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Abstract

This study explores communication structures in construction design offices using social network analysis (SNA) to
compare directed and undirected networks. The objective is to understand how these network types influence hierarchy,
information flow, and collaboration within small design teams. Data were collected from nine construction design offices,
constructing both directed and undirected networks based on survey responses. Various graph theory metrics, including
clustering coefficient, network diameter, centrality, and connectivity, were analyzed to assess communication efficiency.
The results show that directed networks emphasize hierarchical structures with limited reciprocal exchanges, while
undirected networks confirm mutual interactions, fostering collaboration. Despite variations in size, most networks exhibit
small-world properties, indicating that key individuals act as bridges, ensuring effective communication. These findings
highlight that network structure, rather than size, plays a crucial role in team coordination. This study contributes to
Architecture, Engineering, and Construction (AEC) research by providing insights into optimizing team dynamics,
balancing hierarchical control with flexible collaboration, and improving project management strategies.
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1. Introduction

In the construction industry, social network analysis (SNA) has been used to assess design team communication
during collaborative work, with the interactions mediated by computer communication technologies [1]. This technique
works because the flow of value in design and service tasks is mainly related to the flow of information [2]. It has been
established that the informal structures (social networks) formed through project members’ communications go beyond
the formal structures to make their work more efficient [3]. A social network can be represented as a mathematical graph
or network describing a particular set of interrelationships or links between individuals who are the graph’s nodes; links
(represented as graph or network edges) between individuals help to establish their behavior, conduct, opinions, and
position within the real-world social networks [4, 5]. When two nodes share a vertex, they are said to be adjacent [6].
Such information helps project teams to propose efficient and well-founded solutions to the problem of information
exchange, taking into account the frequency of formal or informal communication between project participants, the
density of networks, and the centrality of actors with building knowledge [7-12], as well as the centrality that actors
develop through interaction [13, 14]. SNA produces information useful for good decision-making and knowledge
sharing among participants [10, 15, 16].
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SNA is widely used to characterize social network structures and to assess team communication and has been
associated with performance metrics such as productivity and team efficiency [13, 17, 18]. There is a considerable
corpus on this topic that focuses specifically on construction companies and their projects [11]. While network theory
is well-established, small project design teams remain an underexplored area despite their suitability for detailed analysis
of communication structures and hierarchy. Rather than constructing new theoretical models, this study applies existing
frameworks to examine team coordination and information flow, offering practical insights for improving collaboration
within the Architecture, Engineering, and Construction (AEC) industry [19].

Traditional SNA theories and probabilistic models of social networks are relatively ineffectual because they do not
sufficiently reflect the reality of interactions adequately. Only a few studies focus on small social work networks with
the goal of explaining communication of their members in terms of the non-random links between them and the expected
hierarchies within work teams [20]. In addition, small networks tend to quickly saturate potential connections among
their members, rendering some metrics applicable to large social networks useless, such as emergent structural changes
over time [6]. Consequently, it is necessary to start with identifying the statistical properties of these small social
networks so that they can be compared and evaluated for their interactions, hierarchies, and information management,
which is an indispensable input during the design process [15]. This research aims to establish the characteristics of the
social networks formed in design offices, depending on their work activity, by analyzing the statistics of their
communication connections. This information is relevant for design offices to identify hierarchies and recommend
improvements in their work teams’ communication [7, 21, 22].

This research article investigates communication and hierarchical structures within social networks in construction
design offices. First, a comprehensive literature review establishes the theoretical framework and identifies key gaps in
the current understanding of small social network dynamics. The data collection section details the procedures employed
for participant selection and survey administration. The next section describes the development of both directed and
undirected networks, providing the basis for analyzing communication patterns. These networks are analyzed
statistically to quantify key metrics related to connectivity, clustering, and hierarchy. These metrics are then analyzed
for inferences regarding team interactions and organizational structures. Finally, the discussion and conclusion section
synthesizes the key findings, with a particular focus on the observed small-world properties of these networks, and offers
practical recommendations for enhancing collaboration and communication within design office settings.

1.1. Literature Review

SNA allows the study of the linkages between individuals and how specific resources are managed within the
network/organization [23]. Among these resources, one of the most critical is connectivity, as a necessity for transmitting
information among the network’s members [4, 14]. Connectivity has been studied in the social context on the assumption
that the world is small because, when it comes to linking two people through social networks, only a small number of
links suffices, and the intermediaries need not be immediate neighbors [24], a feature that makes it easy to transfer
information [25]. Connectivity is a network-wide characteristic determined by its edges and their directionality. Edge
direction represents the reciprocity (or non-reciprocity) of a relationship or communication produced by affinity,
necessity, or the very structure of the real-world communication required in a specific situation [26]. Not all connections
within a social network involve exchange; directed connections from one person to another can be unidirectional and
represented by a directed edge. For example, giving an order may not imply a response beyond being obeyed, ignored,
or disregarded [27, 28]. On the other hand, nondirected edges reflect reciprocal relationships such as mutual friendship
[29] or the mutual monitoring of communications [30].

The strength of the edges depends on the extent of contact with neighbors. Strong edges appear when there are
frequent and close contacts between network members. Such edges manifest the reciprocal friendships and closeness
among members, revealing groups that share common information and affinities. On the other hand, weak edges, which
appear when there is little overlap between the people, indicate bridges between communities by which to communicate
new information. Should weak relationships be broken, subgroups can become isolated [31].

The relationships observed between nodes in a network at a given time can be considered as probabilistic outcomes
of underlying network processes [32]. When the distribution of vertex properties is described statistically, the principles
of central tendency and dispersion apply in the same way as they do to other variables [26].

Network statistics include several standardized metrics for analysis. Among these, the network structural metrics
relate to the number of edges within the network, and their distribution reflects patterns of connectivity. These metrics
include mean degree, clustering coefficient, density, network diameter, average distance, betweenness, and
fragmentation [27, 33]. The route length is the shortest possible route between all nodes in the network measured across
their links, and the average distance is the average of the shortest possible route lengths or paths between pairs of hodes
in the network [4].

The diameter is the maximum number of vertices needed to traverse the network graph and is associated with the
two most distant nodes (which may not be unique). The diameter is usually smaller than the number of nodes. Even the
largest real-world social networks are estimated to have diameters of less than 6, which can make the world feel small
when it comes to connecting people [34]. There are also relationships to be observed between social network statistics.
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For example, when the average distance decreases, it is accompanied by an increase in the clustering coefficient [35],
which indicates the fraction of nodes that tend to cluster in triads in the network as a whole. Triads are, as the name
suggests, three nodes in which each pair is mutually connected. Triadic clustering can occur in networks with joint
small-world and complex characteristics [22, 36].

