data Analysis.

Mathematicians and data scientists recently started to apply Topology to the
world of data [46]. Topological Data Analysis (TDA) is a growing field of applied
mathematics that involves applying certain concepts and definitions derived from To-
pology to data [9]. There are two major methodologies in TDA, Persistent Homology
and MAPPER [9]. For the purposes of this research, this team will be focusing on
the MAPPER Algorithm and its applications.

2.3.1.1 MAPPER.

The MAPPER algorithm was first introduced at the Eurographics Symposium on
Point-Based Graphics by Gurjeet Singh, Facundo Mémoli, and Gunnar Carlsson in
their papper Topological Methods for the Analysis of High Dimensional Data Sets and
3D object Recognition back in 2007 [49]. Since then, Singh and Carlsson and Harlan
Bennet Sexton founded the Ayasdi Company that built software that implements the
MAPPER algorithm along with providing TDA to clients. This research utilized the
Ayasdi software in its analysis and as such will use terminology created and coined

by Ayasdi.
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The MAPPER algorithm is a statistical implementation of applying a simplicial
complex onto a topological space [49]. For more information on simplicial complexes
and how they relate to the field of Topology, please see Hatcher [50]. The MAPPER
algorithm is provided in detail by Singh et al [49:3-4], Chazal and Michel [12;7-9],
Carlsson [47:284-287], Kraft [9:12-14], and Brown et al [51:2-3]. First, define X and
Z be two separate metric spaces, and f : X — Z be a continuous map between
them. In application, X is the original data space in R", where n > 0 and has no
upper limit, Z is in R? or R?, and f is any real function that represents an array of
data into a single point. Once in Z, an open covering U = {U;},.,; will be applied. Let
f*(U) denote the pullback cover V in X which is obtained by cutting the connected
components in f~1(U;) and then collecting them so as to obtain an open cover in
X space. The Mapper construction M(X, Z, f,U) is the simplicial complex that is

created by taking the nerve of the pullback cover.

MX, Z, f,U) = N(f*(U)) (1)

For a more visual representation of the MAPPER algorithm described in math-
ematical terminology above, see Figure [14] provided by Frédéc Chazal and Bertrand
Michel in their paper titled: “An introduction to Topological Data Analysis: funda-

mental and practical aspects for data scientists”.
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Figure 14. MAPPER example [12]

In simpler terminology, the MAPPER algorithm creates a simplicial complex in
the original data space X by first mapping the data into another space Z through
a continuous function f, or as Ayasdi has termed it, a lens along with some define
notion of similarity (or distance) that Ayasdi as termed as a metric [52]. A lens,
in practice, can be any method that produces a single number for a point or array
in n dimensional space [52]. A metric, is just some notion of similarity or distance
between rows, such as Correlation or Euclidean distance and is often dependant on
the data format [52]. It is through this lens and metric combination that the data in
X is then mapped to Z. As such, it is the lens and metric that defines what points
in X space are “close” to each other and which are “far away”, thereby making the

lens and metric choice critical to any analysis.

Once in Z space, an “open cover” is then applied to the data. This open cover
“bins” the data points into a predetermined number of open sets that overlap by some
predetermined amount [52]. The number of open sets and the overlap between them
are parameters set by the analyst and are called the resolution and gain respectively in

the Ayasdi software [52]. Once the “neighborhoods” are defined, these neighborhoods

35



are then mapped back into the original X space where some clustering algorithm is
applied to create nodes of similar observations . Nodes that share observations,
due to the overlapping of “neighborhoods”, are connected by an edges . This
results in a simplicial complex that summarizes the shape of the data as defined by

a lens, a notion of similarity (or metric), the resolution and the gain.

It is within the open covers in X that some clustering algorithm will be applied,
and clusters that share points will be connected by edges and a nerve, or simplicial
complex, will be applied to the data. The number of neighborhoods that the “filtered”
data is binned into and the amount by which these neighborhoods overlap are para-
meters set by the analyst and are referred to as the resolution and gain, respectively,
in the Ayasdi software. A depiction of such a simplicial complex can be seen in Figure

13 below.

—¢  — ®

Figure 15. Mapper Simplicial Complex with Fisher’s Iris Data Set

The figure above was created in Ayasdi’s Workbench using Fisher’s Iris data set
, pulled from UCI’s Machine Learning Repository . Fisher’s Iris data set is
made up of sepal length and width measurements of 150 flowers belonging to three
different iris flower species: setosa, versicolor, virginica. The simplicial complexes
above were created using Multidimensional Scaling (MDS) lenses, Correlation as the
metric, and a resolution of 30 with a gain of 3 (=~ 67% overlap). The percentage

overlap between the open sets is calculated by 1/(1 — gain). Figure [15|is currently
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being colored by a density estimate of the variable sepal width; with red nodes in-
dicating the containment of rows with wide sepals and blue nodes indicating the
opposite. After some initial analysis, it can be observed that the iris flower species
setosa is all collected within the top connected component. The other two iris flower
species, versicolor and viginica, exist within the connected component at the bottom
of Figure [I5] While there is some overlap, the two species - versicolor and virginica
- are decently separated within the bottom connected component. By coloring the
simplicial complexes with a petal width density estimate, one can observe that the
overlap between the two iris flower species - versicolor and virginica - occur where
petal widths are suddenly wider, and then branch off to being skinnier for either
flower species. This provides the analyst with the information that, for some reason,
the versicolor and virginica flowers that are most likely to be confused with each other
have wider petal widths then the rest of the flowers in their species. More analysis

would be necessary to know why, perhaps coloring by petal length density estimate.

