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Abstract

Socio-Technical Systems Engineering and Design: A

Meso-Level Network-Based Approach

Yinshuang Xiao, PhD
The University of Texas at Austin, 2024

SUPERVISOR: Zhenghui Sha

Different from traditional engineering systems design, which is keen on the

design and optimization of technical artifacts, the design of socio-technical systems

(STS) is guided by fundamentally understanding the complex interactions between

social and technical aspects. This has posed significant challenges when applying

existing systems engineering (SE) and design approaches to STS. For example, clas-

sical top-down design methodologies, such as the Waterfall model and the SE Vee

model, are not appropriate for the engineering and design of large-scale STS with

spontaneous interactions among individual entities or components. Although exist-

ing bottom-up design approaches are adaptable to the system scale, they primarily

focus on understanding the behaviors and interactions between individual entities

at the micro-level and their impact on system performance at the macro-level. In

my dissertation research, the central hypothesis is that subsystems at the meso level

(e.g., small clusters of individual entities) serve as critical links in system structures

and could influence both macro-level performance and micro-level interactions, and

thus deserve scientific investigation in STS engineering and design. However, there

is a knowledge gap in understanding what meaningful subsystem information at the

meso-level is and how it can be extracted and used to guide the design of an STS

system to achieve the desired system performance.

6



To fill this gap, my research objective is to develop a novel meso-level network-

based framework for STS engineering and design. This dissertation is driven by an-

swering three research questions : 1) RQ1 : How can significant meso-level system

structures be identified? 2) RQ2 : What are the influences of the significant meso-

level subsystems on the system performance at the macro level and the interaction

mechanism at the micro level? 3) RQ3 : How can meso-level structural information

be used to design an STS to achieve desired macro-level performance and micro-level

functionality? The methodologies proposed to address these questions are validated

through two case studies: shared mobility systems and customer-product market sys-

tems. For shared mobility systems, a network motif-based robust design framework is

proposed to improve the robustness and resilience of socio-technical systems against

seasonal effects. Within this framework, trip motif mining addresses RQ1, while

trip motif-based system robustness metrics tackle RQ2. Formulating and solving

optimization problems serves to address RQ3. Additionally, a graph neural network-

based (GNN-based) link prediction (LP) model is introduced to support STS design

decision-making and validation. The GNN-based model leverages local network in-

formation to enhance prediction accuracy, addressing RQ2, while implementing the

LP model for design strategy validation contributes to addressing RQ3.

In the context of customer-product market systems, a socio-technical system

data collection framework integrating information retrieval and survey design meth-

ods is proposed to tackle the data scarcity issue in STSs. Furthermore, a novel

micro-level entity design framework of STS, considering meso-level dependencies, is

proposed, marking the first attempt to solve the inverse problem. This framework

contributes to addressing RQ1, RQ2, and RQ3 by incorporating network motif min-

ing, quantification of subsystem-based individual entity functionality, and entity op-

timization design within a unified framework. Lastly, a preliminary exploration of

meso-level temporal network motifs in STS is conducted, encompassing solutions to

the dynamic data scarcity issue, dynamic network modeling, and significant tempo-

ral subnetwork mining and empirical interpretation. This exploration contributes to
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answering RQ1 and RQ2 when considering the time dimension.

Regarding the key findings and conclusions of this dissertation, we first show

the effectiveness of combining information retrieval and survey design to tackle the

data accessibility challenge in STS network data. Additionally, our survey study,

for the first time, gathered customers’ social network data alongside their purchase

decision-making data, aiding in the examination of social factors influencing cus-

tomers’ decision-making. Moreover, while survey studies are time-consuming, leverag-

ing named entity recognition (NER) models for mining online text data offers a viable

alternative for supporting entity relationship data collection. Then, when working on

the shared mobility system case study, we find that: 1) An STS’s seasonal sensitiv-

ity is closely tied to imbalanced capacity planning within its subsystems. Therefore,

balancing the capacity of meso-level service systems is beneficial to enhancing STS

robustness against seasonal demand fluctuations; 2) The outperformance of the GNN-

based predictive model, which incorporates local network information, compared to a

simple neural network model lacking such consideration, demonstrates the importance

of local network information in demand prediction between stations in shared mobil-

ity networks. Moreover, this outperformance persists even when network structures

and density change significantly. Next, in the study of design for customer-product

systems, the inter-brand triadic competition closure competition, where three prod-

ucts from different brands form a closed triangle competition, emerges as a significant

pattern in the vacuum cleaner market system. Identifying these meso-level patterns

offers a means to quantify product competitiveness. Integrating this information with

network predictive models and metaheuristic approaches, like the genetic algorithm,

facilitates the inclusion of local competition data in the product design process. In

the study of STS dynamic analysis, we demonstrate that increasing undersampling

ratios improves predictive performance, particularly in moderately imbalanced sys-

tems, enhancing the GNN-based LP model. However, in extremely imbalanced sys-

tems, a tuning process is necessary to balance computational efficiency and model

performance, with the threshold-based postprocessing method consistently outper-
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forming the rank-based method. Additionally, six temporal competition motifs are

interpreted, aiding in tracking market system dynamics.

In summary, my dissertation contributes to the systems science literature by

introducing a novel meso-level network-based framework for STS engineering and

design, thus addressing the knowledge gap pertaining to the identification and inter-

pretation of statistically significant subsystem structures (i.e., meso-level structures

formed within a complex system) and the use of such structures for STS engineering

and design. The findings presented herein shed light on the importance of treating

significant subsystems as crucial functional units and building blocks of STSs and un-

derscore the need to consider them in both macro-level system design and micro-level

individual entity design for optimizing system performance and entity functionality.

Beyond enriching systems science from the meso-level subsystem perspective, this dis-

sertation is expected to generate broader impacts in: 1) Addressing imbalanced source

allocations in societal infrastructure systems, such as uneven distribution of public re-

sources in urban areas. By treating local communities as meso-level subsystems and

utilizing their information, this research offers policymakers actionable insights for

more efficient resource distribution; 2) showing the potential to inform robust design

strategies for large networked physical systems like power grids and transportation

networks, the meso-level subsystem-based approach facilitates the identification of

critical functional units within these systems. Subsequently, system optimization de-

sign can be guided by preserving the functionality of these identified subsystems.

3) enhancing interdisciplinary collaboration between engineering and social sciences.

The frameworks proposed in this dissertation are extensible to incorporate societal

analytical models. For example, in the case study of customer-product market sys-

tems, a more advanced network model that integrates customer social networks into

the proposed product competition network can be easily generated to support a more

in-depth analysis. By bridging the gap between technical systems engineering and

social aspects, it fosters a holistic approach to addressing complex societal challenges.
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Chapter 1: Introduction

1.1 Research Background and Motivation

The notion of socio-technical was originally proposed by (Trist and Bamforth, 1951)

in the realm of labor studies, advocating for the integration of both knowledge accu-

mulation and the enhancement of work environments within research endeavors. This

approach, when applied within the discipline of systems engineering, gives rise to the

concept of a socio-technical system (STS). The STS, an extension of socio-technical

principles and conventional complex systems, embodies a framework where social

and technical elements intertwine. An example of an STS is the customer-product

market system. Customers’ considerations and choices, playing as the social aspects,

determine the market shares of a technical product; in turn, the design and develop-

ment of products, being the technical aspects, affect customers’ behaviors, and even

interactions on social media. Other noteworthy examples of STS encompass shar-

ing economy platforms, smart transportation systems, and the broader spectrum of

emerging artificial intelligence (AI)-enabled systems (Heydari et al., 2020).

To better capture the inherent complexity of STS, complex networks have

been proven to be a powerful representation for researching such systems. Its efficacy

has been demonstrated across a spectrum of systems engineering applications. For

example, Sha et al. (Sha et al., 2019b; Sha and Panchal, 2013a,b, 2016) conducted

extensive research on network-based engineering design of complex systems, includ-

ing the autonomous system-level Internet and the U.S. domestic air transportation

systems. In addition, a series of studies have been conducted on the application of

stochastic network models (e.g., the Exponential Random Graph Model) to investi-

gate customer-product interactions in vehicle market systems (Wang et al., 2016b;

Fu et al., 2017; Wang et al., 2016a; Sha et al., 2018; Bi et al., 2018; Wang et al.,

2018; Sha et al., 2019a; Cui et al., 2020). An additional advantage of network mod-

eling lies in its ability to furnish a diverse array of statistical descriptors, facilitating
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the characterization of individual components, their interactions, and the network

holistically. Representative descriptors encompass degree centrality (quantifying the

number of connections an individual possesses), network density (reflecting the ob-

served connections relative to the total possible connections within a network), and

average clustering coefficient (indicative of the tendency for individual components

to form clusters) (Barabási and PÃ3sfai, 2016).

In addition to system representations, the complexity of STS (e.g., large scale,

complex interactions, and evolutionary dynamics) is another aspect casting new chal-

lenges when applying existing systems engineering and design methodologies to STS.

First, it makes traditional top-down design approaches (e.g., the waterfall model)

(Crespi et al., 2008; Kramer, 2018) inapplicable to support STS engineering and de-

sign decisions. In a top-down design framework, designers often begin by identifying

the overall specification and requirements of the system through customer analyses,

which define the design space and design constraints (Takai et al., 2011). However,

such a process cannot be applied to STS engineering and design due to spontaneous

interconnections between individual entities (including humans) and undetermined

system scale (e.g., dynamic expansion and contraction often occur in most STS). Sec-

ond, existing bottom-up design approaches believe that systems evolve as a result of

interactions among individual entities (Trinh and Sha, 2022) and seek to gain deep

insights into the process by which individual actions affect system-level performance

(Sha, 2015), as illustrated in Figure 1.1. Although these approaches can address the

issues posed by dynamic changes and complex interactions in STS, they oversimplify

the analysis of STS structure, performance, and evolution by solely analyzing the

behavior and interactions of individual entities, while ignoring the role and function-

alities of subsystems.

However, subsystems have been proven to have significant impacts on system

performance across various domains. Representative examples and their interpre-

tations are introduced in Table 1.1. In social networks, researchers have analyzed
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Figure 1.1: Network-based three-level decomposition of STS and associated research
questions.

the triad census, recognizing it as the fundamental unit of social relations (Wasser-

man and Faust, 1994; Ribeiro et al., 2021). In biological systems, the feed-forward

loop has been identified as a critical functional pattern prevalent in various biologi-

cal networks, including metabolic networks (Alon, 2007). Ecologically, patterns such

as the tri-trophic chain, exploitative competition, and omnivory characterize inter-

actions within regional food webs, shedding light on community assembly and the

driving forces behind local food web formation, such as predation and resource lim-

itation (Baiser et al., 2016). Moreover, network motif theory has been utilized in

computer science to develop higher-order networks (Rossi et al., 2018; Shao et al.,

2021)leading to more accurate node embeddings. Furthermore, in the realm of socio-

technical systems, researchers have identified significant interaction patterns between

social actors and technical elements (Manny, 2023). For instance, the socio-technical

triad observed in an urban wastewater system involves sensor data transferring to two

workers responsible for the same pumping station. It has been investigated to under-

stand its implications for infrastructure management (Manny et al., 2022). Similarly,

the association-based closure effect in market systems, detailed in Table 1.1, has been

explored to discern its influence on customer product purchase and consideration

decision-making (Wang et al., 2016a).
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Table 1.1: Examples of subsystems across different domains.

Discipline
Significant Subsys-
tem Structure

Interpretation

Social Network

The three-cycle effect in friendship net-
works is often interpreted as an indica-
tion of the presence of local hierarchies
in friendship networks. This implies that
unreciprocated friendships may reflect
dominance relations, where the recipient
of a tie is perceived to occupy a higher
position than the sender (Block, 2015).

Gene Tran-
scription
Network

The Feed-forward loop comprises tran-
scription factors X and Y, which jointly
regulate the transcription rate of tar-
get gene Z by binding to its regula-
tory region. Additionally, the FFL is
influenced by two input signals, induc-
ers Sx and Sy, which can activate or
inhibit the transcriptional activity of X
and Y (Mangan and Alon, 2003).

Food Web

In the context of food web networks,
the Tri-trophic chain represents a spe-
cific pattern of interactions among three
species at different trophic levels, typ-
ically consisting of a predator, a prey,
and a resource species. It highlights the
dynamics of predator-prey relationships
within ecological communities (Baiser
et al., 2016).

Market System

The association based closure effect indi-
cates the likelihood of a closed structure
involving two product nodes connected
by an association link. For instance,
it investigates whether customers are
less inclined to consider two cars with
many shared features simultaneously or
not (Wang et al., 2016a).
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In summary, despite the fact that recent efforts have tremendously enriched

STS engineering and design, fundamental obstacles posed by the complexity of STS

remain. A major reason is that there is a fundamental knowledge gap to understand

what meaningful subsystem information is and how it can be extracted and used to

guide the design of STS for desired system-level performance. To fill this knowledge

gap, my dissertation research decomposed STS into three levels and adopted com-

plex network theory as the foundation for investigation i.e., macro-level performance,

meso-level subsystems, and micro-level behaviors, as shown in Figure 1.1. Taking

the shared mobility system as an example, the macro-level performance depicts the

aggregated satisfaction of users with the overall service provided by the entire sys-

tem; the meso-level subsystems represent significant travel patterns emerged between

stations; the micro-level behaviors indicate single stations providing bike rental and

return services to users. Then, on the basis of such a decomposition, my disserta-

tion developed a meso-level network-based STS engineering and design approach to

address the knowledge gap in three aspects: 1) validating the existence of the signif-

icant meso-level subsystems in an STS; 2) demonstrating the impacts of the critical

meso-level systems on the macro-level performance and the micro-level behaviors; 3)

proving the utilizability of the meso-level information to guide STS engineering and

design.

1.2 Research Overview

The research objective of my dissertation is to develop a novel meso-level network-

based framework for STS engineering and design. The central hypothesis is that in

STS, subsystems at the meso level (e.g., small clusters of individual entities) serve as

critical links in system structures and could influence both macro-level performance

and micro-level interactions, and thus deserve scientific investigation in STS design.

The objective will be achieved by answering the following three research questions.

• RQ1: How can significant meso-level system structures be identified?
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• RQ2: What are the influences of the significant meso-level subsystems on the

system performance at the macro level and the interaction mechanism at the

micro level?

• RQ3: How can meso-level structural information be used to design an STS to

achieve desired macro-level performance and micro-level functionality?

Table 1.2 summarizes the central research objective, hypothesis, and research

approaches. Accordingly, an overview of the proposed meso-level network-based de-

sign framework integrating all the research approaches step-by-step is given in Fig-

ure 1.2. The proposed framework entails six major steps. Step One is to address

the data availability issue that is common in data-driven research given potential rea-

sons such as commercial values of the market system data and the time-consuming

process of data collection. In this work, the information retrieval and survey design

approaches are implemented to address this issue. In Step Two, the objective is to

develop a complex network model to represent the target STS including node and

link definition as well as their attribute identification. Note that a good representa-

tion model requires a comprehensive understanding of the domain to which the STS

belongs, such as knowledge of its design parameters and uncertain noise effects. Both

Step One and Step Two serve as the foundation for the steps that follow.

Step Three, corresponding to RQ1 , is about significant sub-network min-

ing using technologies such as network motif theory (introduced in Section 2.4.1)

and exponential random graph model (ERGM) (introduced in Section 2.4.2). Once

the sub-networks are obtained, descriptive analyses are conducted for interpretation.

Next, the identified meso-level subsystems are treated as inputs of Step Foure. In

Step Foure, the objective is to determine the quantitative influences of those signifi-

cant meso-level subsystems on the system performance at macro level and individual

functionality at micro level, as well as use that information to inform system engi-

neering and design decisions. This step helps reveal the answers to RQ2 and RQ3
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and is split into multiple subtasks. The first subtask is to define meso-level network-

based criteria for evaluating system performances at macro, meso, and micro levels

and depicting their interplays. Secondly, the design problem of interest is described

using the proposed performance criteria, such as transforming shared mobility sys-

tem robustness design to an optimization of the system’s capacity planning decisions.

Finally, the design problem is solved, and the implementation of the achieved design

solution is represented by the update to the complex network model. Since a new

design strategy for large-scale STS is hard to test in the real world because of the

cost and risks of failures, a predictive model is required to test and validate the effec-

tiveness of the new design method in a short period with little cost. Therefore, Step

Five of the proposed framework is to develop an STS predictive model by meth-

ods such as ERGM and graph neural network (GNN) (introduced in Section 2.4.3).

The merit of using GNN for prediction is that because the GNN model takes net-

work neighborhood information into account, the importance of meso-level network

information can be assessed by evaluating its contribution to improving prediction

accuracy, thereby bringing insights into RQ2 . In Step Six, the predicted system

performance after implementing the optimal design solution is evaluated to assess its

reliability, addressing RQ3 .

Lastly, this dissertation initiates a preliminary investigation into meso-level

temporal subsystem-based analysis of socio-technical systems (STS) dynamics. The

initial focus lies on addressing the scarcity of STS dynamic data. Subsequently, the

methodologies outlined in Step Two and Step Three are enhanced to incorporate

temporal dinemsions, notably by incorporating time-related attributes into the net-

work model (e.g., temporal features assigned to nodes and links). Ultimately, this

study delves into the examination and identification of key characteristics of STS

dynamics and significant temporal subsystems, employing these refined approaches.
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Table 1.2: Table showing central research objective, hypothesis, and research ap-
proaches.

Central Research Ob-
jective

To develop a meso-level network-based framework for complex socio-
technical systems (STS) engineering and design

Central Hypothesis
In STS, subsystems at the meso level (e.g., small clusters of individual
entities) serve as critical links in system structures and could influence
both macro-level performance and micro-level interactions.

Research Approaches

The meso-level network-based design framework for STS engineering
and design:

• STS data collection: collecting STS data through informa-
tion retrieval and survey design.

• STS network representation: representing STS with a
complex network model, interpreting design parameters and
noise effects.

• Significant subnetwork mining: identifying significant sub-
systems of STS using network-motif theory or network-based
statistical inference models (e.g., exponential random graph
models (ERGMs)).

• STS optimization design: developing an optimal STS de-
sign approach by formulating and solving a subsystems-based
optimization model.

• STS prediction: building a predictive model (graph neural
network (GNN) or ERGM-based) to support STS design deci-
sions and validation.

• Design solution evaluation: Implementing the STS predic-
tive model to assess the reliability of the optimal design solu-
tion by predicting system performance after design updates.

1.3 Validation Cases

This dissertation employs two applications to validate the approaches outlined in

Table 1.2. The first application domain pertains to large service systems, while

the second domain relates to socioeconomic systems. Specifically, the shared mo-

bility system serves as an illustrative example in the domain of large service systems.

Meanwhile, the customer-product market system is chosen for illustration within the

realm of socioeconomic systems. The rationale for selecting cases from different do-

mains is twofold: Firstly, it aims to validate the generality of the proposed models,
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Figure 1.2: Meso-level network-based design framework for STS engineering and de-
sign.

approaches, and computational techniques introduced in the research. Secondly, the

shared mobility system is utilized to showcase the effectiveness of the proposed meso-

level network-based design approach in enhancing macro-level system performance

(e.g., system-level user satisfaction), which is typically the focal point for system

stakeholders. Conversely, the customer-product market system is employed to demon-

strate the effectiveness of the proposed meso-level network-based design approach in

enhancing the functionality of individual entities at the micro-level (e.g., the popu-

larity of a single product in the market), which holds significance for corresponding

market players.

Figure 1.3 shows the mapping of each case study onto micro-level, meso-level,

and macro-level, along with associated research questions. Table 1.3 illustrates the

detailed research tasks associated with each case. The research tasks pertaining to

shared mobility systems (SMS) encompass: 1) constructing an SMS network represen-

tation to simulate user travel behaviors within the system and employing significant
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subnetwork mining techniques to identify significant user travel patterns within sub-

systems (local service systems comprising multiple stations); 2) quantifying the im-

pacts of the identified travel patterns on the macro-level system robustness to against

seasonal fluctuations in usage demand; 3) formulating and solving an optimization

model based on subsystems to enhance the seasonal robustness of the SMS; 4) devel-

oping a predictive model that incorporates meso-level system information to forecast

travel demands between stations; 5) establishing a design decision support frame-

work to evaluate macro-level SMS design decisions, utilizing the developed predictive

model.

Regarding the research tasks of customer-product market system (CPMS),

they include: 1) implementing the information retrieval and survey design approach

to gather network data pertaining to the CPMS, including product attribute data

and relational data among products; 2) constructing a CPMS network representa-

tion to model the competitive relationships among products, and utilizing significant

subnetwork mining techniques to identify significant product competition patterns; 3)

quantifying the competitiveness of products within the market based on the identified

patterns of competition; 4) formulating and solving an optimization model grounded

in the derived quantification to improve the competitiveness of individual products.

Lastly, both SMS and CPMS a employed to preliminarily investigate the meso-level

temporal subsystem-based analysis of socio-technical systems (STS) dynamics. The

tasks include: 1) exploring the potential solutions for the lack of STS dynamic data;

2) defining temporal network representation to model the evolution of STS and devel-

oping corresponding significant subnetwork mining approaches to identify significant

temporal subsystems.

1.4 Contributions

This dissertation centers on the engineering and design of complex socio-technical

systems (STSs), with a primary focus on elucidating the influence of meso-level sub-
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Figure 1.3: Three-level decomposition of validation cases and associated research
questions

systems on macro-level system performance and micro-level individual entity func-

tionality. Its primary contribution lies in the development of a meso-level network-

based framework for STS engineering and design. This framework encompasses vari-

ous components, including network modeling, identification of significant subsystems,

optimization design based on identified subsystems, development of predictive models

for STS, and evaluation of design solutions based on predictive modeling. The specific

contributions of this dissertation are:
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Table 1.3: Summary of research tasks associated with the case studies.

Case Study Research Tasks

Shared Mobility
System (SMS)

• Implement the STS network representation and significant subnet-
work mining approaches to build complex network models and iden-
tify significant subsystems.

• Validate the quantitative influences of those identified crucial sub-
graphs on macro-level system performance by examining the rela-
tionship between the subgraph features (either technical design or
network structures features) and the entire system operation.

• Validate the meso-level network-based STS optimization design ap-
proach for the optimization of macro-level STS design decisions.

• Develop a predictive model considering meso-level system informa-
tion to demonstrate its ability to forecast macro-level system oper-
ations and micro-level individual behaviors.

• Validate the STS design decision support framework for assessing
macro-level STS design decisions using the developed predictive
model.

Customer-
Product Market
System (CPMS)

• Implement the information retrieval and survey design approach to
collect customer-product market data.

• Implement the STS network representation and significant subnet-
work mining approaches to build complex network models and iden-
tify significant subsystems.

• Validate the quantitative influences of those identified crucial sub-
graphs on micro-level entity mechanism by examining the relation-
ship between the subgraph features (either technical design or net-
work structures features) and individual entity mechanism.

• Validate the meso-level network-based STS optimization design ap-
proach for the optimization of micro-level entity design decisions.

SMS & CPMS

• Explore the potential solutions for the lack of STS dynamic data.

• Implement the STS network representation and significant subnet-
work mining approaches to build temporal network models and iden-
tify significant temporal subsystems.

1. An information retrieval and survey design framework for networked

socio-technical system data collection.

Within this framework, our contributions encompass the collection of two types
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of product attribute data: US household vacuum cleaners and US vehicle mod-

els from the years 2016 to 2022, facilitated through web crawling techniques.

Furthermore, we have developed a web-based survey platform that facilitates

interactive information retrieval and virtual online shopping, enabling the col-

lection of data on product co-consideration relationships. Lastly, we have con-

tributed to the extraction of co-mentioning relationship data from social media

text data using natural language models. These methods for collecting entity

attribute data and corresponding relationship data constitute the cornerstone

of our STS engineering and design studies, addressing significant data scarcity

challenges. To foster broader scholarly engagement, both the entity and rela-

tionship datasets will be made publicly available, thereby facilitating research

endeavors focused on STS design studies.

2. A framework for macro-level STS robust design against seasonal ef-

fects by capacity planning decisions optimization.

In this framework, we introduced the network modeling of STS and the sig-

nificant subnetwork mining approaches. Then, we contributed to proposing

three subsystem-based metrics for system performance evaluation and capacity

planning decision-making. The first one is the usage demand imbalance score

of a local service system, the second one is the measurement of a subsystem’s

seasonal robustness, and the third one is a capacity planning decision crite-

rion. Based on these three metrics, we validate that the sensitivity of STS

performance against seasonal effects is highly correlated with the imbalanced

capacity between service nodes in an STS. Correspondingly, we formulate a de-

sign optimization problem to improve the robustness of STS by rebalancing the

resources at critical service nodes. The development of this framework helps

with addressing RQ1 , RQ2 , and RQ3 .

3. A complex network-based prediction framework for STS design sup-

port with graph neural network.
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In this framework, we have made significant contributions by proposing a com-

plex network-based approach founded on graph neural network (GNN) tech-

niques for predicting links between individual entities within STSs. By con-

trasting with conventional artificial neural network (ANN) models, we have

demonstrated that the inclusion of meso-level subsystem information enhances

the predictive performance of the model by 8%. Additionally, we have examined

the performance of our proposed predictive model under varying link strengths,

ranging from weak to strong. Our findings consistently indicate that the pre-

dictive model incorporating subsystem information consistently outperforms the

ANN model lacking such information across different network densities and ty-

pologies. Furthermore, our innovative approach involves linking STS design

decisions with the network link prediction problem. This linkage provides sys-

tem designers with a tool to test and experiment with their design strategies,

which is particularly crucial in the realm of complex STS research where the

verification and validation of system designs pose significant challenges. The de-

velopment of this framework contributes significantly to addressing RQ2 and

RQ3 , thereby advancing the understanding and practice of STS engineering

and design.

4. A micro-level entity design framework considering meso-level depen-

dencies.

This framework creatively used network representations to characterize and cap-

ture dependencies and relations between individual entities in STS and integrate

these representations into design formulations to find optimal decisions for the

desired performance of a system. Specifically, the framework entails the fol-

lowing steps: 1) mining significant local networks, 2) transforming the original

system design objective using the identified local networks, and 3) searching op-

timal design attributes for desired system performance by combining the genetic

algorithm and a network predictive model. The development of this framework
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helps with addressing RQ1 , RQ2 , and RQ3 .

5. A meso-level temporal subsystem-based analyzing framework of STS

dynamics.

In this framework, our initial contribution involves a comprehensive exploration

of utilizing a GNN-based link prediction model, which integrates data under-

sampling methods and model post-processing techniques. This amalgamation

serves to mitigate the challenge of dynamic data scarcity in socio-technical sys-

tems (STSs). Subsequently, we introduce a method for analyzing meso-level

temporal subsystems. This approach encompasses temporal network model-

ing, significant temporal subsystem mining, and the empirical interpretation of

corresponding temporal characteristics. The development of this framework is

instrumental in addressing RQ1 andRQ2 , thereby enhancing our understand-

ing and analytical capabilities of the temporal dimension in STS engineering and

design.