Under normal conditions, the connection density between team members (and hence the nodes representing them)
decreases as the size increases, the average distance between nodes also increases, and the information flow during
design tasks is focused on small groups, teams, or workstations defined by the tasks assigned to each individual [12].
Given their size, social networks in design offices should obey small-world rules, but short distances between nodes are
atypical due to the non-randomness of connection between members. In a broad sense, the size of the office was
positively correlated to the density or agglomeration of nodes [12].

A property based on the number of links a node has with other nodes in the network is the degree, which represents
the number of members it communicates with; dividing the total number of edges by the number of nodes gives the
average network degree that summarizes the connectivity of the network: a high average degree indicates a network
with densely connected nodes [32]. On the other hand, a low average degree indicates limited information propagation
due to few opportunities for interaction between nodes. Density is the number of edges in a network compared to the
total possible edge number; densities close to 1 indicate ease of information dissemination and propagation, and low
densities close to 0 indicate fewer node connections, limiting communication and information flow. In small networks,
it is easy to achieve high densities; in this case, the average degree is more straightforward to interpret than the density
[6]. The division of the network into subgroups is measured by the network fragmentation; high fragmentation values
in a network indicate many isolated subgroups or communities, which can mean the presence of different areas of interest
or like-minded groups. However, greater modularity entails less interconnection; a more cohesive network with more
interconnection between nodes has low fragmentation [37].

Social networks have two types of properties. Static properties describe structures represented by a graph (or
network) at a given time, whereas dynamic properties describe the evolution of those structures under the social
network’s environmental conditions [29, 38]. A temporal graph of social relations represents a social network. At the
local level, the social influence of a node is related to the number of links connecting it to other nodes. At the global
level, the most influential factor is how the nodes are associated rather than merely the number of links [29].

Graphs represent connectivity between nodes; the edges help us to understand individuals’ social behavior [39].
Graphs can be constructed using relationships, such as formal roles or communications between individuals, to expose
hierarchical structures and information flows within organizations [5, 40]. Graphs are mathematical objects; some are
complex, so it is better to interpret them statistically [4, 7], as effective communication on social networking sites is
associated with better project performance [13]. Directed graph edges can represent asymmetrical relationships in which
the direction is crucial [4], whereas undirected edges represent reciprocal or mutually confirmed connections.

Edges are often undirected because, during data collection, members of the network forget to mention the people
with whom they are in communication; just the fact that one member claims communication with another member is
understood to indicate a mutual link, so a new and symmetric adjacency is created. This rule is known as the “OR” or
“join” rule. Alternatively, a stricter rule can be adopted if there is reason to suspect that a name has been mentioned only
casually: only if both people mention each other is the relationship considered confirmed. This is called the “AND” or
“intersection” rule. The join rule creates denser networks, while the intersection rule makes them more dispersed [6].

Edge directionality distinguishes social networks in which the nodes have confirmed interactions from
information networks in which the nodes are sources of information and the connection events correspond to actions
such as searching for references [31]. The latter are assimilated into the working interactions of consultants in a
design office [20].

SNA also facilitates understanding of the social network’s structure and the interactions between the individuals in
it, providing insights for improving organizational structure and the flow of information and ideas [41, 42]. It is assumed
that the importance of each link is proportional to the corresponding individual’s role in the organization and the
information they can bring to the organization [43]. Relationships between roles are explored to improve work teams’
performance [12, 44].

Knowing which actors exert the most influence within networks helps managers to improve organizational
performance and meet objectives. Influence indicators can be measured by survey and are aimed at understanding the
interrelationship between individuals within the organization [40]. The analysis can identify weak inter-departmental
connectivity that results in scarce communication or dynamics in which most workers depend on communication with
a single employee who controls the processes. If this individual is absent, connections collapse due to isolation
between groups; managers must think about internal communication strategies so that organizational objectives are
still achieved [41].
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Communication in design offices, however, often does not follow a formal organizational structure. However, as
in other industries, social networks form through work tasks [21]. For example, the distributions of social network
links in architectural design offices have been found to associate with hierarchical and functional organizational
structures, which demonstrates the feasibility of using SNA to identify hierarchies through the analysis of
communication patterns [12].

2. Material and Methods

The research process is illustrated in Figure 1; the methodology begins with a literature review to establish a
theoretical foundation, followed by data collection from design offices that agreed to participate in the study. Social
network analysis (SNA) is then applied to examine communication and hierarchical structures within these offices.
Finally, the data is analyzed using established metrics to provide meaningful insights into the dynamics of professional
interactions in design environments.
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Figure 1. Methodology diagram
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In order to establish the state of the art in research on communication and the hierarchical structure of social networks
in construction, papers published from 2015 to 2024 were searched using the words “social network”, “analysis”,
“communication”, and “construction projects” in the Scopus search engine. The search was limited to articles concerning
construction projects. Relevant articles were identified by their content about stakeholder communication and
organizational structure in social networks. In addition, the most cited books on social network analysis were consulted
to establish the theoretical basis of the research using Google Books.

Eleven Chilean companies dedicated to construction project design were invited to participate. Nine agreed to
provide information on the number of members that make up the design work teams and the identification of their
positions. Since each office classifies its staff in different positions, the research team grouped the common positions
according to their activities, as shown in Table 1. Notably, no digital communication methods, such as email or other
electronic means, were used; all information was collected exclusively through direct, in-person interactions.

Table 1. Design team staff

Companies
Job description El E2 E3 E4 E5 E6 E7 E8 E9
Architect partner - owner 4 2 0 2 0 5 3 4 1
Office Manager - Architect 0 0 2 7 1 6 0 7 1
Project Manager - Architect 0 5 8 8 3 1 3 4 3
Architect-designer 21 17 0 18 2 10 9 22 8
Design specialist 0 0 7 0 4 10 0 3 0
Assistant Technician 0 2 1 0 0 0 0 2 0
Administrative staff 3 4 2 5 1 5 1 7 3

Total, network members 28 30 20 40 11 37 16 49 16

Participants voluntarily answered questions about whom they contacted to provide information relevant to their work
in the last six months, where “relevant information” is understood to mean that the information is necessary, provides
added value, and is not openly available [6]. Therefore, static information on the network structure was obtained, and
no link weights were considered [29].

This research uses Social Network Analysis (SNA) to examine communication structures in construction design
offices, comparing directed and undirected networks. Edge directionality is often assigned to reflect hierarchical, top-
down communication, while undirected networks speak to reciprocal interactions and collaboration. Rooted in
structuralist network theory and small-world network theory, this study highlights how key individuals facilitate
information flow, ensuring efficiency despite hierarchical constraints. Statistical graph metrics such as clustering
coefficients and centrality reveal that team size is less important than the structure of communication itself. These
findings provide insights into optimizing collaboration by balancing hierarchy with flexible, knowledge-driven
networks, offering a foundation for future research on evolving communication patterns in design teams.

