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Preliminary remarks
This is an elaboration of the final research project I completed for my BSc Computing and IT 
degree at the Open University in the UK. It contains a data analysis on diplomacy and gender. The 
purpose of the final module was to demonstrate the ability to independently conduct a project. 

In this document, I wanted to highlight the process and results of the research itself; the OU thesis 
primarily requires an extensive reflection on the learning process. Consequently, all references to 
previous OU modules and how my research builds on and extends this knowledge have been 
omitted. Other required elements, such as critical reflections on time management, risk analysis, 
and a skills audit, have been omitted for the same reason. Since the OU enforces a strict word limit, 
I had to present the research in a concise manner.

Introduction
In summer 2024, I read about the GenDip dataset from the University of Gothenburg (Niklasson 
and Towns, 2023). This is a dataset of all diplomatic relations divided by gender in the period 1968–
2021. The dataset was published with an invitation for scholars to analyse the data and enrich it 
with other sources. 

Do states use female ambassadors' appointments as an instrument of diplomacy itself? This is the 
central question posed by the GenDip team. Some other questions that the researchers from 
Gothenburg formulated are:

 Are more women appointed as ambassadors to gender equality promoting countries? 
 Do Greater Middle East countries send more female ambassadors to gender equality 

promoting countries? 
 Did Hillary Clinton's tenure as Secretary of State attract female ambassadors to the USA? 

This research aims to address these and related questions by analysing a dataset of diplomatic 
relations. It further explores alternative scenarios beyond the GenDip hypothesis and examines state 
behaviour through the structure of the diplomatic network.
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For this research, I will build a graph database for network analysis, and use graph data analysis to 
investigate factors related to the appointment of female ambassadors in hosting country. The 
process and findings of my research will be documented in this report.

This study consists of three phases and aims to answer 10 research questions:

A. Partial replication of the GenDip Research

 Prepare and clean data and setting up a graph database 
 Analyse the data in order to answer three research questions of the GenDip research team.

B. Integration of External Datasets

 Create my own datasets to analyse the presence of female political leaders in foreign policy 
roles and ambassadorial postings. 

 Incorporate external data to examine additional factors influencing female ambassador 
appointments: hardship, gender inequality index and religion.

 Use hypothesis testing to validate the outcomes of the analysis.

C. Graph Data Science (GDS) Analysis

 Apply Neo4j’s  Graph Data Science tools to analyse the structure of the diplomatic network 
and its behaviour.

 Apply relevant centrality and community detection algorithms to identify influence of 
countries and existence of communities in diplomatic networks.

 Detect possibly interesting anomalies to explore strategic ambassadorial appointments.

Figure 1: Part of the female diplomatic network 2021.  
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Methods

Understanding the problem domain: Gender and 
Diplomacy 
The problem domain’s key sources for understanding female ambassador appointments include the 
GenDip research, a book on research methods in international relations, and peer-reviewed articles 
on diplomacy and gender, all of which are available at the OU library. 

These are some of the main insights from the literature that have guided this research:

 Towns and Niklasson (2017) examined the under-representation of female diplomats in host 
countries, considering factors such as economic and military power. They concluded that many 
studies show women’s representation falls as the prestige of a position increases.

 However, their later publication stated that in diplomacy, a state’s decision to appoint women as 
ambassadors may depend on how strongly the receiving state values gender equality. (Niklasson 
and Towns, 2023)

 Duque (2018) argues that status in international relations is a function of social recognition. In 
her research she prioritises the study of the network dynamics over analysing state’s attributes as 
drivers for international recognition. 

 International relations can be considered as a social network and diplomatic relations can be 
modelled as a graph, with countries as nodes and their diplomatic ties as edges forming the 
diplomatic network (Menninga and Goldberg, 2022). 

Therefore, this study focuses on gender and diplomacy, intending to analyse socio-economic 
factors, as well as the structure and behaviour of the diplomatic network, and paying particular 
attention to states that strategically appoint female ambassadors.

Supporting the Project Work: Graph Data Analysis 
Most of this research relates to the IT technology required for the project work. My sources are 
mainly recent textbooks and documentation written by experts in the field. Most of these sources 
are taken from the OU library, while software documentation is used from the relevant websites (for 
example Neo4j and Wikidata) and tutorials from renowned blogs, such as Medium and Towards 
Data Science. 

Relevant algorithms and social network analysis 

Redmond and Wilson (2012) describe graph databases as being particularly well-suited to analysing 
linked data and social networks. They are designed to store interconnected data using nodes 
(representing entities such as persons or countries) and edges (representing relationships between 
the nodes), both of which can hold properties. Although graph theory provides a systematic, 
quantitative foundation for studying social relationships (Golędzinowski & Błocki, 2023), this 
project only applies selected graph concepts. 
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Networks can take on a few archetypal forms. This study focuses on a small-world network. Such 
networks are characterised by two features (Needham & Hodler, 2019; Marchiori & Latora, 2000; 
Sung, 2025):
 Small diameter. The diameter is the longest shortest path between nodes (Meghanathan, 2017).
 High clustering coefficient: This describes the likelihood that the neighbours of a country node 

are also connected (Neo4j documentation, n.d.). The higher the number, the denser the graph.
Similar small-world examples include social media networks and transport hubs, such as airports. 
The diameter of these networks is, on average, between 5 and 6 steps. (Needham & Hodler, 2019).

