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1 Introduction 

Social networks - actors and the relation(s) among them [1] - are crucial elements 

for understanding dynamics of social systems. Agent-based models (ABMs) often 

include some representation of a social network to model social influence and 

interactions among agents [2].  

Social influence is the process of individuals adjusting their opinion or behavior 

under the influence of others, in other words, because of social interactions. The 

strength of the influence depends on the relationship between the individuals, the 

network distance, time, and other characteristics of networks and individuals [3]. There 

are various theories for modelling social influence, for example the opinion dynamics 

model proposed by Degroot [4], and others used in ABMs [5]. 

The structure of a network is crucial to how the social influence unfolds. We know 

that context matters and shapes the structure of social networks [6]. Social networks in 

ABM are often categorized as random, scale-free or small-world, but these are not 

necessarily a good proxy for empirical social networks [2][7]. While these approaches 

are a good start, they cannot fully replicate real-world social network structures [9]. 

In this paper, we use an existing ABM to show the influence of social network 

structure and interaction on the model results. Based on that, we propose a methodology 

on collecting empirical data using surveys to build context-specific dynamic networks 

in ABMs. The survey questions are grounded in tested survey items on social networks 

developed in various fields of research (e.g., psychology, sociology) and are built on 

different theories for explaining social influence. 

2 Case Study 

To illustrate our methodology, we use an ABM of households' flood adaptation 

decisions in Harris County, Texas, USA.  

Figure 1 shows a conceptual overview of the model: On a micro level, households 

decide on taking adaptation measures using Protection Motivation Theory (PMT) [10]. 

The adaptation decision is parameterized based on a household survey [11]. The 

empirical data suggests that individual intentions to invest in adaptation are largely 
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driven by social influence, even stronger than by information on perceived probability 

and damages by our respondents [11].  

 

 
Figure 1: Conceptualization of the household flood adaptation ABM. The focus for 

this work lies on the meso-level – the interaction of household agents within a social 

network. 

 

In our ABM, household agents are connected within a social network and exchange 

their perceptions regarding threat and coping appraisal (meso level). So far, we have 

compared how the network structure and what information household agents exchange 

influences the adaptation uptake (see Figure 2). In this case, we compared the model 

results for no network interaction and interaction within standard networks (Barabasi-

Albert scale-free network [12], Watts-Strogatz small-world network [13],  Erdös-Renyi 

random network [14]) and based on the Degroot’s opinion dynamics model [4]. 

Furthermore, we investigate the impact of household agents exchanging different 

aspects of their adaptation decision: worry, coping appraisal (perceived costs and 

effectiveness of measures), and threat appraisal (perceived flood damage), individually 

or combined. Lastly, we observed how these interactions also influence the 

effectiveness of policies (macro level) and eventually decrease damages. 

As we only have a stylized representation of the social network and influence the 

household agents have on each other, we do not know to what extend this represents 

real-world social network of households in this context. This highlights the need for 

empirical data on social networks and interactions within these.  
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Figure 2: ABM results for influence of exchanging different perceptions (costs and 

effectiveness of measures, worry and perceived flood damage) in different network structures 

(Barabasi-Albert scale-free network, Watts-Strogatz small-world network, Erdös-Renyi random 

network) on the average per household residual flood damage for a flooding as experienced after 

hurricane Harvey in 2017.  

3 Measuring social networks and social influence via surveys 

3.1 Collection of data on social networks  

To generate a social network for an ABM from empirical data, we take inspiration from 

social science and how data on social networks is collected there.  

There are various ways to get information on social networks. Empirical foundations 

that include both structure and influence are often done through extensive data 

collection. This means all network members are asked about their relations with each 

other to remap a real-world network meticulously (e.g., [15], [16]). However, this 

approach can only consider a snapshot of a limited social network in a specific context 

and is very time-consuming. Another option is to use social media network data, but 

that does not necessarily represent the actual social environment of people [17]. 

Another possibility is to ask people on their influence for example, utilitarian, value-

expressive or informational influence [18], [19] or via the process theory of power [20]. 

Descriptive and injunctive norms are also commonly used, for example in [21], [22]. 