For the conformation of the undirected networks, the intersection rule was chosen to obtain symmetrically confirmed
networks. Statistics were applied to the groups studied based on the limited information from a sample of their joint
activity time during relevant communications. The directed network was analyzed for information hierarchies within
the social work networks [28], comprising the relationships by which some members are “followers” of others who
constitute sources of information or dispositions. On the other hand, non-directed network representations were analyzed
to double-check members’ answers and to confirm the connection between the network members [40] in search of
hierarchies of affinity and trust within structures of co-communication or mutual relationships— these are characteristics
of work interaction in which shared information is confirmed or discussed [30].

Undirected networks are assumed to be a partial representation of social networks that are, in reality, directed,
implying that a large part of the communication occurs between nodes due to a requirement beyond formal
organizational arrangements [40].

Both directed and undirected networks were analyzed using the Ucinet 6 v.6.629 software, which provides several
tools and techniques to obtain the metrics that define networks [45]. For the statistical analysis of the metrics, we use
RStudio version 4.2.2, which has libraries and tools to create, manipulate, analyze, and estimate statistical models of the

822



Civil Engineering Journal Vol. 11, No. 03, March, 2025

networks [46]. The metrics analyzed are the same for both network types; this dual analysis is done in consideration that
undirected networks are related to the flow of information needed to perform the work, while directed networks are
more related to the hierarchical structure of the organizations [28]. These are essential aspects to consider in the context
of small networks [31].

In order to conduct a hierarchy analysis of the directed networks, the degree of each node was calculated to classify
them into four groups according to quartile; nodes of degree above the third quartile are considered to exert significant
influence in the network and are classified into group G1. Nodes of degree between the third quartile and the median
are classified into group G2, corresponding to members with above-average but not exceptional influence. Nodes of
degree from the median to the first quartile are classified into group G3, for members of below-median but not
exceptional influence. The lowest quartile is assigned to group G4; these correspond to members with the lowest degree
of influence. The metrics reported below were obtained using Gephi 0.10.1 and contrasted by implementing an algorithm
in R version 4.2.2.

3. Results

The literature search uncovered 13 papers, of which five focus on the interpretation of statistics and communication
of social networks with current knowledge on the subject. Also, seven books were reported as the most cited books on
the topic of social networks and statistics so far in the 21st century [5, 6, 26, 27, 31, 32 ,47], although the latter is from
the 20th century, it is a crucial reference text in social network analysis, frequently cited for its comprehensive coverage
of both theory and statistical methods. Table 2 shows the metrics analyzed in this study and their interpretation
concerning communication and hierarchies within social networks.

Table 2. Summary of metrics and their interpretation according to the literature

Source Metrics Interpretation
Hanneman & Riddle A high-degree actor, having many links, has access to more resources of the network as a whole. They are often
Degree and third parties and negotiators in exchanges with others and can benefit from this intermediation.

(2005) [26] and Cherven medium degree  In directed networks, if an actor receives many links, it is said to be prominent. The average degree reports the

(2015) [4] typical number of contacts per node.
Wasserman & Faust Clustering nflls the fractlorll ofha nog_e's_ pairs c>|fl<fr:ends_ t:at are connfected _to eacrI other. ngrr: cl.usterlng coeffhl_?len.t scores
(1994) [5] coefficient reflect a network where this is more likely. High scores are ound in smaller, more cohesive groups, while dispersed
networks might be expected to produce lower scores.
Sladowskizelt]al. (2019) Density A high value is interpreted as increased communication effectiveness within the organization.
Pappi & Scott (1993) Fragmentation In a fragmented network, it is more difficult for information or resources to flow to people, and they may become
[27] d more dependent on their immediate local situation.

Cherven (2015) [4] Average 1t measures the efficiency of communication in the network. It is the average of the shortest possible paths between
distance all nodes in the network. Low values indicate that the network is more efficient in handling the flow of information.
Wasserman & Faust Network Considering communication in a network, where information is transmitted between nodes, a small diameter should

(1994) [5] diameter ensure that information travels quickly between actors further apart in the network.
Hanneman & Riddle If there are many different paths connecting two actors, they have high connectivity because there are multiple ways

Connectivity

(2011) [48] for a signal to get from one to the other.

Networks with high levels of homophily based on one or more attributes (e.g., employment status) are selective in
those elements. Network nodes with many connections tend to be connected to others with many connections.
Assortative networks are more resistant to removing their higher-degree vertices, while disassortative networks are
more vulnerable.

Cherven (2015) [4] and

Newman (2002) j4g] ~ Assortativity

3.1. Directed Networks

The following analysis considers the group or network statistics to understand the direction and flow of information
to reveal communication patterns between network members and to understand information propagation. Table 3 shows
the clustering coefficients for nine directed networks (E1-E9), providing a measure of local interconnectedness within
each network. The table lists the number of nodes (members) in each network alongside their corresponding clustering
coefficient. Networks E7 and E9 exhibit the highest clustering coefficients, 0.6862 and 0.7553 respectively, indicating
strong local clustering and a high degree of interconnectedness within their constituent subgroups. Conversely, network
E8 demonstrates the lowest clustering coefficient at 0.4296, suggesting weaker local clustering and more dispersed
connections among its members. The remaining networks (E1-E6) fall within a moderate range of clustering
coefficients, implying a degree of local interconnectedness somewhere between the extremes. These variations in
clustering coefficients across the networks suggest potentially different communication patterns and group dynamics,
highlighting the importance of considering this metric alongside other factors for a more comprehensive understanding
of network structure.
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Table 3. Clustering in Directed Networks

Network  Number of nodes  Clustering coefficient

El 28 0.5146
E2 30 0.4872
E3 20 0.4326
E4 40 0.4598
E5 11 0.5543
E6 37 0.4857
E7 16 0.6862
E8 49 0.4296
E9 16 0.7553

Table 4 presents cohesion measures for the networks participating in this study, including the output and input
centralities. These measures give us information about the strength and quality of relationships within the network.