Two further concepts are important to understand the structure of a network:

Centrality
Not all nodes are equal; some are more important than others, acting as bridges or disseminators. 
Centrality, understood as the influence of nodes, can be analysed in several ways (Meghanathan, 
2017):

 Degree centrality: The number of directly connected nodes, incoming or outgoing. 
 Betweenness centrality: Prioritises nodes that are on connecting paths between other nodes.
 Closeness centrality: Prioritises nodes that are close to other nodes.
 PageRank: An algorithm that considers the importance of countries based on the importance 

of neighbours and their neighbours in the network.
Figure 2 provides a visual summary of the these concepts.

Communities
Networks can contain groupings of nodes that are more closely connected to each other than to 
other nodes. There are various ways of analysing the presence and composition of these 
communities. Here, I will adopt the approach of Needham and Hodler (2019). They focus on:

 Triangles. A triangle has three fully connected nodes (Scifo, 2023). A small-world network 
will have a high number of triangles. 

Figure 2: Summary of centrality algorithms. Taken from Needham and Hodler, figure 5-1 (2019)
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 Connected components. These are clusters of nodes only connected to themselves and not to 
any other nodes. In a small-world scenario, there will be just one or a limited number of 
connected components (Needham and Hodler, 2019).

 Louvain algorithm. The Louvain algorithm is based on the concept of modularity which 
means it iteratively analyses whether nodes have more connections with similar nodes than 
would be expected in a random graph (Scifo, 2023; Smith, 2024). 

Graph query languages 

Nodes and edges are stored in a dedicated graph database. Graph databases fall under the category 
of NoSQL systems, offering greater flexibility than traditional relational databases. Mastering query 
languages is essential for graph databases. I studied Ducharme (2011) on SPARQL and Scifo (2020) 
on Cypher, and used Wikidata and Neo4j documentation, plus tutorials and expert blogs (e.g., 
Webber, 2024), to explore practical applications.

SPARQL is a query language for RDF (Resource Description Framework) databases, which 
underpin the Semantic Web and Linked Open Data. In RDF, entities like countries or ambassadors 
are connected through defined properties (e.g. ‘has diplomatic relations with’). A central element is 
the ontology, which formally defines the structure of these relationships and the meaning of classes. 
Understanding the ontology is essential for effective SPARQL queries (Webber, 2024).

Cypher, by contrast, is the query language for Neo4j, a graph database using the labelled-property 
graph (LPG) model (Webber, 2024; Scifo, 2020). Unlike RDF, it does not rely on an ontology. 
Nodes and edges are labelled and can have properties, and queries use pattern matching, allowing 
direct exploration of node relationships.

Hypothesis testing

This research examined the correlation between the appointment of female ambassadors and various 
socio-economic indicators. I used hypothesis testing to determine the statistical significance of these 
relationships. Different statistical methods are used depending on the nature of the variables 
involved. I studied the handbook by Cohen et al. (2018) and used blogs like Statology to find 
practical examples of applying statistical methods in Python. For this research, I will use two 
categories of data:

 Nominal data: data with no inherent order (e.g. gender of ambassadors, regions, religions).
 Ratio-scale data: ordered data with equal intervals and a meaningful zero point (e.g. in-

degree, percentages of female ambassadors).

The combination of these types of data determines which hypothesis test must be used:

 Fisher’s Exact Test is used to analyse the statistically significant relationship between two 
nominal variables, for example gender versus region. 

 For ratio-scale variables (e.g. in-degree vs. hardship scores), Pearson's r is used to measure 
the correlation. 

 The Kruskal–Wallis test is appropriate for comparisons of continuous and categorical data, 
for example religion versus in-degree (Bobbit, 2022).
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Analysis begins with a null hypothesis, assuming no relationship between variables, with a 
significance threshold (α) of 0.05 (Cohen et al., 2018). Values below α indicate a statistically 
significant relationship.

Resources

Data
The GenDip dataset was published in 20231. It is a CSV file containing data on countries, regions, 
gender, main or side postings, country codes and types of head of mission for 10 individual years 
spanning the period from 1968 to 2021 (figure 3).

