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ABSTRACT: Modular offsite construction (MOC) has emerged as a key solution to address the global 
demand for efficient and sustainable construction methods. Despite its advantages, MOC faces challenges 
in factory-based manufacturing, where 70% of construction activities occur. Key challenges include 
inefficient facility layouts and logistics, limited visibility into process inefficiencies, and suboptimal 
workspace planning and ergonomics. Thus, considerable efforts have been made to overcome these 
challenges by considering spatial organization, production flow, and resource allocation. However, these 
studies are often fragmented, failing to account for the dynamic interdependencies among operational, 
technical, managerial, and logistical decision-making factors. Consequently, the literature lacks holistic 
decision-making models that capture the collective impact of these interconnected factor categories on 
production performance. Accordingly, this paper identifies and analyzes key decision factors in offsite 
manufacturing, laying the groundwork for developing future holistic decision-making models. As such, our 
mixed-review methodology involves: (1) conducting a systematic literature review spanning the last two 
decades using Scopus database and following the Preferred Reporting Items for Systematic Reviews and 
Meta-Analyses (PRISMA) guidelines; (2) performing a qualitative inductive thematic analysis to identify 
explicitly and implicitly incorporated factors in various decision-making tools within the literature; (3) 
employing a quantitative social network analysis (SNA) to identify prominent factors using the degree 
centrality measures, and utilizing edge weights to uncover understudied relationships among factors; and 
(4) identifying gaps and strengths in the literature based on the SNA results and outlining actionable future 
research directions. The results revealed gaps in integrating lean principles, sustainability, and logistical 
factors, suggesting that crucial synergies remain underexplored. Accordingly, this paper proposes future 
research directions for developing comprehensive decision-making models to support scholars in 
optimizing manufacturing processes, enhancing sustainability, and achieving improved performance. 
 
1. INTRODUCTION  
 
Modular offsite construction (MOC) has rapidly gained global prominence as a practical approach to 
mitigating chronic labor shortages, frequent schedule overruns, and sustainability challenges inherent in 
traditional construction (Pan and Goodier 2012). MOC entails offsite manufacturing of building components 
in a controlled factory environment and transporting them to the construction site for final assembly. This 
approach shifts a significant portion of the construction process to specialized factories, streamlining 
production, reducing waste, and improving quality assurance (Blismas et al. 2006). Despite these benefits, 
offsite manufacturing is characterized by fast-paced, nonlinear, intricate procedures with minimal 
standardization and is subject to cyclical demand (Arashpour et al. 2015). Existing research has attempted 
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to model these complex production features through various approaches, including mathematical modeling 
and simulation (Hussein et al. 2021). However, these studies often focus on isolated decision factor 
categories, including time, design, cost, and sustainability. As a result, current offsite manufacturing 
decision-making models do not reflect the diverse and interdependent factors that influence production 
performance. Identifying decision-making factors is critical in MOC as it enables stakeholders to evaluate 
options systematically, reduce uncertainties, and optimize project outcomes. Recently, diverse 
methodologies, such as multi-criteria analyses (Daget and Zhang 2019), Analytical Hierarchy Process 
(Attouri et al. 2022), and Social Network Analysis (SNA) (Abdul Nabi and El-adaway 2020), have been 
utilized to systematically identify, evaluate, and prioritize decision factors relevant to various aspects of 
MOC. However, these works predominantly focus on higher-level project planning and system selection, 
leaving offsite manufacturing decision-making largely unexplored.  
 
SNA is a graph-based methodology that investigates networks by examining relationships among their 
components (Otte & Rousseau, 2002). This approach has effectively revealed research gaps and synergies 
in construction, including uncovering key themes in Building Information Modeling research (Hosseini et al., 
2018), identifying dynamic factors that impact construction performance (Abotaleb & El-adaway, 2018), and 
modeling construction business failures (Assaad & El-adaway, 2020). Accordingly, this paper uses a mixed-
method approach based on SNA to holistically study and map the diverse decision factors influencing offsite 
manufacturing. The paper aims to (1) identify a comprehensive list of factors affecting the decision-making 
processes in offsite manufacturing; (2) study the level of inclusion, interconnectivity, and synergy between 
the factors in developed decision-making models and frameworks; and (3) highlight the understudied 
factors synergy and develop a road map to areas that need further investigation concerning decision-
making in offsite manufacturing. It is essential to note that quantifying the impact of each factor on project 
performance is beyond the scope of this paper. Future research should aim to conduct such studies to 
validate and measure the significance of these factors in real case studies.  
 