Table 4. Cohesion in directed networks

Network Number of Density Average N_etwork Outpu_t Input Genelta!
nodes distance diameter centrality centrality connectivity
El 28 0.2421 2.0356 4 0.7476 0.2099 0.9286
E2 30 0.2069 2.3325 6 0.8205 0.1784 0.9333
E3 20 0.1921 2.0438 4 0.4626 0.3518 0.7211
E4 40 0.1667 2.2866 5 0.4339 0.3287 0.9506
E5 11 0.2727 1.6250 3 0.4700 0.3600 0.5818
E6 37 0.1344 2.0600 4 0.4329 0.2901 0.5128
E7 16 0.5042 1.4800 3 0.3867 0.3867 0.9375
E8 49 0.0727 2.7628 7 0.2760 0.1427 0.8980
E9 16 0.6208 1.3792 2 0.4044 0.4044 1.0000

Analyzing multiple measures of cohesion together provides a complete picture. Specifically, Table 4 provides
insights into communication efficiency and influence. Density, representing the proportion of potential connections
present, ranges from 0.0727 in E8 to 0.6208 in E9, indicating substantial variation in network interconnectedness.
Average distance, reflecting the average path length between node pairs, ranges from 1.3792 in E9 to 2.7628 in ES,
suggesting differences in information flow efficiency. Network diameter, the longest shortest path over all node pairs,
ranges from 2 in E9 to 7 in E8. Centrality measures, including output (influence exerted) and input (influence received)
centralities, reveal variations in individual node importance within the networks. Finally, general connectivity provides
an overall measure of network reachability.

Moreover, when a horizontal organization is suggested, meaning that the outgoing and incoming centrality are equal,
the relationships are less hierarchical and more collaborative, with more feedback of information, as shown in Figure 2.
This figure illustrates the output degree centrality distributions within two directed networks, E1 and E9. The nodes in
this figure are drawn proportional to output degree to highlight the relative influence of individual actors within each
network. The structure of Network E1 is less centralized, with a relatively even distribution of output degree across its
nodes. While some variation in node size is apparent, suggesting differing levels of influence, no single dominant actor
emerges. In contrast, network E9 displays a highly centralized structure, characterized by a single, significantly larger
node. This node’s prominence indicates a substantially higher output degree compared to the remaining nodes,
suggesting a central authority exerting considerable influence within the network. The visual distinction between these
two networks underscores the impact of network topology on the distribution of influence, with E1 representing a more
equal structure and E9 demonstrating a clear hierarchical organization.
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Figure 2. Output degree of directed networks E1 and E9

3.2. Undirected Networks

The undirected networks exhibit a symmetry resulting from cross-checking communication between pairs of nodes
[40]. Table 5 shows the values obtained for centrality measures; Table 6 the cohesion measures of the undirected
networks.

Table 5. Clustering in undirected networks

Network  Number of nodes  Clustering coefficient

El 28 0.4009
E2 30 0.3568
E3 20 0.3871
E4 40 0.4093
ES5 11 0.4091
E6 37 0.3820
E7 16 0.4615
E8 49 0.3770
E9 16 0.4853

Table 6. Cohesion in undirected networks

Network ’(;Ifu:;lc)jzg Density ﬁi\ggﬁgg g‘iztr\;]vgg; %‘;Zr;%e co(r?r?:cetrii: ty Fragmentation  Assortativity
El 28 0.1376 2.5723 5 3.7143 0.8598 0.1402 0.1321
E2 30 0.1195 2.7077 6 3.4667 0.7471 0.2529 0.0532
E3 20 0.1316 2.0549 4 2.5000 0.4789 0.5211 -0.2433
E4 40 0.1192 2.5804 5 4.6500 0.9013 0.0987 -0.2148
E5 11 0.1636 15714 2 1.6364 0.3818 0.6182 -0.6014
E6 37 0.0721 2.6014 6 2.5946 0.4144 0.5856 -0.2307
E7 16 0.3417 1.6476 3 5.1250 0.8750 0.1250 -0.2513
E8 49 0.0449 3.3045 7 2.7419 0.7679 0.2321 -0.0627
E9 16 0.4000 1.6000 2 6.0000 1.0000 0.0000 -0.4953

Table 5 details the clustering coefficient for each network, a metric reflecting the degree to which nodes tend to form
interconnected subgroups. E9 exhibits the highest clustering coefficient (0.4853), indicating a greater prevalence of
tightly-knit triads within its structure. Conversely, E2 demonstrates the lowest clustering coefficient (0.3568), suggesting
a less pronounced tendency towards local clustering.

Table 6 expands the analysis to encompass measures of overall network cohesion. This table includes the number of
nodes, density, average distance, network diameter, average degree, general connectivity, fragmentation, and
assortativity. Density ranges from 0.0449 in E8 to 0.4000 in E9, highlighting substantial variation in network
interconnectedness. Average distance ranges from 1.5714 in E5 to 3.3045 in ES8, indicating differences in
communication efficiency. Network diameter varies from 2 in E5 and E9 to 7 in E8. Average degree ranges from 1.6364
in E5 to 6.000 in E9. General connectivity provides a global measure of node reachability across its network.
Fragmentation, which assesses the network’s susceptibility to partitioning into disconnected subnetworks, and
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assortativity, which measures the tendency of nodes to connect with similar others, offer further insights into network
structure.

These metrics provide a comprehensive characterization of the structural properties of these nine undirected
networks, enabling a deeper understanding of their potential for information diffusion and collaboration. Furthermore,
Figure 3 illustrates the network diameter for Office E8. This diagram aids in understanding the potential reach and
efficiency of communication pathways within this office.

@ o
o OlO O
>0 ®
O ‘ O O @
oo O QO OS © @
O o O O
OOO O 5
O O
O o

Figure 3. Network Diameter - Office E8

Figure 4 compares the general connectivity of three contrasting networks: E1, E5, and E9. E1 appears relatively
dispersed, while E9 appears more centralized. E5 exhibits a highly centralized, star-like topology, with one dominant
node connected to all others, indicating a potential single point of influence or vulnerability. These visualizations
underscore the variation in network characteristics across different organizational units and provide a qualitative basis
for further investigation into the relationship between network structure and organizational function.

Red E5 Red E9

Figure 4. General connectivity — Networks E1, E5y E9

3.3. Hierarchies

Using the hierarchy analysis established by the degree of the nodes, the team members were classified by quartile.
Hierarchical degrees can be observed within each network; the results are shown in Table 7.

Table 7. Hierarchical groups of undirected networks

Network Quartile Q1  Quartile Q2  Quartile Q3

El 4.00 6.00 10.00
E2 4.00 6.00 12.00
E3 4.00 6.00 9.00
E4 4.00 8.00 12.50
E5 4.00 4.00 6.00
E6 4.00 6.00 9.50
E7 6.00 10.00 14.00
E8 4.00 6.00 10.00
E9 6.00 11.00 17.00
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Figure 5 shows diagrams for networks E1, E5, and E9 elaborated using the Network Splitter 3D algorithm to separate
the nodes by the quartile thresholds in Table 7. The networks are stratified into levels (G1-G4), illustrating a hierarchy
from more influential or well-connected nodes in G1 to peripheral participants in G4. The sizes and blackness likely
indicate centrality or importance within the network, with darker and larger nodes representing key connectors or
influencers.
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Figure 5. Hierarchical structure — Networks E1, E5 and E9

4. Discussion

The analysis has revealed key differences between hierarchical and other organizational settings. Hierarchical and
scale-free networks, like social or biological systems, tend to have a large number of nodes but low density, maintaining
connectivity through a few highly connected hubs. They exhibit small-world properties, with short average distances
and small diameters, ensuring efficient communication. While hierarchical networks typically have a broad degree
distribution with hubs sustaining global connectivity, infrastructure networks maintain a more uniform degree to ensure
stability. Fragmentation is low in hierarchical settings but can be higher in highly modular yet weakly connected systems.
Assortativity further distinguishes network types, with social networks favoring high-degree nodes linking to each other,
while technological and biological networks exhibit disassortative mixing, where hubs primarily connect to low-degree
nodes. These structural variations highlight how different networks balance connectivity, modularity, and efficiency
depending on their organizational needs [50].

