COMPUTATIONAL SOCIAL NET\WORK DYNAMICS

UNDERSTANDING COMPUTATIONAL SociaL NETwWoRrRk DYNAMICS

COMPUTATIONAL SOCIAL NETWORK DYNAMICS REFERS TO THE EXCITING AND RAPIDLY EVOLVING FIELD THAT COMBINES
COMPUTER SCIENCE, MATHEMATICS, AND SOCIAL SCIENCE TO STUDY HOW RELATIONSHIPS AND INFORMATION FLOW WITHIN
SOCIAL SYSTEMS. THINK OF IT AS PEERING INTO THE INTRICATE DANCE OF HUMAN CONNECTIONS, BUT WITH THE POWER OF
ALGORITHMS AND BIG DATA. THIS DISCIPLINE ALLOWS US TO MODEL, SIMULATE, AND PREDICT THE BEHAVIOR OF NET\WORKS,
FROM HOW IDEAS SPREAD ON SOCIAL MEDIA TO HOW EPIDEMICS PROPAGATE THROUGH POPULATIONS. BY ANALYZING VAST
DATASETS, RESEARCHERS CAN UNCOVER HIDDEN PATTERNS, UNDERSTAND EMERGENT PHENOMENA, AND EVEN DESIGN INTERVENTIONS
TO INFLUENCE NETWORK BEHAVIOR FOR POSITIVE OUTCOMES. THIS ARTICLE WILL DELVE DEEP INTO THE CORE CONCEPTS,
METHODOLOGIES, APPLICATIONS, AND FUTURE DIRECTIONS OF THIS VITAL AREA OF STUDY.
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Key CoNCEPTS IN SoclAL NETWORK ANALYSIS

AT ITS HEART, COMPUTATIONAL SOCIAL NETWORK DYNAMICS RELIES ON UNDERSTANDING THE FUNDAMENTAL BUILDING BLOCKS
OF ANY NETWORK: NODES AND EDGES. NODES, IN THIS CONTEXT, REPRESENT THE INDIVIDUAL ACTORS WITHIN A SOCIAL SYSTEM
~ THESE COULD BE PEOPLE, ORGANIZATIONS, WEBSITES, OR EVEN CONCEPTS. EDGES, ON THE OTHER HAND, SYMBOLIZE THE
RELATIONSHIPS OR CONNECTIONS BETWEEN THESE NODES. THESE CONNECTIONS CAN BE DIVERSE, RANGING FROM FRIENDSHIPS AND
PROFESSIONAL COLLABORATIONS TO INTERACTIONS LIKE “LIKES,” “SHARES,” OR “FOLLOWS" ON DIGITAL PLATFORMS.
\UNDERSTANDING THE NATURE AND STRENGTH OF THESE EDGES IS CRUCIAL FOR DECIPHERING THE OVERALL STRUCTURE AND
BEHAVIOR OF THE NETWORK.

NobEes AND EDGEs: THE BUILDING BLocks

IMAGINE A SOCIAL MEDIA PLATFORM. EACH USER IS A NODE, AND A FRIENDSHIP OR FOLLOWER RELATIONSHIP BETWEEN TWO
USERS IS AN EDGE. THE WAY THESE NODES AND EDGES ARE ARRANGED FORMS THE NETWORK'S TOPOLOGY. IS IT A DENSE
CLUSTER WHERE EVERYONE KNOWS EVERYONE, OR A MORE SPARSE STRUCTURE WITH BRIDGES CONNECTING DISPARATE GROUPS?
THE SHEER NUMBER OF NODES AND EDGES CAN BE OVERWHELMING, WHICH IS WHERE COMPUTATIONAL APPROACHES BECOME
INDISPENSABLE. WE'RE NOT JUST COUNTING CONNECTIONS; WE'RE ANALYZING THEIR PATTERNS AND IMPLICATIONS.

NETWORK STRUCTURE AND METRICS

BeEYOND SIMPLE COUNTS, COMPUTATIONAL SOCIAL NETWORK DYNAMICS EMPLOYS A RICH SET OF METRICS TO DESCRIBE AND
QUANTIFY NETWORK STRUCTURES. CENTRALITY MEASURES, FOR INSTANCE, HELP IDENTIFY THE MOST INFLUENTIAL NODES. Is T
THE PERSON WITH THE MOST FOLLOWERS (DEGREE CENTRALITY), THE ONE WHO ACTS AS A BRIDGE BETWEEN DIFFERENT GROUPS
(BET\X/EENNESS CENTRALITY), OR THE ONE MOST FREQUENTLY MENTIONED BY OTHERS (EIGENVECTOR CENTRALITY).p
UNDERSTANDING THESE STRUCTURAL PROPERTIES ALLOWS US TO PREDICT HOW INFORMATION OR INFLUENCE MIGHT PROPAGATE
THROUGH THE NET\WORK.

