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Abstract: Contemporary armed conflicts often involve a wide array of actors – government 

forces, rebel groups, militias, informal armed groups, and civilians – interacting in complex and 

shifting patterns. To help capture this complexity, a growing number of studies draw on social 

network analysis (SNA) methods. As a complement to these approaches, this research note 

introduces a novel web-based tool that applies a visual analytics perspective to conflict 

dynamics. The tool visualizes conflict as a dynamic network, showing “who fights whom” 

through interactive network graphs. Drawing on the Uppsala Conflict Data Program (UCDP) 

Georeferenced Event Dataset (GED), the tool automatically generates conflict actor networks 

alongside maps of violent events. Users can drag and reposition nodes, filter the network by 

time period, and use a highlighting function to trace specific actors. We demonstrate the tool’s 

value through case studies on the Central African Republic, Syria, and Sudan. By enabling 

researchers and practitioners to generate conflict networks without technical expertise, the tool 

offers a practical complement to traditional conflict visualization methods, which typically 

emphasize dyadic relationships – such as state versus rebel – and display violence on maps. 
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Introduction 

Modern civil wars and insurgencies rarely involve just a single state fighting a single rebel 

group. Instead, multiple rebel factions, militias, communal militias, and even foreign forces 

often fight simultaneously, forming intricate conflict systems (Cunningham, 2006; Bakke et al., 

2012; Jentzsch et al., 2015; Kalyvas, 2019; Twagiramungu et al., 2019; Anderson, 2019). 

Conflict research has typically treated each armed group’s relationship with the government as 

dyads. However, a dyadic lens misses how groups respond to one another in the context of 

broader triadic interactions, where the relationship between any two actors may be shaped by 

their ties to a third.  

While most studies in conflict research abstract away interdependencies between conflict 

actors, several recent studies employ social network analysis (SNA) methods to analyze 

conflicts as networks of interaction, where attacks, alliances, and rivalries between actors create 

interdependent structures (Metternich et al., 2013; Gade et al., 2019a; Gade et al., 2019b; Dorff 

et al., 2020; Wiehler, 2024). Building on these approaches, this research note introduces a novel 

web-based tool that applies a visual analytics perspective to conflict dynamics. The tool can be 

accessed here: https://peaceobservatory.com/conflict-networks. This application ingests 

georeferenced event data to generate graphs of conflict actors, allowing users to interactively 

explore how armed groups are connected by violence over time. A core feature of the tool is its 

ease of use and intuitive design, in contrast to SNA methods, which are methodologically 

demanding and typically accessible only to scholars with technical expertise. The tool allows 

users to visually observe patterns, trace relationships, and explore the structure and dynamics 

of conflict networks in an interactive way.  

The contribution of this research note is to introduce the tool’s design and logic, and to 

demonstrate its application in real conflict case studies. By bridging quantitative data with 

accessible visuals, our tool makes conflict networks tangible and supports broader debates on 

multi-actor violence. The application provides peace and conflict researchers and policy 

analysts with an easy-to-use, interactive tool to visualize and explore conflict networks. 

The article is structured as follows. The next section outlines the benefits of analyzing conflict 

through a network lens. We briefly review social network and conflict research literatures, as 

well as show the need for a tool to interactively visualize conflict networks. Next, we discuss 

the conceptual foundations and key features of the web-based visualization tool. Finally, we 

demonstrate an application of the tool on three illustrative cases – Sudan, Syria, and the Central 

https://peaceobservatory.com/conflict-networks
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African Republic (CAR) – to explore the structure and evolution of their conflict networks. The 

final section concludes. 

 

The importance of understanding conflict networks 

Armed conflicts often defy simple, dyadic explanations. Why? Because they typically consist 

of multiple actors. System-level outcomes frequently emerge that cannot be explained by 

individual relationships alone. Indeed, a system is greater than the sum of its parts: it is emergent 

(Cederman, 1997; Harrison, 2006; Byrne and Callaghan, 2013). Scholars increasingly note that 

intrastate wars often involve multiple rebel groups, militias, or communal factions whose 

interactions shape the broader trajectory of violence (Cunningham, 2006; Akcinaroglu, 2012). 