1.5 Overview of the Dissertation

The dissertation is structured into eight chapters, with an overview and roadmap

provided in Figure 1.4. Chapter 2 conducts a literature review on two application

examples, networked large service systems and product market systems, identifying

research gaps in existing literature. Additionally, it introduces the technical back-

ground associated with network motif theory, the exponential random graph model

(ERGM), and the graph neural network (GNN) model. Chapters 3 and 4 present

the macro-level STS seasonal robust design framework and the network-based predic-

tion framework. The objective of these chapters is to evaluate system performance

and conduct optimization design at the macro level, with a focus on utilizing meso-

level subsystem support. Case studies involving the shared mobility system (SMS)

are employed for validation. Chapters 5 and 6 introduce the information retrieval

and survey design framework and the micro-level entity design framework. These
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chapters aim to evaluate individual entity functionality and conduct optimal design

at the micro level, supported by meso-level subsystems. Case studies involving the

customer-product market system (CPMS) are utilized for validation. In Chapter 7,

the meso-level subsystem-based STS dynamic analysis is introduced. This includes

exploring methods to address dynamic data scarcity issues, dynamic network model-

ing, and significant temporal subnetwork mining. Case studies involving both SMS

and CPMS are employed in this chapter. Finally, Chapter 8 summarizes the contri-

butions of this dissertation and suggests areas for future research.
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Figure 1.4: Dissertation Roadmap.
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Chapter 2: Literature Review and Technical

Background

This dissertation employs two application examples to validate the proposed

framework and approaches. The first application pertains to networked large service

systems, such as shared mobility systems, power grids, and airline systems. The

second application focuses on product market systems. The aim of this chapter is

to introduce these two applications and identify research gaps in the existing litera-

ture. The chapter is structured into three sections. The first two sections correspond

to these two applications, providing detailed insights into their characteristics and

challenges. Table 2.1 summarizes the structure of the literature review associated

with these two applications and highlights the corresponding research gaps. The last

section introduces the network analysis toolkit, which includes network motif theory,

exponential random graph model (ERGM), and graph neural network (GNN). These

components form the technical background of this dissertation.

2.1 Networked Large Service Systems

Networked large service systems play a crucial role in modern societies, encompassing

a wide array of domains such as transportation, telecommunications, energy distri-

bution, and healthcare (Bai et al., 2014; Shaqsi et al., 2020; Fjeldstad et al., 2020;

Keyhani, 2016). These systems are integral to providing essential services to individu-

als and organizations, facilitating communication, transportation, energy supply, and

various other functions. As defined in the literature, a service system is described

as “a composite of agents, technology, environment, and/or organization units of

agents and/or technology, functioning in space-time and cyberspace for a given pe-

riod of time” (Stanicek and Winkler, 2010). Service systems belong to the broader

category of socio-technical systems (STSs), characterized by the interplay between
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Table 2.1: Mapping of literature review and research gaps.

Literature Review Research Gaps

Existing studies on net-
worked large service sys-
tems

• Knowledge foundation for the rationale of meso-level subsys-
tems’ impact on macro-level service system robustness is lack-
ing.

• A validation framework by developing a predictive model to
support service system design decisions assessment is lacking.

• Knowledge foundation for the rationale of the significant tem-
poral subsystems in large service systems is lacking.

Existing studies on prod-
uct market systems

• An efficient framework for product market data collection is
lacking.

• A product optimization design framework considering meso-
level significant competition patterns is lacking.

• An efficient dynamic competitiveness quantification of a prod-
uct in a market is lacking.

social and technical components. The technical aspects of service systems encompass

the services provided, such as telecommunications or electricity supply, as well as the

technical infrastructure supporting these services. On the other hand, the social com-

ponents include various stakeholders involved in the system, such as customers/users,

operators, and regulators (Li et al., 2020; Wang, 2013). In essence, service systems

operate within a networked structure, where interactions and dependencies between

different components are prevalent (Wang, 2013).

In this dissertation, we reviewed the existing efforts in service system engi-

neering and design from a social-technical perspective and the ones based on complex

network science. These efforts have focused on various aspects aimed at enhancing

system performance, resilience, and efficiency. some representative works in earlier

stages include: 1) a discussion about socio-technical systems thinking as a tool for

the concurrent development of organizational business models and associated service

offerings that deliver value provided to customers and suppliers (Beaumont et al.,

2014); 2) a comprehensive analysis of the rail and bus transportation networks in
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Singapore, focusing on their topological and dynamical properties. Significant differ-

ences in edge weights were observed between weekdays and weekends, highlighting the

importance of considering temporal effects in network analysis (Soh et al., 2010); 3) a

comprehensive summarization of the application of complex network analysis (CNA)

techniques to study the properties of electricity distribution power grid infrastruc-

tures, which highlights the importance of understanding the power grid as a complex

system due to its societal relevance and impact on infrastructure reliability (Pagani

and Aiello, 2013).

More recently, given that the service systems are on a larger scale than ever

before, including more service agents that hugely increase the spatial-temporal oper-

ation complexity, their engineering and design poses new challenges for seeking more

computationally efficient methods. In addition, the increasing complexity introduced

by the unpredictable features of the social aspects runs through the three broad stages

in the system engineering lifecycle: analysis, design, and evaluation (ElMaraghy et al.,

2012; Baxter and Sommerville, 2011), and continues to affect the functionality of the

entire system. It is also this complexity that raises a high requirement of the system

robustness against various disturbances (Kalsi et al., 1999; Gribble, 2001). To ad-

dress these challenges, De Bona et al.introduced a reduced model for analyzing public

transportation networks (PTNs) by preserving network skeleton through the removal

of 2-degree nodes, revealing hidden network structures and characteristics (De Bona

et al., 2021). In another interdisciplinary study, drawing inspiration from the struc-

ture and functioning of biological ecosystems that have survived disturbances over

millions of years, Rodriguez et al.explored the decentralization of water storage tanks

in urban water networks, finding that such decentralization significantly improves

network resilience and the system’s ability to meet demand during disruptions while

reducing freshwater consumption (Rodriguez et al., 2023). With the advancement of

deep learning methodologies, Wu and Wang introduced a generative design method

utilizing graph learning algorithms, enabling the efficient creation of resilient system

designs by mining good properties from existing systems and predicting performance
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for iterative improvement (Wu and Wang, 2023).

Back to the disturbances causing system robustness issues, one typical dis-

turbance that can impact numerous service systems across domains is seasonal ef-

fects(Markolf et al., 2019; Sun et al., 2015; Xie et al., 2021; Gabrielli et al., 2019).

Taking the shared mobility system as an example, seasonal effects not only require

the systematic design of station distribution and the capacity of each station to

fight against varied weather conditions but could also generate demand fluctuation

in different months that affects system operational performance. The representa-

tive studies that aim to improve the service systems’ seasonal robustness include:

1) a comprehensive exploration of direct and indirect pathways of disruptions that

lead to the vulnerability of the transportation systems. Direct disruption pathways

involve abrupt impacts on physical infrastructure, alongside effects stemming from

non-physical factors like human health, behavior, and decision-making. Similarly,

indirect disruption pathways arise from interconnections with critical infrastructure

and social systems (Markolf et al., 2019); 2) a framework for the robust design of

multi-energy systems with limited input data, aiming to minimize total annual costs

and CO2 emissions through uncertainty analysis. It addresses the optimal design of

decentralized systems involving renewable energy sources and energy storage tech-

nologies, evaluating system performance under different scenarios to define a robust

scenario for design purposes (Gabrielli et al., 2019).

Despite the existing efforts that stress the equal importance of both techni-

cal and societal aspects in service systems, propose complex network-based service

system modeling and descriptive analysis, and integrate interdisciplinary knowledge

and advanced deep learning algorithms, there are limited studies focusing on un-

derstanding the essential impact of meso-level significant subsystems on macro-level

system performance. These subsystems typically function as the units of function-

ality within socio-technical systems (STS), as discussed in Chapter 1. Only works

by Manny et al.(Manny et al., 2022; Manny, 2023) have proposed a socio-technical

network perspective to study infrastructure systems and introduced socio-technical
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motifs embedded in these systems. However, these studies are limited to analytical

methods for studying basic network concepts and empirical analysis of socio-technical

motif functionality, lacking a knowledge foundation for understanding the quantitative

impact of meso-level subsystems on macro-level service system robustness. Similarly,

there is a need for a quantification method to assess the impact of temporal subsys-

tems on large service systems. Lastly, existing studies lack a validation framework

involving the development of a predictive model to support service system design

decision assessment.

2.2 Product Market Systems

The product market system represents a significant type of socio-technical system

pivotal to modern economies, facilitating goods exchange, stimulating innovation and

competition, and shaping consumer behavior (Rosa et al., 1999). Its social aspects

encompass a diverse array of stakeholders, including customers, market players, and

policymakers. Conversely, its technical facets encompass product attributes, adver-

tising mechanisms, and market-regulating policies, among others. This dissertation

adopts a market players’ perspective, with the aim of designing products that cater

to customer preferences, a critical determinant of success in competitive markets.

Given this context, companies are keenly interested in understanding the factors in-

fluencing customer purchasing behaviors and their relative importance. Over the past

decades, customer preference modeling has emerged as a primary research method

to address these questions in both marketing science (Stankevich, 2017; Pescher and

Spann, 2014) and the engineering design community. For instance, the practice of cus-

tomer preference modeling offers designers valuable insights into discerning preferred

product features and understanding how customers prioritize attributes (Pescher and

Spann, 2014; Sha et al., 2017). Additionally, scholarly investigations indicate that

customer decision-making typically unfolds in two stages: the formation of a consid-

eration set followed by the final selection based on different criteria (Shocker et al.,
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1991). Research interest in customer preference modeling has predominantly revolved

around two key areas. Firstly, scholars have sought to unravel the influence of prod-

uct attributes on customer decision-making processes, employing techniques such as

customer-product network modeling to analyze how design attributes impact cus-

tomer considerations and choices (Cui et al., 2020; Bi et al., 2021; Sha et al., 2017;

Wang et al., 2015). Secondly, there has been a growing interest in understanding

the role of social influence in customers’ decision-making, exemplified by studies ex-

amining changes in customer-preferred attributes post-peer effects and the influence

of demographic data from customers’ social networks (Argo, 2020; Aral and Walker,

2011; Campbell and Lee, 1991).

Data scarcity issue However, a significant gap exists in the current literature,

stemming from the separate investigation of the influence of social factors and prod-

uct attributes on customer purchase decisions. This segregation is primarily due to

data limitations in two aspects. Firstly, the absence of simultaneous collection of

customers’ social network data and attribute data for their considered and purchased

products makes the creation of synthetic social network data when examining social

influence on customer choices (Wang et al., 2016a). Secondly, many datasets origi-

nate from private sectors, where the inclusion of customer preferences makes them

highly valuable to enterprises and thus unavailable for public sharing. Consequently,

these constraints have hindered the reproducibility and repeatability of numerous ex-

isting models (Anon, 2013).To address these constraints, researchers are compelled to

seek alternative data sources, such as online product reviews, social media platforms,

and publicly available customer survey data. Online reviews, typically authored by

purchasers, are accessible through e-commerce websites, offering valuable insights

into product experiences (Lee and Bradlow, 2011). Social media data, compris-

ing content shared by customers or experts on platforms like Twitter or YouTube,

also provide valuable information (Tuarob and Tucker, 2015). However, both sources

often lack comprehensive customer demographics, limiting their utility in customer
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preference modeling. Public customer survey data, while offering insights into prod-

uct preferences, often involves a limited selection of products, constraining modeling

efforts (Bao et al., 2020; Barnard et al., 2016). Therefore, there is a need for an

integrated systematic approach that merges information retrieval and survey design

to facilitate data collection for customer preference modeling, thereby overcoming the

aforementioned limitations.

Product market competition analysis The competitiveness of a company is the

result of a combination of external and internal factors. External factors include 1)

the inherent characteristics of a product market, such as its size associated with the

volume of customer demand and market differentiation determined by diverse cus-

tomer preferences; 2) its competitive environment shaped by all market participants

and stakeholders. Internal factors involve a company’s organizational forms, product

strategies, and the speed of its response to changing technologies and market opportu-

nities. For example, when a new technique is introduced, a competitive company can

often rapidly master it to launch new products or upgrade existing products (Sanchez,

1995). To maintain a competitive position in the market in the long run, competition

analysis is important for a firm to gain a thorough understanding of both the exter-

nal and internal factors that influence its competitiveness. One external competition

analysis example is to investigate the competitive environment of a market, such as

studying customer preferences (Cui et al., 2020) of its representative products and

typical competition patterns (e.g., how products compete between brands). An inter-

nal competition analysis example is for a company to generate a better understanding

of the market positions of its own products, such as the market share of the most

popular product or the one that always competes against other brands.

In recent decades, competition analysis of product markets has received sig-

nificant attention. In particular, researchers in the market science domain have con-

tributed rich findings and analysis approaches (Sanchez, 1995; Spiegler, 2016). For ex-

ample, Karuna determined the competition of a product market in three dimensions:
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product substitutability, market size, and entry costs. Based on this determination,

he demonstrated that companies offer stronger managerial incentives when industry

competition is more intense (Karuna, 2007). In another instance, Bustamante and

Donangelo explored the interrelation between the competitive environment in which

firms operate and their exposure to systematic risk (Bustamante and Donangelo,

2017). More recently, researchers from engineering design communities utilized prod-

uct market competition analysis to better understand the needs in engineering design.

Wang et al. focused on product design for uncertain market systems (Wang et al.,

2011). They proposed an agent-based approach to help firms make competitive prod-

uct design and pricing decisions to face possible reactions from market players in the

short and long runs. Yip et al. investigated the possibility of using a subset of com-

peting products or composite products to replace a large set of competing products.

They found that optimal product design decision is independent of any information

about competitors when customer preferences are homogeneous, but this is not valid

when customer preferences are heterogeneous (Yip et al., 2022). Wang and Chen et

al. proposed using customer preference data to build competition networks. Then,

various network-based competition analyses (e.g., the evolution of product compe-

titions) were generated, which were demonstrated using the vehicle market as case

studies (Wang et al., 2018; Sha et al., 2018; Xie et al., 2020).

Recent efforts have significantly enhanced our understanding of how the mar-

ket environment influences a company’s operations. Notably, analyses of product

market competition using network-based customer preference modeling have shed

light on the existence and significance of meso-level competition patterns (Cui et al.,

2020; Sha et al., 2018). However, a fundamental research gap persists, as the major-

ity of these studies focus solely on solving forward problems. What is lacking in the

existing literature is the solution to the inverse problem, which pertains to integrating

the impact of identified competition patterns into the product design process to en-

hance market performance (e.g., improve their market shares) Furthermore, there is a

crucial knowledge gap concerning the dynamic quantification of a product’s competi-
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tiveness in the market. Such quantification is indispensable for companies seeking to

adapt their strategies in response to evolving market dynamics, identify areas for im-

provement in product offerings, allocate resources effectively, and maintain or enhance

their competitive edge. Therefore, addressing these gaps is imperative for companies

aiming to thrive in competitive market environments.

2.3 Network Analysis Toolkit

This dissertation aims to create a novel local-level network-based framework for STS

engineering and design, combining three advanced network theories and models, in-

cluding network motif theory, exponential random graph model (ERGM), and graph

neural network (GNN) model. This section provides a comprehensive introduction to

the technical background of these three network theories and models.

2.3.1 Network Motif Theory

Network motifs are underlying nonrandom subgraphs within the complex networks.

Before being named by (Milo et al., 2002), network motifs experienced a long research

period (Stone et al., 2019), which was originally considered as certain patterns sta-

tistically emerging in real-world networks instead of the same-sized random networks

(Holland and Leinhardt, 1974). Since then, motif research can be divided into two

main subjects where the first one focuses on motif structure explanation (Alon, 2007;

Felmlee et al., 2018; Paranjape et al., 2017), and the second one is keen on motif min-

ing algorithms (Kashtan et al., 2004; Wernicke and Rasche, 2006; Choobdar et al.,

2012). Motifs can be classified as directed or undirected and categorized by the num-

ber of nodes they comprise. Commonly studied motifs include size-2 motifs (dyads),

size-3 motifs (triads), and size-4 motifs (tetrads) (Felmlee et al., 2018). Dyads, as the

simplest motifs, play a crucial role in forming higher-level motifs and the entire net-

work. Triads, also known as ”transitivity” motifs, significantly influence the growth

of social networks. Tetrads, a recent research focus, span various disciplines such as
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biology, electronics, and social analysis. Given that the triad serves as the cornerstone

of social relationships and is the most basic building block of many complex networks,

size-3 motifs are selected as the focus of study for STS in this dissertation. Thus, only

size-3 motifs are considered herein. The unique structures and IDs of size-3 directed

motifs are illustrated in Table 2.2 (Rasche and Wernicke, 2006). For size-3 undirected

motifs, there are only two unique structures sharing similarities with motif 238 and

motif 78 in Table 2.2 and possessing the same adjacency matrices. Therefore, they

are not reiterated here.

The identification of significant network motifs is conducted by comparing the

real-world network Yobs with a specific randomized network set1 Ω(Y ′) that includes

N random networks. Only statistically significant local networks are considered as

network motifs. The null hypothesis is that the frequencies of a local network in

random networks Frand(y) are equal to or greater than that of the real-world network

Fobs(y). It is rejected if the p-value given in Equation (2.1) is less than a level of

significance (commonly 0.01 or 0.05) (Schwöbbermeyer, 2008).

P (y) =
1

N

N∑
j=1

δ(Frand(y) ≥ Fobs(y)), (2.1)

where δ is the sign function equal to 1 when Frandom(y) ≥ Fobs(y), and 0 otherwise. In

addition, the Z-score is another measurement of the significance of a network motif,

which is defined as

Z(y) =
Fobs(y)− µrand(y)

σrand(y)
, (2.2)

where µrand(y) and σrand(y) represent the mean and standard deviation of Frand(y).

A higher Z-score indicates that y is a more significant motif in Yobs (Schwöbbermeyer,

1For a rigorous comparison, each node in the random networks has the same number of degrees
as the corresponding real-world network. Moreover, the random networks used to calculate the
significance of size-n local networks are generated to keep the same number of occurrences of all
size-(n− 1) local networks as in the real-world network (Milo et al., 2002)
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Table 2.2: Size-3 directed network motif list*.

*: The motif IDs determined by (Rasche and Wernicke, 2006) consider each motif’s adjacent matrix
as a binary representation and transform the binary representation to a decimal number. For
example, the binary representation of the decimal number 174 is 010101110, which is consistent
with the adjacent matrix of motif 174. Regarding ordering the motifs in Table 2.2, from top to
button and left to right, we rank them based on the number of their arrows from large to small.
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2008).

2.3.2 Exponential Random Graph Model (ERGM)

Exponential Random Graph Model (ERGM) is a stochastic network model for the ob-

served network Yobs, representing a particular instance within a collection of potential

random networks Y . These random networks conform to the distribution described

in Equation (2.3) (Robins et al., 2007; Sha et al., 2023).

Pr(Y = Yobs) =
exp(θ′g(Yobs))

κ(θ)
, (2.3)

where θ is a vector of model parameters, and g(Yobs) is a vector of the network statis-

tics defining various network structures that can incorporate either nodal attributes

or edge attributes. To ensure that Equation (2.3) constitutes a valid probability

distribution, κ(θ) serves as a normalizing factor. Equation (2.3) suggests that the

probability mass function on the network space is proportional to the exponential of

a linear combination of network statistics. The formulation also indicates that the

network with statistics in g(Yobs) is more likely to occur if the corresponding θ is

positive.

The strength of ERGM is its capability of modeling endogenous interdepen-

dencies (i.e., relations) among entities (e.g., products) with various forms of network

statistics, i.e., g(Yobs), in addition to exogenous attributes pertaining to nodes and/or

edges. Typically, the network statistics can be categorized into three main categories,

i.e., nodal attribute effects, relational attribute effects, and network structural ef-

fects (Morris et al., 2008), as shown in Table 2.3. Nodal attribute effects refer to the

main effects of the nodes, which can be either continuous covariates or discrete (e.g.,

categorical) variables. In a vehicle competition network, nodal attributes could be

car features (e.g., price, engine size). Relational attribute effects measure the effects

of dyads’ (i.e., a group of two nodes) and edges’ attributes. Examples of relational

attributes include the similarity of dyad attributes and edge covariates. Moreover,
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Table 2.3: Examples of three major categories of network statistics in ERGMs.

Categories Examples Interpreted effects

Nodal at-
tributes effects

Car attributes (price, fuel consumption).

Relational at-
tributes effects

Two cars with comparable attributes en-
gage in competition against each other.

Network struc-
tural effects

Network density.

Star effect.

* The hollow shape refers to the product w/o attributes. The solid shape refers to the product
w/ attributes.

network structural effects measure the different levels of complexity of network struc-

tures, including the basic terms that control the overall probability of a link (such

as the number of edges and density of a network), degree and star attributes which

capture the distribution of node-based edge counts, and triangles and higher-order

cycles that measure the effect of more complex local network structures.

2.3.3 Graph Neural Network (GNN)

Graphs are an important representation for complex systems (Rathkopf, 2018; Cui

et al., 2020; Sha and Panchal, 2016) in that they not only model the interconnection

and interrelation between system elements but also the leverage of complex network

theories (Barabási, 2012). Graphs are non-Euclidean data, as opposed to other reg-

ular Euclidean data, such as images (2D grids) and texts (1D sequences). Its high

dimensionality hinders the direct usage of some advanced neural network models such

as CNN. To fill this gap, a Graph Neural Network (GNN) (Scarselli et al., 2008) was

proposed in 2008, and due to its outstanding performance, GNN has been widely
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used across domains since then (Song et al., 2022; Ferrero et al., 2022). For example,

Ahmed et al. (Ahmed et al., 2021) developed a GNN-based method to predict the

competition relationships between different car models in a vehicle co-consideration

network. The model provided great insight into the key engineering attributes that

promote the formation of car competitions.

The fundamental idea of GNN is that each node within a network is defined

by its features and network neighbors, so each node in a network can be represented

by these two pieces of information. Such a representation is also referred to as node

embedding. Following the acquisition of node representation, various downstream

tasks, such as node/link/graph classification, node/link/graph regression, node clus-

tering, link prediction, and graph match, can be accomplished (Zhou et al., 2020).

Recently, many variants of GNN have been developed, each based on a different node

embedding strategy (Hamilton et al., 2017; Perozzi et al., 2014; Tang et al., 2015).

For example, the well-known DeepWalk algorithm (Perozzi et al., 2014) generates

node embedding in two steps, the first of which is to perform random walks on nodes

in a graph to obtain node sequences. The skip-gram is then used in the second step

to learn the node embeddings from the generated sequences (Chen et al., 2018).

GraphSAGE is another remarkable variant of GNN in that it is a general in-

ductive framework. Unlike other frameworks that train individual embeddings for

each node, GraphSAGE learns an embedding generating function by sampling and

aggregating features from a node’s neighborhood (Hamilton et al., 2017). This in-

ductive framework provides a solution for graphs with varying node counts. Even if

an unseen node is introduced into the graph, its representation can still be properly

generated by feeding its neighborhood feature into the trained embedding generating

function. A more detailed description of the algorithm can be found in (Hamilton

et al., 2017).

51



Chapter 3: Network Motif-Based Robust Design of

Socio-Technical System Against Seasonal Effects1

3.1 Overview

Given the nature of socio-technical systems (STS), which inherently involve numerous

uncertain human behaviors, the imperative of designing reliable and robust STS has

long been recognized. In this chapter, our objective is to develop a network motif-

based robust design framework for STS to mitigate the impacts of seasonal effects. To

achieve this goal, we introduce a novel approach grounded in network motif theory,

aiming to optimize system capacity planning and resilience against fluctuations in

demand due to seasonal changes. By leveraging the concept of motifs, we propose

three key metrics for evaluating system performance and guiding capacity planning

decisions: the imbalance score of a motif, a measure of motif seasonal robustness, and

a design parameter-based criterion for capacity planning. We illustrate the application

of our approach through a case study involving Divvy Bikes, a Chicago Bike Share

program, demonstrating its effectiveness in enhancing system rebalance performance

and robustness against seasonal variations. Finally, by realizing the objective of this

chapter, RQ1 , RQ2 , and RQ3 are answered.

The chapter is organized as follows:

• Section 3.2 introduces the proposed network motif-based robust design approach

of STS against seasonal effects in detail.

• Section 3.3 presents the application of complex networks to model user behaviors

in shared mobility systems (SMSs) and the process of network motif mining to

identify the statistically significant travel patterns.

1The content of this chapter has been published in (Xiao and Sha, 2022). My contributions
include conceptualization, methodology, formal analysis, and article writing.
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Figure 3.1: The framework for STS robust design against seasonal effects by capacity
planning decisions optimization.

• Section 3.4 illustrates the assessment of the seasonal effect on the SMS’s rebal-

ance performance as well as formulates and solves the robust design problem in

terms of SMS capacity planning.

• Section 3.5 provides the conclusions and major lessons learned from the study.

3.2 The Robust Design Approach

In this section, the proposed network motif-based robust design approach in a stepwise

framework as shown in Figure 3.1 is introduced.
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3.2.1 Step 1: Identifying STS System Capacity and Seasonal Effects

The main objective of this step is to formulate the seasonal robust design problem.

It includes understanding the interconnections between different parts (as shown in

the top-down structure) within an STS and identifying system capacity and seasonal

effects. The in-depth understanding of the system helps lay down the foundation for

the complex network construction in Step 2. During this step, data preprocessing

is needed to organize the dataset by establishing the preprocessing tenets, e.g., data

preparation, cleaning, normalization and transformation of data, etc. (Garćıa et al.,

2015).

3.2.2 Step 2: Translating STS to Complex Network and Mining Network
Motifs

Based on the understanding of the target system and the robust design that needs

to be addressed, the main tasks in Step 2 are to define and construct the complex

network that best captures the STS structures as well as to mine the specific motif

patterns in the established network. When building the complex network, we first

need to determine the node, node features, link, whether the link carries weight or

not, weight definition, and whether the network is directed or undirected. Secondly,

since seasonal data are always time-dependent, two general strategies for handling

such a temporal dynamic trait are often used. The first strategy is to treat the year-

round data as time-series data, and the second one is to create cross-sectional data

at different time steps. Since seasonal information typically changes by month, we

adopt the second strategy with the information aggregated from each month. For

example, one year’s dataset can be divided into twelve cross-sectional datasets, which

form twelve networks denoted as Gi (i = 1, 2, ..., 12).

After the networks are constructed, motif mining tools like FANMOD (Rasche

and Wernicke, 2006) and Mfinder (Kashtan et al., 2002) are employed to enumerate

motifs with a particular size in each network. The significance scores (i.e., Z-score
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and p-value) of each pattern can be obtained at the same time. It is worth noting

that during the motif mining, link weights are not used and motif patterns are mined

only based on link existence. Link weights can be added later to the mined motif

patterns for analysis if necessary. In our study, if a motif pattern is found significant

in all the twelve networks, it is treated as a significant pattern throughout that entire

year.

3.2.3 Step 3: Defining the Motif-based Criteria for System Performance,
Seasonal Robustness, and Capacity Planning

Before defining the criteria, we first introduce two node-level performance metrics for

directed weighted networks. As shown in Figure 3.2, assuming a network G has T

nodes and for any node i ⊂ G, there are a incoming weighted links and b outgoing

weighted links. We define c as the difference between the sum of incoming link weights

and the sum of outgoing link weights. Then, if c = 0, node i is defined as a balanced

node; if c < 0, node i is considered to be in-biased node, and if c > 0, node i is named

out-biased node. This way we are able to quantify a node’s balance performance in

STS.