TyPES OF SocIAL NETWORKS

THE DIGITAL AGE HAS GIVEN RISE TO A STAGGERING VARIETY OF SOCIAL NETWORKS, EACH WITH ITS OWN UNIQUE
CHARACTERISTICS. \WE ENCOUNTER ONLINE SOCIAL NETWORKS (OSNS) Like FACEBOOK AND TWITTER, PROFESSIONAL
NETWORKS LIKE LINKEDIN, AND EVEN BIOLOGICAL NETWORKS WHERE NODES REPRESENT GENES OR PROTEINS. EACH TYPE PRESENTS
DISTINCT CHALLENGES AND OPPORTUNITIES FOR DYNAMIC ANALYSIS. FOR EXAMPLE, THE TRANSIENT NATURE OF SOME ONLINE
INTERACTIONS DIFFERS SIGNIFICANTLY FROM THE MORE ENDURING TIES IN PROFESSIONAL NETWORKS.

INFORMATION DiFFUSION AND CONTAGION MODELS



A CENTRAL THEME IN COMPUTATIONAL SOCIAL NETWORK DYNAMICS IS HOW INFORMATION, IDEAS, BEHAVIORS, AND EVEN
DISEASES SPREAD ACROSS A NETWORK. THIS IS OFTEN MODELED USING CONTAGION MODELS, WHICH SIMULATE THE PROCESS BY
WHICH A “DISEASE” (\X/HETHER IT'S A VIRAL MEME OR A HEALTH CONDITION) MOVES FROM ONE NODE TO ANOTHER. THESE
MODELS HELP US UNDERSTAND FACTORS INFLUENCING THE SPEED AND REACH OF DIFFUSION, SUCH AS NET\WORK DENSITY,
INDIVIDUAL SUSCEPTIBILITY, AND THE STRENGTH OF CONNECTIONS.

METHODOLOGIES AND TOOLS FOR STUDYING DYNAMICS

T o UNRAVEL THE COMPLEXITIES OF SOCIAL NET\WORK DYNAMICS, RESEARCHERS LEVERAGE A POWERFUL TOOLKIT OF
COMPUTATIONAL METHODS AND ANALYTICAL TECHNIQUES. THIS INVOLVES NOT ONLY COLLECTING AND PROCESSING MASSIVE
AMOUNTS OF DATA BUT ALSO DEVELOPING SOPHISTICATED MODELS TO INTERPRET IT. THE INTERPLAY BETWEEN THEORY,
EMPIRICAL DATA, AND COMPUTATIONAL SIMULATION IS WHAT MAKES THIS FIELD SO DYNAMIC ITSELF.

DATA COLLECTION AND PREPROCESSING

THE FIRST HURDLE IS OFTEN ACQUIRING RELEVANT DATA. THIS CAN COME FROM VARIOUS SOURCES: PUBLICLY AVAILABLE APIls
OF SOCIAL MEDIA PLATFORMS, SENSOR DATA, SURVEY RESPONSES, OR EVEN TRANSACTION RECORDS. ONCE COLLECTED, THIS
RAW DATA IS OFTEN MESSY AND NEEDS RIGOROUS PREPROCESSING. THIS INCLUDES CLEANING OUT IRRELEVANT ENTRIES,
STANDARDIZING FORMATS, AND TRANSFORMING RELATIONAL DATA INTO A STRUCTURE THAT COMPUTATIONAL MODELS CAN
READILY CONSUME.

NETWORK REPRESENTATION AND VISUALIZATION

How DO WE MAKE SENSE OF THESE VAST, INTERCONNECTED DATASETS? NETWORK REPRESENTATION IS KEY. THIS OFTEN
INVOLVES USING GRAPH THEORY, \WHERE NODES ARE REPRESENTED AS POINTS AND EDGES AS LINES CONNECTING THEM.
VISUALIZATION TOOLS THEN PLAY A CRUCIAL ROLE IN HELPING RESEARCHERS SPOT PATTERNS, CLUSTERS, AND OUTLIERS THAT
MIGHT OTHERW/ISE REMAIN HIDDEN. SEEING A NETWORK VISUALLY CAN OFFER IMMEDIATE INSIGHTS INTO ITS STRUCTURE AND
DYNAMICS.