2.3.1.2 Applications of MAPPER.

MAPPER, due to its unique capabilities with complex and high dimensional data
sets, has been implemented with relative success in the medical fields. In one paper,
researchers were able to identify a unique subsets of breast cancer tumors that (i)
“exhibit clear and coherent clinical characteristics” and (i) have a 100% survival
rate [55:7265-6]. These researches were able to define these sub-groupings of cancers
patients through MAPPER by using a continuous function /lens specific to the medical
field called Disease-Specific Genomic Analysis (DSGA) [55]. They also created a Web
tool that applies their methodology - which is an implementation of MAPPER specific

to genomic data dealing with diseases [55].

Another implementation of MAPPER in the medical field is a paper published
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in Science Translational Medicine that was able to identify three distinct subgroups
of Type 2 Diabetes (T2D) [56]. In addition to identifying three distinct sub-types
of T2D, the researchers were also able to test for specific diseases that T2D patients
are often considered high risk [56]. The study found, from it’s implementation of
the Mapper algorithm on the medical records and genotype data from 11,210 T2D
patients that each subgroup had significant correlation with defined groupings of dis-
eases that T2D is often characterized as being high risk [56]. Subtype 1 of T2D
was “characterized by T2D complications diabetic nephropathy and diabetic retino-
pathy”; Subtype 2 of T2D was “enriched for cancer malignancy and cardiovascular
diseases”; and subtype 3 of T2D was “associated most strongly with cardiovascular
diseases, neurological diseases, allergies, and HIV infections” [56:1]. They concluded
that there is a need for a more nuanced definition of T2D that might impact important

clinical decisions and doctor/patient interactions [56].

MAPPER was also implemented in fraud detection. Ayasdi analyzed highly com-
plex transaction data for one of the top 5 consumer credit card issuers - dubbed
“The Company” in Ayasdi’s report to protect client information [57]. According to
Ayasdi’s report, by looking at the shape of the data, they were able to increase the
company’s fraud detection rate from 28% to 99% for a newly identified type of fraud
[57]. Ayasdi was able to create new parameters for The Comapny’s fraud detection
algorithm. By adding the new parameters, The Company was able to maintain their

original false positive rate at 1% while also decreasing their false negative rate from

75% to 0% [57].

2.3.1.3 Topological Hierarchical Decomposition.

Topological Hierarchical Decomposition (THD) is a new application of MAPPER

that was recently developed and is currently undergoing testing and validation by
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the Air Force Research Laboratories (AFRL) at Wright-Patterson Air Force Base
(WPAFB) in Dayton, Ohio. AFRL recently published a paper titled “HELOC Ap-
plicant Risk Performance Evaluation by Topological Hierarchical Decomposition” in
which they describe the process in detail [51:3-4]. THD is an algorithm that “decom-
poses” a dataset into smaller groupings based on an iterative application of MAPPER
[51:3]. The algorithm starts by applying MAPPER on the entire dataset X at an ini-
tial resolution Ny, which is typically small (= 1). This starting topological model
is typically a single node with no connected components or singletons (single nodes
with very few observations that have no edges). Keeping the gain parameter g fixed
throughout the entire process, iteratively apply Mapper on X, increasing the resol-
ution by set value dIN to create a topological network K. A topological network is
a topological structure, created by running MAPPER on a data set, consisting of
nodes that are connected through edges and can be seen in Figure[15] For each K;, if
the number of data points |X;| in this connected component is above some threshold
t > 0, a split in the original topological network has occurred. A split will result in
a branch in the THD structure starting from the current network K. If there are no
splits after applying MAPPER on a topological network, MAPPER will be imple-
mented again, increasing the resolution by /N until another split occurs [51]. This
will continue to run until there are no topological networks that meet the threshold
limit ¢ > 0. The result will be a tree like structure with branches of different decom-
posed connected components, with the smallest connected components at the end of

the structure, which will be refereed to as leaves in this paper.
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Algorithm 1 Topological Hierarchical Decomposition (THD) Algorithm Summary
[o1]

1. Choose lens combination f, gain g, metric m, observation threshold ¢ > 0 and
resolution start Ng ~ 1

2. Apply Mapper to dataset X to creat topological network K
3. Increase resolution for by d N until split occurs

(a) For each K; increase resolution by d N until the number of observations in
K; is less than threshold ¢

THD decomposes the topology of the data into its core components while recording
the decomposition process. While AFRL has researched using this methodology as
a predictive model of sorts, this team will be implementing THD as an unsupervised
learning technique that aims to observe the decomposition of women’s well-being
relative to conflict. Assuming women and stability have some kind of relationship,
the theory is that as the data decomposes itself based on the topology of a women’s
well being, conflict indicators will be statistically higher in certain groups of women
then others. Hopefully, if the correlation between women’s well-being and how this
research team defined conflict is prominent enough, as the topology decomposes,
conflict data will follow certain women who are prone to be near conflict down a

branch earlier in the THD process.