In Part B, I built datasets and merged external open-source datasets into the database. The data-
sources are from renowned international research institutes and international organisations. The 
geographical data is taken from a data scientist’s blog:

1. Heads of State and Prime Ministers, Wikidata

2. Ministers of Foreign Affairs, Wikipedia, "List of foreign ministers in 2021"

3. Hardship data, U.S. Department of State – Hardship Post Allowance page

4. Coordinates Capital Cities, Jasom Dotnet (this geo-data is used for visualisations on maps)

5. Gender Inequality Index (GII), United Nations Development Programme (UNDP)

6. Religious Affiliation, Pew Research Center

The links to the datasets and information about the licenses are added to the reference list.

Software

I used the following software solutions for the research:.

 Neo4j: Cypher for queries and interactions with the database, Bloom and especially NeoDash 
for visualisations. 

 Python: Pandas for data analysis, BeautifulSoup for web-scraping and Seaborn for 
visualisations. 

1 Although the research has been mentioned in a few articles, I am not aware of any other published analysis of this 
dataset.

Figure 3: First records of the GenDip dataset
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 RDF: SPARQL for queries

Results
Acquiring and preparing the GenDip and additional 
datasets

Before analysing the data, I did some data cleaning:
 converting datatypes, eliminating null values (e.g. figure 4)
 renaming values for practical (reducing long names) or ethical reasons (politically neutral 

naming)
 eliminating irrelevant data but ensuring no crucial nodes or attributes were lost 
 checking for outliers
 ensuring that relevant properties could be used as IDs when merging datasets

Datamodel

The key to efficiently analysing data is finding the right approach to storing it.  This provided 
guidance for useful labels and properties for the nodes and edges (Alexopoulos, 2020). My aim was 
to design a data model that represented the problem domain and its context. I started with a detailed 
model of country nodes, diplomatic relations and additional nodes to model various variables.
However, working with this model required rather complex queries. It quickly became clear that a 
much simpler model would improve efficiency when querying the data (figure 11). Rather than 
adding nodes, I added properties to the nodes and edges. This suited my needs better.

Figure 4: Example of a dataset that needed a lot of cleaning: the PEW research on religion.
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Some insights into the dataset

This is an overview of the situation regarding female ambassadors. The table below shows how 
female, male and gender-unknown ambassadors are distributed in the dataset (counting only main 
postings).

Table 1: Distribution ambassadors based on gender classification

Female Male Gender unknown

8,262 61,907 3,873

As shown in figure 6, when we consider the male, gender-unknown and female ambassadors 
together, the under-representation of women becomes evident.

Figure 5: Updated and simpler data model, 208 country nodes, and two types of edges:  
DIPLO_TIES (>94k edges) and FEMHOMS (>4k). Both nodes and edges have various 
properties (variables).
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Another way to consider female representation is to count the number of female diplomatic postings 
per year for each diplomatic relationship. 

There are 4,261 unique female diplomatic ties between the countries. The graph below shows that 
76% of these ties were established just once or twice. (figure 7)

Figure 6: Systematic under-representation of women: an overview of the male and gender 
unknown ambassadors in orange and the female heads of missions in blue.  
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Figure 8 below shows the countries that had most consistent diplomatic relations with a female 
ambassador during the research period.

Figure 7: Frequency of female ambassadors per diplomatic relation.  

HOMs = Heads of Mission
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I can conclude that, although the number of female ambassadors is growing, women remain 
structurally under-represented in diplomatic top positions and there are just a few diplomatic 
relations with a continuous female presence. This confirms the findings by Towns and Niklasson 
(2017), which were presented in my introduction.

I will now address the ten research questions. I following two approaches: 
 I performed Cypher queries directly in the Neo4j browser to explore the data and to ensure that 

the expected results were returned. 
 I used Pandas with the Neo4j library. This enabled me to import the results of a Cypher query 

directly into a Pandas dataframe for further processing and visualisation. This combination 
proved to be particularly powerful.

Figure 8: The  diplomatic relations with the highest continuous 
female presence.
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Part A

Q1. Do women make up a larger share of ambassadors posted to known 
international Gender Equality Promoters GEP2 than to other states? 

This question requires the calculation of the in-degree of female ambassadors per country, this 
represents the number of incoming ambassadors. The bar chart below shows the top 25 countries 
with the highest number of female ambassadors. Eight of these countries are GEP, while the others 
are non-GEP (figure 9).

Then, I calculated the average percentage of female ambassadors in both GEP and non-GEP 
countries. (Table 2). 

2 Norway, Denmark, Iceland, Finland, Sweden, United States of America, Canada, France, Mexico, 
Spain, Germany, Luxembourg

Figure 9: Top 25 countries receiving female ambassadors (in-degree) 2021.  
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Table 2: Percentage of female ambassadors to GEP countries 2021 

GEP countries Non-GEP countries

Percentage female ambassadors 30.5% 23.7%

This seemed to confirm the initial question. However, when testing the hypothesis I found a t-value 
of 1.55, indicating that the means for the two groups are fairly close (figure 8). The p-value is 
0.123, meaning that the null hypothesis cannot be rejected. Unfortunately, there is no significant 
statistical difference between female ambassadors sent to GEP and non-GEP countries.