Furthermore, for the ABM presented, risk is a key concept. Therefore, frameworks such 

as the Social Amplification of Risk Framework developed by Kasperson et al. [23] are 

of interest. For example Binder and colleagues use it, to consider interpersonal 

discussions as amplifiers of risk [24]. 

To elicit data on close ties, the name generator is a widely used approach. Instead of 

asking general questions about the entire social network of a respondent, the close 

contacts are retrieved through questions like "Who are your three closest friends?" or 

"Who would watch your home when you are away?" [25]. We select a set of survey 
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questions from this literature that can capture data requirements for building data-

driven social networks in ABMs.    

3.2 Proposed survey questions for collecting social network data for ABMs 

We propose a set of questions for constructing surveys to derive social networks 

from small samples of respondents (only a fragment of the real social network), while 

defining rules on how the network connections could evolve based on the reported 

channels of social influence. 

The name generator approach is used next to more general questions drawn from the 

social amplification of risk framework and other social influence theories. Below, we 

propose questions to capture various aspects of a social network that are relevant for 

ABMs: 1) number of connections or ties for each node in the network [26], 2) frequency 

of interaction (i.e., information exchange) [11], 3) characteristics of close connections 

[24], 4) influenceability (how one agent is affected by its connection) [19].  

We formulated these questions in application to the flood adaptation ABM with the 

main topic of peer-to-peer discussions around flooding; here we list the questions 

referring to [Topic X] which should be replaced with the specific issue at hand when 

applied to different cases. 

1- Number of connections or ties. The goal is to get a general idea of the 

network size concerning a specific topic (inspired by [26]). 

Survey question: With how many people in your social network do you ever 

talk about [Topic X]? 

 

2- Frequency of interactions. From these questions we want to know how often 

people generally are in exchange about the topic of interest (inspired by 

[11][24]).  

Survey question 1: In the last year, approximately how many times have you 

been involved in a conversation or contributed to a discussion (in person or on 

social media) involving the subject of [Topic X]? 

Survey question 2: Approximately how many of these conversations took 

place with someone who lived in your local area? 

Survey question 3: How often do you have discussions with other people in 

your social network about [Topic X]? (inspired by [24], to ask about specific 

elements of Topic X) 

 

3- Characteristics of close connections. To identify the characteristics of the 

close connections of a person to deduce the likelihood of two people / nodes 

being connected with the name generator approach (inspired by [26]). Three 

general types of characteristics are asked: relationship to this person, similarity 

in terms of specific attributes, and spatial relation.  

Survey question 1: Who is this person to you? Please select all applicable: 

Family / Friend, Neighbor, Colleague / business partner, Online acquaintance 
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(e.g., through TikTok, Facebook, Instagram, Twitter etc.), Governmental 

official, Other. 

Survey question 2: Do you consider yourself to be similar to each of those 

people, in terms of the following characteristics...? Please tick all those you 

consider to be similar for each person: [Characteristics relevant for Topic X].  

Survey question 3: How far away from you does this person live? 

 

4- Influenceability – weight attached to other nodes’ opinions. From these 

questions we want to know how easily the person is influenced by others 

(inspired by [19], [20], [26]). 

Survey question 1: To seek a second opinion about [Topic X], people tend to 

consult with others to receive additional information about the process, the 

effectiveness or whether the costs are worth it. If you are to consider [Topic 

X-related aspects], what will you chose? Please select one option that 

describes your position the best: 

- I always consult with others regardless of … 

- I consult with others even when … 

- I would never seek additional information from others 

about [Topic X]. 

Survey question 2: How much you agree or disagree that each of this person 

has valuable experience when it comes to [Topic X]? (name generator) 

Survey question 3: The people around me seek my advice or support when 

considering to … 

Survey question 4: The people around me get influenced by my opinion when 

it comes to … 

 

The questions outlined above provide the basis for the network generation within the 

ABM. They also serve as the empirical foundation to operationalize social influence 

when defining social interactions in the ABM. These questions are collected as part of 

a bigger survey and can be connected to other socio-demographic data (age, level of 

income and education, ...) as well as the core behavior we are measuring for our case 

study - individual climate change adaptations.  