2.4 Important Machine Algorithms Utilized

2.4.1 Random Forest.

Random Forest is a predictive algorithm that utilizes bootstrap sampling to build
a large collection of “de-correlated trees” and then averages them [58:587]. Random

Forest is what most refer to as a black box predictive model. Few assumptions are
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needed to build a Random Forest. Random Forests are robust to variance in the
data as it is a simple average over several different trees which reduces bias in the

predictions [5§].

Algorithm 2 Random Forest for Regression and Classification [58:588|
1. For b=1 to B:

(a) Draw a bootstrap sample Z* of size N from the training data.

(b) Grow a random-forest tree T, to the bootstrapped data, by recursively
repeating the following steps for each terminal node of the tree, until the
minimum node size N,,;, 1s reached.

i. Select m variables at random from the p variables.
ii. Pick the best variable/split-point among the m.
iii. Split the node into two daughter nodes.

2. Output the ensemble of the trees T, .

To make a prediction at a new point x:
Regression: Af}(x) =Z S Ty(x).

Classification: Let Cy(z) be the class prediction of the bth random-forest tree. Then
. R B
CP(x) = magority vote {C’b(x)}l .

2.4.2 Isolation Forest.

Isolation Forest is built similarly to a Random Forest in that both build a “forest”
of decision trees using bootstrap sampling [59]. However, instead of trying to predict
new observations, Isolation Forests calculates the average path length necessary to
isolate an observation from the data set [59]. The primary concept being that anom-
alous observations will have a shorter path compared to normal observations and as
such will be easier to isolate from the rest of the data set [59]. This methodology is

relatively new, and has yet to be thoroughly tested outside of academic research.
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2.4.3 t-Distributed Stochastic Neighbor Embedding (t-SNE).

One of the lenses that was utilized for this research is a lens provided by Ay-
asdi called Neighborhood Lenses 1 and 2. Though these lenses are proprietary in
nature, according to an answer provided on Ayasdi’s Support Blog [60], the lenses
were developed from Hinton’s and Van der Maarten’s data visualization technique
t-Distributed Stochastic Neighbor Embedding (t-SNE) [61]. Therefore, even though
the precise methodology in Ayasid’s Neighborhood Lenses are proprietary, the t-SNE
algorithm is close to the one used for this paper’s models and as such will be presented
as a decent example for methodology used. The goal of all dimensionality reduction
techniques is to convert a high dimensional data set X = {x, zs,...x,} into two or
three-dimensional data set Y = {y1, y2, ...y, } that can be easily observed in a scatter
plot [61]. The aim of dimensionality reduction is to preserve as much of the signi-
ficant structure of the high-dimension data while mapping the data matrix X into
a lower-dimension Y [61]. Other traditional techniques, such as Principal Compon-
ent Analysis (PCA) or Multidimensional Scaling (MDS) aim to preserve some global
structure of the original data matrix X. In contrast, t-SNE aims to preserve the local
structure in the original data matrix X when mapping onto Y [61]. As such, t-SNE
is better at capturing natural clusters and groupings that could be found in the ori-
ginal high-dimension data structure X [61]. This makes t-SNE a particularly useful

as a lens in MAPPER as a defining function of “nearness” in the binning process,
described in Section [2.3.1.1] and seen in Figure

The t-SNE algorithm chooses two similarity measures between pairs of points -
one for the high-dimensional structure X and one for the low-dimensional structre Y
[62]. It then attempts to create a lower-dimensional embedding that minimizes the
Kulback-Leibler (KL) divergence between the “vector of similarities between pairs

points in the original dataset and the similarities of points between pairs of points in
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the embedding” [62:2]. The algorithm accomplishes this through non-convex optim-
ization with a randomized starting point [62]. For a closer look at the math please
see Van der Maaten’s and Hinton’s original paper [61] or a more condensed version

out of Princeton University, originally written for learning purposes [62].

2.5 Geospatial Analysis

Geospatial analysis is said to date as far back as 15,000 years ago to the Lascaux
cave in southwestern France [63]. Though crudely drawn by early man, these maps
depicts man’s earliest attempts at mapping different aspects of the world as they saw
it.