SIMULATION AND MODELING TECHNIQUES

COMPUTATIONAL SOCIAL NETWORK DYNAMICS HEAVILY RELIES ON SIMULATION TO TEST HYPOTHESES AND EXPLORE “WHAT-IF”
SCENARIOS. AGENT-BASED MODELING, FOR INSTANCE, ALLOWS US TO DEFINE THE BEHAVIOR OF INDIVIDUAL AGENTS (NODES) AND
OBSERVE HOW THEIR INTERACTIONS LEAD TO EMERGENT NETWORK-LEVEL PHENOMENA. DIFFERENTIAL EQUATIONS ARE ALSO USED
TO MODEL THE CONTINUOUS FLOW OF INFORMATION OR INFLUENCE THROUGH A NETWORK, PARTICULARLY FOR LARGE-SCALE
SYSTEMS.

MACHINE LEARNING AND ARTIFICIAL INTELLIGENCE

THE ADVENT OF MACHINE LEARNING AND Al HAS REVOLUTIONIZED THE FIELD. ALGORITHMS CAN NOW BE TRAINED TO IDENTIFY
COMMUNITIES WITHIN NETWORKS, PREDICT FUTURE CONNECTIONS, DETECT ANOMALIES, AND EVEN INFER THE UNDERLYING SOCIAL
PROCESSES DRIVING OBSERVED DYNAMICS. NATURAL LANGUAGE ProceSSING (NLP) IS ALSO VITAL FOR ANALYZING TEXTUAL
DATA, SUCH AS POSTS AND COMMENTS, TO UNDERSTAND SENTIMENT AND TOPIC DIFFUSION.

APPLICATIONS ACroSS DIVERSE FIELDS

THE INSIGHTS GLEANED FROM COMPUTATIONAL SOCIAL NETWORK DYNAMICS ARE NOT CONFINED TO ACADEMIC LABS; THEY HAVE
TANGIBLE APPLICATIONS THAT IMPACT OUR DAILY LIVES AND SHAPE OUR UNDERSTANDING OF SOCIETY. FROM PUBLIC HEALTH TO
MARKETING AND EVEN POLITICAL SCIENCE, THE ABILITY TO UNDERSTAND AND INFLUENCE NET\WORK BEHAVIOR IS A POWERFUL
TOOL.

PusLIC HEALTH AND EPIDEMIOLOGY

ONE OF THE MOST CRITICAL APPLICATIONS LIES IN PUBLIC HEALTH. BY MODELING HOW DISEASES SPREAD THROUGH SOCIAL
NETWORKS, RESEARCHERS CAN PREDICT OUTBREAKS, IDENTIFY HIGH-RISK POPULATIONS, AND DESIGN TARGETED INTERVENTIONS
LIKE VACCINATION CAMPAIGNS OR SOCIAL DISTANCING MEASURES. UNDERSTANDING THE DYNAMICS OF INFORMATION SPREAD

ALSO HELPS COMBAT MISINFORMATION DURING HEALTH CRISES.

MARKETING AND CONSUMER BEHAVIOR



BUSINESSES ARE KEEN TO UNDERSTAND HOW TRENDS EMERGE AND PRODUCTS GAIN TRACTION. COMPUTATIONAL SOCIAL
NETWORK DYNAMICS HELPS IDENTIFY INFLUENTIAL CONSUMERS, UNDERSTAND WORD-OF-MOUTH MARKETING, AND TAILOR
ADVERTISING CAMPAIGNS TO SPECIFIC NETWORK STRUCTURES. |T ALLOWS FOR A MORE NUANCED UNDERSTANDING OF HOW
PURCHASING DECISIONS ARE INFLUENCED BY SOCIAL CONNECTIONS.

PoLITICAL SCIENCE AND SocCIAL MOVEMENTS

THE STUDY OF POLITICAL DISCOURSE, THE FORMATION OF PUBLIC OPINION, AND THE ORGANIZATION OF SOCIAL MOVEMENTS ARE
DEEPLY INTERTWINED WITH NETWORK DYNAMICS. RESEARCHERS CAN ANALYZE HOW POLITICAL IDEAS SPREAD, HOW
POLARIZATION OCCURS, AND HOW ONLINE ACTIVISM TRANSLATES INTO REAL-WORLD ACTION. THIS UNDERSTANDING IS CRUCIAL
FOR DEMOCRATIC SOCIETIES.