Figure 3.2: Categorizing a node based on its balance performance.
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Next, we extend this node classification to network motifs. Supposed there is a

size-3 motif comprising three nodes, Node 1, Node 2, and Node 3. A fully connected

motif structure is shown in Figure 3.3. If weight = 0 can be used to represent a

non-existent link (e.g., if w12 = 0, it means there is no link from Node 1 to Node

2), then all the thirteen size-3 directed motifs can be described with the following

representation. According to the corresponding c values, Node 1, 2, 3 are divided into

three sets: I(m), O(n), and B(l), where m, n, l represent the number of in-biased

nodes, out-biased nodes, and balanced nodes in each set, and m + n + l = 3 holds.

Moreover, the relationship among the three c values follows,

Figure 3.3: A general motif structure.

c1 + c2 + c3 = 0. (3.1)

Based on these definitions, two metrics, α and β, are created (see Equations (3.2)

and (3.3)) to grade every single motif in which α depicts the out-biased score and β

indicates the in-biased score.

α =
1

n

∑
|cO|, (3.2)

β =
1

m

∑
|cI |, (3.3)

where cO or cI indicates the nodes’ c values that falling into the set O(n) or I(m).

The higher the scores are, the less balanced is the motif. Based on Equation (3.1), it
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can be proved that a linear relation exists between α and β (see Appendix A). The

advantages of adopting these two metrics are reflected in two aspects. First, they are

good indicators of the local-level system performance and can help designers locate

the worst-performed sub-patterns. Second, not only can these two criteria capture the

link weights, but they also integrate the topological characteristics of specific motifs.

At the system level, assuming a complex network G consists of K number of

motif g (g is the motif ID in Table 2.2), two motif-based system performance criteria

can be obtained below. Similarly, αg and βg hold a linear relationship, and a higher

value indicates a worse balance performance.

Out-biased score : αg =
1

K

K∑
j=1

αg,j, (3.4)

In-biased score : βg =
1

K

K∑
j=1

βg,j. (3.5)

Based on the motif-based system performance criteria, the seasonal robust-

ness criterion, as a quantitative representation of the seasonal effect, is defined as

the standard deviation of the year-round in- or out-biased score of a motif 2. For

example, according to Step 2, we can get twelve monthly networks Gi (i = 1, 2, ..., 12)

and the yearly significant motif patterns. For each significant motif, its aggregated

in- or out-biased score over the twelve consecutive months can be calculated, and the

resulting standard deviation from the twelve months, therefore, indicates the system

robustness against seasonal changes.

Finally, we define the capacity planning criterion based on the capacity

(v) of each service node in a network G. We denote the average capacity difference

of a motif as

2Because of the linear relationship, the year-round distributions of αg and βg should have a
consistent trend, and only the amplitudes are different.
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d =
|v1 − v2|+ |v1 − v3|+ |v2 − v3|

3
, (3.6)

where vi (i = 1, 2, 3) is the capacity of each node i in a size-3 motif. Correspondingly,

in the network G consisting of K motif g, the average capacity difference of motif g

is

dg =
1

K

K∑
j=1

dg,j. (3.7)

To provide more insights into how the three motif-based metrics be utilized

and extended to different systems, a quick overview of the metric interpretations along

with their application examples are summarized in Table 3.1

3.2.4 Step 4: Formulating the Design Problem and Solving for Optimal
Decisions

This step’s objectives are two-fold: 1) investigate the correlation between seasonal

effects (represented by the seasonal robustness criterion) and the capacity planning

criterion, as identified in Step 3, and 2) formulate the design problem and solve it

to obtain optimal decisions for improving the system’s robustness against seasonal

disturbance. It would be ideal that the factors influencing the system’s robustness

are known from existing domain knowledge, so such factors will be formulated into

the design problem as the decision variable to be optimized. Otherwise, correlation

analysis and/or causal inference need to be applied to identify the key design variables.

3.3 Shared Mobility System Trip Network Modeling and Net-
work Motif Mining

In this study, the Chicago Bike Share program, Divvy Bikes, is selected to demonstrate

the proposed approach. The Divvy Bikes’ data is publicly achievable (Divvy Bike,

2020), and the data from 2014 to 2017 are adopted due to the availability of capacity
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Table 3.1: The interpretations of the motif-based metrics in different applications.

Metrics Interpretation Application Examples

Imbalance
Score

The imbalance score is
proposed to quantitively
describe the local service
networks’ rebalance per-
formance, i.e., the dif-
ference between the in-
flow and out-flow informa-
tion/traffic of a local sys-
tem. This metric can quan-
titively evaluate the lo-
cal service networks’ per-
formance of STSs.

• In the interconnected power grid,
the imbalance score is the av-
erage difference of transmitting-in
and -out power within a local ser-
vice power grid.

• In the SMS, the imbalance score
is the average difference of numbers
of rental and return bikes of a local-
level service system (e.g., a system
including three service stations).

Seasonal
Robust-
ness
Crite-
rion

The seasonal robust-
ness criterion is the stan-
dard deviation of the year-
round imbalance score. It
is a quantitative represen-
tation of the seasonal effect
where a larger value indi-
cates a local service system
is more sensitive to sea-
sonal demand fluctuation.

• In the interconnected power grid,
the seasonal robustness crite-
rion represents how the average
difference of transmitting-in and -
out power of a local service power
grid fluctuates along with seasonal
changes.

• In SMS, the seasonal robustness
criterion represents the variation
of the average difference of the
rental and return bikes within a lo-
cal service system along with sea-
sonal changes.

Capacity
Plan-
ning
Crite-
rion

The capacity planning
criterion describes the av-
erage capacity difference in
a local service network. It
is an efficient indicator of
whether the local service
system’s resource distribu-
tion is balanced or not.

• In the interconnected power grid,
the capacity planning crite-
rion is the average difference of
the maximum energy storage abil-
ity within a local power grid.

• In SMS, the capacity planning
criterion is the average difference
of the dock numbers within a local
service system.
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Year Number of Station

2014 300

2015 475

2016 581

2017 585

System Name: Divvy Bike

Locale: Chicago

Date of Operation Began: June 28, 2013

Figure 3.4: Divvy Bike system information.

information (i.e., the number of docks) at each station. Figure 3.4 shows the station

distribution of Divvy Bikes in the third and fourth quarters of 2017 and the number of

stations in each year. In this study, we aim to mitigate the sensitivity of the system’s

rebalance performance to seasonal effects.

3.3.1 Data Preprocessing

The station and trip data packages contain information like station geographic coor-

dinates, the number of docks, trip start and end station IDs, trip time and duration,

and user basic information (e.g., gender and birth year). We follow four steps to

process the raw data for each year. The final data frame consists of twelve monthly

trip datasets, each of which has three columns, including start station ID, end station

ID, and the reoccurring frequency of each unique trip.
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1) Basic trip information extraction. The essential data, such as the trip start and

end station IDs, the number of docks, and start and end times are extracted

from the raw dataset.

2) Data cleaning. We delete those trips with missing data and the testing sta-

tions (e.g., station 512 is a station for a testing purpose only) along with their

associated trips.

3) Monthly trip network data preparation. In this step, we split trips by month

based on their starting time.

4) Trip reoccurring frequency calculation. We count the number of times that a

trip between a pair of stations occurs in each month.

3.3.2 Trip Network Building and Motif Mining

Based on the monthly trip datasets, the monthly trip networks are constructed. In

each network, stations are represented as nodes, and a trip between two stations is

defined as a link and its reoccurring frequency in a month is the link weight. Since the

trip from Station A to Station B is different from the trip from B to A, the resulting

trip network is a directed network.

To focus on the network that captures the most significant traffic, we delete

those links that have less occurred trips, such as those links with just one-time transit.

The threshold for such a link removal process is set as the minimum mean (u) of the

link weights among the twelve-monthly trip networks in the interested years:

u = Min(uij), i = index of years, j = 1, 2, ..., 12, (3.8)

where uij is the link weight mean of the jth network in year i. For example, from

2014 to 2017, u = 3.03. Then, all the links with weights lower than 3.03 are removed

from the network. Figure 3.5 illustrates the link weight distribution of Divvy Bikes
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in July 2017. It reveals that the statistical features of link weights will not be al-

tered by removing the links with weights below the threshold. Figure 3.6 shows the

visualization of the reduced trip network.

Figure 3.5: Weight distribution of Divvy Bike trip network (Jul 2017, total edges:
57225).

After obtaining the weighted directed trip networks, their binary counterparts

(i.e., the same network without link weights) are used for motif mining, which reports

the motif structures, Z-scores, p-values, and the adjacent matrix list of all existing

motifs. In this study, the motif mining tool FANMOD is adopted. Table 3.2 shows the

thirteen size-3 directed motif IDs in every month of 2017, ranked from top to bottom

based on their Z-scores from high to low. The red IDs are insignificant motifs under

the level of significance .001.

According to the results, we observe that the motifs with high transitivity3 are

3A triad involving nodes i, j, and k is transitive if whenever i connects to j and j connects to k
then i connects to k (Wasserman and Faust, 1994). A digraph has high transitivity if most triads it
contains are transitive.
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4 2809
Edge Weight

0 433
# of Connections

192

85

77

268

81

35

Station 
ID Station Name # of 

Connections

268 Lake Shore Dr & North 
Blvd 433

35 Streeter Dr & Grand Ave 398
85 Michigan Ave & Oak St 376

192 Canal St & Adams St 368
77 Clinton St & Madison St 367
81 Daley Center Plaza 359

Top Six Hub Stations

Figure 3.6: A visualization of Divvy Bike trip network after removing the links with
fewer occurred trips (Jul 2017, total edges: 27415).

more likely to be significant and ranked higher in the trip network. This is also the

reason that motif 78 is always ranked lowest in all networks. A similar phenomenon

is also observed in the years from 2014 to 2016, as shown in Appendix B. In the

following analysis, only the significant motif patterns over two years, including motifs

238, 102, 174, 166, 38, 46, and 140, are considered.

3.4 Shared Mobility System Robust Design to Against Sea-
sonal Effects

3.4.1 Identifying SMS Design Parameters and Seasonal Effect

In our prior work (Xiao and Sha, 2020), it is found that seasonal changes can influence

the average distances of trip motifs. For example, users tend to ride longer distances in

warmer seasons. Moreover, seasonal changes can impact the traffic of local networks,

which is a critical factor in the system rebalance performance. As to the design

parameter, based on the correlation analysis (see Table 3.4), it is found that the

number of docks at each station plays an important role in the rebalancing problem
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Table 3.2: Divvy Bike motif Z-score ranks of each month in 2017.

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
238 238 238 46 46 166 46 46 46 46 238 238
102 102 102 102 102 102 166 166 166 102 102 102
46 46 46 166 166 238 102 102 102 166 166 166
174 166 166 238 238 38 238 238 238 238 46 46
166 174 174 38 38 140 38 38 38 38 174 174
38 38 38 174 174 46 140 140 140 174 38 38
140 140 140 140 140 12 12 174 174 140 140 140
12 12 12 12 12 174 174 12 12 12 12 12
6 6 6 6 14 14 14 14 6 6 6 36
36 36 36 14 6 164 164 6 14 14 36 6
164 14 14 164 164 6 6 164 164 164 14 164
14 164 164 36 36 36 36 36 36 36 164 14
78 78 78 78 78 78 78 78 78 78 78 78

because it directly relates to the availability of bikes that a user can rent or return in

a station.

Figure 3.7 shows the average dock difference of those significant motifs in

the twelve months of 2017 following Equations (3.6) and (3.7). It is observed that

the average dock difference curves from top to bottom correspond to the rank of

transitivity of the motifs from high to low. For example, motif 238, the pattern with

the highest transitivity in the trip networks, has the largest dock difference in the

entire year of 2017, while motifs 140 and 38 have the smallest differences. While the

causation needs to be further investigated, one possible reason for such a correlation

could be that the stations with large capacities are more likely located in high-demand

areas, thus more users will return or rent bikes. So, they are hub stations and will

connect to many other stations. Meanwhile, there is majority of stations within the

system have low capacities. Therefore, these stations and hubs form a large proportion

of motifs with high transitivity and large capacity differences.
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Figure 3.7: Divvy Bike yearly motif dock difference curves (2017).

3.4.2 Trip Motifs Performance and Robustness Analysis

In this section, by following Step 3 in Section 3, we calculate the local SMS rental and

return performance scores, which correspond to the motif-based in- and out-biased

values. In an SMS, a higher rental or return score indicates that a serious rebalance

issue could occur in a trip motif. Figure 3.8 shows the rebalance performance scores

of the seven significant trip motifs.

As indicated in both Figure 3.8 (a) and (b), the trip motif’s rebalance per-

formance is potentially related to the motif structure. Taking motifs 46, 166, and

140 as examples, both motifs 46 and 166 have apparent unbalanced structures where

Node 1 only has in-arrows or out-arrows (see Figure 3.9). This leads them to be

vulnerable to return and rental problems. In contrast, the number of in- and out-

arrows of all nodes in motif 140 are the same, so motif 140 is expected to have a low

rebalance performance score. However, there are also a few exceptions. For example,

motif 238 has a balanced structure but still experiences return and rental problems

for several months from April to November. These abnormal fluctuations remind us

of the potential seasonal effects, so we use the standard deviation of the return/rental

65



0

5

10

15

20

25

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

ɑ 
Va

lu
e 

(R
en

ta
l P

er
fo

rm
an

ce
)

Month
Motif 238 Motif 174 Motif 46 Motif 166 Motif 102 Motif 38 Motif 140

(a) Rental performance

0

5

10

15

20

25

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

β 
Va

lu
e 

(R
et

ur
n 

Pe
rf

or
m

an
ce

)

Month
Motif 238 Motif 174 Motif 46 Motif 166 Motif 102 Motif 38 Motif 140
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Figure 3.8: Divvy Bike yearly motif rebalance performance (2017).
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Figure 3.9: Trip motif structure analysis.

Table 3.3: Divvy Bike seasonal robustness criteria and capacity planning criteria of
significant trip motifs (2017).

Motif ID 238 174 46 166 102 38 140
Seasonal robustness
score (the standard
deviation of β value)

2.622 1.160 0.476 0.847 0.694 0.331 0.282

Capacity planning
criterion

26.931 22.177 17.458 16.467 16.497 11.974 11.452

performance scores in a year to quantify such fluctuations, as shown in the second

row of Table 3.3. A larger deviation means that a trip motif is more sensitive to

seasonal changes.

3.4.3 Design Problem Formulation

To confirm the targeted design variable, we first conducted a correlation analysis be-

tween the system robustness and the average capacity difference. Since the robustness

score is measured based on yearly data, the mean of the capacity differences of every
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significant motif during the entire year is calculated, as listed in the third row of Table

3.3. Based on this table, the correlation coefficient between the system robustness

and the capacity planning criterion in 2017 can be obtained, and similarly, for the

data from 2014 to 2016.

The results are summarized in Table 3.4 and reveal a significantly high correla-

tion between the capacity difference and the system’s robustness. In other words, if a

trip motif has a large average capacity difference, its rebalance performance would be

more sensitive to seasonal changes. This observation has led to our design objective -

to optimize the capacity of the stations in the motifs that are most influential to the

system’s robustness. To this end, we split the task into two sub-tasks: 1) identify the

stations that need to be optimized for their number of docks, and 2) plan the capac-

ity, i.e., the number of docks for those stations, either by adding docks or removing

docks, to minimize the average dock difference.

Table 3.4: Divvy Bike yearly correlation coefficient between seasonal effect and motif
dock differences.

Year 2014 2015 2016 2017

Correlation coefficient 0.848 0.921 0.914 0.922

In the first sub-task, the motif pattern that is the most sensitive to seasonal

changes is chosen (assuming its ID is gseason). Then, we determine the objective

motifs with the largest dock differences every month and identify the station IDs that

construct those motifs. Based on the number of times those identified stations appear

in the objective motifs in each month, two decision rules4 are used to decide which

stations’ capacity needs to be optimized.

• The first rule is that among all twelve months, if a station appears in the most

number of months, then it will be regarded as the critical station and its capacity

4These two rules can be extended. For example, instead of choosing the most frequently appearing
stations, the most and the second most frequently appearing stations can be chosen in both rules to
achieve more deduction in capacity difference.
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will be taken into account for optimization. From the first rule, we will identify

a set of critical stations, S1.

• In the second rule, the stations appearing most frequently in each month are

chosen as critical stations, and the corresponding station set is defined as S2.

Finally, we define all the critical stations being represented as S = S1

⋃
S2.

In the second sub-task, assuming the significant motif set is M , including m

different types of motifs, we identify the significant motifs (fromM) in which a critical

station s (s ∈ S) appears, and put the same type of motifs with the ID g ∈ M in one

set, Ms,g. Next, we define the decision variable xs as the number of docks that station

s needs to add (xs > 0) or remove (xs < 0). Then, the updated average capacity

difference of the motif g, ds,g,j, can be calculated by following Equation (3.9), where

s1, s2, and s3 represent three stations’ IDs in a motif. Depending on whether s1, s2,

and s3 belong to the critical station set S or not, ds,g,j is calculated differently.



ds,g,j(xs1) =
1

3
[|(vs1 + xs1)− v2|

+ |(vs1 + xs1)− v3|+ |v2 − v3|]
if s1 ∈ S

ds,g,j(xs1 , xs2) =
1

3
[|(vs1 + xs1)− (vs2 + xs2)|

+ |(vs1 + xs1)− v3|+ |(vs2 + xs2)− v3|]
if s1, s2 ∈ S

ds,g,j(xs1 , xs2 , xs3) =
1

3
[|(vs1 + xs1)− (vs2 + xs2)|

+ |(vs1 + xs1)− (vs3 + xs3)|
+ |(vs2 + xs2)− (vs3 + xs3)|]

if s1, s2, s3 ∈ S

(3.9)

Finally, the updated average dock difference for motifs in set Ms,g can be

obtained

ds,g =
1

ms,g

ms,g∑
j=1

ds,g,j, (3.10)

where ms,g is the number of motifs in Ms,g.

69



Since the objective is to minimize the average dock difference of those identified

trip motifs, a multi-objective optimization is formulated in Equation (3.11):



min ds1,g1 = min 1
ms1,g1

∑ms1,g1
j=1 ds1,g1,j

...

min ds1,gm = min 1
ms1,gm

∑ms1,gm

j=1 ds1,gm,j

...

min dsl,g1 = min 1
msl,g1

∑msl,g1

j=1 dsl,g1,j

...

min dsl,gm = min 1
msl,gm

∑msl,gm

j=1 dsl,gm,j

S.T. xs1 ≥ −vs1 , ..., xsl ≥ −vsl and xs1 , ..., xsl ∈ Z,

(3.11)

where s1, ..., sl ∈ S, g1, ..., gm ∈ M , vs1 , ..., vsl are the original dock numbers of station

s1, ..., sl. Z denotes Integer. In Equation (3.11), all the relevant motifs in M , even if

they are not gseason, are considered. This is because while we are changing the number

of docks for those stations in motif gseason, there is a possibility that the average dock

difference in the other motifs which include the stations of gseason increases too.

To solve this optimization problem, we adopt the weighting method (Mietti-

nen, 2012) to transform the multi-objective optimization problem to a single-objective

one in Equation (3.12). Suppose all objective functions in Equation (3.11) are equally

important, and
∑m×l

i=1 qi = 1, then qi = q = 1
m×l

(i = 1, ...,m × l). Equation (3.12)

is a typical nonlinear integer optimization problem, and the genetic algorithm, ga

function in (MATLAB, 2020) is applied to solve this problem.

minD(xs1 ,..., xsl) = min[q(ds1,g1 + ds1,gm + ...+ dsl,g1 + dsl,gm)],

S.T. xs1 ≥ −vs1 , ..., xsl ≥ −vsl and xs1 , ..., xsl ∈ Z,

(3.12)
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Table 3.5: The calculating results of Equation (3.12).

Station ID 3 35 45 97 172 263

Original dock number 55 47 15 55 11 11

Added/deleted dock number -11 -11 8 -32 12 12

Updated dock number 44 36 23 23 23 23
*: correspond to xs1 , ..., xs6

In our case study, based on Figure 3.8, we identifyM = {238, 174, 46, 166, 102,

38, 140} and motif 238 is the target motif we need to focus on because it is the most

sensitive one in light of seasonal changes. Table 3.7 lists most of the critical stations

that form motif 238 and yield the largest dock difference. From Table 3.7, we can

observe that, station 3, the most frequently appeared station (nine months out of 12),

should be considered as a critical station, i.e., S1 = {3}. Regarding the stations that

appear most in each month, taking March as an example, we identified 15 critical motif

238s, and stations 35 and 172 are the most frequently appeared stations in all of the 15

critical motifs. Thus, they are considered as critical stations. Similarly, another four

critical stations are identified, thus S2 = {3, 35, 45, 97, 172, 263}. By combining these

two sets, we obtain the final critical station set S = S1

⋃
S2 = {3, 35, 45, 97, 172, 263}.

By solving the optimization problem in Equation (3.12), we obtain the optimal

capacity planning decision for the decision variables xs1 ,...,xs6 . The results are shown

in Table 3.5, along with the original and updated number of docks. To verify if the

redesigned capacity can effectively decrease the average dock difference of the signif-

icant trip motifs or not, we recalculate the trip motifs’ mean values of the updated

number of docks in a year, as shown in Table 3.6. By comparing the updated dock

differences with the original ones, it is found that the decreases are achieved for all

significant motifs, and the dock difference of motif 238 is decreased by 4.6%. With

such a decrease, the enhancement of the system robustness against seasonal effects is

expected to be achieved effectively.
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Table 3.6: Divvy Bike yearly mean values of significant motif dock differences, before
update vs after update (2017).

Motif ID 238 174 46 166 102 38 140
The mean of the motif
dock difference before

update
26.931 22.177 17.458 16.467 16.497 11.974 11.452

The mean of the motif
dock difference after

update
25.679 21.199 16.758 15.810 15.832 11.557 11.044

The percentage of
decrease (%)

4.6 4.4 4.0 4.0 4.0 3.5 3.6

3.5 Conclusion

It is the uncertainty and complicated interactions within an STS that make the system

vulnerable to various perturbations. The occurrence of certain perturbations can

significantly influence STS performance, and the seasonal effect is a common one

because it directly impacts human behavior in STS. In this chapter, we develop a

new design framework for improving STS robustness against seasonal changes based

on the network motif theory. Using the concepts of motif, we created three metrics for

system performance evaluation and capacity planning decision-making. The first one

is the imbalance score of a motif (e.g., a local service network), the second one is the

measurement of a motif’s seasonal robustness, and the third one is a design parameter-

based capacity planning decision criterion. We apply our developed approach to a

real-world STS, Divvy Bikes, a Chicago Bike Share program, to improve the system’s

rebalance performance and its robustness against seasonal changes. The results from

this study show that our approach can effectively reduce the average dock differences

among the stations of critical trip motifs (i.e., local trip networks), thereby improving

the system’s robustness.

The main contributions of this chapter are summarized in three aspects: 1)

We introduce a network motif-based approach for guiding the STS robust design,

emphasizing optimizing system capacity planning to weaken the impact of demand

fluctuations caused by seasonal changes 2) We propose a set of motif-based criteria to
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Table 3.7: Station list of constructing the motif 238s with the largest dock difference
values*.
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*: Due to the space limitation, stations with appearing frequencies less than 5 in April, May, and
June are ignored, and this ignorance has no effect on critical station identification.
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help evaluate system’s performance and the impact of seasonal effects on it. 3) A high

correlation between the seasonal effects and the average dock difference of motifs is

discovered in BSS, from which a multi-objective design problem is formulated to aid

capacity planning decisions for improved system robustness. The process of significant

trip motif mining contributes to addressing RQ1 . Furthermore, the development of

three trip motif-based metrics for evaluating system performance and making capacity

planning decisions contributes to answering RQ2 by exploring the influence of meso-

level subsystems on macro-level system performance. Lastly, the formulation and

resolution of the seasonal robust optimization design problem contribute to addressing

RQ3 .
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Chapter 4: Graph Neural Network-Based Design

Decision Support for Socio-Technical Systems1

4.1 Overview

This chapter aims to develop a complex network-based approach rooted in Graph

Neural Network (GNN) techniques for predicting links within Socio-Technical Sys-

tems (STSs). Since GNN’s core concept involves incorporating both entity attributes

and local network neighborhood information to enhance prediction performance, the

proposed approach contributes to addressing RQ2 . Furthermore, leveraging the

predictive model derived from this approach, the chapter explores its utility as an

effective tool for testing design strategies and aiding system designers in decision-

making processes. This exploration contributes to addressing RQ3 . Finally, the

chapter employs SMS for validation purposes.

The chapter is organized as follows:

• Section 4.2 introduces the proposed complex network-based prediction approach

and the associated methods for model analysis and evaluation.

• Section 4.3 takes Divvy Bike in Chicago as an example to demonstrate the

utility of the proposed prediction approach.

• Section 4.4 illustrates how the proposed predictive model can be utilized to

support system design decisions.

• Section 4.5 discusses the limitations of the current study that can lead to future

investigations.

• Section 4.6 concludes the study with closing thoughts.

1The content of this chapter has been published in (Xiao et al., 2023a). My contributions include
conceptualization, methodology, formal analysis, and article writing.
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4.2 Complex Network-Based Prediction Framework

An overview of the complex network-based approach to predicting travel demand for

shared mobility systems is shown in Figure 4.1. In this approach, we start by modeling

a shared mobility system as a complex network using historical data, i.e., Period One

data, including station attributes and trip data. After obtaining the network model,

we utilize Period One data to train predictive models, including the ANN model in

Section 4.2.2 and the GraphSAGE-based model in Section 4.2.3. The trained model

is then employed to predict the network links in Period Two based on the updated

nodal attributes. To evaluate the predictive performance of the models, the predicted

links are compared with the actual ones, and the metrics quantifying the prediction

accuracy are introduced in Section 4.2.4.

4.2.1 Node Attributes

In this study, the node represents the bike sharing station and the node attributes

indicate the station features. The node attributes considered here include the geo-

graphic coordinates of the station, the number of docks, and the POIs surrounding

the stations. Geographic coordinates can be used to calculate the distance between

two stations, and the number of docks at a station determines the maximum number

of bikes that users can rent from or return to that station. Current research indicates

that there are evident travel patterns between certain functional zones of the city due

to user-specific travel purposes (He and Shin, 2020; Liu et al., 2017). In the study (He

and Shin, 2020), for example, He and Shin divided POI into five major categories, in-

cluding residential, cultural, recreational, commercial, and governmental. They found

that travel behavior in BSS has a stronger correlation between stations in recreational

and residential areas than between stations in recreational and commercial areas.