It was not until 1854, during a particularly bad cholera outbreak in London,
that geospatial analysis was seen as a valid and useful scientific method [63]. Dr.
John Snow, an English physician, decided to map out reported cholera deaths around
London while noting the locations of water pumps [63]. With this map, Dr. Snow was
able to pinpoint the location of the outbreak to a certain water pump in the city [63].
Due to his analysis, Dr. Snow was able to help halt the spread of the disease [63].
Since then, geospatial analysis has been utilized for mapping the spread of diseases,
social norms, natural disasters and even human war far [63]. Geospatial analysis was

recently utlized in the West African region during the 2013-2016 Ebola epidemic [33].
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III. Methodology

3.1 Overview

The chosen methodology for this research project is to observe the shape of wo-
mens’ survey data in the West African region through use of Ayasdi’s Topological
Data Analysis MAPPER algorithm, Geospatial analysis, and other unsupervised and

supervised machine learning algorithms.

3.2 Topological Data Analysis (TDA) Models

All applications of MAPPER were conducted in Ayasdi’s TDA platform named
the Workbench. The lenses utilized were Neighborhood lenses 1 and 2 (see t-SNE in
Chapter 2). The only metric used was IQR Normalized Euclidean. IQR Normalized
Euclidean distance is also known as the interquartile range metric [64]. IQR Normal-
ized Euclidean normalized the distance between two columns of data based on the

interquartile range of said column [64]. See equation below:

Where:

e XY = data points
e N = dimensionality of X, RY (i.e., the number of columns chosen for analysis)

e R, is the interquartile range associated with each column
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3.2.1 Toplogical Hierarchical Decomposition (THD).

Two Topological Heirarchical Decompositions (THDs) were created through AFRL’s
platform tool built to interact with Ayasdi’s Workbench, both of which require Py-
thon 2.7 [65]. The first THD was built only looking at the DHS Program’s women
survey data, meaning that no variables related to conflict were included while ap-
plying MAPPER. The second THD was created using both DHS Survey Data and
the conflict matrices described further in Chapter 4. The lenses used were Neighbor-
hood lenses 1 and 2, with a gain of 1.5 (= 33% overlap), IQR Normalized Euclidean
metric, and a starting resolution of 1 with an iterative increase of 15. Additionally,
to establish the difference between the separate groups/connected components of in-
terest, statistical comparisons were implimented using Kolmogorov—Smirnov tests for

continuous variables and hypergeometric tests for categorical variables.

3.3 Geospatial Analysis

All maps were created using Python 3.7 [66] libraries GeoPandas [67] and GeoPlot
[68]. The shape files that located each DHS survey cite was downloaded directly from
the DHS Program website and merged with the dataset used for analysis on the
variable DHSID - see Appendix [A] DHSID was the identification number that linked

each woman with her respective DHS survey cluster location.

Two additional shape datafiles were downloaded and utilized in the geospatial
analysis. The first is the World Borders shape file from thematicmapping.org [69]
so as to outline the countries being observed in the Geospatial Analysis maps. The
second is the World Cities shape file from ArcGIS Hub website [70] which were used

to show the location of large cities in any mape that was created.

The primary analysis tool utilized was spatial kernel density estimate plots using a
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function provided in the geoplot library. According to documentation, kernel density
estimation is a unsupervised learning technique that helps to estimate the distribution
of underlining data . When applied in a spatial representation, it can be used as a
way to estimate the density of points on a map and quite random noise . This is a
helpful tool as it allows us to have a clearer visual understanding of where women in
certain groupings, with statistically defined qualities, are densest in their respective

regions. Provided below in Figure [16]is a map of the methodology used.

sl SeEaeaee (GPS Data) THDs json Files AFRLTHD Pipeline
ACLED Database DHS Database

e - (THD Group Info)

} 7 (Test Info)

Ayasdi Workbench

Jupyter Notebook:
S Data Analysis
IPUMS Database
Cleaned Dataset
West African Women Python .3.7: Varlable(.:reatlon:
| Data Cleaningand — Mean conflict, Random
and Conflict Dataset i : :
Manipulation Forest, Isolation Forest

Figure 16. Methodology Map
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IV. Analysis

4.1 Overview

This team utilized several techniques on the obtained dataset: initial statistical
analysis, Topological Data Analysis through MAPPER, Topological Hierarchical De-
composition, supervised and unsupervised machine learning algorithms and Geospa-

tial Analysis.