The organization of positions in Table 1 within design offices is repetitive and relatively simple. The project manager
and/or the architect-partner or owner assign tasks and responsibilities to the team members, assuming a managerial role.
The office manager prospects for and attracts clients, selects and recruits teams, and is responsible for operations. In
small design offices, some of these functions overlap as the architect-partners or owners sometimes recruit clients, recruit
staff, and assign tasks. The other positions carry out the design work supported by the administrative staff.

The differences between directed and undirected networks in construction design offices emphasize how
communication patterns, hierarchy, and efficiency shape team dynamics. In directed networks, it is assumed that
communication has occurred, highlighting the influence of hierarchical structures in which project managers and
senior architects function as central nodes with high output centrality but lower input centrality, limiting reciprocal
exchanges [5]. In contrast, undirected networks confirm communication between nodes, leading to stronger reciprocal
relationships and collaboration. Statistical analysis shows that directed networks have lower density, emphasizing top-
down decision-making, while undirected networks exhibit higher clustering coefficients, indicating trust-based and
cooperative interactions [40]. The study also confirms that larger offices, such as E8 with 49 members, tend to have
higher network diameters (up to seven steps), leading to longer communication paths, while smaller offices, such as
E9 with 16 members, maintain tightly connected structures, reflecting small-world characteristics allowing for more
frequent and direct exchanges [31]. Additionally, directed networks provide a structured communication flow,
whereas undirected networks, by cross-verifying links, highlight natural hierarchies based on affinity and trust rather
than solely on formal roles.
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The study’s findings have implications for project efficiency in design teams. The methodology assumes that directed
networks inherently contain communication, while undirected networks only include confirmed interactions, leading to
different statistical interpretations. Directed networks effectively establish hierarchies necessary for structured
workflows but may hinder adaptability and information feedback. In contrast, undirected networks encourage
knowledge-sharing and dynamic collaboration, though they require coordination mechanisms to maintain efficiency
[31]. The observed small-world properties indicate that, despite hierarchical structures, information can still flow
efficiently when key connectors facilitate cross-team communication. The results highlight the need to consider both
network types when analyzing organizational structures, as each presents distinct advantages and limitations. Given that
the fragmentation of networks is not necessarily determined by size but by work methodology, as evidenced in the
variation among firms, these findings can guide improvements in communication strategies in construction design
offices. Future research should explore the long-term effects of these network structures on project outcomes and
investigate strategies for integrating hierarchical and collaborative communication models in small and large design
teams.

4.1. Directed Networks

It is observed in Table 3 that the networks studied present clustering coefficients above 40%, which implies that
there are separate groups that provide the opportunity for the emergence of weak links conducive to disseminating new
ideas within the networks. An exception to this is network E9, which has the highest clustering coefficient, implying the
presence of a close-knit group, a characteristic it shares with two other small networks in the study group (E5 and E7).
A correlation analysis was conducted between the studied metrics and the number of nodes in the networks. There is no
statistically significant correlation between the number of managers and the clustering coefficient (r(9) = —0.5863, p =
0.09703), Ho: p =0, which means that the workgroups within the team are not necessarily led by some of these positions,
due to the complexity of the tasks, project type or simply because of the way they are organized in each of the offices.
On the other hand, it was established that there is a moderate inverse, non-significant correlation between the clustering
coefficient and the number of nodes (r(9) = —0.653, p = 0.056). Here is a tendency within small groups to form a more
significant number of closed triads [51], such a condition should facilitate the flow of information within the design
office or could be an effect of teams sharing resources in their tasks, which is common in small offices, in line with what
is expressed by Wasserman and Faust [5].

Regarding cohesion, Table 4 shows a strong and statistically significant direct correlation between the average
distance and the number of nodes (r (9) = 0.889, p = 0.001352), Ha: p7 0. As the number of nodes increases, the average
distance between nodes increases; however, the distances remain below 3. Diameter similarly exhibits a substantial
direct correlation with network size (r (9) = 0.832, p = 0.001352), ranging from 2 for a 16-node network to 7 for a 49-
node network. Small networks have short communication paths even when divided into task groups. When it comes to
diameter, there is no significant difference compared to large and randomly connected networks with a limiting distance
of 6 [31]; the presence of many task groups may result in more than 6 degrees of separation between their members.

Generally, high connectivity between nodes is observed, indicating that information does reach network members
[26]. The overall connectivity in seven of the nine companies is high, with values above 0.70. Despite this, there is no
correlation between connectivity and the network size (r(9) = 0.109, p = 0.7805), Ho: p = 0. Connectivity reflects a high
communication intensity due to the work that these organizations are developing, which could be due to factors such as
how they work and the complexity of the projects they develop.

In the networks studied, input centrality is lower than output centrality, implying that little communication is
reciprocal between work team members. This metric does not reach 0.50 despite output centralities reaching 0.8205.
For example, in company E2, the confirmed information is only 18%; such asymmetry is characteristic in groups where
much information is pushed from the team leaders or mentors, configuring a hierarchical structure noticed by Tatti [28].
Only in networks E7 and E9 are the outgoing and incoming centrality equal, suggesting a horizontal organization with
a less hierarchical working relationship structure, more collaboration, and more feedback of information, as shown in
Figure 2. In contrast, network E1, with an outgoing centrality of 0.7476, has few nodes that concentrate communication.
The size of the nodes represents the number of outgoing links.