In this study, POI data are collected by Overpass turbo (Wiki, 2022) which

includes the name of each POI and its geographic coordinates. We first classify POIs

into seven categories, including Financial, Education, Recreational&Tourism, Resi-
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Station attribute data for Period One

Model shared mobility system by a complex network

Network data for Period OneArchitecture of neural network
model for link prediction

Train the neural network model

Trained neural network model

Trip data for Period One

Predict the link between any two nodes for Period Two 

Predicted link list for Period Two

Evaluate the model performance

Network data for Period Two

Real link list for Period Two

EntityEvent : Input/output of an event/entity

Figure 4.1: Complex network-based prediction framework for shared mobility systems
design support with Neural Network (Period One: Month i in year Y , Period Two:
Month i in year Y + 1, i = 1, ...12)

dential, Sustenance, Healthcare, and Transportation. The details of these categories

are given in (Yinshuang et al., 2022). Then, we draw a circle of radius R with the

target station in the center of the circle. Finally, we count the number of POIs in each

category within the circle and treat the combination of seven counts as an attribute

vector of the target station. Regarding the value of the radius, R, in reference (Yang

and Diez-Roux, 2012), the authors calculated the cumulative percentage distribution

of walking trips by distance based on data from the 2009 U.S. National Household

Travel Survey. We learned from the distribution that 1.5 miles is the walking distance

upper bound of 90% of walking trips. Therefore, POIs within 1.5 miles of a station
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provide the best representation of the station’s surroundings. Taking Divvy Bike sta-

tion 368 (Ashland Ave & Archer Ave) in Chicago as an example, its POI attribute

vector in 2016 is [2, 30, 0, 2, 4, 12, 12], indicating that there are two banks, thirty edu-

cation institutions, two healthcare institutions, four apartments, twelve restaurants,

and twelve public transportation stops within a radius of 1.5 miles.

4.2.2 Baseline: ANN-Based Link Prediction Model

In this study, we take ANN as the baseline model. As shown in Figure 4.2, the

architecture of a simple ANN model consists of an input layer, one hidden layer,

and an output layer. Training a model starts by formulating link features. In a

shared mobility network, the link features are determined by the two connecting

nodes. Accordingly, we use the concatenation of the features of the start and end

nodes with size N to represent the features of the directed link with size 2N . To

improve training stability, max-min normalization is adopted to transform different

features into a similar scale. Then, the normalized features are connected to the input

neurons in a one-to-one manner. The hidden layer embedded between the input and

output layers is fully connected to these two layers and is the same size as the input

layer. ReLU is used as the activation function for each neuron in the hidden layer.

The activation function of the output neuron is a sigmoid function to determine

whether there is a link from one node to another or not. This is a supervised learning

model that learns how to map the input to the output, i.e., the link features to the

link label. The stochastic gradient descent (SGD) algorithm is used throughout the

training process to minimize binary cross-entropy loss. After obtaining the trained

model, the updated link features for the following year are fed into the model to

predict its network topology.
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Figure 4.2: Architecture of the ANN model for link prediction.
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Figure 4.3: Architecture of the GraphSAGE model for link prediction.

4.2.3 The GNN-Based Link Prediction Model

4.2.3.1 Model architecture

As illustrated in Figure 4.3, a GraphSAGE link prediction model comprises two ma-

jor parts: node embedding and link prediction. The node embedding is to learn a

representation for each node in a vector of size M . Given a central node and its two-

hop neighborhood, we first randomly sample its direct in- and out-neighbors at the

first hop. Then, the same procedure is repeated to the sampled hop-1 neighbors to

get their hop-1 in- and out-neighbors, i.e., hop-2 neighbors of the central node. After

that, the node features of hop-2 neighbors are normalized by max-min normalization
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and used as the representations of hop-1 neighbors. Lastly, the node embedding of the

central node can be obtained by tracing from hop-2 neighbors and aggregating their

embeddings to hop-1 nodes and then to the central nodes inversely. The aggregator

used in this study is the mean aggregator, where the node embeddings are computed

by averaging neighboring node features (Hamilton et al., 2017).

Similarly to the ANN model, the learned node embeddings of the start node

and end node are concatenated to represent the link embedding with size 2M . Because

the data have already been normalized during embedding, the link embedding is

connected directly to the input layer, which is followed by one hidden layer and one

output layer. The size of the input and hidden layers is the same as that of the link

embedding. Other settings are identical to the ANN model for a fair comparison. In

contrast to the ANN model that uses node features as input, node embedding learns

information about a node’s neighbors in addition to its own features in the network.

4.2.3.2 Model training and evaluation

During the training process, two types of data are fed into the model. One is the

network data including node features and network adjacency matrix. The other one

is the labels of all candidate links in the network, where existing links are labeled as

class 1 and non-existing ones as class 0. The network data for GraphSAGE is to learn

node embeddings, while the label data is for the learning task in link classification.

This entire procedure is an end-to-end training to minimize the binary cross-entropy

loss function by SGD (Ahmed et al., 2021).

When using testing data from the next year to evaluate the trained model’s

predictive performance, our input consists of the network data, including the updated

node list and node features as well as the approximate network adjacency matrix. This

approximate adjacency matrix is critical to have a correct link prediction by better

estimating the embedding of a node in the future year.
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4.2.3.3 Methods for adjacency matrix approximation

GraphSAGE assumes that if an embedding generating function of one type of network

is learned, it can be used to generate node embedding by the same type of network.

The assumption is that the training and testing networks should be of the same

domain and have similar characteristics. It should be noted that since the new nodes

(without any neighborhood information) do not have neighbors, GraphSAGE cannot

use the adjacency information to make predictions for these nodes. In this study,

since the shared mobility networks for training and testing are of the same month

but in different years, they share similar characteristics. However, the challenge is

that the test network for a future year is unknown. To obtain the embedding of the

testing nodes, an approximate adjacency matrix must be obtained to estimate their

neighbors.

According to the study (Ahmed et al., 2022a), there are several approaches

to approximating the adjacency matrix, including directly using the training network

or building a separate machine learning model for such an approximation. In our

previous work (Yinshuang et al., 2022), we tested three methods.

1) The first method uses the adjacency matrix of the Period Two network obtained

from the ANN model as input for the node embedding generation.

2) The second method employs a modified Period One mobility network. In this

method, for those stations retained from Period One work, their neighbors are

copied directly into the Period Two adjacency matrix. For the stations removed

from Period One network, thus do not present in Period Two network, they

are ignored. For those stations newly introduced in the Period Two network,

they are kept independent and no neighborhood information is included in the

embedding.

3) Finally, we use the real Period Two network to learn the node embedding and

take its prediction performance as the ground truth to compare with the other
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two approximation methods.

Based on the comparison results, we found that adopting the modified Period

One mobility network to learn the node embedding of Period Two can generate the

best prediction (the area under the precision-recall curve of the second method is

much closer to the ground truth and exhibits 6-10% improvements compared to the

first method). The adjacency matrix approximation by modifying the Period One

network is thereby followed in this study.

4.2.4 Link Prediction Evaluation

Since link prediction in this study can be considered equivalent to binary classification,

common metrics for binary classification can be adopted, including the confusion

matrix, F1-Score, receiver operating characteristic (ROC) curve, precision-recall (PR)

curve, and the area under the ROC and PR curves (a.k.a. AUC, area under curves).

ROC AUC has a value between 0.5 (no skill) and 1.0 (perfect prediction); while PR

AUC has a value between k (no skill) and 1.0 (perfect prediction), where k is the area

under the no-skill PR curve, equal to the ratio of minority examples (class 1 links in

our case) in the dataset. A higher AUC value indicates better predictive performance.

For imbalanced classification problems where the majority of observations are negative

cases and the minority of observations are positive cases, ROC analysis provides equal

insights on the model’s predictive performance in both cases. PR analysis focuses

more on the model’s ability to predict the minority case, i.e., the positive links in the

networks under current investigation (Brownlee, 2020).

4.3 Case Study: Divvy Bike in Chicago

In this section, we take Divvy Bike in Chicago as an example to demonstrate the

utility of the proposed GNN-based models for shared mobility networks. In Sec-

tion 4.3.2, the GraphSAGE link prediction model is compared with the ANN model
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to test whether local network information (i.e., node embedding features) impacts link

prediction. In Section 4.3.3, we verify the generalizability of the proposed models by

setting different link cutoffs.

4.3.1 Data Source

The Divvy Bike data for May 2016, referred to as Period One data, and May 2017,

referred to as Period Two data, are used in this study (Divvy Bike, 2020). We

follow the approach described in Section 3.3 to process the data and build binary-

directed trip networks by removing the links with less frequent trips (that is, those

that occurred no more than four times in a month). Taking the Period One network

as an example, a visualization of this binary-directed network is shown in Figure 4.4.

The top hub stations’ information for both two periods is listed in Table 4.1. The top

five hub stations in Period One are observed to be the hubs in Period Two despite a

slight change in ranking. In terms of POI information, a total of 2,269 POIs in Period

One and 2,403 POIs in Period Two are collected based on the method presented in

Section 4.2.1. According to Section 4.2.1, each station has geographic coordinates

(two features), the number of docks (one feature), and POIs (seven features), for a

total of ten features.

Table 4.1: Top five hub stations information in the trip networks of Period One (May
2016) and Period Two (May 2017)
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Figure 4.4: A visualization of the Divvy Bike trip network in May 2016. The nodes
represent docked bike stations, and the directed links are trips that occur from one
station to another with a frequency of more than 3 times in a month.

4.3.2 GraphSAGE-Based Link Prediction

4.3.2.1 Data preparation for ANN-based link prediction

In the ANN model, each candidate link within a trip network, represented by a pair of

nodes, is a data sample. Consequently, there are 285,690 data samples in the Period

One network, with 21,221 links classified as class 1 and 264,469 links as class 0.

To reduce variability, the K-fold cross-validation approach (Bengio and Grandvalet,

2003) is applied, where K is set to 5. Therefore, we evenly split all class 1 links into

five folds, i.e., 20% data for each fold. Meanwhile, to avoid imbalanced training, the

same number of class 0 links is randomly drawn without repetition from the class 0
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sample pool and added to each fold. With these treatments, there are around 4,244

class 1 samples and 4,244 class 0 samples in one fold. Then, the cross-validation

process alternately retains the first to the fifth fold for validation and the remaining

four folds for training. In terms of the testing dataset, given that Divvy Bike had

582 stations during Period Two (May 2017), the total number of potential links from

each pair of nodes in the testing dataset is 338,142. The final result is reported by

averaging the K prediction results.

4.3.2.2 Data preparation for GraphSAGE predictive model

In addition to the data discussed above, the GraphSAGE model also requires network

data to learn the node embeddings. For the training model of node embeddings, we

feed it with the entire Period One network. As stated in Section 4.2.3.3, due to the

fact that the Period Two network is unknown from a prediction point of view, we

take a modified Period One network as input for the node embedding of the Period

Two prediction. For those stations that are no longer operated in Period Two, they

are removed and 48 new stations are added as isolated nodes. To ensure a fair

comparison, we stick to the same configuration in the second stage for training the

link classification model as was adopted in the ANN model.

4.3.2.3 Experiment settings

We first employ Bayesian optimization (Nogueira, 2014–) to perform hyperparame-

ter tuning. The parameters that need to be optimized and their tuning ranges are

listed in Table 4.2. In addition, we specify the objective of Bayesian optimization to

minimize validation loss and set the training stopping criterion as ’no improvement

in 10 epochs.’ The number of tuning iterations is set to 15, the first five of which

are random explorations. To reduce computational expenses, only the fold-one data

is used to probe the best combination of hyperparameter values. The remaining four

folds of the data are trained by following the same parameter settings.
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Table 4.2: Hyperparameter tuning settings

Setting Items Tuning Range
Minibatch size [32, 240]
Learning rate [1e-4, 1e-3]

Number of sampled in- and out-neighbors in two hops1 [5, 50]
Node embedding size [10, 50]

1: Note that the numbers of sampled in-neighbors and out-neighbors can be different, we set
them the same to simplify the model.

The results of hyperparameter tuning, as well as other hyperparameter values,

are summarized in Table 4.3. Note that the epoch number of the optimized tuning

results is 103. We extended it to 150 epochs for each training to further ensure the

reliability of the training process. Finally, we ran experiments on single a machine

with one NVIDIA P2200 GPU (5GB of RAM at 10Gbps speed), one 11th Gen Intel

Core CPU (i9-11900 2.50GHz), and 32GB of RAM.

Table 4.3: Experiment parameter settings

Setting Items Model Applied Value
Neighborhood search depth

GraphSAGE

2
# of Sampled in- and out- neighbors in two hops 26
Node embedding size 26
Input and hidden layer size for GraphSAGE 52
Input and hidden layer size for ANN ANN 20
Minibatch size

GraphSAGE
and ANN

116
Epoch 150
Learning rate 3.49e-4
Dropout 0

4.3.2.4 Results for GraphSAGE-based link prediction

We first assess the performance of these two models using the confusion matrix and

F1-Score, as shown in Table 4.42. The left-hand side shows the confusion matrix

2The training time for ANN and GraphSAGE are 7 minutes and 35 hours, respectively. The
primary factor affecting the computational efficiency of GraphSAGE is the process of in- and out-
neighborhood sampling (Hamilton et al., 2017). However, since our proposed predictive model is
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and the F1-Score of the ANN model. The confusion matrix includes four different

combinations of predicted and actual classes, where there are 271,108 ± 1,830 true

negatives, 47,177 ± 1,830 false positives, 914 ± 89 false negatives, and 18,943 ± 89

true positives. The true negative rate (TNR) and the false positive rate (FPR) reveal

that 85.18% ± 0.58% of links in class 0 are predicted correctly, while 14.82% ± 0.58%

are not. Similarly, the true positive rate (TPR) and the false negative rate (FNR)

indicate that 95.40% ± 0.45% of the links in class 1 are correctly predicted and 4.60%

± 0.45% are not.

Table 4.4: Confusion matrices of Period Two link prediction via the ANN and Graph-
SAGE models (probability threshold = 0.50)

ANN Link Prediction
0 1

Actual
0

271108±1830 47177±1830
(TNR 85.18%± 0.58% ) (FPR 14.82%± 0.58%)

1
914±89 18943±89

(FNR 4.60%± 0.45%) (TPR 95.40%± 0.45%)
F1-Score 0.44± 0.01

GraphSAGE Link Prediction
0 1

Actual
0

290619±1164 27666±1164
(TNR 91.31%± 0.37%) (FPR 8.69%± 0.37%)

1
2259±122 17598±122

(FNR 11.38%± 0.61%) (TPR 88.62%± 0.61%)
F1-Score 0.54± 0.01

Similar results of the GraphSAGE model are listed on the right-hand side.

We observe from these two matrices that the ANN model shows a more accurate true

positive prediction where the TPR is around 7% higher than that of the GraphSAGE

model when taking 0.50 as the probability threshold. However, this outperformance is

offset by the higher true negative prediction of GraphSAGE, which is approximately

6% higher than that of the ANN model. The same conclusion can be reached by

not meant for real-time forecasting, we, therefore, prioritize improving model performance even if it
means sacrificing computational efficiency.
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comparing their F1-Scores, which show that the F1-Score of GraphSAGE is 0.1 higher

than the ANN model.

We then compare these two models at the aggregated level by the ROC and

PR AUCs. There are inconspicuous differences between the two ROC AUC values

of the ANN and GraphSAGE models, both of which are equal to 0.96. Their high

AUC value (greater than 0.95) indicates that these two models show identical and

considerable performance when the predictions of the majority class and the minority

class are treated equally important. However, the evident gap between the two PR

curves shown in Figure 4.5 implies that the GraphSAGE model outperforms the

ANN model when the minority class prediction is the focus, i.e., whether the class 1

(positive) links are correctly predicted or not. The PR AUC of the GraphSAGE model

is about 8% higher than that of the ANN model. This implies that the local network

information aggregated by GraphSAGE can enhance the model’s performance in the

prediction of positive links that are more important to design decisions.

4.3.3 GrapSAGE-Based Link Prediction for Networks With Different
Link Strengths

In Section 4.3.2, we set the link cutoff at 3.03, which is the mean minimum link

weight of monthly travel networks throughout the year from 2014 to 2017, following

the approach described in Section 3.3. To assess the generalizability of the proposed

predictive model and demonstrate the importance of neighborhood information for

different network sizes, we change the cutoff value from 0 to 16, corresponding to

the ratio of positive links decreasing from 100% to 10%. Note that as the number of

positive links declines, the data becomes even more imbalanced, with the majority

of links being negative, thus making prediction even more challenging. Furthermore,

to more easily trace the trend of prediction accuracy, we follow the experiment set-

tings given in Table 4.3 and perform a five-fold cross-validation to train models with

different link cut-off points.
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Figure 4.5: PR curve example of Period Two link prediction using the ANN and
GraphSAGE predictive models in fold four. The average PR AUCs are 0.59 ± 0.01
and 0.67 where the GraphSAGE model has a higher AUC than the ANN model in
the PR curve.

4.3.3.1 Results for link prediction for networks with different link strengths

The evaluation metrics include F1-Score, ROC AUC, and PR AUC, all of which

are averaged based on five-fold results. We first investigate the overall predictive

performance of both models using F1-Score when the probability threshold is equal

to 0.5, which is shown in Figure 4.6 (a). It is evident that the predictive powers of both

GraphSAGE and ANN models decrease when the network becomes sparse, and the

reason could be attributed to the aforementioned worse imbalanced issues of sparser

networks. Furthermore, the consistently higher F1-Score of the GraphSAGE model

suggests that neighborhood information indeed plays a role in improving prediction

accuracy. The same conclusions can be drawn from the PR AUC plots in Figure 4.6

(b) when the emphasis is placed on the prediction of the minority class (positive links)

across all probability thresholds.
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In contrast, we find that regardless of network size, both ANN and Graph-

SAGE predictive models maintain the same high ROC AUC, which is around 0.96.

This implies that these two models share a similar predictive power when putting the

spotlight on both the majority and minority classes, and this power is robust enough

to against the decline of the minority class.

Lastly, to further validate that the decreased performance of GraphSAGE is

irrelevant to the network topology, we conducted an experiment by using a subset of

2016 training data (showing totally different network topology) and 2017 testing data

to test the model’s predictive power. These synthetic data are generated by identify-

ing the top 166 popular Divvy Bike stations in 2016 and the trips that occurred among

these stations in 2016 and 2017. Although the trip networks constructed by these

stations and trips exhibit distinct typologies in terms of their degree distributions

compared to the real trip networks, the same decreased trend of predictive perfor-

mance is still observed. Furthermore, the decreasing rate of the performance of both

the synthetic network and the real network is highly correlated with the shrinking

speed of the network size, thereby again demonstrating that the primary reason for

poor prediction accuracy comes from the imbalance issue of sparse networks, rather

than from network typologies.

4.4 Link Prediction (LP) Model to Support System Design
Decision-Making

In this section, the proposed GraphSAGE model is utilized to assist SMS designers

or other stakeholders in predicting system performance after a design strategy is

proposed. We first formulate a design case and then evaluate the influence of the

design decisions on users’ trips and compare the prediction accuracy of GraphSAGE

by comparing it with the baseline ANN model.
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Figure 4.6: F1-Scores and PR AUCs change with the number of links. The rightmost
points in the plots correspond to 46,352 links when the cutoff value is equal to 0.
We notice that the average F1-Scores and PR AUCs of both GraphSAGE and ANN
models decrease logarithmically with the shrink of the network sizes, and the Graph-
SAGE model consistently has higher values than the ANN model.

4.4.1 Divvy Bike Design Case

There are two levels of design decisions in this system. The first is capacity-level

design decision that a designer should determine, i.e., the stations that need to be

expanded or contracted and the number of docks that each station needs to add

or remove. The second is station-level design decision, that is, a designer needs to

decide (at a certain time point) which existing stations need to be removed and where

new stations shall be built. By comparing the data from the Divvy bike station in

May 2017 with the data from the Divvy bike station in May 2016, we assume that a

decision maker proposed the following two-level design decisions at the end of May

2016 and would like to estimate their influence by predicting the connections of these

key stations in May 2017.

1) The capacity-level design decision: stations in the set S1 = {341, 195, 97, 72}

are planned to expand by adding 16 docks; stations in the set S2 = {444, 496,

2, 445, 400, 489, 412, 407} are planned to shrink by removing 8 docks. The
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locations of the stations in sets S1 and S2 are marked with dark blue and light

blue pins, respectively, in Figure 4.7.

2) The station-level design decision: station in set S3 = {372} is planned to re-

move; 48 new stations in set S4 = {524, 578, 522, 622, 550, 531, 517, 581, 575,
585, 523, 584, 580, 525, 520, 576, 619, 590, 591, 592, 623, 589, 586, 526, 620,

515, 579, 582, 514, 588, 573, 583, 577, 571, 574, 587, 595, 405, 527, 519, 602,

603, 598, 604, 605, 599, 606, 612} are planned to construct. The locations of

the stations in sets S3 and S4 are marked with red and green pins, respectively,

in Figure 4.7.

We update the May 2016 network by applying these proposed design decisions.

For example, the capacity and location information designed for the new stations in

the set S4 is added to the station list of 2016. Regarding their POI data, we adopted

the approach described in Section 4.2.1 to count the number of each type of POIs

around these designed stations in 2016. With the updated 2016 network, we used

the trained GraphSAGE and ANN models to predict the connections of these critical

stations within sets S1, S2, and S4, as well as evaluate the prediction by comparing

them with real connections in 2017.

4.4.2 Capacity-Level Station Connection Prediction

Taking the expansion station set S1 as an example, we assume that the stations in

S1 are connected with n out of the N stations in Period Two in reality. For example,

these stations connect n = 149 stations in 2017 and Divvy Bike had N = 582 in

total that year. The GraphSAGE model predicts that these stations connect with M

stations when the probability threshold is p, and m stations are correctly predicted.

Therefore, the true positive (TP) equals m, the false negative (FN) equals n−m, the

false positive (FP) equals M −m, and the true negative (TN) equals N +m−n−M .

The PR curves correspondingly obtained across all probability thresholds from 0 to

1.
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Figure 4.7: The geographical locations of stations in sets S1, S2, S3 and S4.

The confusion matrices and F1 scores of the expansion stations in S1 and

contraction stations in S2 when the probability threshold is 0.50 are presented in

Table 4.5 and Table 4.6. The results in Table 4.5 indicate that ANN more accurately

predicts expansion stations’ connections with higher TPR (98.93%) than GraphSAGE

(TPR=93.83%), but greatly sacrifices TNR (64.53%). In the contraction case, t-tests

are conducted, comparing the means of ANN and GraphSAGE in terms of their

TNRs, TPRs, and F1 scores. The null hypothesis is that there is no difference. The

resulting p-value, 0.01, denotes a significant difference between the means of the ANN

and the GraphSAGE TPRs, indicating that the GraphSAGE TPR (95.96%) is higher

than that of the ANN (92.77%). However, the p-values of 0.23 and 0.07 in the tests of
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Table 4.5: Confusion matrices of expansion station trip network connections via ANN
and GraphSAGE predictive model (probability threshold = 0.50). ”Not Connection”
denotes stations that were not connected to the stations in the set S1 by trips in 2017
and vice versa for the ”Connection” term. Similar definitions apply to Table 4.6 and
Table 4.7.

ANN Prediction
Not Connection Connection

Not Connection
279±12 154±12

(TNR 64.53%±2.81% ) (FPR 35.47%±2.81%)

Connection
2 147

(FNR 1.07%±0.33%) (TPR 98.93%±0.33%)
F1-Score 0.66±0.02

GraphSAGE Prediction
Not Connection Connection

Not Connection
365±3 68±3

(TNR 84.20%±0.69%) (FPR 15.80%±0.69% )

Connection
9±2 140±2

(FNR 6.17%±1.61%) (TPR 93.83%±1.61%)
F1-Score 0.78±0.01

Table 4.6: Confusion matrices of contraction station trip network Connections via
ANN and GraphSAGE predictive model (probability threshold = 0.50).

ANN Prediction
Not Connection Connection

Not Connection
316±21 172±21

(TNR 64.84%±4.21% ) (FPR 35.16%±4.21%)

Connection
7±1 87±1

(FNR 7.23%±1.56%) (TPR 92.77%±1.56%)
F1-Score 0.50±0.03

GraphSAGE Prediction
Not Connection Connection

Not Connection
331±8 157±8

(TNR 67.75%±1.62%) (FPR 32.25%±1.62% )

Connection
4±1 90±1

(FNR 4.04%±1.04%) (TPR 95.96%±1.04%)
F1-Score 0.53±0.01

TNR and F1-Score imply that ANN and GraphSAGE perform an identical predictive

power in the contraction case when the probability threshold = 0.50.

94



(a) Expansion Case (b) Contraction Case

Figure 4.8: PR curve example of capacity-level design decision evaluation through
four-fold ANN and GraphSAGE trained models by predicting the network connections
of key stations. We observe that the AUCs of the GraphSAGE model are 3% ∼
5% higher than the ANN model in both expansion and contraction cases. For the
expansion case, the average PR AUC of the Graphsage model is 0.88, which is 3%
higher than that of the ANN model, equal to 0.85± 0.01. In terms of the contraction
case, the average PR AUCs of the Graphsage and ANN models are, respectively,
0.78± 0.01 and 0.73± 0.02.

Overall, the F1-Scores of GraphSAGE on both expansion and contraction

cases show its superiority, implying the important role of neighborhood information

in influencing users’ behaviors in BSS. This conclusion is further validated by the PR

curves shown in Figure 4.8. That being said, when designers are to evaluate their

proposed capacity-level design strategies, the GNN-based model is more reliable.

To visually demonstrate the models’ predictive performance in this regard,

we take Station 2 in S2 as an example, as shown in Figure 4.9. The graphs show a

decent predictive performance where over 80% connections of Station 2 are correctly

predicted. Furthermore, GraphSAGE, which considers neighborhood information,

slightly improves the prediction accuracy and correctly predicts the geographically

farthest connection of Station 2, which is located in the lower right corner of the

plots (highlighted by the red dashed square).
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(a) GraphSAGE (b) ANN

Connections of Station 2 that 
are correctly predicted
Connections of Station 2 that 
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Station 2
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Connections of Station 2 that 
are correctly predicted
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Highlight

Figure 4.9: Link prediction of contracted design case, Station 2, using the Graph-
SAGE and the ANN predictive model. The size of the dots depicts the capacity of
the station. (a) is the GraphSAGE predicted result when the probability threshold
is equal to 0.78, where 0.78 is the optimal threshold for the GraphSAGE PR curve
in Figure 4.8 (b). 68 of the 80 connections (85.00%) of Station 2 are correctly iden-
tified. (b) is the ANN predicted result when the probability threshold is equal to
0.88, where 0.88 is the optimal threshold for the ANN PR curve in Figure 4.8 (b). 67
of 80 connections (83.75%) of Station 2 are correctly predicted. For the selection of
optimal thresholds, please refer to our previous work (Yinshuang et al., 2022).

4.4.3 Station-Level Station Connection Prediction

With regard to predicting the connections of the newly built stations in S4, we tested

one ANN model and two different GNN models, as shown in Figure 4.10. The dis-

tinction between GraphSAGE and GraphSAGE-GroundTruth is that GraphSAGE

kept the newly built stations independent and did not include their neighborhood
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information in the embedding. GraphSAGE-GroundTruth, instead, took the real

neighborhood information from the new stations in May 2017 into the construction

of network embeddings to test the best scenario that GraphSAGE prediction can

reach. The AUC results indicate that GraphSAGE shows no better predictive power

than ANN for these isolated new stations when there is no neighborhood information

input. This is validated by the higher AUC of the GraphSAGE-GroundTruth model

and its F1-Score in Table 4.7.