 
2. METHODOLOGY 
 

2.1 Systematic Literature Selection 
 
This paper employs a mixed-methods approach, integrating a systematic literature review with qualitative 
and quantitative techniques. The authors selected literature published between 2000 and 2024 in the 
Scopus database. This timeframe was chosen because (i) 20 years is common in reviews of recent trends; 
(ii) MOC has grown significantly in the past two decades; and (iii) publication rates before 2000 were notably 
low, with approximately one article per year (Zaalouk et al. 2023). As demonstrated in Figure 1, the authors 
systematically reviewed the relevant literature using the Preferred Reporting Items for Systematic Reviews 
and Meta-Analyses (PRISMA) guidelines. 
 

2.2 Qualitative Analysis 
 
Based on the selected studies, this phase aims to identify the decision factors influencing offsite 
manufacturing. This examines how these factors are implicitly and explicitly incorporated into various 
decision-making tools within the literature. Two researchers independently examined the full texts of the 
included studies through an inductive thematic analysis. Subsequently, they systematically extracted key 
factors and analyzed how each was utilized within decision-making frameworks and operational models. 
To minimize subjectivity, the identified factors were recorded using a standardized Excel spreadsheet, with 
instances of synonymous terms consolidated under unified labels. Discrepancies between the researchers 
were resolved through discussion, ensuring consistency and reliability in the extraction process.  
 

2.3 Quantitative Analysis 
 
As previously highlighted, the authors utilized SNA to visually and quantitatively examine the level of study 
of the identified decision factors in the developed models and frameworks. This constitutes a micro-level 
analysis of the studied decision factors and their inclusion and interconnectivity in previous related studies. 
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In implementing SNA, the authors compiled a reference matrix by listing the decision factors in rows and 
source articles in columns, marking cells with one if a factor appears in an article and zero otherwise. Using 
Python, the reference matrix was converted into an adjacency matrix by multiplying it by its transpose and 
setting the diagonal values to zero. Subsequently, an undirected social network was developed using 
Gephi, where each node represents a decision factor, and an edge between any two nodes indicates that 
these factors co-occurred in at least one study. To gauge the prominence of each factor, we computed its 
weighted degree centrality (DC) by summing the weights of all connected edges and then normalized these 
values by dividing by the maximum observed degree, yielding a scale from 0 to 1. Factors with high DC are 
interpreted as deeply integrated in current research, while low values suggest underexplored topics. 
Accordingly, the edge weights of these nodes were analyzed to distinguish well-studied from under-
researched relationships and identify potential research gaps. Readers interested in detailed steps for 
constructing such networks and computing centrality measures can refer to Abdul Nabi & El-adaway (2020). 
 

 
Figure 1 Overview of the research methodology 

  
 
3. RESULTS AND ANALYSIS 
 

3.1 Systematic Literature Review Results 
 
Based on insights from the literature, the selected articles were first classified into three primary categories: 
production logistics, planning, and management (see Table 1). This categorization captures the distinct yet 
interrelated stages of offsite production operations, serving as a structural framework for our subsequent 
network analysis and gap identification. Production logistics defines long-term production strategies 
required to achieve business objectives. Its scope includes operation-related decisions, such as structuring 
factory zones, resource flow, and coordinating high-level supply chain requirements. The goal is to establish 
a harmonized environment where physical space, resource usage, and external logistics interact 
cohesively. The production logistics category has two reported thematic groups: facility layout design (FLD) 
and supply chain coordination. The FLD problem is centered on devising the most effective arrangement 
and optimal sizes of production zones, storage areas, material handling paths, and ancillary services within 
a factory setting (Yang and Lu 2023). The production planning category translates strategic decisions into 
tangible scheduling and resource allocation frameworks that guide day-to-day operations. It encompasses 
production line design, scheduling, and resource planning. Production line design is typically the first step, 
defining workstation layouts and spatial arrangements. It aims to configure line geometries (e.g., I, L, U 
shapes) and rearrange workstations to streamline the flow of materials, labor, and information. Once the 
line configuration is set, scheduling determines the optimal module production sequence, and resource 
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allocation ensures that workstations receive the required labor, equipment, and materials. The third 
category, Production Management, involves ongoing supervision and refinement, mainly focusing on short-
term planning. The literature identifies four central themes within this category that facilitate short-term 
monitoring: process optimization, manufacturability analysis, ergonomic analysis, and energy management.  
 