4.2 Data

This research team pulled data from the Integrated Public Use Microdata Series
(IPUMS) database which is part of the Institute of Social Research and Data In-
novation at the University of Minnesota and is directed by Regents Professor Steven
Ruggles [71]. The data that IPUMS housed and merged together was originally pulled
from the Demographic and Health Survey (DHS) Program [72], funded by USAID,
and from the The Armed Conflict Location & Event Data Project (ACLED) [73]. The
DHS Program collects answers to questionnaires, or “samples”, that are supposed to
be representative of the nation at large [72]. Only surveys that were conducted on
women with attached cluster longitude and latitude location information were used
for this research. A cluster, in the DHS survey context, is a randomly selected number
of households, which are “selected with Probability Proportional to Size (PPS)” for
any given selected region within a country [74]. It should be noted, however, that in
order to secure the anonymity of the survey subjects, each cluster GPS location is
provided a random dislocation buffer of a minimum of 0 kilometers to 10 kilometers,

depending on rural or urban status [72].
Using IPUMS as the sole data source had both its advantages and disadvantages.
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Due to IPUMS being relatively new, the database does not have all DHS collected
country surveys; resulting in a possible data set loosing five of the countries listed in
Table [I[} Gambia, Liberia, Sengal, Sierra Leone and Togo. IPUMS had eight of the
fifteen listed countries: Benin, Burkina Faso, Cote d’Ivoire, Ghana, Guinea, Mali,
Niger, and Nigeria; the DHS Program did not collected any surveys from Guinea-
Bissau and Cabo Verde. Additionally, in order to increase country samples and to
better capture Nigeria’s boarder, Cameroon, a country of stated interest that lies
along Nigeria’s eastern boarder, was added to data pulled from TPUMS. All data

samples were collected in the time range of 1998 to 2014.

Table 4. Dataset Country and Sample Years

Country Sample Years

Benin 2001, 2011
Burkina-Fasso 2003, 2010

Cameroon 2004, 2011

Cote d’Ivore 1998, 2011

Ghana 1998, 2003, 2008, 2014
Guinea 1999, 2005, 2012

Mali 2001, 2006

Niger 1998

Nigeria 2003, 2008, 2013

Despite the lost in survey samples, IPUMS was chosen as the data source due
to its obvious advantages. IPUMS was able to attach conflict variables pulled from
ACLED and then attach them by the location of the DHS clusters and merge them
with the DHS survey data set. The three conflict variables provided by the IPUMS
database are riots, battles and civilian violence. According to ACLED, “A politically
violent event is a single altercation where often force is used by one or more groups for
a political end, although some instances - including protests and non-violent activity

- are included in the dataset to capture the potential pre-cursors or critical junctures
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of a conflict” [75:7]. According the the ACLED 2017 Code book [75], the three events

used in this research are defined as such:

e Battles: A battle between two or more violent armed groups, both official

(national military) and unofficial (rebel militia).
e Riots: A violent form of demonstration

e Civilian Violence: Violence against an unarmed group of civilians at the
hands of a violent and armed group (militia, terrorist organization, or even

military).

Each of the three conflict event indicators listed above are a set of twenty variables,
ranging from 1997 to 2016, capturing the number of events that occurred within a
10 kilometer buffer around the survey cluster of each women for each given year [71].
Each set of conflict variables is a data matrix C™*?° where C' is any one of the three
conflict variable set described above, m are the number of observations in the data
set and 20 is the number of years ranging from 1998-2016 that the conflict variables
range over. The conflict variables added to the data set provided this team with a
way to view womens’ “well-being” as described by their answers to the DHS survey

and conflict around them.

Currently, the DHS Program provides their datasets in either SaS, SPSS, or
STATA data file formats. The data format in which the DHS Program provided
their data files impeded this research as this research team is unfamiliar with theses
programming languages. IPUMS, however, provided their data in CSV format which
could be loaded into a Python interface as a DataFrame using the Pandas library in
Python 3.7 [76]. This helped to decrease any uncertainty surrounding data quality

going forward.
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Figure is a map plotting the DHS sample points and is colored by country.
Figure (17| presents the spatial distribution and density of the samples gathered. For
instance, both Niger and Mali are relatively sparse in terms of samples, while Nigeria
and Ghana are both relatively dense. This disparity between number of representative
samples of women for each country is partially due to a difference in demographics.
For instance, both Nigeria and Ghana have significantly higher population densities
compared to other countries in the data sample . Furthermore, each country does

not have the same number of DHS Surveys, as indicated in Table [4

Figure 17. DHS Samples Map

4.2.1 Data Manipulation and Imputation.
4.2.1.1 Manipulation.

Due to the nature of survey data, data manipulation was required for the provided
data set. Several of the variables used, which are listed in Appendix [A], were categor-
ical or nominal. According to common data manipulation practices, all nominal

and categorical variables were coded into binary indicator variables through the use
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Python 3.7 [66] lists and dictionaries, which are provided in Appendix . Due to
differences in country surveys, or certain questions not pertaining to all women inter-
viewed, there were several missing values in the data set. In contrast to most machine
learning assumptions, the missing values in this data set had intrinsic meaning. For
instance, a missing value in the variable pertaining to a woman’s age at their first
marriage indicates that the woman is not married. As such, instead of imputing
missing values - or other common practices in machine learning - missing values were
captured in their own binary indicator variables. In the social sciences, where missing
values often times hold meaning beyond data impurities, codeing missing values to
be binary indicator variables is considered common practice [41]. Additionally, all of

the continuous variables were normalized using the Min-Max method depicted below:

 Min(X S
gy = — 3 inX) _ viex (3)
Maz(X) — Min(X)

Later in the data manipulation process, there was an error found in the conflict
event indicator variables. For some reason, unknown to this research team, Niger’s
riots variable for 2008 were all missing. However, since Niger only had one sample in
1998, the potential affect that the lost conflict event data could have on the analysis
is believed to be negligible at worst. As such, all the missing values for riots in Niger’s
2008 sample were simply imputed as 0 under the assumption that there were few riots
that year. Though this assumption is hardly justified, due to time constraints, it was
necessary. At the end of the data manipulation process, the data set was left with

255,221 Observations.
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4.2.2 Variable Creation.