It is now widely recognized that nonstate actors exhibit a “complex character” (Pearlman et al., 

2012). A central feature of this complexity is that their behavior is conditioned by the actions 

of other groups and factions (Metternich et al., 2013; Gade et al., 2019a; Dorff et al., 2020). 

In a conflict network, nodes represent armed actors – such state forces, formally organized 

armed groups, and informally organized armed groups – while edges represent a relationship 

between them. These networks can be understood as “many-body systems”, composed of 

numerous actors (e.g. rebels, government-aligned militias, and other armed factions) linked by 

a set of relational types (e.g. fighting, cooperating, merging, splintering) (Auyang, 1998: 11). 

While the basic relations may be simplified, the multilateral interconnections constitute a 

relational network that makes these types of systems highly complex. Recent research shows 

that these strategic interdependencies can explain conflict outcomes, such as conflict duration 

(Metternich and Wucherpfennig, 2020). A network perspective aims to capture these 

interdependencies, which can be as “important as, if not more important than, attributes of 

individual units” (Hafner-Burton et al., 2009: 561).  

Viewing conflict as a network brings several advantages. Network effects, long recognized in 

other areas of political science and especially in International Relations (Ward et al., 2011; 

Cranmer et al., 2012; Cranmer and Desmarais, 2016), highlight that “causes at the level of units 

and of systems interact,” and that focusing on units alone risks misleading conclusions (Waltz, 

1979: 68). We illustrate three core network effects in Figure 1, discussed next.  
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Figure 1: Prominent network terms relevant for the study of civil war dynamics. 

 

First, reciprocity is a foundational feature of directed networks (Thompson, 2002; Lusher et al., 

2012; Duursma and Tamm, 2021). Dorff et al. (2020) emphasize that if actor A attacks B, the 

likelihood of B attacking A in return (reciprocity) is relatively high. Failing to account for this 

interdependence can misrepresent the drivers of violence or cooperation.  

Second, transitivity – the idea that the ally of my ally is also my ally – creates higher-order 

effects in networked conflict. For instance, if group A and group B share a latent trait that makes 

them more or less likely to interact – such as a shared ally or common enemy (group C) – they 

may either coordinate or compete over resources. These triadic interdependencies shape 

alliance formation and conflict diffusion. Dorff et al. (2020) integrate these structural patterns 

into a model that outperforms traditional dyadic approaches in predicting “who fights whom” 

over time. In other words, transitive structures – not just isolated dyadic relations – carry 

information crucial for understanding war dynamics. 

Third, the idea that nodes sharing common neighbors are more likely to form direct ties, known 

as triadic closure, has long roots in sociology (Simmel and Wolff, 1964; Rapoport, 1957; 

Granovetter, 1973). In many social networks, this process leads to clustering: if groups A and 

B are both cooperating with group C, groups A and B are more likely to cooperate with one 

another. However, in adversarial or non-cooperative networks like fighting in civil war, triadic 

closure may operate inversely: an enemy of an enemy is often seen as a potential ally rather 

than a further enemy. Thus, group A may be less likely to fight group B if group B is already in 

conflict with a group that is also fighting A. 

Ultimately, conflict networks also highlight the role of third-party conflict actors in less obvious 

ways. Wiehler (2024), for example, discusses how civil wars and conflicts between informal 

groups can reinforce each other through spatially contingent processes. A war outbreak in one 
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region may create a power vacuum elsewhere, fueling insurgencies that further alter the network 

of violence. By modeling the entire armed conflict system as one network, researchers can 

explore interdependent and systemic effects.  

