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ABSTRACT: The increasing digitization of construction management has created opportunities for artificial 

intelligence (AI), robotics, cloud architectures, and large language models (LLMs) to support planning, coordination, 

monitoring, and operational decision-making. However, scalability remains a fundamental challenge because 

construction environments are characterized by heterogeneous workflows, distributed information, changing 

operational conditions, and uneven levels of technological adoption. This research and review paper examines the 

principal scalability constraints affecting AI-driven construction management and investigates how robotics and LLM 

integration can address selected operational and informational limitations. The study adopts a conceptual qualitative 

methodology based on grounded-theory principles, systematic interpretation of the provided literature, and cross-

domain synthesis. The analysis identifies four interconnected scalability dimensions: technological infrastructure, 

organizational routines, human-system interaction, and learning and decision-support capacity. Cloud-oriented 

architectures provide a foundation for distributed computational access, while research on learning systems indicates 

that sustained technology adoption depends on perceived usefulness, quality, task value, and user capability. 

Grounded-theory studies further indicate that organizational routines and methodological processes influence how 

emerging technologies become embedded in operational practice. Within this framework, robotics can extend AI from 

informational decision support toward physical execution, whereas LLMs can improve the accessibility, 

interpretation, and coordination of heterogeneous construction information. The paper proposes an integrated 

scalability framework in which infrastructure, organizational routines, human learning, LLM-based intelligence, and 

robotic execution are treated as mutually dependent components rather than isolated technologies. The findings 

indicate that scalability should be understood not merely as increasing computational capacity but as the ability to 

expand AI-enabled construction processes without proportionally increasing coordination complexity, training 

requirements, or operational risk. 
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1. Introduction 

Construction management increasingly depends on 

digital systems capable of coordinating information 

across planning, scheduling, resource allocation, 

monitoring, quality management, and operational 

execution. The scalability of these systems, however, 

cannot be evaluated solely through computational 

performance. A construction organization may possess 

technically capable AI systems while remaining unable 

to scale them because data are fragmented, 

organizational routines are poorly aligned, employees 

lack sufficient technological competence, or decision-

making processes remain dependent on manually 

interpreted information. Consequently, scalability 

represents a socio-technical problem involving 

infrastructure, organizational behavior, information 

quality, learning, and operational execution. 

Cloud-based architectures illustrate one technological 

pathway for scaling digital services. Distributed 

architectures can provide flexible access to computational 

resources and information systems across geographically 

dispersed users, reducing dependence on localized 

infrastructure (Almotiry et al., 2021). In construction, a 

comparable architecture can support project managers, 

engineers, robotic systems, and AI applications through 

shared digital environments. Nevertheless, infrastructure 

alone does not guarantee organizational scalability. 

Research concerning technology-supported learning 

demonstrates that continued use depends on perceptions 

of quality, usefulness, task value, and the user's ability to 
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engage with the technology (Cheng, 2014; Lee et al., 

2020). 

The problem becomes more complex when AI is 

integrated with physical construction robotics and 

LLM-based interfaces. Conventional automation is 

often designed around relatively stable workflows, 

whereas construction sites contain variable 

environmental conditions and changing task 

requirements. LLMs can potentially mediate between 

human instructions, project documentation, operational 

data, and machine-readable procedures. Robotics can 

then translate selected decisions into physical actions. 

This creates an integrated intelligence-execution 

pathway, but it also introduces new requirements for 

reliability, coordination, validation, and human 

oversight. 

The relevance of this issue is reinforced by research 

on organizational routines. Lin and Shang (2017) 

conceptualize organizational routines through 

construct dimensions that help explain how recurring 

activities become embedded within organizations. For 

AI-driven construction management, this implies that 

technological scalability depends partly on whether AI-

supported processes can become repeatable and 

institutionally accepted routines rather than remaining 

isolated pilot projects. 

The present paper therefore investigates how 

scalability constraints can be conceptualized within AI-

driven construction management and how robotics and 

LLM integration may provide opportunities to 

overcome selected constraints. The objectives are to 

identify the principal technological, organizational, 

learning, and procedural barriers to scalability; 

synthesize the theoretical implications of the provided 

literature; develop a conceptual framework linking 

LLM intelligence with robotic execution; and identify 

practical conditions under which AI-enabled 

construction systems may scale sustainably. 