4 Conclusion and further work 

Based on literature on survey instruments, we proposed a set of questions that can be 

used to gather empirical data about social networks for ABMs. The questions can be 

adapted to different contexts. Currently, we are running the survey in four different 

countries with the approach outlined above. Although the implementation within the 

ABM still needs to be tested, we hope with the survey responses the social network in 

the ABM becomes a better approximate of real-world social networks. At the Social 

Simulation Conference, we will discuss further how to build social networks from 

empirical data. 

 



6 

Acknowledgements 

This work was supported by the Dutch Research Council NWO VIDI grant number 

191015. The survey data collection was supported by the European Research Council 

(ERC) under the European Union’s Horizon 2020 Research and Innovation Program 

(grant agreement number: 758014). 

References 

[1] S. Wasserman and K. Faust, Social network analysis: methods and applications. in 

Structural analysis in the social sciences ; 8. Cambridge, UK: Cambridge University Press, 

2009. 

[2] M. Will, J. Groeneveld, K. Frank, and B. Müller, “Combining social network analysis and 

agent-based modelling to explore dynamics of human interaction: A review,” SESMO, vol. 

2, p. 16325, Feb. 2020, doi: 10.18174/sesmo.2020a16325. 

[3] M. Chen, S. Mao, and Y. Liu, “Big Data: A Survey,” Mobile Netw Appl, vol. 19, no. 2, pp. 

171–209, Apr. 2014, doi: 10.1007/s11036-013-0489-0. 

[4] M. H. Degroot, “Reaching a Consensus,” Journal of the American Statistical Association, 

vol. 69, no. 345, pp. 118–121, Mar. 1974, doi: 10.1080/01621459.1974.10480137. 

[5] A. Flache et al., “Models of Social Influence: Towards the Next Frontiers,” JASSS, vol. 20, 

no. 4, p. 2, 2017, doi: 10.18564/jasss.3521. 

[6] P. Doreian and N. Conti, “Social context, spatial structure and social network structure,” 

Social Networks, vol. 34, no. 1, pp. 32–46, Jan. 2012, doi: 10.1016/j.socnet.2010.09.002. 

[7] R. Stocker, D. Cornforth, and T. R. J. Bossomaier, “Network Structures and Agreement in 

Social Network Simulations,” JASSS, vol. 5, no. 4, 2002, [Online]. Available: 

https://www.jasss.org/5/4/3.html 

[8] P. R. Van Oel, D. W. Mulatu, V. O. Odongo, D. K. Willy, and A. Van Der Veen, “Using 

Data on Social Influence and Collective Action for Parameterizing a Geographically-

Explicit Agent-Based Model for the Diffusion of Soil Conservation Efforts,” Environ 

Model Assess, vol. 24, no. 1, pp. 1–19, Feb. 2019, doi: 10.1007/s10666-018-9638-y. 

[9] J. Wang and L. Rong, “Evolving Small-World Networks based on the Modified BA Model,” 

in 2008 International Conference on Computer Science and Information Technology, IEEE, 

Aug. 2008, pp. 143–146. doi: 10.1109/ICCSIT.2008.119. 

[10] T. Grothmann and F. Reusswig, “People at Risk of Flooding: Why Some Residents Take 

Precautionary Action While Others Do Not,” Nat Hazards, vol. 38, no. 1–2, pp. 101–120, 

May 2006, doi: 10.1007/s11069-005-8604-6. 

[11] B. Noll, T. Filatova, A. Need, and A. Taberna, “Contextualizing cross-national patterns in 

household climate change adaptation,” Nat. Clim. Chang., vol. 12, no. 1, pp. 30–35, Jan. 

2022, doi: 10.1038/s41558-021-01222-3. 

[12] A.-L. Barabasi and R. Albert, “Emergence of Scaling in Random Networks,” vol. 286, 1999. 

[13] D. J. Watts and S. H. Strogatz, “Collective dynamics of ‘small-world’ networks,” vol. 393, 

1998. 

[14] P. Erdös and A. Rényi, “On random graphs,” Publicationes Mathematicae, 1959. 