A single variable for the mean number of riots, battles and civilian violence events
surrounding a woman’s sample cluster were computed. These computed conflict vari-
ables were continuous indicators of the number of riots, battles, or civilian conflicts
that had occurred around a DHS cluster within a certain time frame window. The
equation used to compute these continuous conflict variables is provided below where

the riots data matrix R?*5221%20 ig being used as an example:

yi(R|h) = ( ! ) Z (RijA\j(w)) Viel (4)

2h+1 vied
Where:

e [ =1{1,2,...,255221}, indexed by i is the set of women surveyed in DHS sample

cluster.

e J = {1997,1998,...,2016}, indexed by j, is the set that corresponds to the

conflict year range.

e w; is a vector of length 7 that corresponds to the year in which woman i was

interviewed for the DHS survey.

e h is the half-width parameter, set somewhat arbitrarily by the analyst, that is
the number of years before and after the year in which any given woman was

interviewed for the DHS Program survey.

e y;(R|h) is the mean number of riots for women ¢ over the years surrounding the

woman when she was surveyed, given the half-width length h.

1 ifw,—h<j<w+hViel

0 otherwise
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For this research, h = 2 years. This A value means that for each woman in
the data set, there is a pseudo-confidence interval of length 5 around each woman’s
correlated conflict events - 2 years before and 2 years after plus the year in which
she was interviewed. The reasoning behind setting the length of this interval to 5
years was that if there is some kind of correlation behind a woman’s well-being and
stability /conflict, that a 5 year window would be a sufficient time length to capture
the conditions of each woman’s surrounding. Again, this is a parameter set by the

analyst and can be changed and further tested in later research.

Figure below are box plots of the continuous variables created with h = 2.
As one can observe, the mean for each of these variables (Figure = y;(R|h),
Figure = y;(BJh), and Figure = y;(C|h)) are close to zero. However, each
mean conflict variable has a significant number of extreme outliers with some women

experiencing an average of over 140 riots per year near them within a five year period.
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Figure 18. Continuous Conflict Variables Boxplots

A continuous mean conflict variable was created for each set of conflict variables -
riots (R), battles (B) and civilian violence (C) - with an additional continuous conflict

variable that was the mean of the continuous conflict variables:

yi(AllR) = = (w(RIR) + w(BIR) + (1)), Vi € 1 9

Binary indicator variables were also added onto the data set for each of the mean
conflict variables described above. Each indicator variable was one if the mean conflict

variable was greater than 0, and 0 otherwise:
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bi(R|h) = (6)

0 Otherwise
The conflict binary indicator variables, depicted above for riots, was utilized for

Analysis purposes while examining TDA models.

4.2.3 Machine Learning Variable Creation.

Three different sets of conflict variables were created using the random forest and

isolation forest algorithms.

4.2.3.1 Regression Random Forest Predictions.

A Regression Random Forest algorithm was trained to predict the number of
mean conflict events for each conflict type (y;(R|h), y;(B|h), y;(C|h), y;(All|h)) using
the Sklearn Python library [77]. The algorithm was trained on 75% of a randomly
selected subset of the data set, and then tested on the remaining 25% of the data
set. The predictor variables used to predict the Random Forest models were only
variables that represented a woman’s well-being; i.e. answers to the DHS Program’s
survey questions. Table [5| below is the Mean Squared Error (MSE) and adjusted R?

for each trained model when applied to the testing dataset.

Table 5. Regression Random Forest Model Scores

Dependant Variable MSE  R?

adj
yi(R|h) 151.947 0.173
yi(B|h) 5.961  0.167
i (C|h) 11.206  0.176
yi(All|h) 250.247  0.207
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The women’s survey data, by itself, were not good predictors of conflict. The
highest R, value was 0.207 with a Mean squared error (MSE) equal to 250.247 con-

flict events. However, though slight at best, the predictive values for the continuous

—

conflict variables - which will be defined as y;(R[R), y:(B|h), :(C|h), and y;(All[h) -
are useful when trying to see how women and conflict interact in TDA models built

using MAPPER.

In addition to the four predicted continuous conflict variables, the absolute differ-
ence between the true conflict events and the predicted conflict events were calculated

for each woman. See equation [7| for reference:

—_—

riots® = ly;(R|h) — y;(R|Rh)|, Vi € I (7)

i

The absolute difference between the ground truth and predicted values will be
useful when observing which observations were harder to predict than others and
where they exist in the topology of the data. Additional statistical tests can be
administered to determine any particular traits between hard to predict observations

and others within the Ayasdi workbench.