As a reflection, I had hoped for statistical confirmation of the results obtained. I fear there is too 
much variation within the two groups to consider them as distinct communities. These findings 
cover 2021 only; in the conclusions of Part B, I will also include an analysis of the entire dataset.

Figure 10: Hypothesis testing Question 1
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Q2 Do states in the Greater Middle East GME3 post a larger share of their female 
ambassadors to host states with a gender equality profile than do other states? 

After querying the data in Cypher, I used Pandas to calculate the percentage of female ambassadors 
from different regions who were sent to GEP countries. In contrast with the GenDip team I included 
the Nordics also in Europe and GME countries in respectively Asia and Africa.

 Figure 11 shows the regional differences:

It seems that the largest share (24.55%) of female ambassadors sent to GEP countries came from the 
Greater Middle East. However, I calculated a Kruskal-Wallis H-test score of 8.0 (Figure 12), which 
is relatively low for 9 groups and a p-value of 0.433. Therefore, it is not possible to reject the null 
hypothesis, meaning that there is no statistically significant difference in the percentages of female 
ambassadors across regions.

3 Afghanistan, Algeria, Armenia, Azerbaijan, Bahrain, Egypt, Georgia, Iraq, Iran, Israel, Jordan, 
Kazakhstan, Kuwait, Kyrgyzstan, Lebanon, Libya, Morocco, Oman, Pakistan, Palestine, Qatar, 
Saudi Arabia, Somalia, Sudan, Syria, Tunisia, Turkey, Turkmenistan, Tajikistan, United Arab 
Emirates, United Arab Republic, Uzbekistan, Yemen.

Figure 11: Percentage of female ambassadors sent from various regions to GEP countries in 
2021
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Unfortunately, regional differences cannot explain ambassadorial decisions. This suggests that other 
variables must be analysed to explain the under-representation of women.

Figure 12: Kruskal's H-score regions sending  female ambassadors to GEP countries
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Q3 Is there a presumed “Hillary Effect”, influencing the nomination of incoming 
female heads of mission? 

Answering this question is relatively straightforward. It requires just counting the number of 
incoming female ambassadors to the USA for each year present in the dataset (figure 13). 

After that, I created with Seaborn a line chart showing the increasing number of female 
ambassadors over the years (Figure 14). Although the number stalled during Clinton’s tenure (2008 
–2013) and declined slightly after she left office, significant increases occurred during the terms of 
Madeleine Albright (1997–2001) and Condoleezza Rice (2005–2009). 

Figure 13: Calculating total female ambassadors in the USA per year
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As Niklasson and Towns (2023) anticipated, there was no Hillary effect, but the results raise the 
question whether the presence of female politicians in the receiving country influences the 
appointment of female ambassadors. This inspired me to create datasets on female politicians. This 
is the subject of question 4.

Conclusions Part A

My analysis confirms the GenDip team’s findings regarding the under-representation of women and 
demonstrates that countries make decisions where to send female ambassadors.
However, the data analysis did not find any statistical evidence to support the first two questions 
relating to regions, as formulated by the GenDip team. There is not enough statistical evidence to 
confirm:

 that more women are appointed as ambassadors to gender equality promoting countries. 
 nor do Greater Middle East countries send more female ambassadors to gender equality 

promoting countries.
Therefore, I will investigate further whether additional data can provide alternative explanations 
(Part B) or whether the network structure itself can explain the findings (Part C).

Figure 14: Line graph of incoming female ambassadors in the USA.
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Part B

Q4. Are countries sending more female than male ambassadors to countries that 
have a female head of state, prime minister or minister of foreign affairs? 

To answer this question, I applied two techniques:

 RDF to query Wikidata and find female heads of state and prime ministers

 Web-scraping with BeautifulSoup to find ministers of foreign affairs in Wikipedia

Both operations returned a list of countries with a distinct value indicating the presence of one of 
the three possible female politicians. I then merged the datasets into the database by adding a 
property to each country node to show whether it had at least one woman in any of the three roles in 
2021. I analysed whether countries send more female than male ambassadors to host countries with 
a female head of state, prime minister, or minister of foreign affairs. 

Summarising the results in one table (figure 15) reveals a clear relationship between women in 
leading roles in foreign affairs and a higher presence of female ambassadors.
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Finally I performed a Fisher’s exact to test the hypothesis. The results show that, in all three cases,  
the null hypothesis is not supported (figure 16). Therefore, I can conclude that female ambassadors 
are more likely to be sent to countries where female politicians hold key roles in foreign affairs. 
However, this does not imply a causal relationship.

Figure 15: Overview of male and female ambassadors sent to countries with or without 
female politicians in key foreign affairs roles. HOS = head of state, PM = prime minister, 
MFA = minister of foreign affairs, HOM  = head of mission  
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Q5 Do living conditions matter as a pull factor for female ambassadors?