7 

[15] P. Matous, “Male and stale? Questioning the role of ‘opinion leaders’ in agricultural 

programs,” Agriculture and Human Values, Jan. 2023, doi: https://doi.org/10.1007/s10460-

023-10415-9. 

[16] T. J. Van Woudenberg et al., “Identifying Influence Agents That Promote Physical Activity 

Through the Simulation of Social Network Interventions: Agent-Based Modeling Study,” J 

Med Internet Res, vol. 21, no. 8, p. e12914, Aug. 2019, doi: 10.2196/12914. 

[17] G. Schoenebeck, “Potential networks, contagious communities, and understanding social 

network structure,” in Proceedings of the 22nd international conference on World Wide 

Web, Rio de Janeiro Brazil: ACM, May 2013, pp. 1123–1132. doi: 

10.1145/2488388.2488486. 

[18] M. Mourali, M. Laroche, and F. Pons, “Individualistic orientation and consumer 

susceptibility to interpersonal influence,” Journal of Services Marketing, vol. 19, no. 3, pp. 

164–173, May 2005, doi: 10.1108/08876040510596849. 

[19] C. L. Holt et al., “Development and Validation of an Instrument to Assess Perceived Social 

Influence on Health Behaviors,” J Health Psychol, vol. 15, no. 8, pp. 1225–1235, Nov. 

2010, doi: 10.1177/1359105310365178. 

[20] G. Schwenk, “Evaluating Social Influence Relations: An Item-Response-Modeling 

Approach,” Metodološki zvezki, vol. 6, no. 1, pp. 27–50, 2009, [Online]. Available: 

https://mz.mf.uni-lj.si/article/download/90/82/88 

[21] J. M. Nolan, P. W. Schultz, R. B. Cialdini, N. J. Goldstein, and V. Griskevicius, “Normative 

Social Influence is Underdetected,” Pers Soc Psychol Bull, vol. 34, no. 7, pp. 913–923, Jul. 

2008, doi: 10.1177/0146167208316691. 

[22] P. Fagan, M. Eisenberg, A. M. Stoddard, L. Frazier, and G. Sorensen, “Social Influences, 

Social Norms, Social Support, and Smoking Behavior among Adolescent Workers,” Am J 

Health Promot, vol. 15, no. 6, pp. 414–421, Jul. 2001, doi: 10.4278/0890-1171-15.6.414. 

[23] R. E. Kasperson et al., “The Social Amplification of Risk: A Conceptual Framework,” Risk 

Analysis, vol. 8, no. 2, pp. 177–187, Jun. 1988, doi: 10.1111/j.1539-6924.1988.tb01168.x. 

[24] A. R. Binder, D. A. Scheufele, D. Brossard, and A. C. Gunther, “Interpersonal 

Amplification of Risk? Citizen Discussions and Their Impact on Perceptions of Risks and 

Benefits of a Biological Research Facility: Interpersonal Amplification of Risk,” Risk 

Analysis, vol. 31, no. 2, pp. 324–334, Feb. 2011, doi: 10.1111/j.1539-6924.2010.01516.x. 

[25] K. E. Campbell and B. A. Lee, “Name generators in surveys of personal networks,” Social 

Networks, vol. 13, no. 3, pp. 203–221, Sep. 1991, doi: 10.1016/0378-8733(91)90006-F. 

[26] R. Van Duinen, T. Filatova, P. Geurts, and A. V. D. Veen, “Empirical Analysis of Farmers’ 

Drought Risk Perception: Objective Factors, Personal Circumstances, and Social 

Influence,” Risk Analysis, vol. 35, no. 4, pp. 741–755, Apr. 2015, doi: 10.1111/risa.12299. 

 

 

 


	1 Introduction
	2 Case Study
	3 Measuring social networks and social influence via surveys
	3.1 Collection of data on social networks
	3.2 Proposed survey questions for collecting social network data for ABMs
	1- Number of connections or ties. The goal is to get a general idea of the network size concerning a specific topic (inspired by [26]).


	4 Conclusion and further work
	Acknowledgements
	References