Figure 4.10: PR curve example of station-level design decision evaluation via the
fourth fold ANN and GraphSAGE trained models by predicting the network connec-
tions of the key stations. The average PR AUCs of ANN, GraphSAGE, and Graph-
SAGE (Ground Truth) by five folds are 0.33± 0.02, 0.36± 0.02, and 0.55± 0.04.

4.5 Discussion

There are a few limitations of the proposed GNN-based design decision support model

in the current study that can lead to future investigations. First, the relatively

lower predictive performance for the BSS network with a smaller size, having a worse

imbalance issue, shows that our proposed model is better suited for link prediction
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Table 4.7: Confusion matrices of newly built station trip network connections via
ANN and GraphSAGE predictive model with ground truth (probability threshold =
0.50).

ANN Prediction
Not Connection Connection

Not Connection
163±14 276±14

(TNR 37.13%±3.29% ) (FPR 62.87%±3.29%)

Connection
24±5 119±5

(FNR 16.92%±3.47%) (TPR 83.08%±3.47%)
F1-Score 0.44±0.01

GraphSAGE Prediction (Ground Truth)
Not Connection Connection

Not Connection
245±7 194±7

(TNR 55.72%±1.57%) (FPR 44.28%±1.57% )

Connection
18±2 125±2

(FNR 12.73%±1.28%) (TPR 87.27%±1.28%)
F1-Score 0.54±0.01

of a denser network. It should be worthwhile to study methods that can address this

imbalance challenge and thus broaden the application of the model.

Second, a few assumptions made in this work could potentially impede the

model from capturing reality, thus weakening its validity. For example, in the design

case study given in Section 4.4, we assumed that all design decisions are made at the

same time, e.g., at the end of May 2016. However, in reality, the decisions could be

scattered across different months, so a dynamic model is preferred in this scenario to

predict the station linkage in the short term. Also, we observed that it was rare that

a user rented a bike and then returned it to the same location. But, our model is not

designed to predict rare self-loop links. For example, in a mini-experiment, we selected

a station (station 30) at random and created two duplicate stations (1030 and 1031)

with identical attributes, such as the same dock numbers, locations, and surrounding

POIs, as well as the same network neighbors. We then used the trained GraphSAGE

model to predict the link probabilities of stations 30, 1030, and 1031 connecting to

other stations separately. According to the results, we observed that there is a high

probability of forming connections among the three duplicated stations, leading to
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the dominance of self-loop trips. Therefore, when using the model in a situation

where there are duplicated nodes, it is better to assume that self-loop trips are not

allowed. Another strategy is to combine all duplicated nodes in one node by stacking

the number of docks of each node.

Third, the accuracy in predicting the newly added stations is relatively low, as

shown in Section 4.4.3. To make this model applicable to the new stations, efforts are

required to test more adjacency matrix approximation approaches and, subsequently,

better estimates of the network neighborhood information of newly introduced sta-

tions. When applying the proposed model for decision support, it is more suitable to

predict connections and travel demand between stations that have already been on

the network.

Finally, in this study, only a few node features (station capacity, geographic

coordinates, and surrounding POIs) are considered. However, there could be other

factors influencing the accuracy of predictions, such as unserved travel demands (e.g.,

instances where people attempted to rent a bike at an empty station). One key

reason for missing this information is the availability and accessibility of the data.

For example, obtaining data on failed rental attempts at an empty station, which is

essential to capture unserved travel demands, is not readily available in the current

dataset. However, our proposed model is adaptable and generalizable to incorporate

additional features. In our future study, a potential way to address this data limitation

is to conduct surveys or statistics from BSS service Apps to estimate unserved travel

demands.

4.6 Conclusion

In this chapter, we present a complex network-based prediction framework for STS

design support with graph neural networks. Taking SMS as the case study, we utilize

this approach to predict whether two stations in an SMS would have sufficient travel

demand to form a connection over a long timescale. The utility of the proposed
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approach in supporting system decisions in shared mobility networks is investigated

and validated. In particular, we examine whether local network information impacts

link formation using GNN models. In the case of Divvy Bike in Chicago, two-hop

neighborhood information is used to generate node embeddings for link prediction.

The results show that the GNN model with local network information outperforms the

one without, revealing the important role of local network structures in the formation

of trip networks at the system level. We also test the model performance using local

network information by changing the link strength from weak to strong, corresponding

to the network size from large to small. The results indicate that the GNN model has

maintained better performance than the ANN model regardless of the imbalanced

data issue. The knowledge generated by these analyses contributes to answer RQ2

Finally, we present a design case study to illustrate how to apply the GNN-

based predictive model to assist system designers in gaining insights into their pro-

posed design decisions. Using the trained GNN model to predict the network neigh-

bors of the expansion stations, the contraction stations, as well as the newly built

stations, we demonstrate the applicability of the predictive model in helping system

designers make an initial assessment of the network connections of these critical sta-

tions. However, despite the fact that the current prediction of new stations is not

satisfactory, the GroudTruth result validates that improvement can still be achieved

once a better approximation of the adjacency matrix is obtained. This illustration of

using the predictive model to assist STS design contributes to answer RQ3 .
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Chapter 5: Information Retrieval and Survey

Design for Networked Socio-Technical System

Data Collection1

5.1 Overview

The scarcity of data poses a persistent challenge in the engineering and design of

socio-technical systems (STSs). In response, this chapter proposes the application of

information retrieval and survey design methods for collecting networked STS data.

Two distinct approaches are presented to illustrate different data collection processes.

Firstly, a combination of web-crawling methods and survey questionnaire design is

employed to gather data on the US household vacuum cleaner market system. Addi-

tionally, a survey web platform is developed to facilitate the survey study. Secondly,

we employ a blend of web-crawling techniques and named entity recognition (NER)

models, a subset of natural language processing (NLP) models, to extract network

data pertaining to the US vehicle market system from text gathered from social media

platforms. This chapter serves as a foundational element in the engineering and design

of STSs, with the collected data being frequently utilized in subsequent chapters.

The chapter is organized as follows:

• Section 5.2 introduces a framework for product co-consideration network data

collection based on survey design. The US household vacuum cleaner is taken

as a case study for illustration.

• Section 5.3 provides an approach for product co-mentioning network data col-

lection based on social media mining. The US vehicle is taken as a case study

1The content of Section 5.2 has been published in (Xiao et al., 2024). My contributions include
conceptualization, methodology, formal analysis, visualization, and article writing. The content of
Section 5.3 has been published in (Gavino et al., 2023). My contributions include conceptualization,
methodology, and article writing.
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for illustration.

• Section 5.4 concludes this chapter with closing thoughts.

5.2 US Household Vacuum Cleaner Market Network Data
Collection

An overview of the data collection process is shown in Figure 5.1. It consists of four

major steps, each described in detail below.

Information Retrieval and Survey Design for Two-Stage
Customer Preference Modeling

Step 1: Product Database
Establishment

Step 2: Purchase
Memory Test

Step 3: Two-Stage Customer
Preference Survey Study

Survey Study Design

Collecting product
attribute data

Step Sub-Step Final output

Survey type: Real/hypothetical
shopping experience survey

Memory test result analysis
Determine 

Survey design

Step 4: Survey Data
Collection

Survey study publishment on
crowdsourcing platform 

Extracting important
product features

Finalized product dataset  Finalized survey dataset 

Survey design

Structural databased design

Structural databased
design

: Information flow direction

Figure 5.1: An overview of the vacuum cleaner market network data collection pro-
cess.

5.2.1 Step 1: Product Database Establishment

To start the process, we collected information on household vacuum cleaners using

two web crawling techniques – Beautiful Soup and Selenium in Python. Five primary

categories of vacuum cleaner data, i.e., upright, canister, stick, handheld, and robotic

vacuum cleaners were obtained from mainstream online shopping platforms in the US

market, including Amazon, Wayfair, Best Buy, Home Depot, and Walmart. After

web scraping, data was cleaned to merge data from different sources; meanwhile,
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the duplicated data and noises were removed too. In the end, 1170 vacuum cleaner

products were collected. The collected information includes product title, product

image, product model name, SKU (stock-keeping unit), product description, customer

rating, customer reviews, and 26 product features (list price, product dimension,

weight, manufacture, brand, color, capacity, etc.).

In addition, we extracted product features from online customer reviews to

determine the most important (most frequently mentioned) features that shall be in-

cluded in the survey questions. We scraped 60,000 reviews from Amazon (200 reviews

for each product) and used a rule-based semi-supervised learning model (Rana and

Cheah, 2017) for extracting features and sentiment/opinions associated with those

features. For example, some feature-opinion pairs extracted from the reviews include

“strong suction,” “heavy weight”, “annoying cord,” and “loud noise.” After obtaining

candidate features from the opinion mining, unrelated features were pruned. The re-

maining features were then ranked based on their frequency in customer reviews (Rai,

2012). In the end, we identified 22 important product features based on the results

from opinion mining, including attributes such as price, product type, floor surface

recommendation, suitable for pet hair, suction power, noise, power source, bag or

bagless, cord or cordless, battery charge time, HEPA filter, warranty, brand, color,

weight, dimensions, power, capacity, overall customer ratings, and three robotic vac-

uum cleaner specific attributes (navigation system, voice control, and remote con-

trols).

5.2.2 Step 2: Customer Purchase Memory Test

To ensure the credibility of the two-stage customer preference survey study, a mem-

ory test was conducted to evaluate customers’ abilities to recall their decision-making

process while purchasing vacuum cleaners in five different periods: one month, three

months, six months, twelve months, and 24 months. This helped us determine the

type of survey (i.e., real or hypothetical shopping experience survey) and the ap-
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propriate threshold for soliciting participants. In the real one, the survey will be

conducted only among the participants who actually purchased the product. In the

hypothetical one, participants will be required to complete a survey based on a virtual

online shopping experience.

As illustrated in Figure 5.2 (b), an online survey web was designed and devel-

oped. The survey web connected with the product database generated in Step 1 to

create a simulated online shopping system. Additionally, we designed user-friendly

interfaces, such as the product search bar and product preview, to facilitate partici-

pants in identifying the vacuum cleaners they considered and purchased. We collected

30 respondent samples for each period and calculated the proportion of participants

who could recall the specific models they considered and purchased. If the proportion

exceeded 50%, we considered the customers’ memory within that time period to be

reliable.

Figure 5.2: Survey questionnaire flowchart and web platform design for customer
purchase memory test (Xiao et al., 2022b).

The pilot survey study was conducted on the Cint platform from December

18 to December 21, 2020. Table 5.1 summarizes the actual collected sample size

for the test. It was noted that there were significantly fewer samples for the 24-

month scenario than for the other periods, so this scenario was excluded from the

proportion calculation. Figure 5.3 indicates that 62% of customers who purchased a
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Table 5.1: Sample sizes for the purchase memory test (Xiao et al., 2022b).

In the
past 1
month

In the
past 3
months

In the
past 6
months

In the
past 12
months

In the
past 24
months

# of respondents
who purchased a
vacuum cleaner

32 34∗ 32 35 8

*: This number has excluded the number of people who have purchased a vacuum cleaner in
the past one month. A similar operation was applied to the other three periods (in the past
6/12/24 months).

vacuum cleaner in the past three months can recall their purchases and considerations,

meeting the 50% threshold. However, focusing solely on customers who purchased

vacuum cleaners within the past three months may not yield enough samples for

the subsequent two-stage customer preference survey in Step 3. To strike a balance,

the survey study in Step 3 was extended to include customers who made purchases

within the past six months as they had a high recall ratio for purchase (75%) and an

acceptable ratio for a recall of both purchase and consideration (43.75%). Therefore,

according to the memory test results, we decided to conduct a study on customers’

revealed preferences and recruited participants who had purchased a vacuum cleaner

in the past six months.

Figure 5.3: The ratio of participants who can recall the purchased or considered
vacuum cleaners (Xiao et al., 2022b).
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5.2.3 Step 3: Two-Stage Customer Preference Survey Questionnaire De-
sign

Step 3 involves designing the two-stage customer preference survey questionnaire. As

shown in Figure 10, the questionnaire consists of four major parts. Part One includes

two filtering questions to collect respondents’ vacuum cleaner purchase decisions,

which are the most important information we want to collect. Only the respondents

who purchased a vacuum cleaner within the past six months and could recall the

products they purchased were allowed to participate in the rest survey.

In Part Two, the online survey web shown in Figure 8(b) was used to collect

participants’ historical consideration and choice data. They were asked to provide

information about the type, brand, and exact models of vacuum cleaners they have

considered and purchased, as well as the top-rated design attributes (product fea-

tures) that influenced their choice-making. Participants could rank these attributes

by dragging them from a list of features identified by the feature selection algorithm

introduced in Step 1 to the corresponding text boxes.

In Part Three, we design questions to collect participants’ social network data.

This was relevant because social networks can influence consumers’ purchase deci-

sions. Participants were asked to provide information on their general social net-

works (GSN) as well as product-specific social networks (PSN), both of which have

the potential to influence participants’ choice behaviors. Each participant was asked

to provide information for at least one and up to five individuals in their GSN with

whom they discuss daily matters. Additionally, they were asked to provide informa-

tion for up to five other individuals in their PSN with whom they had discussed the

vacuum cleaner purchase. Therefore, each participant can nominate up to a total of

ten different people in their social network for the study. These individuals’ demo-

graphic data and their contact frequencies with the respondents were also recorded.

Part Four aimed to collect personal information and general preferences of

the participants, such as their demographics and viewpoints about vacuum cleaners.
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Figure 5.4: Two-stage customer preference survey questionnaire flowchart.

Additionally, this part of the survey focuses on understanding the product usage

context of the participants, including how often they use the vacuum cleaner and

where they use it. To ensure the quality of the survey data, we employed several

strategies (Flowerdew and Martin, 2005):

• Designed and implemented attention check questions;

• Organized questions by placing important ones first and less important ones

last;

• Made questions mandatory to avoid missing data, i.e., participants could not

proceed to the next stage unless answering all the required questions on the

current page;
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• Conducted both internal and external pilot studies to collect feedback on the

questionnaire;

• Incorporated experts’ inputs and feedback from multiple disciplines, including

engineering design, social science, and psychological science.

5.2.4 Step 4: Survey Data Collection

We launched our survey on Cint, a digital insights gathering platform with quality

assurance mechanisms such as artificial intelligence (AI)-driven fraud detection sys-

tem. To ensure reliable data storage, the survey data was automatically saved in

an SQL database on pgAdmin, with a structured column sequence. This database

had been configured to communicate effectively with the survey website. To acquire

more results, the survey was distributed to different groups, such as those who had

recently purchased a vacuum cleaner or those who were interested in home decora-

tion and home appliances. Meanwhile, to mirror the real market, a quota sampling

technique [9] was used to match the age distribution of the US census. The sur-

vey was conducted over two months, from April 25 to June 25, 2021, with the aim

of collecting approximately 1,000 complete responses. To improve the reliability of

data collection, we divided this data collection process into four phases. Each phase

targeted an equidistant increase, with goals set at 100, 200, 300, and 400 complete

responses from Phase 1 to Phase 4. Table 2 provides a summary of the actual number

of participants and the complete responses obtained in each phase. After obtaining a

total of 1023 complete responses, a subsequent manual check identified 21 responses

related to hard-to-find vacuum cleaners, prompting their removal. Finally, a total

of 6585 participants attended the survey and 1002 complete responses were received,

with a completion rate of 15.21%.

From the data collected, we identified 624 unique vacuum cleaner models that

had been either considered or purchased by the respondents. However, given that

the scrapped product attribute data in Step 1 included a considerable number of
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Table 5.2: The total number of participants and the number of complete responses
received in each phase. Participants’ responses could be removed due to: 1) early
screening: Participants who did not purchase a vacuum cleaner, disagreed with the
survey agreement, or did not specify their purchased vacuum cleaners, were screened
early in the process; 2) incomplete survey: Participants who did not complete the
survey in its entirety were excluded; 3) attention check failures: participants who
did not pass the attention check questions were excluded; 4) suspicious cheating:
Instances of suspicious behavior, such as inputting irrelevant words or sentences in
text boxes and consistently providing the same answer (e.g., “Strong Agree”) to all
personal viewpoint questions, led to participant removal.

Phase 1 Phase 2 Phase 3 Phase 4

# of Participants 828 1263 2002 2492

# of complete
responses

101 220 292 410

missing values, we conducted an additional round of manual data collection to address

the missing value issue. This manual collection involved gathering information from

various sources, such as product specifications and manuals, the brand’s official online

stores, and expert performance review reports available online.

5.3 US Vehicle Market Network Data Collection

In this section, we use the US vehicle market as a case study to illustrate the frame-

work that integrates information retrieval and named entity recognition (NER) tech-

niques for gathering STS network data from unstructured social media sources. Fig-

ure 5.5 is an overview of the proposed framework.

5.3.1 Step 1: US Vehicle Attribute Data Collection

Similar to the vacuum cleaner case study, we initiate the process by gathering informa-

tion from Car.com on mainstream vehicle models using Beautiful Soup and Selenium

in Python. The collection occurs in two phases. Initially, spanning from 2010 to

2022, we compile a list of 949 unique car model names in English. Subsequently, in
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Figure 5.5: Framework of STS network data collection from social media.

the second phase, we treat car models from different years as distinct entities (e.g.,

2016 Honda Accord versus 2017 Honda Accord) and collect attribute data for each

vehicle year ranging from 2016 to 2022. Following the acquisition of raw attribute

data, multiple rounds of data preprocessing are executed, including manual searches

to fill in missing values and the elimination of duplicate entries. Ultimately, a com-

prehensive dataset comprising 1836 car models and 22 attributes (e.g., fuel economy,

brand, origin, base curb weight, etc.) is compiled. Among these, 1720 are conven-

tional cars, while 119 belong to the category of new energy vehicles (EVs, Plug-in

EVs, and hydrogen-powered vehicles).

5.3.2 Step 2: Twitter Data Collection

In this step, we collected data from Twitter based on a reference-based keyword search

strategy. The third-party tool, snscrape, in conjunction with Twitter internal query

search function,n was utilized to collect tweets from 2016 through 2019. Car models

from the reference list (the 949 car model names obtained in Step 1) were the objects

searched for in Twitter’s database. To allow for consistent samplings across different

time periods, a limit of 20 tweets was collected monthly for each car model. This

summed up to 240 tweets per car model, with up to 227,760 in total per year. Due

to the lack of tweets on specific car models in some months, the number of tweets

was less than the maximum number of tweets that were possibly collected. From
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2016 to 2019, the number of tweets collected was 86,962; 90,670; 93,861; and 94,302;

respectively. The number of tweets increased over the years, influencing the size of

the networks generated during this case study.

5.3.3 Step 3: Twitter Data Preprocessing

The pipeline used for Twitter text data preprocessing in this study is shown in Fig-

ure 5.6. The first step was removing the URLs from the data frames. This was

performed at the outset to simplify the subsequent removal of punctuations. If URLs

remained in the data frames, they would be fragmented by the punctuation removal

step, rendering their deletion challenging. Then, all punctuation marks were removed.

Tokenization was conducted in the third step to split each tweet into individual words.

Then, the NLTK library2 was employed to convert all words to lowercase and remove

stopwords, such as ”a,” ”the,” and ”this”. Finally, duplicated tweets were removed

from the datasets. These duplicates were deemed to have a high probability of being

tweeted by bots whose content was meaningless (Tao et al., 2013). After deleting

duplicates, the total number of tweets kept was 34,278; 36,940; 43,347; and 49,895

from 2016 to 2019, respectively.

5.3.4 Step 4: Named Entity Recognition (NER) for Twitter Data

To start this process, we first generated training and testing data using the NER

Annotator3, an online annotation tool, to manually mark the car models in tweets that

were processed through Step 3 with the label ”CAR.” This marking method identifies

the beginning and ending indices of each entity in a tweet and subsequently converts

this information, along with the tweet content, into the format that is expected by

spaCy4, a mainstream NLP library in Python. We used 2,003 marked tweets from

2NLTK: https://www.nltk.org/#
3NER Annotator: https://tecoholic.github.io/ner-annotator/
4spaCy: https://spacy.io/
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Remove URLs

Remove
Punctuations

Tokenization

Lowercase and
Remove Stop Words

Raw Data 03 Audi A6 the (BEST OFFER) (San Diego)
$1500 ift.tt/2FH6Yoo https://t.co/AQ9cgwfoHR

03 Audi A6 the (BEST OFFER) (San Diego)
$1500    

03 Audi A6  the BEST OFFER   San Diego 
 1500    

03 Audi A6

Remove Duplicates

03 audi a6
best offer san

diego 1500

the BEST OFFER
San Diego 1500

Figure 5.6: Flowchart of the preprocessing method

2018 as training data and 189, 195, 193, and 193 tweets from 2016 to 2019 as testing

data, respectively.

The NER model was then trained using the annotated training data. Upon

completion of the training phase, model performance was evaluated using independent

test data sets spanning 2016 to 2019. The results of these evaluations were tabulated

in Table 5.3. The results demonstrate that the model achieved F1-scores greater than

69% over the four years, despite being trained solely on data from 2018. Additionally,

all precision values were found to be higher than 74%, indicating that more than 74%

of the car models recognized by the NER model were correct identification. Fur-

thermore, all recall values exceeded 66%, signifying that the NER model successfully

extracted more than 66% of the ground-truth car models (all the manually marked

car models within the testing data) from tweets. Finally, we refer to the results of the

Twitter Named Entity Recognition shared task associated with the second Workshop

on Noisy User-generated Text (W-NUT 2016) to gain general insights into the overall

performance of our model. Their results were generated by ten teams. The average
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Table 5.3: The testing results of NER model by year

Year F1-Score Precision Recall
2016 73.25% 80.42% 67.26%
2017 71.50% 77.67% 66.23%
2018 74.83% 74.03% 75.67%
2019 69.96% 74.37% 66.04%

F1-Score of these ten NER models was 38.19%, and the highest value was 52.41%

(Strauss et al., 2016). Our model achieved an F1-Score that is approximately 20%

higher than the highest F1-Score of the Twitter Named Entity Recognition shared

task, justifying the reliability of our trained model.

5.3.5 Step 5: Twitter Co-Mention Network Modeling

In the process of co-mention network modeling, the cleaned four-year tweet data were

processed through the trained NER model to identify car model names in each tweet.

Subsequently, only tweets containing more than one car model were retained. The

resulting count of retained tweets was 4,747; 6,040; 8,408; 11,220 for the years 2016 to

2019, indicating that the percentages of tweets collected that co-mentioned at least

two car models were 13.85%, 16.35%, 19.40%, and 22.49%, which is below 50%. This

suggests that the co-mention information of cars is dispersed throughout Twitter.

Next, given that there existed multiple variant names for some car models in the

extracted model name sets, e.g., Ford F 150 being called “Ford F150”, “F 150 Ford”,

and “FordF150”, etc., we only generate co-mention connections between identified

car models with names consistent with our reference list from Cars.com, resulting

in partial entity information loss. For example, we identified three models from one

tweet, including “F150 Ford”, “Toyota Highlander”, and “Subaru Crosstrek”. But

given that “F150 Ford” differed from the name “Ford F 150” that was recorded in

our reference list, we thereby only generated a co-mention connection between Toyota
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Highlander and Subaru Crosstrek based on this tweet. 5 Our decision to prioritize

an accurate network model over one with more information but greater noise reflects

a trade-off. In future work, our aim is to develop a more robust similarity algorithm

to address this limitation.

Figure 5.7 illustrates a co-mention network model based on three annotated

tweets. The nodes represent unique car models, links signify two car models being

co-mentioned in at least one tweet, and link weights denote the total number of tweets

that co-mentioned any two models. Note that no sentiment analysis is conducted in

this study; thus, the possible relationship between these comorbid car models could

be four possible relationships: 1) association, denoting that two entities are connected

via shared attributes. For example, My Heart Will Go On is the theme song for the

movie Titanic. 2) Causation. An example is that the long-term inhalation of specific

chemicals is a cause of certain cancers. 3) Comparison. For example, two products are

co-considered and compared by customers. 4) Random co-occurrence, which captures

all other undefined relationships. As an example, dealers often announce the arrival

of new car models, such as the Toyota Camry, Honda Accord, and Mazda CX-3, and

their in-stock status.

5.4 Conclusion

In conclusion, this chapter has addressed the persistent challenge of data scarcity in

the engineering and design of socio-technical systems (STSs) by proposing innovative

approaches for data collection. By leveraging information retrieval and survey design

methods, we have demonstrated two distinct methodologies for gathering networked

STS data.

Firstly, we introduced a framework for collecting product co-consideration net-

5We utilized text cosine similarity algorithm (Rahutomo et al., 2012) to detect car models and
their variants. However, this algorithm is not robust against some models, such as Nissan Z which
was difficult to distinguish from other Nissan models due to its name in the short letter “Z”.
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Tweet 1: "lexus lc 500[CAR] save get porsche 911 gts[CAR]"

Tweet 2: "say goodbye my old toyota rav4[CAR] thinking buy
new ford f150[CAR] chevy silverado 1500[CAR]"

Tweet 3: "my friends have toyota rav4[CAR] lexus lc 500[CAR] want
subaru wrx[CAR]  bad raelene first need learn drive"

lexus lc 500

porsche 911 gts

subaru wrx
chevy silverado 1500

toyota rav4

Figure 5.7: An example of co-mention network modeling. These tweets displayed
here have undergone processing following Step 3. Nodes are unique car models that
were mentioned by all three tweets, and links denote co-mention relationships. For
example, a link is built between Lexus lc 500 and Porsche 911 gts because they were
co-mentioned by Tweet 1. We did not include “ford f150” in the network modeling
because it is inconsistent with the recalled name listed as “ford f 150” in the reference
list.

work data, exemplified by the case study of the US household vacuum cleaner market

system. This approach, combining web-crawling techniques and survey questionnaire

design, facilitated the acquisition of valuable data through a tailored survey web

platform. The study yields two primary outputs: 1) a comprehensive vacuum cleaner

attribute dataset comprising 624 distinct vacuum cleaner models and 22 associated

attributes; and 2) a survey dataset comprising responses from 1002 vacuum cleaner

buyers. These responses encompass a wide array of information, including respon-

dents’ considerations and purchase decision-making processes, demographics, social

network information, and context regarding vacuum cleaner usage.

Secondly, we presented an alternative approach for collecting product co-

mentioning network data based on social media mining, focusing on the US vehicle
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market system. Utilizing a combination of web-crawling methods and named entity

recognition (NER) models, we extracted pertinent network data from textual content

sourced from social media platforms. The study yields two main outputs: 1) a com-

prehensive vehicle attribute dataset featuring 1836 vehicle models spanning from 2016

to 2022. Each car model is described by 22 attributes; and 2) vehicle co-mentioning

network data extracted from Tweets, spanning from 2016 to 2019.