The study is significant because it shifts attention 

from the simple adoption of AI toward the conditions 

required for repeated and expanding deployment. The 

analysis also treats human learning and organizational 

routines as core elements of technical scalability. This 

perspective is consistent with evidence that technology-

supported processes require both functional quality and 

user engagement to achieve continued adoption (Lee et 

al., 2020). Furthermore, the engineering perspective on 

automated testing demonstrates the broader 

importance of structured automation frameworks for 

improving repeatability, consistency, and quality 

assurance in complex digital environments 

(Ramamurthy, 2023). 

   2.    Literature Review 

   2.1 Technological Infrastructure and Scalability 

Almotiry et al. (2021) examine hybrid cloud 

architecture in higher education and demonstrate the 

relevance of distributed computational architectures for 

supporting complex information systems. Although the 

application context differs from construction, the 

architectural principle is transferable. Construction 

projects generate information across multiple 

organizational and operational locations, making 

centralized and rigid infrastructure potentially 

inadequate for large-scale digital integration. Hybrid 

architectures can conceptually provide a mechanism 

through which computational resources and data 

services are distributed while maintaining controlled 

access. 

The limitation is that infrastructure scalability does 

not automatically translate into process scalability. 

Increasing computing resources may allow more users or 

applications to access a system, but it does not solve 

inconsistent workflows, poorly structured information, 

or inadequate user competencies. Therefore, 

infrastructure should be regarded as an enabling layer 

rather than the complete scalability solution. 

2.2 Learning, Adoption, and Continued Technology Use 

Cheng (2014) extends the expectation-confirmation 

model by considering quality and flow in relation to 

continued blended e-learning intention. The study is 

relevant because construction organizations 

implementing AI systems also face the problem of 

continued use after initial adoption. An AI system that 

performs well technically but is perceived as difficult, 

unreliable, or poorly aligned with work requirements 

may not become embedded in operational practice. 

Lee et al. (2020) similarly examine self-efficacy, task 

value, and self-regulated learning strategies in massive 

open online courses. Their findings provide a theoretical 

basis for understanding why user capability matters 

when technologies become increasingly sophisticated. In 

construction management, AI and LLM systems can 

reduce some cognitive burdens, but users must still 

understand how to interpret outputs, assess their 

relevance, and interact appropriately with the system. 

Guan (2015) discusses the transition from MOOC to 

SPOC and the movement toward more customized 

educational models. This provides an additional 

conceptual insight: scalable technological systems may 

require contextual adaptation rather than identical 

deployment across all users. Construction organizations 

likewise differ in project type, workforce expertise, 

digital maturity, and operational requirements. A 

scalable AI framework should therefore maintain a 

common technological foundation while permitting 

localized configuration. 
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Li and Liu (2016) examine methods for designing 

and producing teaching videos in MOOC 

environments. Although the study is not directly related 

to construction, it illustrates how technology-mediated 

knowledge delivery requires structured content 

production and platform integration. In AI-driven 

construction management, analogous mechanisms 

could support standardized training materials, 

operational instructions, and AI-assisted knowledge 

transfer. 

2.3 Organizational Routines and Grounded-Theory 

Perspectives 

Lin and Shang (2017) emphasize organizational 

routines and their construct dimensions through 

grounded-theory research. This perspective is 

important because construction operations are heavily 

dependent on recurring procedures, coordination 

patterns, and established practices. AI scalability may 

therefore depend on whether AI-supported activities 

can become part of organizational routines. 

Cutcliffe (2000) discusses methodological issues 

associated with grounded theory, while Dunne (2011) 

examines the position of literature review within 

grounded-theory research. Together, these works 

support a methodological orientation in which 

conceptual categories are developed through systematic 

interpretation rather than imposed exclusively through 

predetermined assumptions. 

Jia and Tan (2010) discuss the value and spirit of 

classical grounded theory in management research. 

Their perspective supports the development of an 

emergent conceptual model connecting technological 

capabilities with organizational conditions. Walker and 

Myrick (2006) further examine grounded theory as a 

process and procedure, supporting the use of structured 

qualitative interpretation for identifying relationships 

among categories. 