Table 1 Selected studies in the literature categories 

Category Article 

Logistics (Ahn et al. 2022; Assaf et al. 2024; Chen et al. 2019; Cheung et al. 2002; Du et al. 2019; Hsu et 
al. 2018, 2019; Salari et al. 2022; Tavares et al. 2019; Wei et al. 2024; Yang and Lu 2023; Zhang 
et al. 2023)  

Planning (Abu Hammad et al. 2008; Al-Bazi and Dawood 2010; Banerjee et al. 2006; Benjaoran et al. 
2005; Bhatia et al. 2022; Cao et al. 2022b; Gartner et al. 2024; Hyun et al. 2021; Kim et al. 
2020; Ko and Wang 2011; Lee et al. 2017; Li et al. 2018; Liu et al. 2021b; Mehrotra et al. 2005; 
Nam et al. 2019; Nasirian et al. 2019; Wang et al. 2018b; Wang and Hu 2017, 2018; Xie et al. 
2023)  

Management (Afifi et al. 2022; Ayinla et al. 2022; Barkokebas et al. 2023; Han et al. 2012; Lachance et al. 
2023; Malik et al. 2021; Martinez et al. 2020a; b; Nasereddin et al. 2007; Orlowski 2019; Tao et 
al. 2018; Xu et al. 2023, 2024; Yin et al. 2009) (Cao et al. 2022a; Khalili and Chua 2013; Liang 
et al. 2024; Liu et al. 2021a; Malik et al. 2019; Wang et al. 2018a)  (Li et al. 2019; Nam et al. 
2020; Wang et al. 2021, 2023) (Chippagiri et al. 2023; Xu et al. 2019)   

 
A comprehensive set of 39 decision factors that influenced offsite manufacturing was identified throughout 
these categories. Figure 2 Illustrates how these factors appear across the selected articles, which were 
organized into seven groups: 

• Cost-related factors (F1–F9) including direct resource costs, resource transportation costs, 
overheads, equipment investment, unitary production cost, delay/tardiness, overtime, changeover 
costs, and electricity/fuel expenses. 

• Time-related factors (F10–F16) encompassing task sequencing, processing times, 
disruptions/delays, transportation schedules, production demand, onsite schedules, and factory 
operational schedules. 

• Design and engineering factors (F17–F19) covering module weight/size, module specifications, and 
product mix. 

• Logistical factors (F20–F30) addressing shop capacity, storage capacity, material inventory/handling, 
workstation design, material requirement, production line design, factory layout, and resource 
characteristics, competence, productivity, and requirement. 

• Environmental and energy factors (F31–F33) tracking material and resource emission factors and 
energy consumption. 

• Lean manufacturing-related factors (F34–F37) focusing on lean layout & flow optimization, lean 
scheduling, lean resource planning, and performance measurement. 

• Quality-related factors (F38–F39) encompassing the quality of prefabricated modules and quality 
control implementation. 

 

3.2  Quantitative Analysis Results 
 
3.2.1    Production logistics  
 
The network analysis indicates that dominant factors such as F20 (Shop Capacity) and F19 (Product Mix) 
have yielded high normalized values of 1.00 and 0.76, respectively. These findings suggest that existing 
literature adequately addresses crucial elements in determining a facility's maximum output and managing 
product variety. As illustrated in Figure 3(I), there is a strong synergy among F20 (Shop Capacity), F13 
(Transportation Schedule), and F21 (Storage Capacity). This alignment is supported by supply chain 
coordination studies that align shop production capacity with every stage of the supply chain, which enables 
timely delivery and minimizes backlog (Ahn et al. 2022; Hsu et al. 2018; Salari et al. 2022; Zhang et al. 
2023). In contrast, facility layout design (FLD) literature has integrated F2 (Resource Transportation Cost) 
and F30 (Resource Requirement), as evidenced by their moderate DC values of 0.43 and 0.51, 
respectively. For instance, Yang and Lu (2023) demonstrated how these variables impact facility layouts 
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by optimizing resource flows and transportation costs. However, FLD studies often overlook other critical 
components, including the flow of raw material and information (e.g., shop drawings). This is evidenced by 
the lack of synergy between F24 (Material Requirements) and F30 (Resource Requirement) in the 
production logistics category, which may lead to suboptimal facility design. Spatial constraints in facility 
layout design introduce an additional layer of complexity. While the literature emphasizes the need to 
reduce bottlenecks and maximize spatial utilization, it often overlooks potential issues related to congestion, 
collisions, and dynamic resource interactions. For example, Chen et al. (2019) proposed a method for 
systematically arranging production zones and resource paths. Nevertheless, the literature has not 
adequately addressed the integration of F26 (Factory Layout) with F27 (Resource Characteristics), which 
refers to the physical attributes of resources, including dimensions, shape, and maneuverability. As a result, 
even well-designed production zone configurations may fail to account for inherent spatial limitations and 
congestion risks. Moreover, a significant gap in production logistics arises from the insufficient application 
of lean manufacturing principles in facility layout design. This is highlighted by the lack of synergy between 
F34 (Lean Layout) and F2 (Resource Transportation Cost). Implementing a lean-based layout design, 
which identifies value-adding and non-value-adding activities, could help minimize unnecessary labor and 
machine transportation. Lastly, sustainability assessments in production logistics are notably 
underdeveloped. Although layout design significantly influences operational performance and 
environmental impact, a considerable gap exists in integrating F33 (Resource Energy Consumption) and 
F30 (Resource Requirement). For example, while some studies have evaluated environmental impacts 
within the MOC supply chain (Du et al., 2019), none have examined how energy consumption is influenced 
by facility design in the context of overall sustainability. 
 