For this analysis, I used the US State Department's hardship classification, which takes into account 
factors such as security, healthcare, and living conditions abroad (U.S. Department of State, n.d.). 
This dataset, provide national but also regional scores. Given that local conditions vary from 
country to country, I calculated national averages to provide a comparable metric for each one. 

Figure 16: Hypothesis tests confirm there are more female ambassadors in all three scenarios: The 
odds-ratio  heads of state: 1.26, prime ministers: 1.43, ministers of foreign affairs: 1.38 and p-
values: HOS: 0.000093, PM: 0.000095, MFA: 0.00060. The null hypothesis is not supported.
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Then I added the hardship values to the country nodes in Neo4j. In NeoDash I used a query to 
visualise the level of hardship for the countries in the dataset (figure 17). 

To analyse the relationship between the in-degree of female ambassadors, I created a scatterplot 
(figure 18), which clearly shows the relationship between the living conditions in a country, the 
posting of female ambassadors, and the three key regions.

Figure 17: Average Hardship scores in the world based on US State Department's data. The 
black countries do not appear in the US hardship data.
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I calculated Pearson’s r (-0.61) which indicates a clear negative relationship between the hardship 
score and the in-degree. The p-value (3.0 * 10 ¹⁹) indicates that the null-hypothesis is rejected. ⁻
Therefore, I can conclude that the more difficult the living conditions are in a country, the fewer 
women are appointed as ambassadors (figure 19).

Figure 18: Scatterplot of hardship and in-degree of female ambassadors in 2021. The 
correlation for GME countries seems to be very strong, while the relation for GEP is weak.
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Q6 Is gender inequality a factor for female ambassadors' appointments?

Combining the UNDP gender inequality data with the GenDip database enables analysis of the 
relationship with in-degree for female ambassadors. As with the previous question, I queried the 
database and added the code to NeoDash to produce a map showing the distribution per country.

Figure 19: Hypothesis testing Hardship and in-degree
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Then, I created a scatterplot (figure 21) which clearly shows a negative relationship between the GII 
score and the number of female ambassadors in host countries.

Figure 20: Gender Inequality Index 2021 (UNDP data). NB. NeoDash multiplied the GII 
scores x1000
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Using Python, I calculated Pearson's r = -0.58, which indicates a significant negative correlation 
between the Gender Inequality Index and the in-degree. The p-value = 6 * 10 ¹⁶ rejects the null ⁻
hypothesis. This suggests that female ambassadors are posted more often to countries with low 
Gender Inequality Index scores. Therefore, gender inequality also offers an additional explanation 
for decisions regarding female ambassadorial postings.

Reflecting on this, I believe that this index just as hardship provides a more effective classification 
metric than a selection countries based on the presence of certain policies, without taking in account 
local conditions. It seems that the GEP countries are more heterogeneous than the top countries in 
the Gender Inequality Index ranking, which makes such a grouping of countries less useful as a 
variable.

Figure 21: Scatterplot of the gender inequality index and in-degree for female ambassadors 
2021. Clear negative correlation for GME countries and a weak relation for the GEP 
countries.
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Q7 Is there a relationship between the share of female ambassadors sent and 
prevailing religion in the countries of origin?

I analysed the prevailing religion in relation to the in-degree of female ambassadors. The prevailing 
religion dataset contains categorical data, which is also extremely skewed, whereas the in-degree 
data is continuous. Due to their limited number, I ignored religions with fewer than seven 
occurrences (figure 22). 

For this scenario, I evaluated different visualisation techniques and opted for a box plot, as this is 
best suited to visualising the relationship between categorical and continuous data (Figure 23). This 
clearly distinguishes between Christian and religiously unaffiliated countries, which report the 
highest in-degree scores, and Muslim and Buddhist countries, which report the lowest.

Figure 22: Distribution of prevailing religions in the world 2020. PEW research
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Although the absolute numbers are low, on average, 27.5% of female ambassadors from the seven 
Buddhist countries are posted to GEP countries. This is a higher percentage than those from 
Muslims states (23.8%) or the GME region (24.6%).

Figure 23: Boxplot of religion (2020) and in-degree of female ambassadors sent to GEP 
countries in 2021
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I calculated a Kruskal-Wallis H-score of 13.37, which indicates a moderate relationship between 
religion and in-degree. The p-value is 0.0057. We can therefore reject the null-hypothesis. There is a 
relationship between religion and the number of female ambassadors sent to GEP countries. 
Although the skewed dataset has its limitations, religion remains a variable of particular interest 
when identifying countries for further analysis.

My analysis does not go into the complexity of religion as an explanatory factor, and I limited it to 
find the largest religious groups. The skewed data also made it difficult to use some of the groups in 
a meaningful way. With these limitations in mind, it was interesting to observe the relatively high 
proportion of female ambassadors appointed by Buddhist countries.