The small density values, averaging 0.2681, indicate that these are economical networks in which links and contacts
are selective, typical of in-training or work networks, with slight communication effectiveness within the network [21].
Again, the exception is networks E7 and E9, with size 16 and densities of 0.5042 and 0.6208, respectively; they exhibit
characteristics more associated with a social network with back-and-forth communication monitoring, than a typical
workplace network. On the other hand, if these were random networks, they should have higher densities still,
highlighting the influence of division into task teams.
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4.2. Undirected Networks

The clustering coefficient differs from those shown in Table 3 as it includes only the nodes with interconnection
confirmed by the two members; consequently, several isolated nodes also appear. No correlation was detected between
the clustering coefficient and the number of nodes (r(9) =—-0.568, p = 0.1106), Ho: p= 0. High values would be expected
for smaller networks since this coefficient is related to the connection probability. This is the percentage of grouping by
communication of information at work that implies the actors’ dialogue beyond considering only superiors’ orders or
assignments. According to Krackhardt & Hanson [40], this network of relationships gets the job done. It can be assumed
that work communication generates an average clustering of 40% in design offices and Zhang et al. [52] mentions that
links between nodes within the same cluster tend to be more prevalent.

High diameters are observed in networks with a more significant number of participants, which is due to the
distribution of several projects in an equal number of work teams that are connected by a single person or coordinator,
resulting in a diameter greater than 6 in office E8 (Figure 3), as noted above. High network diameter values do not
guarantee fast information between the most distant team members, resulting in loss of information [5]. As it is a non-
random working network, the trend of a maximum of 6 steps between its members is not observed [31]; the work practice
in that office involves a line of communication between group leaders, which is a typical structure of design offices.

There is a correlation between log (n), where n is the number of nodes, with the network diameter (r (9) = 0.940, p
=0.0001638, Ho: p = 0), the studied networks evidence a small-world property [36]. A correlation was found between
the number of nodes with the average distance (r(9) = 0.914, p = 0.0005719, Ho: p = 0). No correlation was found
between the number of nodes and the average degree of the network (r(9) = 0.136, p = 0.728, Ho: p = 0). According to
the theory for random networks, small sizes imply high average degrees as they tend to saturate quickly, which does not
occur with these networks because communication is conditioned by the formation of the work teams.

No correlation was found between overall connectivity and network size (r (9) = 0.1238, p = 0.751, Ho: p = 0). In
small network sizes, overall connectivity is expected to be high if communication were random [8], as seems to be the
case in networks E1 and E4. In most cases, the non-random connection is observed in these networks, which shows
marked differences between network E9 with 16 members and an overall connectivity of 100% to another small network,
such as E5 with a connectivity of only 38.18% (Figure 4). This is attributed to the formation of working subgroups or
isolated components as is typical of design office work practice. The metric to understand this phenomenon within a
social network is fragmentation; a high fragmentation indicates that the network is divided into multiple subgroups (that
may be understood as having similar interests), but with less interconnection between them; a value close to zero
indicates greater cohesion of the network. Information in fragmented networks does not flow freely [27].

The offices range widely in their social network structures, ranging from highly fragmented networks caused by the
formation of teams that divide design tasks to networks with a very flat hierarchical structure. Negative assortativity
indicates that high- degree members are communicating with low-degree subordinates. The exception is office E9, which
is a single, non-fragmented group; the assortativity here shows that there is a hierarchical group with high connectivity
working with subordinates with lower connectivity but who are nevertheless interrelated with the whole group, which
favors an efficient use of the staff’s capacities.

4.3. Hierarchies

High-degree nodes in level G1 are observed in Table 7; these represent people who manage information resources
and are prominent work team members [4, 26]. In network E1, the communication of its members circulates through all
four levels; the most influential members redistribute the communication among the members of groups G2 to G4,
creating a typical organizational structure in which work instructions pass through all levels. In the case of network ES5,
there only three levels are occupied, and there is a marked hierarchy comprising one person above his subordinates,
marking a direct communication between the head of the group and all its members; the absence of the G3 group is
noticeable, which could be due to the size of the network.

The E9 network presents four groups; it is interesting to note that, in G1, one member coordinates the work
communications very closely with the other three members of this group. Communication is from group G1 to all of
G2, G3, and G4, but there is no effective communication between groups G3 and G4. It is noticeable that the groups are
very close but that the communication is not necessarily between them, respecting the hierarchical levels. The members
of G1 pass information on to all other groups. This structure is comparable to hierarchies in healthcare teams, where
senior physicians hold central positions in communication networks, while nurses and technicians have lower-degree
roles [53].

These hierarchies emerge naturally from network analysis rather than being predefined by formal organizational
roles. Gilbert et al. [54] discovered that such emergent hierarchies often do not align with official organizational roles,
as real influence and communication patterns depend on actual interactions rather than formal job titles. Their work
highlights that while organizations may have explicit reporting structures, the true flow of information and decision-
making often follows an informal, network-driven hierarchy.
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Additionally, Figure 5, which visualizes the hierarchical structure of networks E1, E5, and E9, highlights how
hierarchies naturally emerge from network interactions rather than strictly following formal organizational charts. This
finding supports [2] research, which showed that informal communication networks often override formal hierarchies
in professional settings. In contrast, studies on software development teams suggest that network-driven hierarchies
emerge based on expertise rather than assigned roles [55]. These differences highlight how construction design offices
maintain more rigid, role-based authority structures, whereas software teams rely on a more flexible, modular hierarchy
facilitated by digital collaboration tools.

5. Conclusion

The statistics of working connections in the design offices studied show differences between directed and undirected
networks. In all the cases analyzed, it is evident that these links are not a random product but rather the result of the
conformation of the task teams assigned to the development of the design projects. Despite this non-randomness, the
networks each behave like a small world, with short communication paths, although the diameters can be more than 6
edges apart.

In the social work networks formed in design offices, the size or number of members is not a determining factor for
the formation of work subgroups or fragmentation of the networks; it is generally believed that a small network should
be compact or that a large network should be more fragmented. The way of working determines the statistics of the
networks, which is why small networks with fragmentation values of zero and large networks with small fragmentations
were found. Furthermore, most networks feature communication between high-degree nodes that communicate with
low-degree nodes. There is no evidence of preferences involving connections or communication between nodes with
similar characteristics.

The study of undirected networks revealed very well-defined hierarchical structures generated by the flow of
information necessary for the work, both in small and large networks; however, the network size is not a predetermining
factor in this aspect. It is usual for offices to manage information at three or four hierarchical levels, with the presence
of members who centralize information and collect and distribute it to the group.

One limitation of this study is that it refers to the participating group of design offices, so its conclusions need to be
more generalizable. However, given that design offices’ working methods follow a standard process, there are expected
to be no significant differences in the cases of other countries.

The information presented could encourage frequent communication within the design team, improving metrics such
as density and average degree and reducing the occurrence of clusters. Facilitating a safe and inclusive environment that
encourages participation and a willingness to share ideas and ask questions should also be a priority, as good
communication has been linked to the development of successful projects.

6. Declarations
6.1. Author Contributions

Conceptualization, R.H.; methodology, K.J.; software, K.J.; validation, T.C.; formal analysis, K.J. and T.C.;
investigation, A.A.; resources, R.H.; data curation, R.H. and K.J.; writing—original draft preparation, K.J., T.C., A.Z.,
AA., and R.H.; writing—review and editing, A.Z.; visualization, K.J. and A.Z.; supervision, T.C.; project
administration, T.C. All authors have read and agreed to the published version of the manuscript.