2.4 Human Interaction and Communication 

Hasbiansyah (2002) examines communication 

psychology and intellectual characteristics, providing a 

broader theoretical basis for considering 

communication as a component of technology adoption. 

In AI-driven construction environments, the interaction 

between project personnel and AI systems is not merely 

technical. Instructions must be communicated clearly, 

AI outputs must be interpreted, and disagreements 

between human judgment and machine 

recommendations must be resolved. 

This issue becomes particularly relevant for LLMs 

because natural-language interfaces can make complex 

information systems more accessible. However, 

increased accessibility may also create risks if users 

interpret fluent outputs as inherently reliable. 

Consequently, LLM integration should be accompanied 

by verification mechanisms and clearly defined 

responsibility structures. 

   2.5 Research Gap 

The provided literature collectively addresses cloud 

architecture, technology adoption, learning, 

communication, organizational routines, and grounded-

theory methodology. However, it does not directly 

integrate these dimensions into a unified model for 

construction management involving LLMs and robotics. 

The principal research gap is therefore socio-technical 

integration. 

Existing perspectives indicate that scalable systems 

require infrastructure (Almotiry et al., 2021), continued 

user engagement (Cheng, 2014), learning capability (Lee 

et al., 2020), organizational routines (Lin and Shang, 

2017), and structured methodological interpretation 

(Walker and Myrick, 2006). The present study extends 

this conceptual relationship by proposing that LLMs can 

operate as an intelligence and coordination layer while 

robotics can provide a physical execution layer. The 

resulting system must be evaluated through its ability to 

scale across projects, users, tasks, and operational 

environments rather than simply through computational 

performance. 

   3.   Methodology 

    3.1 Research Design 

This study adopts a qualitative conceptual research 

design combining structured literature synthesis with 

grounded-theory-inspired categorization. The 

methodology is appropriate because the research 

objective is not to test a single numerical hypothesis but 

to identify relationships among technological and 

organizational conditions affecting scalability. 

Grounded theory provides a useful methodological 

foundation because it emphasizes systematic 

identification of concepts and relationships from 

evidence. Cutcliffe (2000) highlights methodological 

considerations in grounded-theory research, while 

Walker and Myrick (2006) describe the importance of 

process and procedural rigor. Dunne (2011) further 

demonstrates the importance of positioning literature 

review carefully within grounded-theory-oriented 

research. 

The analysis was therefore organized around 

recurring conceptual categories: infrastructure 

scalability, information integration, organizational 

routines, human learning, communication, AI 

intelligence, robotic execution, and operational 

governance. 
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   3.2 Conceptual Scalability Model 

The proposed model contains five interconnected 

layers. 

The first layer is the infrastructure layer. It includes 

cloud or hybrid-cloud resources, data repositories, 

communication networks, and computational services. 

Its purpose is to support the scalable availability of 

digital capabilities. The relevance of distributed 

infrastructure is supported conceptually by Almotiry et 

al. (2021). 

The second layer is the organizational process layer. 

This layer defines how AI-supported activities 

correspond with established construction workflows. 

Organizational routines are particularly important 

because scaling an AI system requires repeated and 

predictable integration into operational processes (Lin 

and Shang, 2017). 

The third layer is the LLM intelligence layer. LLMs 

can interpret natural-language instructions, summarize 

project documentation, classify information, generate 

structured task descriptions, and facilitate interaction 

between personnel and digital systems. Their primary 

scalability contribution is therefore informational rather 

than physical. 

The fourth layer is the robotic execution layer. 

Robotics can transform selected AI-generated task 

specifications into physical operations such as 

inspection, material handling, repetitive assembly, 

surveying, or monitoring. The layer introduces 

environmental uncertainty and therefore requires 

stronger validation mechanisms than purely digital 

systems. 

The fifth layer is the human governance and learning 

layer. Human users remain responsible for interpreting 

outputs, validating decisions, supervising high-risk 

activities, and adapting procedures. Research on self-

efficacy and task value indicates that successful 

technology use depends partly on the user's capacity 

and motivation to engage with the system (Lee et al., 

2020). 