These core network effects are complicated further when we consider the range of possible 

interactions between armed actors. In civil wars, the same actors may interact in multiple ways 

– simultaneously or sequentially – with each type of relationship potentially influencing the 

others. The existing literature refers to this as multiplex (Pomeroy et al., 2019), multi-layer 

(Krivitsky et al., 2020), multi-level (Lazega and Snijders, 2015), and multivariate (Wang et al., 

2012) network analysis. Regardless of terminology, the core idea is to examine how different 

types of networks interact with each other and how those interactions affect the structure of 

multiple networks, both conflictual (e.g. battles) or cooperative (e.g. joint fighting) in nature. 

Empirically, network analysis is gaining traction in conflict research. For example, Metternich 

and Wucherpfennig (2020) developed actor-centric network models for rebel durations; Naidu 

et al. (2021) analyzed elite social networks in Haiti, demonstrating that individuals with higher 

network centrality were more likely to participate in the 1991 coup against the democratic 

Aristide government; and both Gade et al. (2019a) and Gade et al. (2019b) employ network 

approaches to the study of cooperative and conflictual inter-rebel dynamics. These studies 

demonstrate that network approaches can offer novel insights into both collective violence and 

elite-driven political shifts. 

Despite these advances, network analysis remains methodologically demanding, often limited 

to scholars with advanced technical expertise. This is where our web-based visualization tool 

aims to make a contribution. By lowering the barrier to entry, it seeks make it easier for scholars, 

practitioners, and students to explore the relational dynamics that underpin complex wars. 

Visualizing who fights whom, where, and in what constellation offers an intuitive entry point 

for asking deeper questions about conflict dynamics, enabling users to explore patterns of 

fragmentation and consolidation over time. The next section outlines how the tool enables users 

to do this. 
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Conceptualization and features of the web-based tool 

The web application is designed to transform conflict event data into an interactive network 

visualization.1 The application supports an actor graph and an event map, and no special 

expertise is needed to use the application. Indeed, the web application is based on a visual 

analytics approach, which can be understood as the combination of interaction and visual 

representation to make insights into complex data more accessible and to invite the user to data 

exploration (Cook and Thomas, 2006). Visual analytics is closely related to the field of 

Knowledge Discovery in Databases (KDD), which is concerned with modelling and automating 

the overall process of data analysis (Fayyad et al., 1996). 

The web application currently draws on the UCDP Georeferenced Event Dataset (GED), a 

widely used and comprehensive source of violent event data (Sundberg and Melander, 2013). 

The UCDP GED is freely accessible, has a global scope, and is updated annually. It is composed 

of georeferenced violent events. An event is defined as an “incident where armed force was 

used by an organized actor against another organized actor, or against civilians, resulting in at 

least 1 direct death at a specific location and a specific date” (Högbladh, 2024). The UCDP 

distinguishes among four types of actors that can be involved in an event: (1) formally organized 

groups (e.g., rebel movements); (2) informally organized groups (e.g., communal militias); (3) 

the government of an independent state; and (4) civilians. Based on which actors are involved, 

each event is categorized into one of three conflict types: (1) state-based conflict, where at least 

one party is the government; (2) non-state conflict, involving organized groups without 

government participation; and (3) one-sided violence, where civilians are deliberately targeted 

by an organized actor (Högbladh, 2024). 

From the UCDP events – which record incident date, location, actors involved, and fatalities – 

the tool first identifies distinct conflict actors. Each actor – state forces, formally organized 

armed groups, informally organized armed groups, and civilians – becomes a node in the 

network. Edges are drawn between actors based on their recorded interactions. Two types of 

edges are used: opposition links connect actors who have opposed each other in at least one 

violent event, while cooperation links connect actors that were recorded on the same side in a 

conflict event, indicating joint operations. While the edges are undirected – that is, they do not 