Overall, this chapter lays the groundwork for data-driven research in the engi-

neering and design of STSs. The collected data will serve as a foundational resource

for subsequent chapters, enabling further exploration and analysis of socio-technical

systems dynamics.
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Chapter 6: Micro-Level Entity Design Considering

Meso-Level Dependencies

6.1 Overview

Unlike existing efforts that have primarily focused on the network-based analysis of

STSs (i.e., the forward problem). The objective of this chapter is to solve the inverse

problem, i.e., how can we achieve the desired system-level performance by promot-

ing the formation of targeted relations among local entities? To achieve this goal, we

developed a network-based STS design framework. This framework uses network rep-

resentations and network motif theory to characterize and capture local dependencies

and relations between individual entities in STSs and integrate these representations

into design formulations to find optimal decisions for the desired functionality of in-

dividual entities. The development of this framework contributes to answering RQ1 ,

RQ2 , and RQ3 .

To demonstrate its utility, we applied this framework to the design of market

systems with a case study on vacuum cleaners. The objective was to promote the

frequency of product purchases by optimizing suction power and weight while main-

taining constant prices. Specifically, we innovatively proposed a derived design pa-

rameter that incorporates local competition information into the design process. We

addressed this problem by integrating an exponential random graph model (ERGM)

with a genetic algorithm. Compared to traditional design methods that do not con-

sider local competition relationships, the results indicate that the new designs can

effectively increase the frequency of product purchases.

In detailed, this chapter is organized as follows:

• Section 6.2 introduces the proposed micro-level entity design framework consid-

ering meso-level dependencies step-by-step.
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• Section 6.3 adopts the US household vacuum cleaner market system as a case

study to demonstrate the design framework.

• Section 6.4 discusses the limitations of the proposed framework and clarifies its

constraints in supporting system design.

• Section 6.5 concludes this chapter with closing thoughts.

6.2 Network-Based System Design Framework

In Figure 6.1, we compare a typical system design process with our proposed network-

based approach. The traditional method begins by analyzing the system requirements

from which the design goal is set and the design variables and constraints are identi-

fied (Arora, 2004; Martins and Ning, 2021). The design goal guides the formulation

of the design objective function and the design variables and constraints define the

design space. Subsequently, optimal/suboptimal design solutions are found by ex-

ploring and exploiting the design space by evaluating design candidates with the

objective function. Finally, the design solution is validated against system-level re-

quirements. Building upon the traditional framework, the proposed network-based

design framework consists of six major steps, each of which is elaborated below.

6.2.1 Step 1: Network modeling and system design goal definition

The primary objective of the first step is to create a network representation, labeled

as Y (X), in which Y corresponds to the network’s adjacency matrix, X represents

the vector of system design attributes. Y changes with X. Let us take the customer-

product market system as an example, in which the co-consideration relations among

products can be represented by a unidimensional network Y shown in Figure 6.2.

This network is built using data from customers’ considerations of vacuum cleaners

and following the approach described in (Xiao et al., 2022b). In such a network,

each node represents a unique product model that the customers consider. The
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Figure 6.1: Comparison between the traditional system design framework and the
proposed network-based system design framework with considering local dependencies

dashed links denote that two products from different brands (e.g., Dyson vs. iRobot)

are co-considered by at least one customer. In contrast, the solid links denote co-

consideration within the same brand. We assume that the design attribute vector

X = [x1, x2] in this example only includes the suction power and weight of each

product. Updating the design attribute vector X for any product will influence the

co-consideration and therefore the network structure Y .

6.2.2 Step 2: Representing the design goal using network motifs

The objective of Step 2 is to represent the design goal using local networks. This

involves transforming the original design objective function u(X) into a function of

local networks, denoted as u(g(y(X))), where g(y(X)) indicates the derived local

network-based design variable (either a scalar or a vector). This step is essential to

incorporate the significant dependencies between individual entities (represented by

local networks) into the design process. To achieve the objective, we first identify

significant local networks y(X) based on network motif theory, which is introduced

in Section 2.3.1.
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Figure 6.2: An example of the customer-household vacuum cleaner market co-
consideration network.

Having identified the significant motifs, we proceed to convert the original de-

sign goal u(X) into the new representation in the form of local networks u(g(y(X))),

which capture interdependencies among individual entities (e.g., product models).

To illustrate this, let us use an example of the vacuum cleaner market system. Sup-

pose that we take on the role of Dyson, with the original design goal u(X) being

to participate in the dominant product competition as much as possible. If a sig-

nificant network motif y (shown in the top-left corner of Figure 6.2), representing

the inter-brand triadic closure competition, is identified as the significant competi-

tion pattern in this vacuum cleaner market, then we transform our goal into max-

imizing the number of inter-brand triadic closure competitions a product involving

in. Next, assume that the number is negatively correlated with the average suction

power difference between products within the triadic closure. For a target prod-

uct (e.g.Product 2), the local network-based design variable g becomes a scalar

g(y(X)) = 1
3
[|x12 − x11| + |x12 − x14| + |x11 − x14|] and X = [x12] (the values of

x11 and x14 are given). The transformed design objective function represented by

local networks is thus u(g(y(X))) = − 1
M(X)

∑M(X)
m=1 gm(y(X)). The negative sign
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indicates the assumed negative correlation between u and g. M is the total number

of inter-brand triadic closure competitions in which Product 2 is involved.

6.2.3 Step 3: Optimization problem formulation

In Step 3, an optimization problem is formulated based on the local network-based

design objective function obtained in Step 2. Figure 6.3 illustrates an example of the

optimization problem associated with the transformed design objective u(g(y(X))).

The objective function f(X) is defined to maximize the number of participations of

all Dyson products in inter-brand triadic competitions, ui, by adjusting the design

attributes, x1i and x2i, for each product. i = 2, 3, 6 stands for the product IDs of

all Dyson products in Figure 6.2. However, solving this network-transformed opti-

mization problem is a challenge. This is because to obtain the number of triadic

competitions M(Xi) in which the product i participates, we must know the network

topology. But it changes every time when we change the design attributes (e.g.,

suction power stored as a node feature), and there is a lack of analytical expression

between the design attributes and the network structure. Therefore, solving such an

optimization problem that contains design variables in network representations (that

could be non-linear) necessitates the employment of a surrogate model to predict new

network structures when a node feature changes.

6.2.4 Step 4: Predictive model training and evaluation

Step 4 is to establish a model to predict the new network topology after updating

the design attributes X. Typical network models, such as ERGM (Section 2.3.2) and

graph neural networks (GNN)(Section 2.3.3), can be used for this purpose. In this

study, we have chosen to adopt ERGM due to its verified performance in our previous

work (Sha et al., 2023), we will explore other models in our future work.

As introduced in Section 2.3.2, in an ERGM, g(Yobs) is a vector of the net-

work statistics that can encompass either nodal attributes or edge attributes asso-
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Figure 6.3: An example of optimization problem formulation with local network-based
design objective

ciated with design attributes X. However, it should be noted that the successful

construction of the target ERGM is based on two factors. First, it is determined

by the design attributes X. This means that the attributes intended for the design

must be included in the model through network statistics, such as nodal attribute

effects introduced in Table 2.3. Second, achieving a converged ERGM with satisfac-

tory predictive power requires a trial-and-error process1. Similar to Table 2.3, three

types of network statistic examples and associated interpretations in the context of

1An ERGM failing to converge indicates that the parameter estimates are not settling down
to stable values, and the iterative estimation process is not reaching a consistent solution. Typi-
cal reasons for the convergence issue of ERGM include model degeneracy (an ill-fitting model in
ERGM fails to adequately represent the observed network) (Hunter, 2007) and inappropriate model
specifications (Butts et al., 2014).
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the vacuum cleaner co-consideration network are given in Table 6.1.

Table 6.1: Three major network statistics in ERGM with their examples (Sha et al.,
2023; Morris et al., 2008)

Category Examples Interpretation
Nodal attributes effects Nodecov Main effect of a covariate. For example,

nodecov.suction understands how suc-
tion power influences a vacuum cleaner
being co-considered with other vacuum
cleaners.

Relational attributes effects Absdiff Absolute difference between two con-
nected nodes’ attributes. For exam-
ple, absdiff.weight looks into whether a
large or small weight difference between
two vacuum cleaners motivates them to
be co-considered.

Network structural effects
Edges Equal to the number of links in the net-

work, equivalent to the intercept term
in the regression model. In the context
of the vacuum cleaner co-consideration
network, it estimates the likelihood
that two vacuum cleaners will be co-
considered randomly.

GWESP Geometrically weighted edgewise
shared partner. In (Hunter, 2007), it is
also called k-triangle, which is defined
to be a set of k distinct triangles
that share a common edge. The
GWESP term models the tendency
for edges that close triangles to be
more probable than edges that do
not close triangles. In the context of
the vacuum cleaner co-consideration
network, it investigates whether two
vacuum cleaners co-considered with
the same set of vacuum cleaners are
more likely to be co-considered or not.

ERGM training involves estimating the model parameters θ by feeding the
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network data obtained from Step 1. Once the estimated parameters are obtained,

the predictive performance of the estimated model can be evaluated in four steps.

The first step is to use the estimated model to simulate N number of networks (Y1,

Y2,· · · , YN). Then, in the second step, each simulated network Yn (n = 1, · · · , N)

is compared against the observed network Yobs (that is, the ground truth) in Step 1

to classify all possible links of the network in a confusion matrix (Goodfellow et al.,

2016). According to the confusion matrix, we can then calculate common metrics,

such as Recall, Precision, and F1-Score, to evaluate the predictive performance of the

model (Goodfellow et al., 2016). Finally, the mean values of Recalls, Precisions, and

F1-Scores of those N simulated networks are used to represent the performance of a

trained ERGM.

6.2.5 Step 5 and Step 6: Optimal problem solving and solution validation

In Step 5, the model obtained from Step 4 will be used as a surrogate model to pre-

dict new network structures in order to re-evaluate the objective value f(X) after

modifying the associated node features (i.e., design attributes). Consequently, the

computational search process for the optimal solution is performed through meta-

heuristic approaches, such as the genetic algorithm (Whitley, 1994) or particle swarm

optimization (Kennedy and Eberhart, 1995). After finding the optimal design solu-

tion in Step 6, it can be validated by implementing the new designs and observing if

the desired system performance can be achieved or not. For example, in the vacuum

cleaner example, we will count if the new design attributes of a particular prod-

uct would help increase its participation in the desired competition relations on the

market. Validation is often challenging as it requires real-world implementation and

testing. In this paper, we focus primarily on the verification of the optimization

results computationally by recalculating the design objective with the original and

optimal design variables and checking if the objective value of the optimal design

indeed increases or not.
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6.3 Case Study

In this section, we utilize the data collected on the US household vacuum cleaner

market system, as detailed in Section 5.2, to illustrate the proposed network-based

system design framework.

6.3.1 Network Modeling

Co-consideration network model In this study, we are interested in competition

analysis in the vacuum cleaner market system. We, therefore, construct the co-

consideration network following our previous study (Xiao et al., 2023b). In this

unidimensional network, the nodes are unique vacuum cleaners from the top ten

dominant brands and are considered by customers. Similar to the example given in

Figure 6.2, the undirected links represent that two vacuum cleaners are co-considered

by at least one customer. The visualization of the co-consideration network is shown

in Figure 6.4. This network contains 386 unique vacuum cleaner models and 1259

co-consideration links. Product 369, Dyson Ball Multi-floor 2, has the largest degree,

indicating that it is co-considered most frequently.

6.3.2 Deriving the local network-based design goal and formulating the
optimization design problem

Definition of derived local network-based design variable As described in

Section 6.2.2, the first step of deriving the local network-based design goal is to iden-

tify significant local network structures (Xiao et al., 2023b). As shown in Table 6.2,

three significant network motifs of the co-consideration network are identified by the

motif mining tool, FANMOD (Wernicke and Rasche, 2006), each of which represents

distinct competition relationships between brands (inter-brand) and within a brand

(intra-brand). They are named for their edge types and topological characteristics.

A real-world example for each significant motif is also given in Figure 6.4. Among

the three motifs, the inter-brand triadic closure competition with the highest Z-score
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Figure 6.4: Co-consideration network of top-ten household vacuum cleaner brands

is found to be the most significant competition structure in the co-consideration net-

work. Based on the positional characteristics in these significant motifs, we can define

four unique node roles: R1, R2, R3, and R4. For example, in the inter-brand triadic

closure, all three node positions share the same type of node role, R1, because each

node is co-considered with two products from two other brands in a closed triangle

competition. Accordingly, we define the derived local network-based design variable

of each product as g(y(X)) = [NR1, NR2, NR3, NR4], where NRi (for i = 1, 2, 3, 4) is

the number of times a product is involved in the node role Ri. This defined network-

based design variable can be easily extended. For example, if additional node roles

such as R5 and R6 are discovered, we can extend the derived variable by concatenat-

ing NR5 and NR6, resulting in g(y(X)) = [NR1, NR2, NR3, NR4, NR5, NR6]. Similarly,

the vector can be shortened by omitting less important node roles.
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Table 6.2: Significant size-3 competition motifs in the co-consideration network and
the unique node roles inherent in the motif structures. The type-I edge indicates that
two vacuum cleaners share the same brand, and type-II edge refers to the different
brands.

Optimization problem formulation Now, let us pick one particular product

model, e.g., Dyson Ball Multi-floor 2 (Product 369) – the one with the most co-

consideration connections in the observed network, to continue the demonstration

due to its increasing popularity in the US market. Assuming that Dyson is interested

in maximizing a product’s market share, we use the number of purchases as an indi-

cator of that product’s market share. Next, we formulate the network-based design

objective function by estimating the relationships between the number of times prod-

uct purchases u and the local network-based design variable derived g(y(X)). As

shown in Table 6.2, given that inter-brand triadic closure shows the highest Z-score,

we simplify the derived design variable by focusing only on the node role R1 in our

first test case, resulting in g(y(X)) = [NR1]. In this study, since the data format of

the number of times product purchases is a count, following the method introduced

in (Elhai et al., 2008), negative binomial regression is selected to estimate the rela-

tionship between u and g(y(X)). To ensure the reliability of the estimate model,

four models corresponding to the combination of polynomial terms of the indepen-

dent variable up to cubic are tested. Both the mean absolute error (MAE) (Chai and

Draxler, 2014) and Akaike’s Information Criterion (AIC) (Bozdogan, 1987) are ap-
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plied to measure the goodness of fit of the model while considering a balance between

the goodness of fit and model complexity. The model with the lowest AIC and MAE

is finally selected, which is provided in Table 6.3.

Table 6.3: Negative binomial regression estimated result of u corresponding to
g(y(X)) = [NR1].

Independent Variables Est. Coef. Std. Error
Intercept 0.316*** 0.075
NR1 0.117*** 0.017
N2

R1 -0.002*** 0.0005

***: 0.000 level of significance

Therefore, the design objective function for the derived local network-based

design variable is given in Equation (6.1).

u(g(y(XP369))) = exp(0.316 + 0.117NP369
R1 − 0.002(NP369

R1 )2), (6.1)

where NP369
R1 is the number of times Product 369 is involved in node role R1. This

is equivalent to the number of inter-brand triadic closure competitions that include

Product 369. Thus, we can further express NP369
R1 as shown in Equation (6.2).

NP369
R1 (y(XP369)) =

1

2

M∑
m=1

det(ym
inter brand(X

P369)). (6.2)

In this equation, M represents the number of all potential inter-brand triadic

closure competitions in which Product 369 is involved. These competitions can be

enumerated when we know the total number of products on the market. Suppose that

there are K products on the market, and we denote the product set as V where each

element is a product model named by its ID (e.g., product 369’s ID name is P369).

In that case, we can pre-save the inter-brand triadic closure competitions in which

P369 is involved as a set denoted as S = {ym
P369,Vi,Vj

} where Vi and Vj represents

the ith and jth products in V with which Product 369 competes. For instance, in
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the example shown in Figure 6.2, V denotes {P1, P2, P3, P4, P5, P6, P7}, so K = 7.

Among these products, P1, P4, P5, and P7 are the only products that can form

the inter-brand triadic closure competition with Product 2. As a result, M = 6 for

Product 2, and S = {y1
P2,P1,P4,y

2
P2,P1,P5,y

3
P2,P1,P7,y

4
P2,P4,P5,y

5
P2,P4,P7,y

6
P2,P5,P7}.

In the case study, according to the network model shown in Figure 6.4, we

get K = 385 and M = 46, 650 for Product 369. yinter brand represents the adjacency

matrix for the inter-brand triadic closure competitions. It equals to
( 0 1 1
1 0 1
1 1 0

)
, when the

triadic closure exists. Accordingly, the determinant of yinter brand(X
P369), denoted as

det(yinter brand(X
P369)), equals 2. The existence of the inter-brand triadic closure is

determined by the original product design vector XP369. In this case study, we focus

on two essential design attributes of vacuum cleaners: suction power (xs) and weight

(xw). Therefore, XP369 = [xP369
s , xP369

w ]. In addition, we factor in one constrained

variable: price (xp). The reason for having this constraint is that price is one of

the most important factors influencing customer choice behaviors, and keeping it

unchanged helps avoid the price perception bias that customers have toward the new

design (Kotler et al., 2014). Finally, the formulated optimization problem is presented

in Figure 6.5.

6.3.3 ERGM-based network prediction

As aforementioned, this study focuses on two design attributes and one constraint:

suction power level (xs), weight (xw), and price (xp). Therefore, they are taken

into account by incorporating their associated Nodecov and Absdiff terms (Robins

et al., 2007), as introduced in Table 6.1. To ensure model convergence, a trial-

and-error process is performed. We evaluated 27 models with varying combinations

of Nodecov and Absdiff, ultimately pinpointing a converged ERGM with all terms

achieving a level of significance (p-value) close to 0. As presented in Table 6.4, in

addition to three nodal effect terms, two network effect terms given in Table 6.1, Edges

and the GWESP, are also included. To facilitate the convergence of the model and
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Figure 6.5: The optimization problem formulation.

improve its performance, max-min normalization is applied to preprocess the attribute

data (Dutka and Hansen, 1991). The estimated results, i.e., the estimated model

parameters θ in Equation 2.3, are shown in Table 6.4. For example, the negative sign

of Absdiff.price shows that two vacuum cleaners with less difference in their prices are

more likely to be co-considered. In contrast, the positive sign of GWESP means that

two vacuum cleaners that share the same set of co-consideration products are more

likely to be co-considered with each other. It implies that customer consideration

decisions involve a form of multiway grouping and comparison (Sha et al., 2018).

Once a trained model is obtained, we follow the process introduced in Sec-

tion 6.2.4 to simulate 100 networks and validate its predictive power. By comparing

the simulated networks against the ground truth, we calculate the means of the Preci-

sions, Recall, and F1-Scores of all 100 simulated networks, and the results are 0.158,

0.192, and 0.173 respectively. The Precision 0.158 indicates that 15.8% predicted co-

consideration links are correctly predicted on average. The Recall 0.192 means that
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Table 6.4: Estimated result of the predictive ERGM

Independent Variables Est. Coef. Std. Error
Edges/Intercept -6.717*** 0.105
Absdiff.price -0.562*** 0.148
Absdiff.weight -1.287*** 0.194
Nodecov.suction 0.187*** 0.035
GWESP 2.671*** 0.092

***: 0.000 level of significance

19.2% truly existing links are correctly predicted. Lastly, F1-Score, the harmonic

mean of Precision and Recall, evaluates a balanced predictive accuracy of the model.

It should be noted that in this study we did not spend excessive resources to find the

best ERGM model and only included four independent variables in the model, with

the objective of this case study being to demonstrate the proposed design framework.

Therefore, we focused on more model convergence and stopped testing additional

models (which required more data collection efforts) for better prediction. A further

discussion of this is presented in detail in Section 6.4.

6.3.4 Optimal design solutions

After having a predictive model, the next step in solving the optimization problem

involves calculating the objective value u each time the design variables (i.e., the

values of suction power and weight of Product 369) are explored. As illustrated in

Algorithm 1, we first employ the trained ERGM model with the estimated model

parameters θest provided in Table 6.4 to simulate 100 networks Yl. Within this set

of networks, we examine each triadic closure ym
P369,Vi,Vj

contained in the set S. Our

objective is to count its occurrence across the 100 networks and compute its occur-

ring ratio, representing its probability of existence, denoted as Pr(ym
P369,Vi,Vj

). Given

that Pr(ym
P369,Vi,Vj

) typically exhibits a skewed distribution with most values low, we

set the median of these probabilities as the threshold to determine the existence of

each triadic closure. This choice ensures a more accurate measure of central tendency

and provides robustness to outliers (Von Hippel, 2005). Accordingly, the number
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of existing inter-brand triadic closures, equivalent to NP369
R1 , is obtained and incor-

porated into Equation (6.1) to compute the objective value. Next, as described in

Algorithm 2, the evaluation of the objective function is built into the genetic algo-

rithm (GA) (Whitley, 1994) which helps to find the optimal level of suction power

and weight with the constraint on price to maximize the objective value. The ini-

tialization of the GA algorithm is detailed in Algorithm 2, where ‘popSize’ denotes

the population size in each round of search, ‘maxiter ’ indicates the defined maximum

number of generations to run before the GA search stops, and ‘run’ means the max-

imum number of consecutive generations for which the best objective value (fitness)

has no improvement, leading to the termination of the GA search (Whitley, 1994).

Algorithm 1 Objective Value Calculation

1: Given V , S, xP369
s , xP369

w , xP369
p , θest

2: Initiate L = 100
3: Simulate L networks Yl, (l = 1, ..., L) with the given xP369

s , xP369
w , xP369

p , and
estimated ERGM parameters θest

4: for m = 1 to M do
5: count = 0
6: for l = 1 to L do
7: if ym

P369,Vi,Vj
exists in Yl then

8: count = count+ 1
9: end if
10: end for
11: Pr(ym

P369,Vi,Vj
) = count/L

12: end for
13: Prthreshold = Median(Pr(ym

P369,Vi,Vj
))

14: for m = 1 to M do
15: NP369

R1 = 0
16: if Pr(ym

P369,Vi,Vj
) > Prthreshold then

17: NP369
R1 = NP369

R1 + 1
18: end if
19: end for
20: Return u = exp(0.316 + 0.117NP369

R1 − 0.002(NP369
R1 )2)
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Algorithm 2 Optimization Process

1: Constraint xP369
p

2: Variable X = [xP369
s , xP369

w ]
3: fittness = function(X) + Objective Value Calculation(X)
4: GA (type = “real-valued”,
5: fittness,
6: min = [xsuc low, xweig low],
7: max = [xsuc high, xweig high],
8: popSize = 30, maxiter = 100, run = 15)
9: Summary (GA)

6.3.5 Comparison between the traditional and proposed design methods

In this section, we compare and evaluate the design outcomes between the tradi-

tional and proposed design methods. The key difference between these methods is

that the traditional approach optimizes product design by treating each product in-

dependently, relying solely on the relationship between the design objective (e.g.,

maximizing market share) and product attributes. In contrast, the proposed method

also considers local dependencies between products, such as competition, during the

optimization process. Two design cases were analyzed using both methodologies.

Case One focuses on designing the suction power of Product 369 to enhance its mar-

ket competitiveness, considering the constraints on weight and price. In Case Two,

we optimize both the suction power and the weight of Product 369 with the objective

of increasing its likelihood of being purchased, while keeping its price unchanged.

Results of traditional design method Regarding the traditional method, we ad-

here to the procedure conducted in Section 6.3.2 to directly estimate the relationship

between the number of times product purchases u and the original design vector X

using a negative binomial regression model, without local network representation of

competition relations between products. Specifically, for Case One, X = [xs], and for

Case Two, X = [xs, xw]. Furthermore, we incorporate the price (xs) into the model

due to its role as the constrained variable. The estimated results for both cases are

presented separately in Table 6.5 and Table 6.6.
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Table 6.5: Case One: negative binomial regression estimated result of u corresponding
to X = [xs]

Independent Variables Est. Coef. Std. Error
Intercept 1.110*** 0.310
xs -0.432. 0.231
x2
s 0.087* 0.039

xp 0.0003 0.0003

***: 0.000 level of signifi. *: 0.01 level of signifi. .: 0.05 level of signifi.

Table 6.6: Case Two: negative binomial regression estimated result of u corresponding
to X = [xs, xw]

Independent Variables Est. Coef. Std. Error
Intercept 0.764** 0.295
xs -0.317* 0.135
xp 0.0004 0.0003
xw 0.038 0.035
x2
w -0.004* 0.002

xsxw 0.028** 0.011

**: 0.001 level of signifi. *: 0.01 level of signifi.

Next, in Case One, we take the original price and weight of Product 369

(xp = $284.98, xw = 15.6 LB) into the estimated regression model in Table 6.5,

aiming to search the maximum u value within the specified suction power design

range [1, 5]2. In Case Two, we maintain the original price constraint while relaxing

the weight constraint. Our goal is to identify the maximum u value within the design

space defined by the suction power range [1, 5] and the weight range [3.34 LB, 29.3

LB]. According to Figure 6.6 (a), the highest u = 3.353 occurs at xs = 5. In Figure 6.6

(b), the highest u = 4.033 is achieved when xs = 5 and xw = 23.781 LB.

2In the dataset, vacuum cleaners of different brands or categories have different units for suction
power. Two commonly used units are horsepower and airflow (bes)). To solve the problem, we
first unify the suction powers of the same unit in the range [1, 5] without units. For example, if the
original airflow interval is [21.2 CFM, 160 CFM] (CFM: cubic feet per minute), we evenly divide
it into five subintervals. Products with airflow in the first subinterval [21.2 CFM, 48.96 CFM] are
assigned a level value of 1, and the same operation applies to levels 2, 3, 4, and 5. In cases with
multiple suction power units for the same product, the final level value is the average of the level
values converted from multiple units.
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Figure 6.6: Optimal design solutions obtained by traditional design method.

Results of the proposed design method Following the methodology outlined

in the preceding subsections, we execute the algorithm detailed in Section 6.3.4 to

explore optimal design solutions. Figure 6.7 shows the converged search process for

optimal values. In Case One, the search terminates in the 15th generation as there is no

improvement in the best objective value for 15 consecutive generations. Throughout

these generations, we identify ten optimal suction power values at [2.676, 2.680, 2.684,

2.688, 2.692, 2.696, 2.704, 2.708, 2.712, 2.716] (decrease by 1.284 to 1.324 from its

original design), which corresponds to the best objective value of u = 6.493. In Case

Two, convergence is achieved by the 15th generation as well. We identify three sets of

optimal solutions characterized by weight and suction power values [xs, xw]: [4.291,

22.317 LB], [4.445, 28.457 LB], and [1.985, 20.078 LB]. These solutions align with

the best objective value of 7.729. Lastly, according to the mean value curves of the

iterative search processes for both cases, we can observe that the search process in

Case Two is more fluctuant. This fluctuation could be attributed to the fact that

the design space of Case Two, corresponding to two product attributes, is 2D and

therefore much larger and more complex than the 1D design space of Case One.
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(a) Case one: suction power design case (b) Case two: suction power and weight de-
sign case

Figure 6.7: Iterative search processes using a genetic algorithm to optimize two design
cases. The processes terminate after 15 generations, respectively, with a convergence
criterion of no improvement in the best objective value (fitness) for 15 consecutive
generations. In the plot, the lower boundary of the green shaded area represents the
median fitness value, while the upper boundary corresponds to the best (maximum)
fitness value. This shaded area delineates the range within which the fitness values of
the top 50% of the population fall in each generation. Consequently, it visualizes the
spread and variability of the fitness values within the upper half of the population.