   3.3 Scalability Constraint Categories 

The first constraint is data heterogeneity. 

Construction information may originate from 

schedules, reports, drawings, sensor systems, 

inspection records, procurement documents, and 

human communications. An LLM can help interpret 

heterogeneous textual information, but the reliability of 

its outputs depends on the consistency and quality of 

the underlying data. 

The second constraint is workflow variability. 

Construction projects differ in scale, design, site 

conditions, contractor organization, and resource 

availability. A rigid AI workflow may therefore fail to 

scale because it assumes operational conditions that are 

not universally present. Guan's (2015) discussion of 

customized educational delivery supports the broader 

principle that scalable systems may require adaptable 

configurations rather than uniform implementation. 

The third constraint is organizational resistance and 

routine incompatibility. If AI-supported tasks conflict 

with established responsibilities or professional 

practices, implementation may remain superficial. Lin 

and Shang (2017) provide a theoretical basis for treating 

routines as important organizational constructs. 

The fourth constraint is human learning capacity. 

Employees must understand how to interact with AI, 

interpret outputs, identify errors, and modify procedures 

when conditions change. Cheng (2014) indicates the 

importance of perceived quality and continued intention, 

while Lee et al. (2020) highlight self-efficacy and task 

value. 

The fifth constraint is execution reliability. Digital 

recommendations may be generated quickly, but 

physical environments contain hazards and 

uncertainties. Robotics therefore requires an intermediate 

validation stage before an AI-generated instruction 

becomes an autonomous physical action. 

   3.4 LLM–Robotics Integration Mechanism 

The proposed integration operates through a 

sequence of information transformation. First, 

construction data are collected from project documents, 

operational systems, sensors, and human inputs. Second, 

the LLM interprets relevant information and converts 

natural-language requirements into structured task 

descriptions. Third, a validation mechanism evaluates 

whether the proposed action is consistent with 

predefined operational constraints. Fourth, robotic 

systems receive executable instructions. Fifth, sensor 

feedback is returned to the digital environment, allowing 

the system to reassess the task. 

This architecture creates a closed-loop relationship: 

Construction Data → LLM Interpretation → 

Validation → Robotic Execution → Sensor Feedback → 

Updated Decision 

Such a loop has greater scalability potential than 

isolated automation because the system can theoretically 

reuse the same intelligence architecture across multiple 

operational tasks. However, scalability depends on 

maintaining clear boundaries between language 

generation, decision authorization, and physical 

execution. 

Automated quality-assurance principles are also 
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relevant to this architecture. Structured automation can 

improve repeatability and consistency when processes 

become increasingly complex (Ramamurthy, 2023). In 

construction, this principle suggests that LLM-

generated instructions should not directly control high-

consequence robotic operations without standardized 

testing, validation, and monitoring. 

   3.5 Analytical Procedure 

The analysis proceeded conceptually through three 

stages. First, the references were examined to identify 

recurring concepts related to technology architecture, 

learning, communication, organizational routines, and 

methodological structure. Second, related concepts 

were grouped into higher-level scalability dimensions. 

Third, the dimensions were integrated into a socio-

technical model for LLM and robotics deployment. 

The resulting framework does not claim empirical 

validation across construction sites. Instead, it provides 

a theoretically grounded model that can guide 

subsequent field studies, experiments, and comparative 

case analyses. 

   4.   Results 

The analysis identifies four primary scalability 

findings and one overarching integration principle. 

The first finding is that technical scalability and 

organizational scalability are distinct. Cloud-oriented 

architectures can expand access to computational and 

information resources, but infrastructure expansion 

does not necessarily produce proportional 

improvement in construction operations. The findings 

indicate that infrastructure should be treated as a 

prerequisite rather than a sufficient condition. Almotiry 

et al. (2021) provide a conceptual basis for 

understanding how hybrid architectures can support 

distributed systems, while the present synthesis extends 

this logic to construction environments. 

The second finding is that organizational routines 

constitute a critical scalability bottleneck. AI systems 

become difficult to scale when every project requires 

substantial redesign of roles, procedures, and decision 

pathways. The organizational-routine perspective of 

Lin and Shang (2017) indicates why repeatable 

structures are essential. A scalable construction AI 

system should therefore preserve a stable core 

workflow while allowing project-specific parameters to 

change. 