 
1 This section focuses on how the web application could be used. However, from a technical standpoint, the 

application uses standard web mapping and visualization libraries. The front-end is implemented in JavaScript, 

with D3.js for network rendering. See: Bostock M and contributors (2012) D3.js - Data-Driven Documents,” 2012, 

v7.6.1. Leaflet is used for the maps. See: Agafonkin V and contributors Leaflet, v1.9.1, Le Cam P and contributors 

(2015) React Leaflet - React components for Leaflet maps, v. 4.1.0. The back-end preprocesses UCDP GED data 

to build adjacency lists. In effect, the tool operationalizes conflict network logic in an accessible format. 
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distinguish between attacker and target – they are weighted, with thicker lines indicating more 

frequent interactions. The result is a country-level conflict graph in which users can explore 

both adversarial and cooperative ties among conflict actors. The network visualization spans 

the user-selected time frame, with UCDP GED data available from 1 January 1989 onwards. 

The network graph is interactive. Users can click and drag the nodes in the network to create a 

layout that best serves their needs, filter the network by period, and use a highlighting 

functionality to find actors of interest. Users can also set a threshold for edge visibility by 

specifying the minimum number of events required for a link to be displayed in the network. 

Figure 2 shows the conflict network for the Central African Republic (CAR) for the period 

between 1 January 2016 and 31 December 2017. One can see the network and map view that 

serve as entry points for conflict exploration.  

 

 

Figure 2: The country view of the Central African Republic, 2016-2017 

 

Edges are similarly interactive. Clicking on a link reveals the underlying events that constitute 

that connection. As shown in Figure 3 for the edge between the anti-Balaka and Union pour la 

Paix en Centrafrique (UPC) in CAR between January 2016 and December 2017, this “edge 

detail panel” lists dates, locations and fatalities for each clash between the pair. In this way, the 

tool visually aggregates complex event data into an intelligible graph while still allowing drill-

down. Consulting the edge detail panel is also helpful because network edges show that 

violence occurred, but not when. A thick link might mean prolonged rivalry or just a short period 
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of intense fighting. In addition, information about the source material appears by clicking on a 

given row. 

 

 

Figure 3: The edge detail panel for the anti-Balaka and the UPC, 2016-2017 

 

Furthermore, clicking on the information button next to the actors in the edge detail panel brings 

up detailed information, as shown in Figure 4 for the UPC in CAR between 1 January 2016 and 

31 December 2017. First, it lists the actors with whom the actors have cooperated and fought. 

Second, the actor page shows a time series chart of that actor’s activity. Finally, a circular bar 

plot is displayed, where each bar represents one of the three event types recognized by the 

UCDP. The color of the bar indicates the event type, and the height of the bar signals the 

proportion of events falling into the category. This visualization enables quick identification of 

the types of events in which an actor is involved. For example, the circular bar plot representing 

the UPC in the Central African Republic indicates that, of all events recorded in the UCDP GED 

between 1 January 2016 and 31 December 2017, the group was involved in one-sided violence 

against civilians in 53% of cases, in non-state conflict in 46%, and in state-based conflict in 

only 1%. 
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Figure 4: The actor panel for the UPC, 2016-2017. 

 

 

Beyond the core network graph, the tool features a map for further exploration of event 

locations. Coloring by event type improves the informational value by communicating 

additional event features, with green points indicating state-based conflict, purple non-state 

conflict, and blue one-sided violence. The map is filtered for the selected actors by clicking on 

the nodes. Accordingly, by selecting the UPC, the map displayed in Figure 5 shows the UPC’s 

operating area in CAR between 2016 and 2017.  

 

 

Figure 5: The filtering functionality, with the UPC selected. 
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In sum, the design logic of our web application is to make relational conflict data intuitively 

explorable. Users can explore relationships between actors without technical expertise, and 

access detailed information about individual events and actor behavior. By combining visual 

analytics with flexible filtering and drill-down features, the tool offers an intuitive way to 

analyze the complex, multi-actor structure of contemporary conflicts. 