INFORMATION SCIENCE AND RECOMMENDER SYSTEMS

EVER WONDERED HOW NETFLIX OR AMAZON KNOWS WHAT YOU MIGHT LIKE NEXT? RECOMMENDER SYSTEMS ARE A DIRECT
APPLICATION OF COMPUTATIONAL SOCIAL NETWORK DYNAMICS. BY ANALYZING YOUR CONNECTIONS AND INTERACTIONS, THESE
SYSTEMS PREDICT YOUR PREFERENCES AND SUGGEST CONTENT OR PRODUCTS THAT ARE LIKELY TO APPEAL TO YOU, OFTEN BY
IDENTIFYING SIMILAR USERS OR PATTERNS IN YOUR NET\WORK.

CHALLENGES AND ETHICAL CONSIDERATIONS

\/HILE THE POWER OF COMPUTATIONAL SOCIAL NETWORK DYNAMICS IS UNDENIABLE, IT ALSO COMES WITH SIGNIFICANT
CHALLENGES AND ETHICAL CONSIDERATIONS THAT DEMAND CAREFUL ATTENTION. AS WE GAIN THE ABILITY TO MAP AND
INFLUENCE HUMAN CONNECTIONS, WE MUST DO SO RESPONSIBLY.

DATA PrRIVACY AND SECURITY

THE SHEER VOLUME OF PERSONAL DATA COLLECTED FOR NETWORK ANALYSIS RAISES SERIOUS PRIVACY CONCERNS. ENSURING
THAT THIS DATA IS ANONYMIZED, PROTECTED, AND USED ETHICALLY IS PARAMOUNT. THE POTENTIAL FOR MISUSE, SUCH AS
TARGETED SURVEILLANCE OR MANIPULATION, IS A CONSTANT WORRY.

ALGORITHMIC BIAS AND FAIRNESS

MACHINE LEARNING MODELS TRAINED ON REAL-WORLD DATA CAN INADVERTENTLY PERPETUATE EXISTING SOCIETAL BIASES. |F
THE DATA REFLECTS HISTORICAL INEQUALITIES, THE ALGORITHMS MIGHT UNFAIRLY DISADVANTAGE CERTAIN GROUPS, LEADING
TO BIASED RECOMMENDATIONS, DISCRIMINATORY OUTCOMES, OR UNEQUAL ACCESS TO OPPORTUNITIES.

THE BLACk Box ProBLEM

SOME ADVANCED MACHINE LEARNING MODELS, PARTICULARLY DEEP LEARNING NETWORKS, CAN BE NOTORIOUSLY DIFFICULT TO
INTERPRET. THIS “BLACK BOX" PROBLEM MEANS THAT EVEN IF A MODEL MAKES ACCURATE PREDICTIONS, IT CAN BE CHALLENGING
TO UNDERSTAND WHY IT MAKES THEM, HINDERING OUR ABILITY TO TRUST OR REFINE ITS OUTPUTS.

THE ETHICS OF INTERVENTION

ONCE WE UNDERSTAND HOW TO INFLUENCE NETWORK DYNAMICS, THE QUESTION ARISES: SHOULD WEP THE ETHICAL
IMPLICATIONS OF INTERVENING IN SOCIAL SYSTEMS, EVEN WITH GOOD INTENTIONS, ARE COMPLEX. MANIPULATING OPINION,
STEERING BEHAVIOR, OR CREATING ECHO CHAMBERS CAN HAVE UNINTENDED AND POTENTIALLY HARMFUL CONSEQUENCES.

THe FUTURe oF COMPUTATIONAL SociaL NETWORK DYNAMICS

THE FIELD OF COMPUTATIONAL SOCIAL NETWORK DYNAMICS IS STILL IN ITS NASCENT STAGES, WITH VAST POTENTIAL FOR
FUTURE GROWTH AND IMPACT. AS COMPUTATIONAL POWER INCREASES AND OUR UNDERSTANDING OF COMPLEX SYSTEMS
DEEPENS, WE CAN EXPECT EVEN MORE SOPHISTICATED ANALYSES AND APPLICATIONS.