Figure 24: Percentage of female ambassadors sent to GEP countries per religion. Religion is  
2020 data, diplomats 2021.
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Conclusions Part B

The following table summarises the relationships between the variables that we have analysed so 
far. The table illustrates some of the key findings. For the calculations I used the entire dataset, 
although the specific data for hardship and GII is based on 2021 research only. The percentages 
refer to all female ambassadors sent to GEP countries, not just those from GME countries. For the 
other two comparisons, I considered the top and bottom 20% of countries.

Table 3: Percentages of female ambassadors related to various variables

T -test (< 0.05)

%women GEP
n = 12

 %women other countries
n = 163

16.0 12.6 0.19

%women low GII
n = 34

%women high GII
n = 34

15.1 8.44 1.44 * 10 ⁷⁻

%women low hardship
n = 36

%women high hardship
n = 38

15.6 7.8 2.9 * 10 ⁸⁻

There is a higher percentage of female ambassadors in GEP countries, but the null hypothesis 
cannot rejected, therefore it is impossible to base conclusions on this finding.

More robust statistical evidence was found for alternative explanations of female ambassadorial 
postings: 

1. Countries that have female politicians active in key foreign policy areas, attract relatively 
more female ambassadors. 

2. Living conditions and the inequality scores are significant indicators: women are more often 
sent to countries with better conditions.

3. Despite its limits, the religion dataset demonstrated that Buddhist and Muslim countries 
send a higher share of their female ambassadors to GEP countries, suggesting religion is a 
factor worth further exploration.
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Part C 

Analysing the diplomatic network

This part of the research starts with an analysis of the diplomatic network. I followed the procedure 
described by Needham and Hodler (2019), I first analysed the characteristics of the diplomatic 
network. 

The female diplomatic network has a diameter of 5 (figure 25). This means that the longest shortest 
path takes five steps from one country to another. The average diameter is 2.1. 

The second metric we can consider is the local clustering coefficient which is 0.77 (figure 26). This 
means that, on average, 77% of countries to which a country sends a female ambassador also send 
female ambassadors to each other. 

Based on these two findings, I can conclude that the diplomatic network has the characteristics of a 
small-world network. Knowing this, I drew on the research approaches to small-world networks 
outlined in Sung (2025) and Smith (2020), using them as examples of a possible methodology.

Q8. Identify the prestigious countries and relations: centrality 

Figure 25: Query of the diameter in Neo4j

Figure 26: Query of clustering coefficient in Neo4j
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Is it possible to use graph tools to identify which countries can be considered influential? I 
considered the following:

1. Out-degree: dimension of a country’s diplomatic network
2. In-degree: importance of a hosting country
3. PageRank: influence of a country based on its connected neighbours
4. Closeness: relevance of country as an intermediary in international relations.

The out-degree is a centrality measure that counts the number of outgoing relations. Considering the 
costs and organisation involved in maintaining a diplomatic network (Duque, 2018), the out-degree 
can be considered as an indication of a country’s diplomatic power.

When applying this function on our entire dataset, we find that the top countries are the economic 
and military superpowers in world politics (figure 27). 

Next, I created an overview of all centrality algorithms by calculating the scores for female 
ambassadors and assigning them to country nodes. Using Pandas, I created a dataframe with the 
four measures and sorted them to show the top 20 countries for each (figure 28). 

Figure 27: Top 20 countries based on out-degree  
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Finally, I analysed the percentage of female ambassadors and the prestige of host countries based on 
their overall PageRank (figure 29).

If we compare the top 20 countries on PageRank and the bottom 20 and compare the average 
presence of incoming ambassadors, the results are as follows (table 4): 

Figure 29: Calculation relation in-degree and PageRank

Figure 28: Overview of centrality scores countries based on presence female ambassadors.
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Table 4: Portion of female ambassadors based on PageRank

% in high PageRank countries
n = 20

 % in low PageRank countries
n = 20

T -test (< 0.05)

12.2 18.5 0.04

Since the null hypothesis is not supported, I conclude that influential countries receive fewer female 
ambassadors. This supports Duque’s thesis (2018) on status in networks and aligns with Niklasson 
and Town’s 2017 findings on women’s under-representation in prestigious postings.

Also interesting is that high-ranking countries on PageRank and closeness include regional hubs 
(Cuba, Brazil, Australia) and hosts of multilateral organisations (Belgium, Italy, Switzerland).

The centrality analysis was able to address the core research questions. These graph metrics 
effectively link theoretical assumptions, insights from additional datasets, and the network structure, 
providing evidence why women are sent to certain countries, especially less prestigious nations. 
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Q9: Identify meaningful communities 

The Graph Data Science library contains various algorithms for analysing the presence of communities in the 
dataset. Again, I will follow the approach described by Needham and Hodler’s (2019) to better characterise 
the network.