We now turn to case studies, which serve two purposes. First, they demonstrate how to use the 

tool to explore conflict landscapes, helping users identify key actors, alliances, and rivalries 

within specific wars, even if they have limited prior knowledge of the conflict. Second, they 

show how the network view can support hypothesis-driven analysis, allowing users with deeper 

contextual understanding to test ideas or illustrate specific dynamics. Each of the three case 

studies – CAR, Syria, and Sudan – shows both use cases: open-ended exploration and targeted 

inquiry. 

 

Case studies 

 

Central African Republic (2013–2018) 

For users new to the CAR conflict, the network graph for 2016-2017 (Figure 2 above) provides 

an accessible entry point. The conflict, which escalated after the 2013 overthrow of President 

François Bozizé, quickly fractured along sectarian lines, with Christian anti-Balaka militias and 

Muslim ex-Séléka factions dominating the battlefield. The graph reveals this polarization: the 

major nodes in the network are the anti-Balaka, the Front Populaire pour la Renaissance de 

Centrafrique (FPRC), and the UPC. Thick links between these actors indicate frequent clashes, 

a strong indicator reciprocity. Government forces, in contrast, appear connected to only two 

actors – the UPC and anti-Balaka – and with thin links, signaling limited clashes between 

government forces and these groups. Even without prior knowledge, users can infer the weak 

role of the state simply by observing its peripheral position in the network. This insight aligns 

with the widely acknowledged reality that, during this period, the CAR government exerted 

control over less than 30% of the country’s territory (Glawion, 2020; Duursma, 2022). 

Furthermore, users can discover important patterns by using the map’s filter function alongside 

the network graph. By selecting individual actors – especially those connected by thinner lines, 

which indicate lower-frequency clashes – users can isolate and explore more localized conflicts. 
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For example, filtering only events involving actors such as the Peulh militia (Zemio), RJ, or 

MLNC reveals that these groups are each involved in relatively isolated violence, often 

confined to specific towns or regions. The RJ and MLNC clashed exclusively in Paoua, a town 

in the Ouham-Pendé prefecture. Likewise, the Peulh militia’s confrontations with anti-Balaka 

forces were limited to the town of Zemio in the far southeast. These patterns emerge clearly 

through interaction with the tool and would not require any background knowledge to detect. 

They highlight the fragmented nature of conflict in CAR, where many episodes of violence are 

driven by hyper-local rivalries and territorial disputes (Glawion, 2020; Duursma, 2022). 

For users with more case knowledge, the case illustrates several propositions. One such 

proposition relates to the impact of resource-driven alliances and rivalries. In 2016, violence 

broke out between the FPRC and the UPC over control of Bria, a strategic diamond trading hub. 

Prior to this, the FPRC had maintained substantial influence over the diamond-rich northeastern 

region from 2013 to 2016 (International Peace Information Service (IPIS) and Danish Institute 

for International Studies (DIIS), 2018). The network graph allows users to visually show how 

this rivalry intensified: the FPRC forged temporary alliances with the anti-Balaka Mokom 

faction, the Rassemblement Patriotique pour le Renouveau de la Centrafrique (RPRC), and the 

Mouvement Patriotique pour la Centrafrique (MPC) in an effort to expel the UPC (Zahar and 

Mechoulan, 2017). These groups share a common enemy, and this shared hostility promotes 

coordination among them, evidence of a classic transitive structure. These temporary alliances 

– evidence of negative triadic closure – are represented as cooperative links among the allied 

factions, while simultaneous opposition links to the UPC reflect the outbreak of coordinated 

hostilities. The conflict further escalated in 2017 when renewed fighting broke out between the 

FPRC and anti-Balaka elements in Bria, once again driven by competition over diamond mines. 

This confrontation led to a split within the FPRC and the emergence of a breakaway faction, 

FPRC-AK, led by Mahmat Abdel Al-Khatim. By September 2017, the FPRC-AK and the anti-

Balaka had aligned against the FPRC, a reversal clearly visible in the network graph’s pattern 

of cooperation and opposition ties. The network graph could therefore be used to visually 

support the proposition that armed groups in CAR operate as localized political entrepreneurs, 

forming and dissolving alliances in response to shifting economic interests and strategic 

opportunities (Zahar and Mechoulan, 2017). 