 
Figure 2 Mapping the identified decision factors to the analyzed articles in the literature. 

 
3.2.2    Production planning  
 
Figure 3(II) highlights F10 (Activity Sequencing) and F11 (Processing Times) as the most influential factors 
in this category, with DC values of 1.00 and 0.92, respectively. This finding aligns with the prevalent 
emphasis on accurate production scheduling, which involves sequencing production orders to achieve 
efficient throughput (Benjaoran et al., 2005). Moderate DC values for F14 (Production Demand), F15 
(Onsite Schedules), F6 (Delay Cost), and F16 (Factory Operational Schedule) further underscore the 
industry's emphasis on developing production schedules that accommodate fluctuating production demand. 
As such, these schedules must align with shop capacity and the factory operational schedule to minimize 
delays and reduce costs (Kim et al., 2020). An efficient scheduling process should also consider the limited 
resources, which is underscored by the high DC value for F30 (Resource Requirement). Moreover, F25 
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(Production Line Configuration) demonstrated moderate values in scheduling, indicating the significance of 
accounting for required buffer and clearance space for efficient production (Ko & Wang, 2011). Conversely, 
the literature reveals a significant limitation in collaborative scheduling, which often fails to consider the 
impact of various supply chain-related factors necessary for creating a practical schedule. For instance, 
there is infrequent integration of F13 (Transportation Schedules) with scheduling-based factors such as 
F10 and F11. The network analysis also uncovers a notable gap between F11 and F33 (Resource Energy 
Consumption), as existing scheduling trade-off optimization models rarely consider energy aspects. 
Furthermore, resource planning is conducted at a macro level without considering individual workstation 
needs. This disconnect is illustrated by the relationship between F30 (Resource Requirement) and F23 
(Workstation Design). For example, while Al-Bazi and Dawood (2010) and Gartner et al. (2024) effectively 
developed methods to allocate resources to overall production lines, they didn’t adequately address 
essential issues such as workstation space congestion and workspace clearance requirements.   
 

 
Figure 3 SNA results for (i) production logistics, (ii) production planning, and (iii) production management 

 
3.2.3    Production management 
 
The quantitative analysis reveals that F30 (Resource Requirement) is the most critical factor in production 
management, with a normalized weighted DC of 1.00. This finding emphasizes the literature’s strong focus 
on efficiently allocating labor and equipment in managing production operations. Additionally, F23 
(Workstation Design and Capacity), F18 (Module Specifications), F10 (Activity Sequencing), and F11 
(Processing Time) also demonstrated high DC scores, ranging from 0.67 to 0.90 (see Figure 3(iii)). F10 
and F11 are heavily utilized in all production simulation and analysis applications related to process 
optimization. Regarding manufacturability analysis, research has highlighted the interconnection between 
F23 and F18 (Khalili and Chua 2013), suggesting that a workstation's capacity should directly influence 
module design. Similarly, Cao et al. (2022a) developed a method that assesses a proposed module design 
based on immediate production efficiency. However, F18 (Module Specifications) and F23 (Material 
Emission) have not been incorporated into the theme of the manufacturability analysis. This reflects a 
significant gap in current approaches (Liu et al. 2021a), which often overlook sustainability factors such as 
circular economy considerations regarding recyclability and design for disassembly. Current approaches in 
the energy management theme have not integrated F22 (Material Handling) and F33 (Resource Energy 
Consumption). Although the literature has focused on quantifying resource energy consumption and 
emissions during production, it has largely overlooked the effects of resource transportation (Tao et al. 
2018; Xu et al. 2023, 2024). This oversight fails to account for emissions and fuel consumption from moving 
materials, machinery, or personnel between stations and storage areas. Finally, existing ergonomic 
assessments typically model tasks as static instances, failing to account for their repetitive cycles within 
production schedules. This limitation is particularly evident in applications that lack synergy between F14 
(Production Demand) and schedule factors (Wang et al., 2023). This disconnect can reduce the accuracy 
of ergonomic risk assessments and lead to underestimating the cumulative physical strain imposed on 
workers during a working shift. 
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4. FUTURE RESEARCH NEEDS 
 
Building on the insights from our literature review and the results of our network analysis, several key 
research gaps emerge across the identified literature categories. Table 2 summarizes these gaps, outlines 
the future needs for addressing them, and proposes corresponding research actions to guide future studies 
in offsite manufacturing. 
 