ReAL-TIME DYNAMICS AND PREDICTION

THE ABILITY TO ANALYZE AND PREDICT NETWORK BEHAVIOR IN REAL-TIME WILL BECOME INCREASINGLY SOPHISTICATED. IMAGINE
SYSTEMS THAT CAN PROACTIVELY IDENTIFY EMERGING MISINFORMATION CAMPAIGNS OR PREDICT THE SPREAD OF A HEALTH



CONCERN BEFORE IT BECOMES A FULL-BLOWN EPIDEMIC, ALLOWING FOR IMMEDIATE INTERVENTION.
THE INTEGRATION OF MULTIMODAL DATA

FUTURE RESEARCH WILL LIKELY FOCUS ON INTEGRATING DIVERSE DATA SOURCES — TEXT, IMAGES, VIDEO, LOCATION DATA, AND
PHYSIOLOGICAL SIGNALS — TO CREATE A RICHER AND MORE HOLISTIC UNDERSTANDING OF SOCIAL INTERACTIONS AND THEIR
DYNAMICS. THIS MULTIMODAL APPROACH PROMISES DEEPER INSIGHTS INTO HUMAN BEHAVIOR.

EXPLAINABLE Al AND TRUSTWORTHY SYSTEMS

A SIGNIFICANT PUSH WILL BE TOWARDS DEVELOPING MORE EXPLAINABLE Al SYSTEMS. RESEARCHERS ARE WORKING ON MAKING
COMPLEX MODELS MORE TRANSPARENT, SO WE CAN UNDERSTAND THE REASONING BEHIND THEIR PREDICTIONS AND ENSURE THAT
NETWORK ANALYSIS TOOLS ARE TRUSTWORTHY AND ACCOUNTABLE.

SOCIETAL IMPACT AND RESPONSIBLE INNOVATION

AS THE FIELD MATURES, THERE WILL BE AN INCREASING EMPHASIS ON THE SOCIETAL IMPACT OF COMPUTATIONAL SOCIAL
NETWORK DYNAMICS. THIS MEANS FOSTERING INTERDISCIPLINARY COLLABORATION, DEVELOPING ETHICAL GUIDELINES, AND
ENSURING THAT THE TOOLS AND INSIGHTS GENERATED ARE USED FOR THE BETTERMENT OF SOCIETY, NOT ITS DETRIMENT.

PERSONALIZED INTERVENTIONS AND NETWORK DESIGN

W/E CAN ANTICIPATE THE DEVELOPMENT OF HIGHLY PERSONALIZED INTERVENTIONS, TAILORED TO INDIVIDUAL NET\¥ORK
POSITIONS AND BEHAVIORS. FURTHERMORE, THE DESIGN OF ONLINE PLATFORMS AND EVEN PHYSICAL SPACES COULD BE OPTIMIZED
USING NETWORK DYNAMICS PRINCIPLES TO FOSTER SPECIFIC TYPES OF INTERACTION AND COMMUNITY.

QZ W/HAT IS THE PRIMARY GOAL OF COMPUTATIONAL SOCIAL NETWORK DYNAMICS?

A: THE PRIMARY GOAL OF COMPUTATIONAL SOCIAL NETWORK DYNAMICS IS TO USE COMPUTATIONAL METHODS,
MATHEMATICAL MODELS, AND DATA ANALYSIS TO UNDERSTAND, PREDICT, AND INFLUENCE THE BEHAVIOR AND EVOLUTION OF
SOCIAL NETWORKS. THIS INCLUDES STUDYING HOW INFORMATION, INFLUENCE, AND BEHAVIORS SPREAD, AS WELL AS IDENTIFYING
KEY ACTORS AND STRUCTURAL PROPERTIES WITHIN THESE NET W ORKS.

QZ How DOES COMPUTATIONAL SOCIAL NETWORK DYNAMICS DIFFER FROM TRADITIONAL SOCIAL SCIENCE RESEARCH?

A: WHILE TRADITIONAL SOCIAL SCIENCE RESEARCH OFTEN RELIES ON QUALITATIVE METHODS OR SMALLER-SCALE
QUANTITATIVE STUDIES, COMPUTATIONAL SOCIAL NETWORK DYNAMICS LEVERAGES LARGE-SCALE DATASETS AND ADVANCED
COMPUTATIONAL TECHNIQUES. IT ALLOWS FOR THE ANALYSIS OF COMPLEX, EMERGENT PHENOMENA AT A SCALE AND SPEED
THAT WAS PREVIOUSLY IMPOSSIBLE, BRIDGING THE GAP BETWEEN MICRO-LEVEL INTERACTIONS AND MACRO-LEVEL SOCIETAL
TRENDS.