In sum, the CAR case study exemplifies the value of interactive conflict networks for both 

novice users and expert analysts. It allows users without case expertise to grasp the structure 

and scale of violence, and gives researchers a tool to visualize evolving alliances and rivalries.  
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Syria (2011–2018) 

In the Syrian war, we focus on: (1) the widely recognized start of the conflict on 15 March 2011 

until April 2013, when Abu Bakr al-Baghdadi, leader of the Islamic State of Iraq (ISI), 

announced the formation of the Islamic State of Iraq and al-Sham (ISIS); and (2) the first year 

following this declaration.  

With only this basic knowledge of these two key turning points, users can begin to explore the 

changing conflict landscape through the tool. Loading the first period produces a fragmented 

network graph, with nodes representing the Assad regime’s government forces and a variety of 

armed groups. Even without prior knowledge, users will see that the conflict is highly 

fragmented from the outset. As shown in Figure 6, by repositioning the nodes, two prominent 

conflict clusters emerge. 

 

 

Figure 6: Syria, March 2011 – April 2013 

 

The first is a thick opposition line between the Syrian insurgents and government forces. It is 

important to note that UCDP uses the aggregate label “Syrian insurgents” to refer to the vast 

array of armed opposition groups – estimated at over 1,200 (Lund, 2013: 23) – because reliable 

attribution of individual events to specific groups is extremely difficult (Pettersson et al., 2021). 

However, non-state conflicts in Syria are disaggregated in the dataset, allowing users to 

examine rivalries among distinct rebel factions. This illustrates that the conflict explorer is well 

suited to help users understand the structure of the underlying data. The thick opposition edge 

between the Syrian government and the Syrian insurgents shows sustained, reciprocal violence.  
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The second major cluster in this early period involves the Kurdish group Partiya Yekîtiya 

Demokrat (PYD), facing off against several non-state armed groups (International Crisis, 2014). 

These groups are recorded as jointly engaging the PYD, resulting in numerous cooperative links 

between them. Additionally, a thin opposition line connects the PYD and IS. Clicking this line 

in the edge detail panel reveals that IS clashed with the PYD in early 2013, alongside other 

rebel groups such as the Ahfad al Rasoul Brigade, Ahrar al-Sham, al-Farouq Brigades, Ghuraba 

al-Sham, Jabhat Fateh al-Sham, Jazeera-Euphrates Liberation Front, Liwa al-Fateh. Still, the 

vast majority of violent events in this period occurred between Syrian government forces and 

the insurgents, which is clearly visible through the thick edge connecting them and the many 

green point markers on the map indicating state-based violence, as compared to fewer purple 

markers for non-state conflicts. This aligns with conflict dynamics. Indeed, at the outset of the 

Syrian conflict, Kurdish actors were split over their future in Syria. One side sought to join the 

Syrian opposition and oust the Assad regime, while the other sought to secure Kurdish rights 

within the Syrian state. Tacit cooperation between the PYD and the Syrian regime at the 

outbreak of the conflict, what Khalaf describes as a “non-aggression pact” (Khalaf, 2016: 8), 

allowed the PYD to emerge as the main voice for Syrian Kurds (International Crisis, 2014; 

Ahram, 2019: 57 & 151). Assad could not fight on all fronts and withdrew troops from the 

Northeast early in the conflict. This led the Syrian opposition to criticize the PYD and accuse 

it of being a regime proxy (Sary, 2016). Accusations of being a regime proxy hindered 

cooperation with other rebel groups, including those affiliated with the Free Syrian Army. 