4.2.3.2 Isolation Forest Anomaly Scores.

As mentioned in the previous chapter, isolation forests are used to find anomalous
observations. Using the Sklearn Python library [77], two different isolation forests,
utilizing bootstrap sampling, were built. One was built on a subset containing only the

X'L'><363

o, Where ¢ is the number of observations

DHS Program woman survey answers,
in the data set (255,221). The other isolation forest was built using the augmented

matrix of the DHS Program women survey answers and all three separate conflict
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variable matrices (riots, battles, and civilian violence).

X = (XU R ) ®

Figure below shows the distribution of the anomaly scores between the two
different datasets. The lower the score, the more anomalous the observation where
any score being less than 0 is to be considered anomalous. According to the histograms
in Figure |19} the dataset containing only DHS women survey answers (X363 ) has

more anomalous observations than when the DHS women survey answers are merged

with the conflict variable sets/matrices.

Augmented Women and Conflict Data
DHS Women Survey Answers Only

Figure 19. Anomaly Scores Distributions by Dataset
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4.3 Initial Findings

4.3.1 Initial Geospatial Analysis.

4.3.1.1 Education.

Initial analysis of the data consisted of spatial kernel density estimate plots of
women in pre-defined groupings of interest. A kernel density estimate is an unsu-
pervised learning technique which, when applied to geospatial data, can be used to
smooth out random noise and find the true distribution/density of points in a given
space [68]. As indicated in Chapter 2, the research investigating women’s impact on
“stability” is generally focused on a nation’s economic stability - typically presenting
itself in education attainment by women. Given that this definition of stability is
most researched, this research team believes it beneficial to look at the distribution
of women who are defined by a certain binary indicator. Figure 20| contains two heat
maps consisting of women who indicated as having received no formal education

or as having received an education level higher than a completed secondary education

(201).

@ = cities with population of

@ = cities with population of | 1mil or greater

1mil or greater |

=%
4 Guinea

Cote Nigeria
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‘\ . 3 A
k. } Cameroon |
\ ~ \

(a) No Formal Education (b) Higher Education

Figure 20. Heat Maps of Women by Education Level Attained
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Upon observing from the maps above, women with no education level (131,572
women) are most densely distributed away from the cost line in Burkina Faso, Guinea,
Mali, Niger, Benin and upper Nigeria. In contrast, the women who have obtained
a “higher” level of education - meaning some level of education higher than a com-
pleted secondary education degree - are most dense in Nigeria’s coast line. Women
with a higher level of education (10,137 women) are also concentrated in large cit-
ies throughout the region with a slightly higher density around Ghana’s coast and
Cameroon. This is in line with Nigeria, Ghana and Cameroon being some of the more

economically stable countries in the region (and even the African Continent) [13].

4.3.1.2 Female Genital Mutilation/Cutting.

Another area of interest is that of Female Genital Mutilation/Cutting (FGM/C).
This practice can be damaging to young girls well-being and health. Additionally,
several large organizations are interested in the public health problem including the
United Nations and the Economic Community of West African States (ECOWAS).

Figure is a heat map of the women who answered positively when asked if they

had been circumecised.
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Figure 21. Heat Map of Women Who Have Been Circumcised
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In Figure , the concentration of FGM/C is in Mali, Burkina Faso, Guinea and
Coastal Nigeria.

4.3.1.3 Anomalous Women.

An additional research question of interest was observing women who would be
considered as “anomalous” through the isolation forest algorithm, their spatial density
estimate maps, and what dimensions in the data set might account for their “anomal-
ous” classification. Figure 22| below is the heat map showing the density distribution
of the 7,786 women who had anomaly scores less than 0 (which according to Sklean’s

isolation forest documentation would be considered strictly anomalous) [77].
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Figure 22. Heat Map of Women with Anomaly Scores < 0

Statistical comparisons in Ayasdi Workbench indicated that the anomalous women
not only experienced more instances of violence then the rest of the dataset, but

also had higher values associated with the mean number of conflict events described

Section above. Additionally, the anomalous women were better educated overall,
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were wealthier and had a relatively high percentage of catholic believers and relatively
fewer Muslims. For the statistical comparisons, see Table [6 It should be noted
that the KS score refers to a Kolmogorov-Smirnov Statistic which lies between 0-1,
where the higher the statistic the more different the distributions of the continuous
variables. The P-value column refers to either the KS statistic’s correlating P-value for

continuous variables, or the p-value of a Hypergeometric test for the binary variables.