Results comparison A comparison of the final results between the traditional and

proposed design methods is summarized in Table 6.8 (The columns corresponding to

the Traditional Design Method and Proposed Design Method for g(y(X)) = [NR1]).

According to the table, the proposed design method achieves objective values ap-

proximately twice as high as those of the traditional design method in both cases.

For instance, in Case Two, the proposed design method, considering local inter-brand

triadic closure competition relationships, achieves an objective value of 7.729. If trans-

lating to the number of times purchases, this is approximately eight times, about two

times higher than the traditional design method (4.033). Moreover, the objective

values obtained using the proposed method for both cases significantly exceed those

derived from applying the original design to the proposed algorithm. This further
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demonstrates the efficiency of the proposed design method. Lastly, the optimal de-

sign of Case Two using the proposed design method provides three design options,

which offer varying trade-offs between suction power and weight, allowing for tailored

solutions catering to different customer preferences while maximizing the product’s

market appeal.

6.3.6 Extensibility of the proposed design method

In this section, we demonstrate the extensibility of the proposed design method by

considering the second most important node role, R2, as shown in Table 6.2. Con-

sequently, the derived local network-based design variable changes from g(y(X)) =

[NR1] to g(y(X)) = [NR1, NR2]. Accordingly, the optimal design problem is reformu-

lated by estimating the relationship between u and the new g(y(X)).

Optimal design reformulation and solution The estimated result is provided in

Table 6.7. The new local network-based design objective function for the derived vari-

able is illustrated in Equation (6.3). The number of times Product 369’s involvement

in node role R2, NP369
R2 (y(XP369)), can be expressed similarly to NP369

R1 (y(XP369)) in

Equation (6.2). In the network model shown in Figure 6.4, 51 unique products, in-

cluding Product 369, are from Dyson, resulting in 1,225 potential intra-brand triadic

closure competitions for Product 369. Keeping the rest of the settings unchanged, the

updated optimization problem is provided in Appendix C, Figure C1. Solving this

updated optimization problem follows the same logic as introduced in Section 6.3.4,

with minor revisions to Algorithm 1 while keeping Algorithm 2 unchanged. Since

most steps are the same, we do not repeat them here and have included the updated

Algorithm 1 in Appendix C.

u(g(y(XP369))) = exp(0.227+0.097NP369
R1 −0.002(NP369

R1 )2)+0.204NP369
R2 −0.014(NP369

R2 )2).
(6.3)

137



Table 6.7: Negative binomial regression estimated result of u corresponding to
g(y(X)) = [NR1, NR2].

Independent Variables Est. Coef. Std. Error
Intercept 0.227** 0.077
NR1 0.097*** 0.017
N2

R1 -0.002** 0.0005
NR2 0.204*** 0.056
N2

R2 -0.014* 0.006

***: 0.000 level of signifi. **: 0.001 level of signifi. *: 0.01 level of signifi.

Results of the extensibility test Figure 6.8 shows the converged search process

for optimal values. In Case One, the search terminates in the 15th generation as

there is no improvement in the best objective value for 15 consecutive generations.

Throughout these generations, we identify 18 optimal suction power values, as listed

in Table 6.8 corresponding to column g(y(X)) = [NR1, NR2], which decrease by 1.248

to 1.336 from the original design and correspond to the best objective value of 11.555.

In Case Two, convergence is achieved by the 16th generation. We identify 21 sets of

optimal solutions characterized by weight and suction power values [xw, xs] given in

Table 6.8. These solutions align with the best objective value of 12.525. Comparing

these results with the traditional design method and the proposed method before

the extension (i.e., not including node role R2 into account), the extended method

achieves the highest objective values for both cases. For example, in Case Two,

highlighted in blue in Table 6.8, the number of times product purchases reaches

around 13 when considering both inter-brand and intra-brand competitions. This is

approximately three times higher than the traditional design method and five units

more than the design that only considers inter-brand competition. This highlights the

importance of a comprehensive understanding of the market competition environment

for effective product design.
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(a) Case One: suction power design case (b) Case Two: suction power and weight design
case

Figure 6.8: Iterative search processes using a genetic algorithm to optimize two
design cases. The processes terminate after 15 and 16 generations, respectively, with
a convergence criterion of no improvement in the best objective value (fitness) for 15
consecutive generations.

Table 6.8: Design Results Comparison: Traditional and Proposed Methods
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6.4 Discussion

In this section, we first discuss the generalizability of the proposed network-based

design framework, and then discuss the limitations of the current work and suggest

future directions for improvement.

Generalizability of the proposed method The generalizability of the proposed

method is represented in two aspects: 1) Generalizability in handling complexity. The

proposed method is flexible and can handle different levels of complexity in optimiza-

tion design problems. As illustrated in Section 6.3.5, it can optimize a varying number

of product attributes. Additionally, Section 6.3.6 demonstrates that the derived lo-

cal network-based design variable g(y(X)) can be adjusted to include different local

network structures. This adaptability allows the model to manage a wide range of

complexities, making it applicable to various scenarios. 2) Generalizability across

cases. Beyond vacuum cleaner product design, the proposed method can be directly

applied to other product designs, such as vehicles and cellphones, by incorporating

market competition information into the product design process. Additionally, the

method can be generalized to guide the design of other networked systems, such as

transportation systems and power grids. For example, in a shared mobility system,

each docked bike station can be defined as a node in a trip network, with directed links

representing trips between stations. Using a network motif mining tool, significant

travel patterns can be identified to formulate the derived local network-based design

variable for each station. This variable, determined by original station design param-

eters like dock numbers, can incorporate significant user travel patterns into station

capacity design, improving system performance, such as user satisfaction scores.

Limitation The first limitation of the current work is the inadequate predictive

accuracy of the ERGM obtained in Step 4. One key reason for this could be attributed

to the data insufficiency. As stated in our previous study (Xiao et al., 2023b), the
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data for US household vacuum cleaners, including 945 customer responses to 612

unique vacuum cleaner models are quite heterogeneous, i.e., most customers’ preferred

vacuum cleaners are very different from others. This makes the co-consideration

network have insufficient links to train an effective ERGM for prediction. Inspired

by the existing study (Ahmed et al., 2022b), where a GNN model was trained using

a dataset aggregated from more than 40,000 vehicle survey responses to predict the

co-consideration network for the vehicle market system with an F1-Score of 0.65,

we propose two potential solutions. First, we could collect more data. With more

customer responses, we believe that the accuracy of the model will be improved.

Second, we could use advanced deep learning models to replace ERGM since Step 4

of the proposed methodology only requires a network predictive model, we plan to

test more advanced deep learning models such as GNN as the surrogate model that

is expected to further improve prediction accuracy.

Another limitation of this study lies in the slow computational efficiency of the

Algorithm 1. The computer used in the experiments is equipped with an 11th-gen

Intel Core CPU (i9-11900 2.50 GHz, 8 cores, 16 logical processors) and 32GB of RAM.

Since ERGM is not compatible with GPU calculation, we employ a parallel computing

strategy utilizing 14 logical processors of the CPU. The computational time for each

round of Algorithm 1 is approximately 4.3 minutes for only considering the inter-

brand competition and 4.8 minutes for considering both inter-brand and intra-brand

competition. Consequently, each generation involving 30 populations of the genetic

algorithm requires a total of 2.15 and 2.4 hours, respectively. Therefore, solving the

proposed optimal design problem and its extended version, which encompasses 15

generations, requires 32.25 hours and 36 hours to complete the calculations. Moreover,

the inefficiency of the Algorithm 1 will also hinder the applicability of the proposed

method to systems with large network sizes. To address this computational challenge,

there are two potential directions to explore. One approach involves extending the

current ERGM package (Krivitsky et al., 2023) to make it compatible with GPU

computing. Another direction is to utilize the aforementioned GNN model, which is

141



GPU-compatible, as a replacement for ERGM in calculating the objective value.

6.5 Conclusion

In this study, we introduce a network-based system design framework, consisting of

six key steps. The first step involves generating a network representation for the

complex systems. In the second step, we perform significant local network mining

and articulate the local network-based design goal, which is an essential step in in-

tegrating interdependencies between individual entities into the design process. Sub-

sequently, in Step 3, we formulate an optimization problem based on the proposed

local network-based design goal. Moving on to the fourth step, we develop a net-

work predictive model as a surrogate to evaluate the system objective to prepare for

solving the optimization problem. In Step 5, we integrate the predictive model into

optimization algorithms, such as the genetic algorithm, to address the optimization

problem outlined in Step 3. Here, the predictive model plays a key role in updating

the objective value, while the genetic algorithm is employed to search for the optimal

objective value. Finally, the obtained optimal design solution is utilized to recompute

the objective value for validation.

To demonstrate the applicability of our approach in real-world scenarios, we

present a case study on the US household vacuum cleaner market. The objective is

to optimize a specific product model’s design attributes to increase its sales. Follow-

ing the proposed method, we first model the vacuum cleaner market competition as

a unidimensional co-consideration network. Next, we employ network motif theory

to identify three significant local competition patterns and define the derived local

network-based design variable based on the unique node positions in those identified

competition motifs. This derived variable is a function of the original product de-

sign variables, including suction power, weight, and price (as a constrained variable).

With the goal of maximizing the number of times a vacuum cleaner purchases, we

formulate a local network-based design objective function by estimating the relation-
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ships between purchase times and the derived network-based design variable using

negative binomial regression. We then frame an optimization problem based on this

objective function and solve it using a typical genetic algorithm procedure. In this

process, the ERGM-based predictive model works as a surrogate model to evaluate

the system objective whenever a new value of the design attributes (i.e., weight and

suction power) is explored.

We demonstrate the efficiency of our proposed design method by comparing it

with the traditional design method. The results show that the optimal values of suc-

tion power and weight found by the proposed method can significantly enhance the

number of times product purchases, achieving about twice the increase compared to

the traditional design method. Additionally, we demonstrate the extensibility of the

proposed method by modifying the derived design variable to include more competi-

tion relations. The highest objective value illustrates the success of this extension and

highlights the importance of comprehensively understanding the market competition

environment for optimal product design. Finally, the formulation of the micro-level

entity design framework, which accounts for meso-level dependencies, aids in address-

ing RQ1 , RQ2 , and RQ3 by examining how meso-level subsystems influence the

functionality of micro-level individual entities.
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Chapter 7: Preliminary Exploration of

Socio-Technical Systems Dynamics Based On

Meso-Level Significant Temporal Subsystems

7.1 Overview

In this chapter, the objective is to conduct a preliminary exploration of socio-technical

system (STS) dynamics, with two sub-objectives. The first sub-objective is to explore

potential solutions for dynamic data scarcity in socio-technical systems. However,

given the highly imbalanced nature of the STS network data (i.e., sparse network),

this study also aims to provide insights into addressing this imbalance challenge by

proposing a comprehensive experimental framework based on GNN-based link pre-

diction models. Both SMS and CPMS are employed for validation. The second sub-

objective is to develop a meso-level temporal subsystem-based analysis framework for

temporal STSs. The development of this framework contributes to answering RQ1

and RQ2 when considering the time dimension. CPMS, specifically the US vehicle

market system, is utilized for validation.

In detailed, this chapter is organized as follows:

• Section 7.2 introduces an experimental framework encapsulating the data un-

dersampling method, GNN-based LP models, model post-processing methods,

and result evaluation strategies.

• Section 7.3 introduces the proposed meso-level temporal subsystem-based anal-

ysis framework of temporal STSs, including network modeling of dynamic STSs

and temporal network motif mining and interpretation.

• Section 7.4 concludes this chapter with closing thoughts.
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7.2 Graph Neural Network-Based Link Prediction (LP) for
Highly Imbalanced Network Data

7.2.1 Experiment Framework

Figure 7.1 provides an overview of the experimental framework, encapsulating the

data undersampling method, GNN-based LP models, model post-processing methods,

and result evaluation strategies. The following sub-sections delve into each stage,

unraveling the details from data sampling to result evaluation.

7.2.1.1 Data Undersampling Method

A significant challenge for LP lies in the presence of too few positive links, leading to

a severely imbalanced binary classification problem. One prevalent method to tackle

this issue involves undersampling the majority class to achieve balance in training

data (Brownlee, 2020). Illustrated in Figure 7.2, the initial step of the undersampling

process for LP involves obtaining the link set E, encompassing all possible links given

the node set V within a training network G. For instance, if set V comprises NV = 10

nodes, the total number of possible undirected links in V is NV (NV − 1)/2 = 45 (for

directed links, the total number is NV (NV − 1)). Subsequently, all links are labeled

according to their existence in the network, G. For example, in the instance of network

G depicted in Figure 7.2, the link between node 1 and node 2 is observed, thus labeled

“1”, while the link between node 1 and node 4 does not exist and hence is labeled

“0.”

After labeling, E is divided into two subsets: Ep, which preserves all positive

Figure 7.1: Experiment framework.
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Figure 7.2: Undersampling process.

links, and En, which stores all negative links. Finally, the negative links are randomly

sampled with respect to the given ratio γ ∈ [1, NEn/NEp ], where γ = 1 indicates

that the sampled link set includes an equal number of positive and negative links.

Conversely, γ = NEn/NEp signifies no sampling process is carried out and all negative

links are selected for training. Therefore, the γ value indicates the degree of imbalance

within the training dataset. In this work, we are especially interested in how different

data undersampling ratios (i.e., the γ values) influence prediction results with a given

GNN-based LP model.
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7.2.1.2 GNN-Based Link Prediction (LP) Model

In this study, we adhere to our previously proposed GNN-based LP model, as detailed

in Chapter 4. Illustrated in Figure 4.3, the model architecture comprises two principal

components: the first involves utilizing the GraphSAGE algorithm (Hamilton et al.,

2017) for link embedding, while the second relates to binary classification for link

prediction. In the first component, we employ the GraphSAGE algorithm (Hamil-

ton et al., 2017) to generate a new vector representation of size M for each node,

referred to as node embedding. This representation is derived by aggregating each

node’s individual features alongside its two-hop network neighborhood information.

It is important to note that the model shown in Figure 4.3 was created for directed

networks. For undirected networks, the distinction between in- and out-neighbors

is not applicable, and the network neighbors are treated uniformly. Additionally,

training GraphSAGE necessitates providing network information for each node to

aggregate neighborhood data, which can be approximated using the K-nearest neigh-

bor method (Ahmed et al., 2022b) or a regular artificial neural network (Xiao et al.,

2023a).

Once individual node embeddings are obtained, they are concatenated to form

a link embedding. In contrast to the directed network’s link embedding shown in

Figure 4.3, the undirected version is insensitive to the order of the start- and end-

nodes. Moving on to the second component, the resultant link embedding of size 2M

is fed into a fully connected neural network with one hidden layer. Both the input

and hidden layers share the same size as the link embedding, and the output layer

comprises a single neuron that utilizes the Sigmoid activation function. This output

layer produces a probability of the input link’s existence. The entire training process

follows an end-to-end supervised learning approach, with the aim of minimizing binary

cross-entropy loss using stochastic gradient descent (SGD) (Nielsen, 2015).
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7.2.1.3 Model Post-Processing Methods

In this study, we introduce two model post-processing methods that convert the

probability of link existence into binary labels. The first method is the threshold-

based labeling method, and the second is the rank-based labeling method.

Link probability threshold-based labeling As depicted in Figure 7.3, the prob-

ability threshold-based labeling method begins by establishing an optimal threshold,

denoted as Pthreshold. Then, the predicted probabilities undergo a transformation into

labels using the rule: links with probabilities higher than Pthreshold are labeled “1”

while those below the threshold are labeled “0.”

Once all labels are created, a confusion matrix (Nielsen, 2015) of this binary

classification can be obtained from which we are able to compute the main accu-

racy metrics, such as true positive rate (recall) and precision. In this study, our

focus is primarily on the model’s proficiency in predicting minority (positive) links.

Consequently, we adopt the optimal point on the precision-recall (PR) curve, specif-

ically the point with the highest F1-Score. The PR curve represents the plot of

precision versus recall at various thresholds of link probability. The F1-Score, ex-

pressed by Equation (7.1), is the harmonic mean of precision and recall, providing

a balanced evaluation metric (Xiao et al., 2023a). The probability threshold-based

method emphasizes the optimal trade-off between precision and recall by setting a

specific threshold value.

F1-Score =
2 ∗ Precision ∗Recall

Precision+Recall
. (7.1)

Link probability rank-based labeling In the rank-based labeling method, we

commence by ranking the predicted probabilities from high to low, as illustrated in

Figure 7.3. Here, we introduce the hit ratio at the top-K ranked links (HR@K),

a metric commonly employed in recommendation systems to calculate the recall

rate (Wu et al., 2022). The formula for HR@K is given by:
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HR@K =
NK

p

NEp

, (7.2)

where NK
p represents the number of true positive links included in the top-K ranked

links, and NEp is the total number of true positive links in the test dataset. For this

study, since we aim to keep the predicted network with the same density (NEp/NE)

as the ground-truth network, we set K = NEp
1. To illustrate, in Figure 7.3, we set

K = 4, which means the observation of 4 true positive links in Etest. The HR@4

in the lower-right plot of Figure 7.3 is 75%, indicating that the links with the top-4

probabilities can correctly predict 75% of true positive links. In simpler terms, if we

label these top-K links as “1” and the rest as “0,” we can achieve a recall of 75%. In

contrast to the probability threshold-based method, which seeks a balance between

precision and recall, this proposed rank-based method places greater emphasis on

analogizing the size of the observed network.

7.2.1.4 Result Evaluation

In this study, we employ widely recognized metrics for binary classification evaluation.

We initiate the evaluation process by comparing the predicted labels with the true

labels to obtain the confusion matrix. Subsequently, we calculate key metrics, includ-

ing the true negative rate (TNR), false positive rate (FPR), true positive rate (TPR),

false negative rate (FNR), and precision (which is equivalent to TP/(TP + FP )).

The F1-Score is then computed using Equation (7.1), with values ranging from 0 to

1. A higher F1-Score indicates a superior performance of an LP model (Brownlee,

2020).

1It is worth noting that the rank-based labeling method is a general method. While density serves
as an illustrative example, other metrics of interest, such as hit rate (recall), can also be seamlessly
used to determine the top-K.
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Figure 7.3: Illustration of model post-processing methods.

7.2.2 Data Source and Experiment Preparation

In this section, we applied two datasets to conduct the experiment. The first dataset

pertains to the shared mobility system, and the second dataset relates to the vehicle

market system. We outline the detailed experiment settings corresponding to these

two test cases below.

7.2.2.1 Data Source

Divvy Bike shared mobility system data For the shared mobility system data,

we continue to use the binary directed trip network data introduced in Section‘4.3.1,

where the network structure is illustrated in Figure 7.4 (a). This network comprises

535 station nodes, each characterized by ten features, including two geographic coor-

dinate features, one capacity feature (number of docks), and seven POI features. Out

of the 285,690 potential directed links, 7.4% (21,221 positive links) are observed.
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Figure 7.4: Visualisations of the training networks.
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US vehicle market survey data This dataset originates from our recent survey

study on US new car buyers, which comprises two parts. The first part encom-

passes car attribute data, selecting 624 distinct car models with a total of 22 features

(e.g., brand, fuel economy, base curb weight, etc.) from the dataset collected in Sec-

tion 5.3.1. The second part involves data from responses from new car buyers, where

participants provided information on up to six cars they considered, including model

year and name.

In total, we collected consideration sets from 2,283 respondents. We con-

structed a binary undirected vehicle co-consideration network following the definition

of the co-consideration network (Xiao and Cui, 2023). So, each node represents a

unique vehicle model, and a link is established between two vehicles if they are co-

considered by at least one buyer. The visualization of the resulting co-consideration

network is presented in Figure 7.4 (b), featuring 624 nodes and 2,151 links, consti-

tuting 1.1% of all 194,376 possible undirected links.

7.2.2.2 Design of Experiment

The detailed experimental scheme is presented in Table 7.1, encompassing a total

of 20 tests. To enhance consistency and minimize variability, we employ the cross-

fold validation approach (Bengio and Grandvalet, 2003) for each test. Taking the

shared mobility system as an illustration, we divide the 535 nodes into five folds, each

comprising 107 nodes. Subsequently, we iteratively designate one of these folds for

validation and employ the remaining four folds for training. During this process, for

both training and validation link sets, only the links that are observed in the original

network in Figure 7.4 (a) are labeled as “1” and the rest as “0.” This procedure yields

five original link sets (before applying the undersampling strategies) for training and

five validation link sets. It is important to note that those original link sets for

training are rebalanced according to a specified undersampling ratio before being fed

into the model for each test. Table 7.3 and Table 7.4 provide detailed statistics for
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each original set for training and validation link set for both cases.

Table 7.1: Experiment Scheme.

Shared Mobility System
Undersampling Ratio γ Post-processing Method
1, 3, 5, 81, No sampling2 Link probability threshold-based labeling method3

1, 3, 5, 8, No sampling Link probability rank-based labeling method (K =
7.4% ∗N val

E )4

Vehicle Market System
Undersampling Ratio γ Post-processing Method
1, 3, 5, 501, No sampling Link probability threshold-based labeling method
1, 3, 5, 50, No sampling Link probability rank-based labeling method (K =

1.1% ∗N val
E )

1: These two values are chosen in each test case because they are the nearest integer to
the median of the range [1, NEn/NEp ].
2: No sampling implies that we include all positive and negative links from the observed
network (ground truth) as the training dataset.
3: The optimal probability threshold for each test is determined in the post PR curve
analysis, as detailed in the results section.
4: Nval

E represents the total number of all potential links in the validation set.

Next, as outlined in Section 7.2.1.2, the training of the GraphSAGE LP model

necessitates a reference network for the aggregation of network neighborhood infor-

mation. In this study, to mitigate the potential consequences of inaccurate embedding

of neighborhood information during experiments, we opt to directly input the original

network, as depicted in Figure 7.4, into the LP model for both systems. Finally, we

summarize the model settings and hyperparameter values in Table 7.2.

7.2.3 Experiment Results

7.2.3.1 Confusion matrix

In this section, we examine the results of the confusion matrices of all tests conducted

on both the shared mobility system and the vehicle market system, which are sum-

marized in Figure 7.5. As mentioned above, a five-fold cross-validation approach is
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Table 7.2: Experiment parameter settings.

System Setting Items Value

Shared
Mobil-
ity
System1

Neighborhood search depth 2
# of Sampled in- and out- neighbors in two hops 10

Node embedding size 30
Input and hidden layer size for GraphSAGE 60

Minibatch size 192
Learning rate 4e-4

Dropout 0
Epoch 200

Vehicle
Market
System2

Neighborhood search depth 2
# of Sampled neighbors in two hops 5

Node embedding size 10
Input and hidden layer size for GraphSAGE 10

Minibatch size 32
Learning rate 5e-4

Dropout 0.3
Epoch 500

1: We adopted these settings from our prior work (Xiao et al., 2022a), with the only
alteration being the reduction of epochs from 500 to 200 to improve computational
efficiency. As the primary objective of this paper is not to identify the optimal model
performance, this epoch setting proves adequate for achieving convergence because a
typical decrease is not observed beyond 200 epochs of training.
2: These settings are determined by trial and error. We guarantee the model’s conver-
gence. Similarly, we prioritize computational efficiency, since our focus does not extend
to achieving the best model.

employed for each test, and thus the figures illustrate the mean and standard devi-

ation of the results over five rounds. Additionally, for the threshold-based labeling

method, the probability thresholds vary across different tests due to the optimization

process involved, as explained in Section 7.2.1.3. The purpose aim is to compare

the best performance of each test at the optimal threshold point with the largest

F1-Score. The results reveal several insights in the following.

1) Regardless of a system exhibiting moderate or extreme data imbalance, the

threshold-based labeling method consistently achieves higher recall, indicating

better identification of true positive links compared to the rank-based method.
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Table 7.3: Cross-fold training and validation data statistics for shared mobility sys-
tem.

Original Link Set
for Training

# of Nodes # of Positive
Links (NEp)

# of Negative
Links (NEn)

1 428 12,647 170,109
2 428 13,345 169,411
3 428 14,528 168,228
4 428 14,642 168,114
5 428 12,761 169,995
Validation Set # of Nodes # of Positive

Links (NEp)
# of Negative
Links (NEn)

1 107 1,077 10,265
2 107 887 10,455
3 107 663 10,679
4 107 598 10,744
5 107 1,035 10,307

Table 7.4: Cross-fold training and validation data statistics for vehicle market system.

Original Link Set
for Training

# of Nodes # of Positive
Links (NEp)

# of Negative
Links (NEn)

1 500 1,253 123,497
2 500 1,482 123,268
3 500 1,369 123,381
4 500 1,411 123,339
5 496 1,379 121,381
Validation Set # of Nodes # of Positive

Links (NEp)
# of Negative
Links (NEn)

1 124 117 7,509
2 124 74 7,552
3 124 91 7,535
4 124 76 7,550
5 128 83 8,045

However, this improvement comes at the cost of predicting more false positives,

as evidenced by a higher FPR and a lower TNR.

2) In the case of the shared mobility system with a moderate imbalance issue,

a t-test is conducted to assess the observed increasing trend of recall in both
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Figure 7.5: Confusion matrix results statistics (mean ± standard deviation) for all
tests conducted on both systems.

Figure 7.6: Precision and F1-Score statistics (mean ± standard deviation) of all tests
for both systems.

labeling methods. Our null hypothesis posits that there is no increase in recall.

The resulting p-values for the threshold-based and rank-based methods are far

less than 0.001. Hence, the hypothesis is rejected, Consequently, including

more negative links (that is, as the γ value increases) is beneficial for increasing

recall in both labeling methods, and these increases are statistically significant.

Conversely, in a system with a more serious imbalance issue, the inclusion of

more negative links may lead to a decrease in recall, especially for the threshold-

based labeling method.
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3) The exacerbated imbalance issue contributes to more dispersed performance,

as reflected in the larger standard deviation observed in the plots for the ve-

hicle market system. One potential reason could be attributed to the scarcity

of positive samples relative to the overwhelming number of negative samples,

resulting in greater variability in the model’s predictions.

7.2.3.2 Precision and F1-Score

Furthermore, upon examining the Precision and F1-Score results, we provide ad-

ditional evidence that, in systems with moderate imbalance issues, increasing the

undersampling ratio enhances the overall model performance, leading to a higher F1-

Score. A t-test is conducted, and the resulting p-value is less than 0.001, indicating

the statistical significance of this increase. This positive effect is observed for both

labeling methods. The potential explanation lies in the increased information pro-

vided to the LP model when augmenting the number of negative links. In systems

with more extreme imbalance data, one interesting observation is that an optimal

undersampling ratio (γ = 3) appears to exist, particularly enhancing the predictive

performance of the threshold-based method, resulting in the highest F1-Score. How-

ever, when no sampling method is applied, the vehicle market system exhibits the

highest TNR and precision, along with the lowest recall. This low recall could be at-

tributed to the escalating dominance of negative samples and the scarcity of positive

samples, causing the LP model to exhibit bias toward predicting more samples as

negative. Therefore, when dealing with large and sparse networks, implementing the

proposed undersampling ratio strategy is recommended to determine the optimal γ,

achieving the best trade-off between computational efficiency and model performance.