Shifting to the second period, users will notice significant changes. As shown in Figure 7, the 

map now displays a notable increase in purple point markers, signaling a surge in non-state 

conflict. Another major development is the emergence of a new conflict cluster: a broad 

coalition of non-state armed groups confronting IS. This supports visual exploration of evolving 

network dynamics over time.  
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Figure 7: Syria, April 2013 – April 2014 

 

Most groups fighting IS do not simultaneously fight the PYD, and vice versa. Jabhat Fatah al-

Sham, formerly the al-Nusra Front, is the only non-state group in this timeframe shown to have 

fought both IS and the PYD. This will not surprise those familiar with developments in the 

conflict at the time. As IS were expelled from Idlib and grew more powerful in Eastern Syria, 

they increasingly attacked predominantly Kurdish areas. The KRG in Iraq sent Peshmerga 

forces with heavy weaponry to help fight IS forces (Kaya and Whiting, 2017: 83). The armed 

struggle with IS gave the PYD and its YPG armed forces international legitimacy and 

eventually resulted in greater involvement from the US. Until this point, the US was prepared 

to cooperate with the KDP in Iraq, but was reluctant to cooperate with groups in Syria after its 

failed vetting programme in 2013 (Phillips, 2016). However, the US started to support the YGP 

with airstrikes during the Siege of Kobani, which is largely credited for the highly symbolic 

military victory against IS (Plakoudas, 2017: 106). For users interested in visually 

demonstrating a specific hypothesis rather than exploring the data freely, this case also 

illustrates the proposition by Dorff et al. that a “new, aggressive actor can decisively alter the 

trajectory of conflict” (2020: 476). Within a single year, IS rapidly established many links in 

the network, fundamentally reshaping the conflict landscape. Cooperative links among non-

state groups opposing IS suggests a transitive structure. 

The Syrian case study showcases the tool’s capacity to handle entangled wars. It allows users 

to trace the formation of alliances and rivalries over time, observe how new actors transform 

the conflict, and make theoretical arguments tangible through visual data exploration. 
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Sudan (1991–2001) 

Users with some prior case knowledge of Sudan’s second civil war could use this case to 

visually illustrate the entangled nature of violent interactions during one of the most turbulent 

periods in the Second Sudanese civil war. As shown in Figure 8, setting the time frame to 1991-

2001 generates a network graph that captures the complex dynamics, such as internal 

fragmentation and regional proxy involvement.  

 

 

Figure 8: Sudan, 1983-2001 

 

Through the drag and drop function, we place the Sudan People’s Liberation Movement/Army 

(SPLM/A) at the center of the graph, facing off against the Government of Sudan in a prolonged 

state-based conflict, which is represented by a thick opposition link. But users will also quickly 

notice that the conflict is far from binary. Numerous other armed groups are connected to the 

SPLM/A through both opposition and cooperative ties, reflecting the highly fragmented and 

regionalized nature of the conflict. These mixed ties – some cooperative, others hostile – 

demonstrate reciprocal relationships among non-state actors. 

Indeed, exploring the SPLM/A’s interactions reveals not just a civil war between north and 

south, but what some analysts have called “a war within a war” (Bradbury et al., 2006). The 

SPLM/A fought multiple southern rebel factions, many of which had splintered from the main 

movement. For example, in 1991, a faction led by Riek Machar and Lam Akol broke away to 

form what would later become the South Sudan Defence Force (SSDF). The SSDF, 

predominantly Nuer, engaged in both armed clashes and one-sided violence with the Dinka-

dominated SPLM/A. This violence is visible in the network through opposition links and attacks 
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on civilians. These internal rivalries within the southern movement illustrate the inverse of 

triadic closure, where actors with shared ties to a common group (e.g., the SPLM/A) are not 

allies but adversaries. The network further shows the SPLM/A’s conflict with other breakaway 

groups such as William Nyuon’s SPLM/A-WN, Abd al-Aziz al-Hululi’s SPLM/A-AH, and 

Paulino Matip’s South Sudan Unity Movement/Army (SSUM/A). These internal rivalries are 

often underemphasized in conventional civil war narratives but become immediately visible 

through the network structure (for an exception, see:Young, 2012). 