The third finding is that human capability 

determines the practical scalability of AI. Technology 

adoption is unlikely to remain stable when users cannot 

interpret or trust system outputs. Evidence concerning 

self-efficacy and task value (Lee et al., 2020) and 

continued technology intention (Cheng, 2014) suggests 

that training and user experience must be considered part 

of system architecture. Scalability consequently requires 

mechanisms for continuous learning rather than one-time 

training. 

The fourth finding concerns the division of labor 

between LLMs and robotics. LLMs are particularly suited 

to language-intensive and information-intensive tasks, 

whereas robotics provides capabilities for physical 

sensing and execution. Their combination can therefore 

produce complementary functionality. An LLM might 

interpret a project instruction such as identifying a 

recurring inspection requirement, while a robotic 

platform could perform the physical inspection and 

return sensor observations. This separation reduces the 

need for the LLM itself to perform physical control. 

The fifth and overarching finding is that validation 

must operate between intelligence and execution. LLMs 

can generate useful outputs without guaranteeing factual 

or operational correctness. Robotics can execute 

instructions accurately without determining whether the 

instruction itself is appropriate. Therefore, an 

intermediate validation layer is essential. Automated 

testing principles emphasize repeatability and quality 

assurance in complex technical processes (Ramamurthy, 

2023), suggesting that analogous validation mechanisms 

should be developed for AI-to-robot workflows. 

These findings collectively support a five-layer 

scalability framework consisting of infrastructure, 

organizational routines, LLM intelligence, robotic 

execution, and human governance. The framework 

indicates that failure at one layer can constrain the 

scalability of the entire system. For example, highly 

capable robotics cannot compensate for poor data, while 

sophisticated LLMs cannot compensate for unsafe 

operational procedures. 

The findings also indicate that scalability should be 

measured through multidimensional outcomes. Relevant 

indicators include the number of projects supported, 

diversity of tasks handled, time required for system 

configuration, training burden, rate of human 

intervention, decision-validation requirements, and 

consistency of robotic execution. This broader 

interpretation prevents scalability from being reduced to 

computational throughput alone. 

    5.  Discussion 

The central implication of the findings is that AI-

driven construction management should be 

conceptualized as a socio-technical scalability problem. 

Conventional technology evaluation often emphasizes 

accuracy, computational capacity, or automation rate. 

These metrics are insufficient when systems must operate 

across heterogeneous construction projects. Scalability 

requires the coordinated expansion of technological 
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capability, organizational routines, human competence, 

and operational reliability. 

The first theoretical implication concerns the 

relationship between infrastructure and organizational 

processes. Almotiry et al. (2021) illustrate the value of 

hybrid architecture for complex information 

environments. However, the present analysis suggests 

that construction organizations require an additional 

process layer capable of translating technical 

infrastructure into repeatable operational practices. 

Without this layer, cloud resources may simply increase 

the volume of available information without reducing 

coordination complexity. 

The second implication concerns technology 

adoption. Cheng (2014) and Lee et al. (2020) collectively 

suggest that perceived quality, continued-use intention, 

self-efficacy, and task value are important for sustained 

engagement. This creates a significant design 

requirement for LLM-based construction systems: 

interfaces should not only expose AI capabilities but 

also support user understanding and controlled 

interaction. An LLM that produces technically 

sophisticated outputs but requires users to understand 

complex prompt engineering may not scale effectively 

across diverse construction workforces. 

The third implication concerns organizational 

routines. The perspective developed by Lin and Shang 

(2017) suggests that recurring practices form 

meaningful organizational structures. AI integration 

should therefore focus on augmenting existing routines 

where possible rather than replacing all procedures 

simultaneously. For example, an existing inspection 

workflow could be enhanced by an LLM that organizes 

inspection requirements and a robot that collects 

standardized visual evidence. The organizational 

routine remains recognizable while selected activities 

become automated. 