Q: WHAT ARE SOME COMMON EXAMPLES OF SOCIAL NETWORKS STUDIED IN THIS FIELD?

A: COMMON EXAMPLES INCLUDE ONLINE SOCIAL NETWORKS (LIKE FACEBOOK, TWITTER, INSTAGRAM), PROFESSIONAL NETWORKS
(LIkE LINKEDIN), COMMUNICATION NETWORKS (EMAIL, PHONE CALLS), COLLABORATION NETWORKS (CO-AUTHORSHIP IN
RESEARCH), AND EVEN MORE ABSTRACT NETWORKS LIKE THOSE FOUND IN BIOLOGICAL SYSTEMS OR ECONOMIC TRANSACTIONS.

QI CAN COMPUTATIONAL SOCIAL NETWORK DYNAMICS BE USED TO COMBAT THE SPREAD OF MISINFORMATION?

A: YES/ ABSOLUTELY. BY ANALYZING HOW INFORMATION DIFFUSES THROUGH NET\WORKS, RESEARCHERS CAN IDENTIFY PATTERNS
ASSOCIATED WITH MISINFORMATION SPREAD, PINPOINT INFLUENTIAL NODES THAT ARE PROPAGATING FALSE NARRATIVES, AND
DEVELOP STRATEGIES TO COUNTER IT, SUCH AS TARGETED FACT-CHECKING OR PROMOTING CREDIBLE SOURCES.

Q: WHAT ARE “CENTRALITY MEASURES” IN THE CONTEXT OF SOCIAL NETWORK ANALYSIS?

A: CENTRALITY MEASURES ARE METRICS USED TO QUANTIFY THE IMPORTANCE OR INFLUENCE OF A NODE (AN INDIVIDUAL OR
ENTITY) WITHIN A NETWORK. COMMON MEASURES INCLUDE DEGREE CENTRALITY (NUMBER OF CONNECTIONS), BETWEENNESS
CENTRALITY (HOW OFTEN A NODE LIES ON THE SHORTEST PATH BETWEEN OTHER NODES), AND EIGENVECTOR CENTRALITY
(INFLUENCE BASED ON CONNECTIONS TO OTHER INFLUENTIAL NODES).

QZ W/HAT ARE SOME OF THE ETHICAL CONCERNS ASSOCIATED WITH STUDYING COMPUTATIONAL SOCIAL NETWORK DYNAMICS?
A: KEY ETHICAL CONCERNS INCLUDE DATA PRIVACY AND SECURITY, THE POTENTIAL FOR ALGORITHMIC BIAS LEADING TO UNFAIR
OUTCOMES, THE "BLACK BOX” PROBLEM OF UNDERSTANDING COMPLEX MODEL DECISIONS, AND THE ETHICAL IMPLICATIONS OF
INTERVENING IN SOCIAL SYSTEMS, EVEN WITH GOOD INTENTIONS.



Q: How 1S MACHINE LEARNING APPLIED IN COMPUTATIONAL SOCIAL NETWORK DYNAMICS?

A: MACHINE LEARNING IS USED FOR A VARIETY OF TASKS, INCLUDING IDENTIFYING COMMUNITIES WITHIN NET\WORKS, PREDICTING
FUTURE NETWORK STRUCTURES OR LINK FORMATION, CLASSIFYING NODES BASED ON THEIR BEHAVIOR, DETECTING ANOMALIES,
AND EXTRACTING INSIGHTS FROM TEXTUAL DATA USING NATURAL L ANGUAGE ProcessINg (NLP).

QI W/HAT IS AGENT-BASED MODELING, AND HOW IS IT RELEVANT TO THIS FIELD?
A: AGENT-BASED MODELING (ABM) IS A COMPUTATIONAL APPROACH WHERE INDIVIDUAL AGENTS (REPRESENTING NET W ORK
NODES) ARE PROGRAMMED WITH SPECIFIC RULES OF BEHAVIOR AND INTERACTION. BY SIMULATING THESE AGENTS OVER TIME,

RESEARCHERS CAN OBSERVE EMERGENT, NET\WORK-LEVEL PHENOMENA THAT ARE NOT EXPLICITLY PROGRAMMED, OFFERING A
POWERFUL WAY TO STUDY SYSTEM DYNAMICS.
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