6.2. Data Availability Statement

The data presented in this study are available on request from the corresponding author..

6.3. Funding

The authors received no financial support for the research, authorship, and/or publication of this article.

6.4. Conflicts of Interest

The authors declare no conflict of interest.

7. References

[1] Herrera, R. F., Mourgues, C., Alarcon, L. F., & Pellicer, E. (2020). Understanding Interactions between Design Team Members
of Construction Projects Using Social Network Analysis. Journal of Construction Engineering and Management, 146(6),
04020053. doi:10.1061/(asce)c0.1943-7862.0001841.

[2] MIT: Open Learning. (2024). Lean thinking part I,” Introduction to Lean Six Sigma Methods. MIT Press, Cambridge, United
States.

[3] Radziszewska-Zielina, E., Sladowski, G., Kania, E., Sroka, B., & Szewczyk, B. (2019). Managing Information Flow in Self-
Organising Networks of Communication between Construction Project Participants. Archives of Civil Engineering, 65(2), 133—
148. doi:10.2478/ace-2019-0024.

830



Civil Engineering Journal Vol. 11, No. 03, March, 2025

[4] Cherven, K. (2015). Mastering Gephi network visualization. Packt Publishing Ltd, Birmingham, United Kingdom.

[5] Wasserman, S., & Faust, K. (1994). Social Network Analysis. Cambridge University Press, Cambridge, United Kingdom.
d0i:10.1017/cb09780511815478.

[6] Borgatti, S. P., Agneessens, F., Johnson, J. C., & Everett, M. G. (2024). Analyzing social networks. SAGE Publications Ltd,
Thousand Oaks, United States.

[7] Alarcén, D. M., Alarcon, I. M., & Alarcon, L. F. (2013). Social network analysis: A diagnostic tool for information flow in the
AEC industry. Proceedings for the 215 Annual Conference of the International Group for Lean Construction, 29 July-2 August,
2013, Fortaleza, Brazil.

[8] Chinowsky, P., Diekmann, J., & Galotti, V. (2008). Social Network Model of Construction. Journal of Construction Engineering
and Management, 134(10), 804-812. doi:10.1061/(asce)0733-9364(2008)134:10(804).

[9] Kereri, J. O., & Harper, C. M. (2019). Social Networks and Construction Teams: Literature Review. Journal of Construction
Engineering and Management, 145(4), 03119001. doi:10.1061/(asce)c0.1943-7862.0001628.

[10] Pirzadeh, P., & Lingard, H. (2017). Understanding the Dynamics of Construction Decision Making and the Impact on Work
Health and Safety. Journal of Management in Engineering, 33(5), 05017003. doi:10.1061/(asce)me.1943-5479.0000532.

[11] Pryke, S. (2012). Social network analysis in construction. John Wiley & Sons, Hoboken, United States.
doi:10.1002/9781118443132.

[12] Segarra, L., Herrera, R. F., Alarcon, L. F., & Pellicer, E. (2017). Knowledge Management and Information Flow Through Social
Networks Analysis in Chilean Architecture Firms. 25th Annual Conference of the International Group for Lean Construction,
413-420. doi:10.24928/2017/0244.

[13] Trach, R., & Lendo-Siwicka, M. (2021). Centrality of a communication network of construction project participants and
implications for improved project communication. Civil Engineering and Environmental Systems, 38(2), 145-160.
doi:10.1080/10286608.2021.1925654.

[14] Bento, A. 1., Cruz, C., Fernandes, G., & Ferreira, L. M. D. F. (2024). Social Network Analysis: Applications and New Metrics
for Supply Chain Management—A Literature Review. Logistics, 8(1), 15. doi:10.3390/logistics8010015.

[15] Herrera, R. F., Galaz-Delgado, E. I., Atencio, E., Mufioz-La Rivera, F., & Castillo, T. (2023). Assessment Model of Interactions
Required in Design Teams in High-Rise Building Projects. Mathematics, 11(14), 3073. doi:10.3390/math11143073.

[16] Malisiovas, A., & Song, X. (2014). Social Network Analysis (SNA) for Construction Projects’ Team Communication Structure
Optimization. Construction Research Congress 2014, 2032—-2042. doi:10.1061/9780784413517.207.

[17] Tribelsky, E., & Sacks, R. (2011). An empirical study of information flows in multidisciplinary civil engineering design teams
using lean measures. Architectural Engineering and Design Management, 7(2), 85-101. doi:10.1080/17452007.2011.582332.

[18] Ding, X., Shen, W., & Wang, S. (2024). Centralized or Decentralized? Communication Network and Collective Effectiveness
of PBOs—A Task Urgency Perspective. Buildings, 14(2), 448. doi:10.3390/buildings14020448.

[19] Castillo, T., Herrera, R. F., & Alarcén, L. F. (2023). The Quality of Small Social Networks and Their Performance in
Architecture Design Offices. Journal of Construction Engineering and Management, 149(2). doi:10.1061/jcemd4.coeng-12120.

[20] RAIC. (2019). Canadian Handbook of Practice for Architects. Royal Architectural Institute of Canada (RAIC), Ottawa, Canada.
Available online: https://raic.org/ (accessed on February 2025).

[21] Sladowski, G., Radziszewska-Zielina, E., & Kania, E. (2019). Analysis of Self-Organising Networks of Communication
Between the Participants of a Housing Complex Construction Project. Archives of Civil Engineering, 65(1), 181-195.
doi:10.2478/ace-2019-0013.

[22] Wang, S., Chiclana, F., Chang, J. L., Xing, Y., & Wu, J. (2024). A minimum cost-maximum consensus jointly driven feedback
mechanism under harmonious structure in social network group decision making. Expert Systems with Applications, 238,
122358. d0i:10.1016/j.eswa.2023.122358.

[23] Mische, A. (2014). Relational Sociology, Culture, and Agency. The SAGE Handbook of Social Network Analysis, 80-98, Sage
Publishing, Thousand Oaks, United States. doi:10.4135/9781446294413.n7.

[24] Mathias, N., & Gopal, V. (2001). Small worlds: How and why. Physical Review E - Statistical Physics, Plasmas, Fluids, and
Related Interdisciplinary Topics, 63(2), 12. doi:10.1103/PhysRevE.63.021117.

[25] Cohen, E. A., & Barabasi, A.-L. (2002). Linked: The New Science of Networks. Foreign Affairs, 81(5), 204.
doi:10.2307/20033300.