Triangles

The first step in identifying the presence of communities is to calculate the number of triangles. Neo4j’s 
GDS library makes it easy to perform the calculations. There are 78,003 triangles (figure 30). 

This absolute number should be understood in relation to the size of the network. I have already calculated 
the average clustering coefficient, which indicates what proportion of the nodes are connected to each other. 
Figure 26 shows a value of 0.77, meaning that, on average, countries are connected to 77% of the network. 
This is a high score.

Weakly connected components
The next step is to analyse whether there are any connected components. We already know that we are 
dealing with a small-world network, so it is unlikely there will be lots of connected components. 

The algorithm returns just one cluster (figure 31). This means that we are dealing with a network that has a 
so-called Giant Connected Component that contains a significant proportion of the entire graph's nodes (and 
therefore the countries).

Figure 30: Calculation of triangles
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Louvain

Finally, I applied the Louvain algorithm to identify clusters. It identified 4 communities that can be 
visualised on a map (figure 32). While the distribution may not be immediately obvious, analysing how the 
Louvain algorithm groups the properties used so far allowed me to describe the four groups and gain a better 
understanding of the types of countries present in the dataset.

Figure 31: Calculation of connected components
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The following page includes the output of three queries. The first contains the four communities and their 
scores on the various variables used in this research (figure 33). The second is a calculation of the modularity 
(Figure 34) and the final contains the names of the countries grouped by community (figure 35).

Figure 32: Countries communities detected with Louvain algorithm



Louvain is based on the calculation of modularity.

Figure 34: Calculation of modularity of the community algorithm

Figure 33: Average scores of the communities of some of the variables analysed in this study



The communities are composed as follows:

Figure 35: Composition of the communities
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The modularity score of 0.139 is considered low (Smith, 2024), which may cause inconsistent 
community assignments, with many nodes linked across communities.

Communities 169 and 201 show the smallest female diplomatic networks (low out-degree) and post 
ambassadors to countries with larger networks, though not the most influential (PageRank 1.36 and 
1.31). Differences exist: Community 169 sends women to states with better Gender Inequality 
Index scores, less hardship, and shorter distances, covering much of Europe and the Greater Middle 
East. Community 201, mainly Asian and Oceanian states, shows less favourable patterns.

Communities 94 and 138 have larger networks and send ambassadors to smaller ones. Community 
138 appoints women to the most influential countries, with high PageRank, good GII, and 
favourable living conditions, comprising Latin America, Armenia, and Canada. Community 94 
posts women to less favourable states, with poorer GII and high hardship, including the USA, UK, 
France, and much of Africa.

Conclusions
The Louvain algorithm identifies four communities with some distinctive features. These seem to 
reflect geographical and historical colonial ties, offering a starting point for further analysis to 
discover other features.

For this research, however, the usefulness is limited. First, the small-world nature of the network 
may have made it difficult for the algorithms to separate clusters clearly. Second, these methods 
group sending and receiving countries together, whereas my focus lies on similarities within either 
sending or receiving groups. This makes the results difficult to interpret for my use case.

I had hoped to find more useful results. This may be due to inexperience, perhaps in the selection of 
properties when building the projected graph in Neo4j, or in the choice of community detection 
algorithm. I did re-check procedures and even applied another algorithm designed to identify 
overlapping communities, but this too produced a giant connected component. I tend to conclude 
that the results found reflect the nature of diplomatic networks, where states maintain relations 
widely out of interest rather than within small circles of partners.

The most meaningful outcomes so far come from centrality measures, and I will therefore focus the 
final analysis on centrality algorithms.
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Q10. Are there countries that use their female ambassadorial appointments 
strategically? 

The GenDip paper indicated Saudi Arabia appointing female ambassadors strategically, sending 
them to the USA, Norway, Sweden, and Myanmar (figure 36). Three are GEP countries, and 
Myanmar then had prominent opposition leader Aung San Suu Kyi.

Based on the diplomatic network findings, I examined anomalies to identify strategic female 
ambassador nominations. Combining previous results may reveal countries using such 
appointments as signals to hosts, as hypothesised by Niklasson and Towns (2023).

GME countries and female PageRank

I analysed whether similar situations to Saudi Arabia exist in the dataset, starting with an analysis 
on postings for female ambassadors based on the network structure, in specific the countries with 
high female PageRank scores. My approach involved:

1. Identifying GME countries with a limited number of female ambassadors (out-degree < 11).

2. Determining to which GEP countries (with high PageRank) these female ambassadors were 
posted to.

3. Calculating the percentage of female ambassadors sent to each target country.

4. Considering the cumulative number of female ambassadors over the years (weighted).

Figure 36: Saudi Arabia's female ambassador postings
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This analysis highlighted Saudi Arabia and Qatar, both sending over 50% of their female 
ambassadors to these countries. In comparison, other countries had much lower percentages (figure 
37).