Table 2 Mapping research gaps to future needs 

 Research Gaps 
Future 
Needs 

Research Actions 

P
ro

d
u

c
ti
o

n
 L

o
g
is

ti
c
s
 

Lack of holistic integration of raw material, 
resource, and information flows (e.g., shop 
drawings) to optimize facility layout design. 

Integrated 
Flow Facility 
Design 

Develop coordinated layout models synchronizing 
material supply, resource allocation, and 
information exchange. 

Inflexible layouts fail to account for 
congestion, collisions, or dynamic 
interactions of resources.  

Adaptive 
Spatial 
Modeling 

Use 3D simulation to incorporate spatial 
constraints and resource maneuverability to 
reduce collisions and bottlenecks. 

Traditional layouts often omit lean 
principles, resulting in labor and material 
handling inefficiencies.  

Lean Facility 
Design 

Identify and remove non-value-added tasks (e.g., 
excessive movement) using lean methods to 
streamline workflows. 

Limited environmental metrics 
(energy/emissions) integrated into facility 
design decisions.  

Sustainable 
Design 
Integration 

Embed eco-performance indicators (e.g., energy 
usage, emissions) into layout planning to foster 
environmentally sound operations. 

P
ro

d
u

c
ti
o

n
 P

la
n
n

in
g

 

Fragmented scheduling that fails to align 
internal production tasks with broader 
logistics, including transportation and on-
site assembly.  

Collaborative 
Scheduling 
Systems 

Develop integrated scheduling frameworks linking 
factory tasks, transport schedules, and onsite 
demands. 

Ignoring energy usage trade-offs in 
scheduling, missing opportunities for cost 
and environmental gains.  

Energy-
Conscious 
Scheduling
  

Design models that balance throughput with off-
peak energy usage, reducing costs and carbon 
footprints. 

Macro-level resource planning that 
overlooks workstation-level spatial 
constraints, causing inefficiencies and 
mismatched allocations  

Granular 
Resource 
Allocation
  

Develop planning models incorporating station-
specific design constraints, factoring equipment 
configuration, workforce competence, and varying 
resource demands for more accurate allocations. 

P
ro

d
u

c
ti
o

n
 M

a
n

a
g
e

m
e

n
t Overlooking circular economy concepts, 

such as recyclability and design for 
disassembly, in design.  

Circular 
Production 
Strategies 

Integrate lifecycle thinking into manufacturability, 
evaluating reuse and recycling to extend 
sustainability beyond near-term efficiency. 

Energy management often overlooks the 
comprehensive scope of material 
movement, equipment cycles, and worker 
logistics.  

Comprehens
ive Energy 
Management 
Frameworks 

Expand models to capture all energy factors 
(transport paths, equipment usage, workforce 
logistics) for a holistic environmental assessment. 

Treating tasks as static underestimates the 
risk of repetitive strain and the impact of 
shifting workflows, thereby undermining 
ergonomic evaluations.  

Dynamic 
Ergonomic 
Assessment 

Create real-time posture/fatigue monitoring tools 
to adapt workstations, reducing strain while 
preserving productivity. 

 
 

5. CONCLUSIONS 
 
This paper aimed to identify key decision-making factors and outline future research directions for offsite 
manufacturing. A systematic literature review, conducted according to PRISMA guidelines, analyzed 57 
peer-reviewed articles published between 2000 and 2024 to identify operational manufacturing challenges. 
An inductive thematic analysis identified a comprehensive set of 39 decision factors, organizing them into 
seven groups: cost, time, design, logistical, environmental, lean manufacturing, and quality-related factors. 
Subsequent SNA mapping and quantification revealed the interrelationships among these factors, 
highlighting both well-studied domains and critical gaps. The analysis highlighted the under-exploration of 
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lean principles, sustainability, and logistical factors. Future research directions highlight guidelines for 
integrating these factors into MOC holistic decision-support frameworks to enhance production efficiency, 
reduce operational costs, and promote sustainability.  
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