[26] Hanneman, R. A., & Riddle, M. (2005). Introduction to social network methods. University of California, Oakland, United
States.  Available online:  https://wiki.gonzaga.edu/dpls707/images/6/6e/Introduction_to_Social_Network_Methods.pdf
(accessed on February 2025).

831


https://raic.org/
https://wiki.gonzaga.edu/dpls707/images/6/6e/Introduction_to_Social_Network_Methods.pdf

Civil Engineering Journal Vol. 11, No. 03, March, 2025
[27] Pappi, F. U. & Scott, J. (1993). Social Network Analysis: A Handbook. Contemporary Sociology, 22(1), 128.
doi:10.2307/2075047.

[28] Tatti, N. (2016). Hierarchies in directed networks. Proceedings - IEEE International Conference on Data Mining, ICDM, 2016-
January, 991-996. doi:10.1109/ICDM.2015.12.

[29] Aggarwal, C. C. (2011). Social Network Data Analytics. Springer, New York, United States. doi:10.1007/978-1-4419-8462-3.

[30] Maktoubian, J., Noori, M., Amini, M., & Ghasempour-Mouziraji, M. (2017). The Hierarchy Structure in Directed and
Undirected Signed Networks. International Journal of Communications, Network and System Sciences, 10(10), 209-222.
d0i:10.4236/ijcns.2017.1010012.

[31] Easley, D., & Kleinberg, J. (2010). Networks, crowds, and markets: Reasoning about a highly connected world.
Cambridge University Press, Cambridge, United Kingdom. doi:10.1017/CB09780511761942.

[32] Barabasi, A. L. (2025). Network Science. Networksciencebook, Mumbai, United Kingdom. Available online:
https://networksciencebook.com/ (accessed on February 2025).

[33] Huang, H., Jia, J., Chen, D., & Liu, S. (2024). Evolution of spatial network structure for land-use carbon emissions and carbon
balance zoning in Jiangxi Province: A social network analysis perspective. Ecological Indicators, 158, 111508.
doi:10.1016/j.ecolind.2023.111508.

[34] Dodds, P. S., Muhamad, R., & Watts, D. J. (2003). An experimental study of search in global social networks. Science,
301(5634), 827-829. doi:10.1126/science.1081058.

[35] Rojas Cano, N. (2018). Introduction to complex networks: The small world model. Environments, 31(2), 60-64.
doi:10.25054/01247905.2268.

[36] Watts, D. J., & Strogatz, S. H. (1998). Collective dynamics of ’small-world9 networks. Nature, 393(6684), 440-442.
doi:10.1038/30918.

[37] Gallegos, N. A., Gonzélez, E. G. M., & Avila, J. A. (2017). Social network analysis: Key concepts and calculation of indicators.
Universidad Auténoma Chapingo (UACh), Centro de Investigaciones Econdmicas, Sociales y Tecnoldgicas de la Agroindustria
y la Agricultura Mundial (CIESTAAM). Serie: Met, Chapingo, México. (In Spanish).

[38] Adamic, L., & Adar, E. (2005). How to search a social network. Social Networks, 27(3), 187-203. doi:10.1016/j.socnet.2005.01.007.

[39] Kuz, A., Falco, M., & Giandini, R. (2016). Social Network Analysis: A Practical Case. Computing and Systems, 20(1), 89-106.
doi:10.13053/CyS-20-1-2321. (In Spanish).

[40] Krackhardt, D., & Hanson, J. R. (2006). Informal Networks: The Company behind the Chart. Creative Management and
Development, 191-196, Sage Publications, Thousand Oaks, United States. doi:10.4135/9781446213704.n15.

[41] Arslan, F. (2016). Social Physics: How Good ldeas Spread-The Lessons from a New Science, by Alex Pentland. Journal of
Information Privacy and Security, 12(4), 218-220. doi:10.1080/15536548.2016.1243849.

[42] Ding, X., Feng, L., Huang, Y., & Li, W. (2024). The Interactive Effects of Communication Network Structure and Organizational
Size on Task Performance in Project-Based Organizations: The Mediating Role of Bootleg Innovation Behavior. Buildings,
14(1), 98. d0i:10.3390/buildings14010098.

[43] Navarro Sanchez, L. A., & Salazar Fernandez, J. P. (2007 Social network analysis applied to research networks in science and
technology. Technological Synthesis, 3(2), 69-86. doi:10.4206/sint.tecnol.2007.v3n2-03.

[44] Daft, R. L., & Armstrong, A. (2021). Organization theory and design. Cengage Canada, Boston, United States.

[45] Borgatti, S. P., Everett, M. G., & Freeman, L. C. (2002). UCINET 6 for Windows: Software for social network analysis (Version
6.102). Analytic Technologies Inc., Lexington, United States.

[46] CRAN (2024) R: A Language and Environment for Statistical Computing. R Foundation for Statistical Computing, R Core
Team, Vienna, Austria.

[47] Imai, K., & Bougher, L. D. (2021). Quantitative social science: An introduction in Stata. Princeton University Press, Princeton,
United States.

[48] Hanneman, R. A., & Riddle, M. (2011). Concepts and measures for basic network analysis. The SAGE Handbook of Social
Network Analysis, 340-369.

[49] Newman, M. E. J. (2002). Assortative Mixing in Networks. Physical Review Letters, 89(20), 208701.
doi:10.1103/PhysRevLett.89.208701.

[50] Ravasz, E., & Barabasi, A.-L. (2003). Hierarchical organization in complex networks. Physical Review E, 67(2), 026112.
doi:10.1103/physreve.67.026112.

832


https://networksciencebook.com/

Civil Engineering Journal Vol. 11, No. 03, March, 2025

[51] Peck, R., Short, T., & Olsen, C. (2020). Introduction to statistics and data analysis. Cengage Learning, Boston, United States.

[52] zZhang, S., Zhang, W., Bu, Z., & Zhang, X. (2024). ClusterLP: A novel Cluster-aware Link Prediction model in undirected and
directed graphs. International Journal of Approximate Reasoning, 172, 109216. doi:10.1016/j.ijar.2024.109216.

[53] Chauvet, V., Chollet, B., Soda, G., & Huault, I. (2011). The contribution of network research to managerial culture and practice.
European Management Journal, 29(5), 321-334. doi:10.1016/j.em].2011.06.005.

[54] Gilbert, F., Simonetto, P., Zaidi, F., Jourdan, F., & Bourqui, R. (2011). Communities and hierarchical structures in dynamic
social networks: analysis and visualization. Social Network Analysis and Mining, 1(2), 83-95.

[55] Cataldo, M., Herbsleb, J. D., & Carley, K. M. (2008). Socio-technical congruence. Proceedings of the Second ACM-IEEE
International Symposium on Empirical Software Engineering and Measurement, 2—11. doi:10.1145/1414004.1414008.

833