Figure 37: Anomaly detection, GME and GEP countries
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Low female out-degree and high female PageRank

Previous analysis showed that women are generally not sent to ‘prestigious’ countries (high female 
PageRank). The GenDip research hypothesises that appointments used as a political signal are more 
likely in prestigious countries with favourable female foreign policies. To identify these, I focused 
on countries with few female ambassadors (low out-degree) and high female PageRank countries.

This query revealed several interesting cases, including Mauritania, Dominica, the Bahamas, 
Bhutan, and Mongolia (figure 38). Two of these countries consistently post their female 
ambassadors to this group of host states, as indicated by the ‘weight’ column. And interestingly two 
are predominantly Buddhist and two are Muslim countries.

This is, of course, a high-level quantitative analysis, and more detailed investigation is needed to 
understand the dynamics within each country. Nevertheless, I would argue that the value of this 
research lies in providing useful insights and input for further study.



Figure 38: Anomaly detection, out-degree and PageRank
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Low hardship and high hardship countries 

This research also showed that more women are sent to countries with better living conditions. An 
interesting anomaly is to examine the percentages of female ambassadors from low-hardship 
countries who are posted to high-hardship countries (figure 39). This query highlights Denmark and 
the USA, both sending around 10% of their female ambassadors to countries with the poorest living 
conditions, with the US showing particularly consistent postings (weight of 72). It would be 
interesting to examine the motivation behind the specific decisions made by the US State 
Department and Denmark’s MFA.



Figure 39: Anomaly detection, hardship
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Conclusions Part C

This project demonstrated both the usefulness and the limitations of graph data analysis for 
describing the diplomatic network. A major strength was the use of centrality algorithms, which 
effectively identified influential countries. The GDS library successfully captured the network’s 
characteristics, showing it to be very dense, with most countries highly interconnected. However, 
these strong connections made it difficult for community-detection algorithms to identify 
meaningful sub-graphs. Although I identified four communities, their usefulness for this research 
was limited.

The project began with the question of whether countries use female ambassadorial appointments as 
a political signal. By combining relevant variables with centrality measures, I was able to identify 
countries, other than Saudi Arabia, that deviated from the majority of the network. These deviations 
could suggest deliberate strategies, though the available data cannot confirm individual countries’ 
intentions. Nonetheless, this analysis provides valuable input for further research.

This part required extensive study of both theory and algorithms, along with many experiments. 
There is no off-the-shelf method for detecting anomalies; this requires combining domain 
knowledge with suitable algorithms. The research confirmed the GenDip team’s initial findings on 
anomalies and revealed additional scenarios. While other variable combinations are possible, I 
focused on those that Part B indicated had the strongest relationship with female ambassadorial 
appointments. The key takeaway is that graph data science is a powerful tool for international 
relations research, and the effort invested in mastering it was worthwhile.

Overall, I am satisfied with the outcomes of this part. It was a significant learning curve, improving 
both my technical understanding and knowledge of the research domain. While the community 
analysis provided limited insight, I hope this reflects the highly connected nature of the diplomatic 
network rather than any limitations on my part.



50 of 55

Final conclusions and reflections

As Menninga and Goldberg anticipated, I found that using graph data technology in the study of 

international relations was effective, enabling me to answer most of the questions I had. I was able 

to highlight the strengths and weaknesses of the technology used, and outline steps for further 

analysis. 

The project progressed as planned and the milestones were achieved. There were also challenges 

and failures, which I learnt to solve during the process. 

One key learning moment occurred when I realised that I had excluded a large amount of data due 

to a serious error when setting up the database. Fortunately, I found online solutions for enhancing 

the MERGE clause in Neo4j making sure that all the records were correctly included.

Another moment was when I applied hypothesis testing to one of the research questions. Initially, I 

thought the first two GenDip questions had been confirmed, but hypothesis testing proved me 

wrong. This changed my perspective entirely, showing me that I had been focusing too narrowly on 

just one aspect of the data. From then on, I used hypothesis testing to validate all my findings, 

improving the quality of the research. 

Although there was little evidence of a 'Hillary effect' in Question 3, it motivated me to create my 

own datasets on female politicians. These datasets revealed also the relationship with conditions in 

host countries.

Initially, I was disappointed by the lack of statistical evidence for the first two questions. However, 

this helped me to focus my research on developing alternative explanations that could support the 

GenDip team's thesis. 

Although the community algorithms did not identify any clear sub-graphs that could shed new light 

on the diplomatic network, I learned that this probably confirmed my previous findings regarding 

the small-world network characteristics of the diplomatic network. 

I have been thinking about this project for a year. Although it required considerable effort, it has 

been a rewarding experience. My OU studies provided me with the foundation to independently 

learn IT technologies and apply them to use cases of my choice. The support and guidance of my 

tutor was also invaluable in helping me reach this point. After eight years of part-time study at the 

OU, I am very satisfied to conclude my studies with research combining two subjects I am 

passionate about: data analysis and diplomacy.
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