The graph also enables the exploration of regional dynamics and proxy warfare. The SPLM/A 

is shown fighting Uganda-based rebel groups like the Lord’s Resistance Army (LRA), WNBF, 

and UNRF II, which were groups that received backing from the Sudanese government. 

Uganda, in turn, supported the SPLM/A in its campaign against these groups. This regional 

proxy dynamic is visible in the form of opposition ties between the SPLM/A and Ugandan 

rebels, and cooperation links between the Government of Sudan and the LRA. While not all 

indirect relationships are shown (e.g. weapons transfers), the network helps users trace the 

contours of transnational conflict (Twagiramungu et al., 2019). 

Finally, the network graph also reveals a significant number of communal conflicts, many of 

which appear disconnected from other conflicts. These involve informally organized, 

community-embedded groups often engaged in highly localized violence. Notably, most of 

these actors are not linked to the main armed groups in the network. This is not because such 

connections did not exist, but rather because of how the UCDP codes violence: when an 

organized group attacks a communal group, the event is classified as one-sided violence rather 

than a direct conflict between armed actors. As a result, attacks by the SPLM/A on Nuer 

civilians, or by the SSDF on Dinka communities, appear as links between those groups and the 

“Civilians” node rather than as direct ties between the communal groups and armed factions. 

This distinction highlights a limitation in connecting communal and organized violence within 

the network view when using UCDP data. 

In summary, the Sudan case demonstrates the value of network analysis for understanding civil 

wars with multiple layers. For users that explore the conflict for the first time, the network 

reveals the main actors and conflict clusters. For users with case expertise, it provides a tool to 

visually demonstrate conflict dynamics such as the impact of internal splits and regional proxy 

dynamics.  
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Conclusion 

This research note introduced a new web-based application that visualizes armed conflict as a 

dynamic network of interactions between violent actors. By drawing on event data from the 

UCDP, the tool enables users to explore “who fights whom” through interactive network graphs 

and geospatial maps.  

While our visualization tool offers new perspectives, it has at least three limitations. First, it 

relies on available event data, which may under-report certain conflicts or actors. The UCDP, 

which we draw on, focuses on lethal organized violence above a threshold. Small-scale 

skirmishes or recent events might be missing. It is important to note that the network is only as 

complete as the underlying data. Nevertheless, the application has been developed so that other 

types of conflict data could be integrated in the future. Second, the tool represents only 

relationships based on violent events. Opposition is based on actors participating in the same 

event as opposing sides. Cooperation is based on actors appearing on the same side in a violent 

event. In reality, some actors collaborate by sharing arms, funding, or territory, even as they 

each fight the government. Incorporating such friendly ties would be an enhancement, as it 

would add a richer dimension to the networks. However, while historical data exists on such 

types of cooperation (Blair et al., 2022; Meier et al., 2022), these datasets are not regularly 

updated. Third, very large or dense networks – such as those from early Syrian war year – can 

become visually cluttered. The tool includes filtering options to help users focus on top actors 

or specific periods. Still, complex conflicts may overwhelm non-expert viewers due to the sheer 

volume of actors and interactions represented. 

Nevertheless, the application offers an intuitive way to examine network structures that have 

long been discussed in scholarly literature but remain difficult to automatically visualize with 

existing tools. It encourages a relational perspective on violence, revealing patterns that often 

remain hidden in event timelines or static maps. While limitations exist – especially related to 

data completeness, representation of non-violent ties, and visual complexity – the tool lays a 

foundation for more dynamic and network-aware conflict analysis.  

As conflict systems continue to evolve in complexity, the ability to visualize interdependencies 

among actors will become increasingly important. By making network thinking operational and 

accessible, this tool contributes to a broader effort to understand and respond to the multi-actor 

nature of contemporary armed conflict.  
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