Lastly, the proposed rank-based labeling method exhibits inferior performance

compared to the threshold-based method for both systems. This discrepancy is at-

tributed to the distinct objectives of the two methods. The threshold-based method

aims to achieve the best F1-Score, while the rank-based method strives to analo-
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Figure 7.7: Predicted network density statistics (mean ± standard deviation) of all
tests for both systems. The density here represents the ratio between the number of
predicted positive links and the total number of possible links.

gize the network size of the system. Consequently, the rank-based method tends

to be conservative in predicting positive links, leading to higher precisions than the

threshold-based method in the shared mobility system. This is visually represented

in Figure 7.7, where it is apparent that the threshold-based method predicts more

positive links for both systems, resulting in a higher density. Particularly for the

vehicle market system, the mean network density for the threshold-based method is

on average three times higher than that of the rank-based method.

In summary, for a system characterized by moderately imbalanced network

data, increasing the undersampling ratio proves effective in enhancing predictive per-

formance, resulting in a larger F1-Score. Conversely, this strategy is not applicable to

systems with extremely imbalanced network data. Moreover, in a broader context, the

threshold-based labeling method consistently outperforms the proposed rank-based

method. The rank-based approach aims to predict a network of comparable size to

the original observed network but sacrifices a portion of prediction accuracy in the

process.
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7.3 Meso-Level Temporal Subsystem-Based STS Dynamic
Analysis

7.3.1 Meso-Level Temporal Subsystem-Based Analysis Framework of Tem-
poral STSs

The proposed meso-level temporal subsystem-based analysis framework of temporal

STSs includes two major steps where the first step is network modeling of dynamic

STSs and the second step is temporal network motif mining and interpretation. Each

step is introduced in detail below.

7.3.1.1 Dynamic Network Modeling

As illustrated in Figure 7.8, the process of dynamic network modeling initiates with

the generation of two-year co-consideration networks, following the same definition

as outlined in Chapter 6. Subsequently, these two networks are synthesized into one,

retaining only the nodes present in both years and the links associated with these

nodes that either manifest in Year 1 or Year 2. Ultimately, the links within the

synthesized dynamic network are color-coded based on their existence status. As

depicted in the right-most block of Figure 7.8, links exclusively present in Year 1

are represented in orange dotted lines, those appearing in both Year 1 and Year 2

are denoted in blue solid lines, and links newly emerging in Year 2 are highlighted

in green dashed lines. Consequently, the colored network allows for the observation

of three distinct types of links. This simplified discrete representation of temporal

information offers several benefits. Firstly, it facilitates preliminary descriptive ex-

ploration of the dynamic evolution of socio-technical systems (STSs) (Skarding et al.,

2021). Additionally, this representation streamlines the temporal subsystem mining

process by seamlessly integrating with existing static motif mining tools.
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Figure 7.8: Dynamic network modeling.

7.3.1.2 Temporal Network Motif Mining and Interpretation

Upon obtaining the colored dynamic co-consideration network, it is input into the

motif mining tool (e.g., FANMOD (Rasche and Wernicke, 2006)) to identify statis-

tically significant temporal competition motif patterns. Within the defined dynamic

co-consideration network context, there are ten temporal motifs with closed forms

and unique structures. This study focuses on patterns that include at least one

link persisting in both Year 1 and Year 2 (blue solid link). These patterns are de-

tailed in Table 7.5, arranged in descending order based on the number of blue solid

links. Furthermore, each pattern is empirically interpreted within the context of

co-consideration networks. This analysis offers valuable insights into the dynamic

competitive landscape among products, enriching our comprehension of consumer

preferences and market dynamics. For instance, companies can identify long-term

competitors by examining the TCM-1 patterns involving their products and assess

potential declines in competitiveness by monitoring their involvement in disadvanta-

geous positions in TCM-4.

7.3.2 Case Study: US Vehicle Market System

In this section, we use the US vehicle market system as a case study to illustrate the

implementation of the proposed framework in Section 7.3.
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Table 7.5: Empirical interpretation of the interested temporal competition motifs.

7.3.2.1 Data Source

The US vehicle market survey data discussed in Section 7.2.2.1 comprises single-year

data, limiting its capacity for dynamic analysis. To overcome this limitation, we

utilize multiple-year survey data from Ford Motor Company spanning 2017 to 2022.

Figure 7.9 presents statistics on respondent numbers and unique car model purchases

each year. For instance, in 2017, there were 161,580 respondents purchasing 430

unique car models. However, a notable drawback of this dataset is its lack of customer
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Figure 7.9: The statistics of the multiple-year US new car buyer survey data.

consideration sets, rendering the generation of co-consideration networks impossible.

To mitigate this challenge, we employ the LP model trained in Section 7.2 to predict

co-consideration relationships among car models annually. Further details on the

prediction process are presented in the subsequent section.

7.3.2.2 Dynamic Co-Consideration Network Modeling

Predicting co-consideration networks across multiple years To strike a bal-

ance between network density, aiming for comparability with the reference (Ahmed

et al., 2022a), and achieving a satisfactory true positive rate, we selected an LP model

for prediction. This model utilizes a rank-based labeling method without sampling,

targeting a true positive rate of 70%. However, the resulting F1-Score is only 0.062.

This low score can be attributed to the persistent challenge of highly imbalanced

data, as discussed in Section 7.2. The imbalance issue often leads the LP model to

misclassify true negative links as positive, thereby lowering precision. Resolving this

imbalance remains a significant challenge requiring further investigation. Neverthe-

less, it is crucial to recognize that the primary objective of this study is to validate

the proposed dynamic analyzing framework. Thus, despite the challenges, the focus

remains on demonstrating the efficacy of our approach in the context of predicting

co-consideration networks.

The prediction results are illustrated in Figure 7.10. Nodes depicted with

larger sizes and darker colors indicate higher popularity in the market, as they are

co-considered with a greater number of unique models. Additionally, the most popular
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Figure 7.10: Predicted co-consideration networks across 2017 to 2021.

model for each year, along with the number of its connections, is listed beneath each

network. For instance, in 2017, Jeep Cherokee was predicted as the most popular car,

connecting with 250 other unique car models. As previously mentioned, we regulate

network density by adjusting the LP model post-processing method to achieve a target

HR@K = 70%. Consequently, these five networks exhibit similar network densities,

approaching 0.24.

Dynamic co-consideration networks After obtaining the co-consideration net-

work for each individual year, we synthesize pairs of consecutive networks and apply

the link coloring method described in Section 7.3.1.1. Consequently, four temporal

networks are generated: 2017 to 2018, 2018 to 2019, 2019 to 2020, and 2020 to 2021.
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Figure 7.11: An example of the dynamic co-consideration networks (2017 to 2018).

An illustration of the temporal networks is provided in Figure 7.11. In this example,

we observe that 277 unique car models maintained their presence in the market from

2017 to 2018, representing approximately 45% of the total 611 unique models across

both years. Among these models, 12,597 co-consideration relationships were formed,

with 58.25% persisting in both years, 26.46% disappearing in the second year, and

15.29% emerging in the second year. Notably, the 2017 Jeep Cherokee emerges as the

most popular model in this dynamic network, co-considered with 176 other models.
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7.3.2.3 Temporal Competition Motif Mining

For the temporal competition motif mining, we employ FANMOD. Table 7.6 presents

the statistics of the top three significant TCMs in the aforementioned four dynamic

co-consideration networks. Analyzing the table empirically, we observe a trend: from

top to bottom, the most significant TCMs transition from embracing new competi-

tors to revealing the loss of competitiveness among existing products. Eventually, we

observe a heightened dynamism in local competition between 2020 and 2021. More-

over, the consistent emergence of TCM-5 in the top two significant positions suggests

that embracing new products to reshape local competitive relations is a recurring

phenomenon across these five years.

7.3.3 Discussion

In this section, we introduce a meso-level temporal subsystem-based analysis frame-

work for temporal STSs, contributing empirical interpretations for six temporal com-

petition motifs. We employ the US vehicle market system as a case study to demon-

strate the implementation of both the framework and the interpretations. However,

two limitations necessitate further investigation. Firstly, the predictive model exhibits

low accuracy, indicated by the low F1-Score. This poor performance is primarily at-

tributed to the highly imbalanced network data of the market, and we have dedicated

efforts to exploring possible solutions in the previous section. Nevertheless, our ob-

jective in this section is to provide guidance on conducting dynamic analysis based

on temporal network motifs. Even though we employ a suboptimal model for pre-

dicting multiple years’ networks, the insights generated are sufficiently generalizable

for future use. Secondly, our analysis in this section concludes with an empirical

examination of the temporal competition motifs. Further exploration is needed to

quantitatively understand these patterns and integrate meso-level temporal competi-

tion information into the product design process. This direction will also guide our

future research endeavors.
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Table 7.6: The statistics of top-3 significant TCMs in each dynamic co-consideration
networks.

7.4 Conclusion

In this chapter, we have made significant contributions to the preliminary exploration

of STS dynamics based on meso-level significant temporal subsystems, addressing

two fundamental challenges associated with this topic. The first challenge pertains

to dynamic data scarcity in STS. Temporal data collection, particularly for complex

systems like market systems, is time-consuming and costly. An accurate predictive

model becomes imperative to forecast STS evolution when data availability is limited.

However, the highly imbalanced nature of STS network data, characterized by sparse
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networks, presents a formidable challenge in developing high-performance LP models.

To tackle this issue, we introduced a comprehensive experimental framework aimed

at investigating the influence of data undersampling with varying sampling ratios

and model postprocessing methods on prediction outcomes using a GNN-based LP

model. Furthermore, we utilized SMS and CPMS, two highly imbalanced real-world

STS network datasets, to underscore the impact of imbalance degree on prediction

performance. This framework offers valuable insights into optimizing the perfor-

mance of GNN-based link prediction models through data sampling and postprocess-

ing methods, without altering the model architecture. It contributes to a broader

understanding of effective strategies for managing highly imbalanced datasets in real-

world STSs.

The second challenge concerns the lack of understanding of temporal subsys-

tem characteristics and their effects on system evolution. To address this gap, we

proposed a meso-level temporal subsystem-based analysis framework, encompassing

dynamic network modeling, significant temporal subsystem mining, and empirical in-

terpretation of identified patterns. We demonstrated the efficiency of this framework

using the US vehicle market system as a case study. The insights gained into the

dynamic characteristics of temporal competition motifs are invaluable for companies

seeking to comprehend their products’ competitiveness in dynamic market environ-

ments. Moreover, this initial endeavor lays the groundwork for subsequent advanced

analyses, such as quantifying a product’s sustained competitiveness. Ultimately, the

proposal of this framework contributes to addressing RQ1 and RQ2 of this disser-

tation from a temporal perspective.
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Chapter 8: Conclusion and Future Works

This chapter provides a summary of the completed research and contribu-

tions of this dissertation, identifying the research challenges inherent in the study of

network-based STS engineering and design. Finally, these challenges prompt consid-

erations for future research opportunities.

8.1 Conclusions and Contributions

This dissertation aims at finding an efficient method to fundamentally understand

the complex interactions between social and technical aspects, and thereby better

engineering and designing STSs. Inspired by existing studies that have proven sub-

systems have significant impacts on system performance across broader domains, the

central hypothesis of this dissertation is that the meso-level statistically significant

connections of individual entities, embedding collective behaviors of entities, are cru-

cial function units of STSs, influencing both macro-level performance and micro-level

interactions, and thus deserve scientific investigation in STS engineering and design.

To gain a deep understanding of what meaningful subsystem information at the meso-

level is and how it can be extracted and used to guide the design of an STS system

to achieve the desired system performance, the research objective of this dissertation

is to develop a novel meso-level network-based framework for STS engineering and

design. This dissertation is driven by answering three research questions :

• RQ1: How can significant meso-level system structures be identified?

• RQ2: What are the influences of the significant meso-level subsystems on the

system performance at the macro level and the interaction mechanism at the

micro level?
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• RQ3: How can meso-level structural information be used to design an STS to

achieve desired macro-level performance and micro-level functionality?

This dissertation has answered these three research questions from three as-

pects:

• The first aspect is understanding what influences the meso-level subsystems on

the macro-level system performance and how to consider this influence during

STS optimal design to achieve desired macro-level performance. The SMS, a

representation of networked large service systems, is taken as the case study

for investigation. Accordingly, two major research tasks are accomplished. The

first one is optimizing STS capacity planning based on network motifs to make

the system robust enough against seasonal demand fluctuations. The second

task is building a high-performance GNN-based link prediction (LP) model and

implementing it to support the validation of STS design decisions.

• The second aspect is learning what influences the meso-level subsystems on the

micro-level individual entities’ functionalities and how to consider this influence

during an entity’s optimal design to achieve desired micro-level functionality.

The CPMS, specifically the US household vacuum cleaner market system, is

taken as the case study for investigation. Accordingly, two research tasks are

accomplished. The first one is associated with employing information retrieval

and survey design to address the STS data scarcity problem. The second one is

applying the identified subsystems to quantify the micro-level individual entity

performance and using the generated quantification to guide the optimal design

of the individual entity.

• The third aspect is understanding the impacts of meso-level subsystems on the

macro-level system performance from the time dimension, i.e., both the macro-

level system and meso-level subsystems are equipped with time information.
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The CPMS, specifically the US vehicle market system, is taken as the case study

for investigation. Accordingly, two research tasks are accomplished. Task One

is exploring potential solutions for the lack of STS dynamic data. Task Two

is implementing the STS network representation and significant subnetwork

mining approaches to build temporal network models and identify significant

temporal subsystems.

The priminary contribution of this dissertation is developing a meso-level

network-based framework for STS engineering and design to enrich the approaches of

system science. More specific contributions are summarized below:

• An information retrieval and survey design framework for STS network data

collection. This framework provides guidelines for two types of network data

collection methods where the first one is by survey design and the second one

is by web-crawling the text data and then using the NER model to extract the

entity co-mentioning relationship data.

• A network motif-based STS robust design framework against seasonal effects.

This framework illustrates the process of significant subsystem identification,

the impacts of the obtained subsystems on the macro-level system performance,

and the applicability of conducting meso-level subsystem-based STS robust de-

sign.

• A complex network-based prediction framework for STS design support with

graph neural network. The proposed link predictive model within this frame-

work outperforms the simple neural network because of the incorporation of

the local network information based on GNN during prediction. In addition,

this predictive model serves as an efficient tool for testing and validating design

decisions.
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• A micro-level entity design framework considering meso-level dependencies. To

the best of our knowledge, this is the first to address the inverse problem, i.e.,

how to achieve the desired system-level performance by promoting the formation

of targeted relations among local entities.

• A comprehensive experimental framework aimed at investigating the influence

of data undersampling with varying sampling ratios and model postprocessing

methods on prediction outcomes using a GNN-based LP model.

• A meso-level temporal subsystem-based analyzing framework of STS dynamics.

This framework shows clues for the preliminary exploration of STS dynamics

based on meso-level significant temporal subsystems.

8.2 Limitations and Future Works

From the research, four challenges and limitations have been identified, which

are summarized below:

• Data availability. The three advanced network techniques integrated into the

proposed STS engineering and design framework, namely network motif, ERGM,

and GNN, are inherently data-driven methods. For instance, both ERGM and

GNN necessitate ample data for reliable model training. However, the avail-

ability of publicly accessible data for STSs has remained limited, impeding

complex model training. This scarcity arises due to several reasons: Firstly,

societal information in STS data is often sensitive and restricted from public

dissemination. Secondly, certain STS data, such as market system data, holds

significant commercial value and is not freely shared. Despite the efforts made

in this dissertation to address this challenge through methods like conducting

surveys, web-crawling public data, and utilizing NLP for data extraction from

online sources, these approaches are constrained by scale and incur high time
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costs. Consequently, the challenge of data availability persists and warrants

further exploration.

• Simplification of real-world problems by assumptions. Despite endeavors to ad-

dress real-world STS engineering and design challenges in this dissertation, cer-

tain assumptions could potentially limit the model’s ability to capture reality,

thereby weakening its validity. For instance, in the design case study outlined

in Section 4.4, it is assumed that all STS design decisions occur at a single time

point, disregarding the dynamic nature of STS design processes. Meanwhile,

during the modeling of trip networks, the possibility of self-loop trips is ignored.

Moreover, in Section 6.3, we formulate the optimization design problem under

the assumption that the frequency of product purchases reflects the product’s

market share. However, it is crucial to conduct further investigation to validate

this assumption. This includes reviewing existing literature and analyzing data

to substantiate the rationale behind this hypothesis. Hence, continued efforts

are needed to relax these assumptions.

• Algorithm optimization for further improvement. While this dissertation presents

several networked algorithms to support STS engineering and design, certain

areas require further structural or algorithmic optimization. These include: 1)

In Chapter 4, the proposed adjacency matrix approximation approaches prove

insufficient to validate new station installation decisions effectively. There is a

need to explore alternative approximation methods to better estimate the net-

work neighborhood information of newly introduced stations. 2) In Chapter 6,

when addressing the product design optimization problem, Algorithm 1 is in-

troduced to count the number of inter-brand triads involving the target product

each time the network structure is re-predicted by ERGM. However, the com-

putational efficiency of this algorithm is notably slow, requiring tens of hours

to complete the computation. This slowdown is likely attributable to ERGM’s

incompatibility with GPU computing. 3) In Chapter 7, despite introducing a
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comprehensive experimental framework to investigate the influence of data un-

dersampling and model postprocessing methods on prediction outcomes using

a GNN-based LP model, identifying model settings with high performance for

highly imbalanced STS network data remains a challenge. Further refinement

is necessary in this aspect.

• Inadequate exploration of STS dynamics. In Chapter 7, a preliminary explo-

ration of STS dynamics based on meso-level significant temporal subsystems was

conducted. However, further investigation is required to address two remain-

ing challenges: 1) The first challenge concerns the dynamic data availability

issue, as highlighted in the first bullet point. Section 7.2 proposed a solution

by developing a GNN-based LP model. Nevertheless, as indicated in the third

bullet point, the quest for a highly accurate model is ongoing. 2) The second

challenge pertains to the lack of quantitative understanding of temporal net-

work motifs. The temporal analysis in Section 7.3 culminated in an empirical

examination of temporal competition motifs. Further exploration is warranted

to quantitatively comprehend these patterns and integrate meso-level temporal

competition information into the product design process.

To address the aforementioned challenges, several future research directions

are proposed:

• Developing advanced large language model (LLM) to extract network data from

publically available text data. Every day, a vast amount of textual content

is generated by individuals in various roles, including customers, researchers,

and product creators, and the majority of this text data is publicly accessi-

ble. However, unlike tabular data, which is well-formatted, unstructured text

data requires multiple post-processing procedures, as illustrated in the exam-

ple provided in Section 5.3. Therefore, one of our future research directions is

to develop an advanced Language Understanding Model (LLM) by integrating
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techniques such as Named Entity Recognition (NER) and sentiment analysis.

This integration aims to extract entity interaction information from the exten-

sive pool of public text data, thereby further addressing the data availability

issues encountered in STSs.

• Relax unrealistic assumptions to model the real-world scenarios. Expanding

upon the simplification models proposed in this dissertation, our future work

aims to address the challenges posed by real-world scenarios by relaxing unreal-

istic assumptions. Specifically, for the design case study outlined in Section 4.4,

we intend to account for self-loops and incorporate time dimension features for

each design decision to capture the dynamic nature of STS design processes.

Regarding the product optimization problem discussed in Chapter 6, our inten-

tion is to explore existing economic literature to ascertain the true relationship

between the frequency of product purchases and market share. Additionally,

we aim to utilize additional datasets, such as vehicle market data, to further

investigate the validity of our proposed assumption.

• Enhancing the accuracy of the LP model using advanced GNN techniques. As

discussed earlier, the challenge of inaccurate network prediction poses a signif-

icant obstacle in various studies within this dissertation, such as the product

design framework presented in Chapter 6 and the prediction of STS dynamic

network data in Chapter 7. Therefore, there is a critical need to develop a more

precise LP model to enhance the reliability of these studies and their outcomes.

Two potential avenues for improvement are: 1) refining the structural config-

uration of the GNN by leveraging recent advancements in GNN models, and

2) investigating additional undersampling and post-processing methods, and

exploring their integration with GNN models to optimize performance.

• Continued exploration of STS dynamics. This involves two future research di-

rections: 1) Quantifying the influence of identified temporal network motifs on

both macro-level system and micro-level individual entity evolution in an STS.
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This can be achieved through statistical methods (e.g., counting the frequency

of individual entities involved in each dynamic pattern) or neural network meth-

ods (e.g., developing a dynamic GNN predictive model including these temporal

patterns’ information and investigating whether its inclusion improves predic-

tive performance); 2) developing a method to integrate the information from

temporal motifs into the design process of both the system and individual en-

tities, guided by the quantification obtained.
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Appendix A: Validating the linear relationship

between α and β

Based on Equation 3.1, all the possible calculation of α and β, depending on

whether c values are larger than 0 or not, are enumerated as follows:

1) If c1 > 0, c2 < 0, and c3 < 0:

β = c1, α =
1

2
|c2 + c3|, (A1)

So, β = 2α. (A2)

Similar relationship can be achieved when c2 > 0, c1 < 0, and c3 < 0 or c3 > 0,

c1 < 0, and c2 < 0.

2) If c1 > 0, c2 > 0, and c3 < 0:

β =
1

2
(c1 + c2), α = |c3|, (A3)

So, β =
1

2
α. (A4)

Similar relationship can be achieved when c1 > 0, c3 > 0, and c2 < 0 or c2 > 0,

c3 > 0, and c1 < 0.

3) If c1 = 0, c2 > 0(< 0), and c3 < 0(> 0):

β = c2, α = |c3|, (A5)

So, β = α. (A6)
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Similar relationship can be achieved when c1 > 0(< 0), c2 = 0, and c3 < 0(> 0) or

c1 > 0(< 0), c2 < 0(> 0), and c3 = 0.

4) If c1 = 0, c2 = 0, and c3 = 0:

β = α = 0. (A7)

Therefore, the linear relationship between α and β is validated.
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Appendix B: Divvy Bike motif Z-score ranks in

2014-2016

From Table B1 to Table B3, the same trend described in Section 3.3.2 is further

verified that the motifs with higher transitivity are more likely to be significant. This

is also the reason that motif 238 and 46 are always ranked highest while motif 78

lowest in almost all networks.

Table B1: Divvy Bike motif Z-score ranks of each month in 2014.

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
238 238 238 46 46 46 46 46 166 46 238 238
102 174 46 238 166 166 166 166 46 102 166 102
174 46 102 102 102 102 238 102 238 166 102 46
38 102 166 166 238 238 102 238 102 238 46 166
46 38 174 38 38 38 14 164 38 38 174 174
166 166 38 174 12 164 164 14 12 14 38 38
140 140 140 140 164 14 38 12 14 12 12 140
36 12 12 12 14 12 140 38 164 164 140 12
12 36 6 14 140 140 12 140 140 140 36 36
6 6 36 164 174 174 6 174 174 174 6 6
164 164 164 6 6 6 174 6 36 6 164 164
14 14 14 36 36 36 36 36 6 36 14 14
78 78 78 78 78 78 78 78 78 78 78 78
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Table B2: Divvy Bike motif Z-score ranks of each month in 2015.

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
238 238 238 238 46 46 46 46 46 46 102 238
102 174 166 166 166 166 166 166 166 166 166 102
166 102 102 46 102 102 102 102 102 102 238 46
174 46 46 102 238 238 238 238 238 238 46 166
46 166 174 38 38 38 38 38 38 38 174 174
38 38 38 174 140 140 140 140 140 174 38 38
140 140 140 140 174 12 12 12 174 140 140 140
12 12 12 12 12 174 174 174 12 12 12 12
36 36 36 164 164 164 164 164 164 14 6 6
6 6 6 14 14 14 14 14 14 6 36 36
14 164 164 36 6 6 6 6 6 164 164 164
164 14 14 6 36 36 36 36 36 36 14 14
78 78 78 78 78 78 78 78 78 78 78 78

Table B3: Divvy Bike motif Z-score ranks of each month in 2016.

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
238 238 102 102 46 46 46 46 46 46 46 238
102 102 46 46 166 166 102 102 102 102 102 102
174 166 238 166 102 102 166 166 166 166 166 166
166 46 166 238 238 238 238 238 238 238 238 174
46 174 38 38 38 38 38 38 38 38 38 46
38 38 174 174 140 12 140 174 140 174 174 38
140 140 140 140 174 140 174 140 174 140 140 140
12 12 12 12 12 174 12 12 12 12 12 12
36 36 6 6 14 14 164 6 14 36 6 36
6 6 36 164 164 164 14 14 6 14 36 6
14 164 14 36 6 6 6 164 164 6 14 14
164 14 164 14 36 36 36 36 36 164 164 164
78 78 78 78 78 78 78 78 78 78 78 78
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Appendix C: Details of Optimization Problem

Formulation and Solving for Extension Case

Figure C1 presents the formulated optimization problem for the extension

case, where g(y(X)) = [NR1, NR2]. The primary difference from the pre-update case

is in the objective function, which now reflects the estimated relationship between

the number of times product purchases u and the updated g(y(X)) = [NR1, NR2].

Algorithm C1 calculates the objective value for the extension case. The key

differences from Algorithm 1 include: 1) In row 1, Algorithm 1, which contains all po-

tential inter-brand triadic closures involving P369. In contrast, Algoritm C1 provides

SR1 for all potential inter-brand triadic closures and SR2 for all potential intra-brand

triadic closures involving P369. 2) From row 13 to row 21 in Algorithm C1, the

existence probability of each intra-brand triadic closure is calculated. Correspond-

ingly, rows 29 to 34 count the number of existing intra-brand triadic closures. 3) Row

35 in Algorithm C1 returns the objective value calculated by the updated objective

function.
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Figure C1: The optimization problem formulation corresponding to g(y(X)) =
[NR1, NR2].
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Algorithm C1 Objective Value Calculation

1: Given V , SR1, SR2, x
P369
s , xP369

w , xP369
p , θest

2: Initiate L = 100
3: Simulate L networks Yl, (l = 1, ..., L) with the given xP369

s , xP369
w , xP369

p , and
estimated ERGM parameters θest

4: for m = 1 to MR1 do
5: count = 0
6: for l = 1 to L do
7: if ym

P369,Vi,Vj
exists in Yl then

8: count = count+ 1
9: end if
10: end for
11: Pr(ym

P369,Vi,Vj
) = count/L

12: end for
13: for m = 1 to MR2 do
14: count = 0
15: for l = 1 to L do
16: if ym

P369,Vi,Vj
exists in Yl then

17: count = count+ 1
18: end if
19: end for
20: Pr(ym

P369,Vi,Vj
) = count/L

21: end for
22: Prthreshold = Median(Pr(ym

P369,Vi,Vj
))

23: for m = 1 to MR1 do
24: NP369

R1 = 0
25: if Pr(ym

P369,Vi,Vj
) > Prthreshold then

26: NP369
R1 = NP369

R1 + 1
27: end if
28: end for
29: for m = 1 to MR2 do
30: NP369

R2 = 0
31: if Pr(ym

P369,Vi,Vj
) > Prthreshold then

32: NP369
R2 = NP369

R2 + 1
33: end if
34: end for
35: Return u = exp(0.227 + 0.097NP369

R1 − 0.002(NP369
R1 )2) + 0.204NP369

R2 −
0.014(NP369

R2 )2)
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