Table 6. Statistical Test Results on Anomalous Women and Rest of Data Set

Variable Anomalous Women Rest of Data Set P_value KS Score
(mean & %) (mean & %) (continuous)
vi(R|h) 3.00 0.00 5.37e-13 0.260
bi(R|h) 74.2% 48.2% 0.00
yi(B|h) 0.600 0.00 5.37e-13 0.238
b;(B|h) 68.7% 44.9% 0.00
y:(C|h) 1.20 0.00 5.37e-13 0.257
b;(C|h) 73.5% 47.8% 0.00
Wealth Index 1.29 -0.281 5.37e-13 0.471
Education Achieved 3.3 53.1% 0.00
None
Education Achieved 40.1% 18.5% 0.00
Incomplete Secondary
Educatlgn Achieved 93.5% 3.4% 0.00
Higher
Current Contraceptive
Method is Modern 56.5% 9.0% 0-00
Catholic 32.9% 14.9% 0.00
Age at First Marriage 17.18 years 14.88 years 5.37e-13 0.163
Muslim /Islam 13.6% 51.4% 0.00

4.4 Topological Hierarchical Decomposition

Two different THD’s were created using AFRL’s TDA Pipeline. Both models
were made with Neighborhood lenses and IQR Normalized Euclidean Metric. The
first model was created only using women’s answers to their respective DHS survey.

In the Ayasdi Workbench, analysis could be implemented utilizing variables not used

61



to build the model. Therefore, even though no conflict variables were used to build
the first THD model, the research team was able to track conflict variables throughout
the topology’s decomposition. The second THD model was created using the DHS

survey data augmented with the conflict data (see Equation .

4.4.1 DHS Data.

Figure 23] is a summary of the of the THD model created using only DHS survey
data. The blocks represent connected components that broke off from the main data

structure and the number in circles are naming the different splits for reference.
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Figure 23. Summary of THD Model with Only DHS Data

The data is first split into two primary groups (and therefore most prominent
dimensions) of women, with 1.0 being married women and 1.1 being single women
with no children. The connected component made up of only single women with no
children was further split into three primary groups. The first group (3.0) contains
women who are poorer, uneducated and currently working with a mean age of 19.
The next two groups (3.1 and 3.2) consists of what seems to be mainly full-time

students (primarily college) and seem to be divided mainly by geographic location;
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3.1 is mainly Nigerian while 3.2 has mainly Ghanaian and Cameroonian women. Each

grouping then splits further based mainly on variables describing FGM/C.

Split 2 in Figure [23| splits married women into women with children and women
without children. Following married women with children (which was a majority of
the dataset), this connected component is split further at split 4 into five separate
connected components. These connected components differ mainly in the number of
children over a 5 year period who have died and the age at which they died. These
women are then split further based on Education levels, wealth, Urban status, and

FGM/C.

Throughout the decomposition of the data set there was no single branch or con-
nected component with an obvious concentration of conflict events. However, at the
very end of the decomposition, two connected components had slightly higher concen-
tration of conflict events (as a proportion) compared to others (8.0 and 8.1). After
applying statistical test on both of these groups, both groups had higher levels of
education attainments, higher wealth indices, lower number of women who had been
circumcised, greater access to birth control, and higher mean ages at first marriage
and first birth. Essentially, most western women would want to be in these connec-
ted components, however, each had higher instances of conflict events and therefore
instability. Figure [24] below depicts the spatial density maps for the women in the

different connected components.
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Figure 24. Spatial Density Maps of Women in THD; Connected Components

4.4.2 DHS and ACLED Data.

The second THD model created used the data set made up of the DHS survey
data merged with the conflict events data matrices (see Equation [§). With the added
60 dimensions in the data matrix the shape/topology of the data was affected. As
such, the women in the second THD model decomposed differently compared to the
first THD model. Figure [25]is the summary of the DHS Survey and ACLED data
THD model that was created using Neighborhood lenses, IQR Normalized Euclidean

metric and a gain of 1.5 (= 33% overlap).
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Figure 25. Summary of THD Model with DHS and ACLED Data

The first split at 1 was separating connected components that held extreme mean
conflict variable values. Additionally, it seems that it split these extreme components
(1.1 - 1.6) into specific time and spatially spread out events. The second split (labeled
2 in Figure splits the women in a similar manner to the first THD model - married
women in 2.0 and single women in 2.2 - except that this split created a third connected
component (2.1). In this connected component (2.1) 99% of the remaining conflict
events ended up residing in connected component 2.1 (96,459 women). The splits in
the branch started by 2.1 seem to be broken up mainly by specific conflict events,
driven by the conflict matrices (see equation . The heat map that represents the
spatial location and density of these women in connected component 2.1 can be

observed in Figure 26 below.
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Figure 26. Heat Map for Women in 2.1 Node of THD model with DHS and ALCED
Data

Figure 26| displays women, in connected component 2.1, that appear to be centered

around larger more densely populated areas. The women in this connected component

tended to be wealthier, younger and better educated.

Furthermore, when observing the other two connected components (2.0 and 2.2)

that were brought out from connected component 1.0 (see Figure, one can observe
that each connected component contains women who are slightly poorer and live in
rural areas. Figure shows each connected component, connected component 2.0

being Figure and connected