A major trade-off emerges between automation and 

human control. Greater autonomy can increase 

productivity but may also increase the consequences of 

incorrect decisions. LLMs introduce uncertainty in 

language interpretation, while robotics introduces 

uncertainty in physical environments. Consequently, 

complete automation may be inappropriate for high-

risk activities. A scalable architecture should instead 

differentiate between low-risk tasks suitable for greater 

autonomy and high-risk tasks requiring explicit human 

authorization. 

Another trade-off concerns standardization versus 

customization. Guan (2015) demonstrates the 

conceptual value of moving toward customized 

learning structures. In construction, excessive 

standardization can reduce adaptability to project-

specific conditions, while excessive customization 

increases deployment costs. The preferred solution is a 

modular architecture with standardized interfaces and 

customizable task parameters. 

The framework also has methodological limitations. 

The study is conceptual and relies on the supplied 

literature rather than empirical construction-site data. 

The references span different domains, meaning that 

several theoretical relationships are transferred across 

contexts. Such transfer provides conceptual 

opportunities but cannot substitute for direct empirical 

validation. Future studies should therefore test the 

framework through case studies, controlled experiments, 

longitudinal implementation studies, and quantitative 

scalability metrics. 

A further limitation concerns LLM reliability. 

Natural-language flexibility can improve accessibility but 

can also produce ambiguous or unsupported 

recommendations. Accordingly, LLMs should not be 

treated as autonomous authorities. Their outputs should 

pass through structured verification before influencing 

safety-critical robotic operations. Quality-assurance 

principles reinforce the need for repeatable testing and 

validation as automated systems become more complex 

(Ramamurthy, 2023). 

Overall, the discussion indicates that the most 

promising pathway is not unrestricted automation but 

layered augmentation. LLMs can extend cognitive and 

informational capabilities, robotics can extend physical 

capabilities, cloud architectures can extend infrastructure 

capacity, and human governance can maintain 

accountability. The scalability of the resulting system 

depends on how effectively these layers interact. 

    6.  Conclusion 

This research and review paper examined scalability 

constraints in AI-driven construction management and 

investigated the potential complementary roles of 

robotics and LLMs. The analysis demonstrates that 

scalability is multidimensional and cannot be reduced to 

computational capacity or the number of automated 

tasks. Infrastructure, organizational routines, human 

learning, communication, AI intelligence, robotic 

execution, and governance must develop together. 

The proposed five-layer framework provides a 

conceptual structure for understanding this integration. 

Hybrid or distributed infrastructure supplies 

computational capacity; organizational routines provide 

process stability; LLMs provide language-based 

intelligence and information coordination; robotics 

extends AI into physical execution; and human 

governance provides validation, accountability, and 

adaptation. 

The principal contribution of the study is the 
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identification of validation as the critical interface 

between AI intelligence and robotic action. LLMs can 

interpret and generate information efficiently, but their 

outputs require contextual verification before being 

translated into physical operations. Robotics can 

execute tasks precisely, but it depends on appropriate 

instructions and environmental awareness. Their 

integration therefore requires a controlled feedback 

loop rather than direct autonomous coupling. 

The study also establishes that workforce learning 

and organizational acceptance are integral components 

of scalability. Research on continued technology use, 

self-efficacy, and organizational routines indicates that 

technical deployment must be accompanied by 

mechanisms for user learning and procedural 

adaptation. Consequently, future construction AI 

architectures should be designed not only for 

computational efficiency but also for organizational 

repeatability. 

Future research should empirically validate the 

framework through construction-site deployments and 

develop quantitative scalability indicators covering 

deployment time, system adaptability, human 

intervention, task reliability, training requirements, and 

operational safety. Comparative studies could also 

examine different combinations of LLMs, robotic 

platforms, cloud architectures, and human-control 

models. 

Ultimately, the sustainable scaling of AI in 

construction will depend less on the isolated 

sophistication of individual technologies and more on 

the quality of their integration. A construction 

management ecosystem in which LLMs coordinate 

information, robotics execute validated tasks, cloud 

systems provide scalable infrastructure, and human 

professionals retain appropriate governance may offer a 

more resilient pathway toward intelligent and scalable 

construction operations. 

References 

1. O. N. Almotiry, M. Sha, M. P. Rahamathulla and 

O. Salih, “Hybrid cloud architecture for higher 

education 

system,” Computer Systems Science and 

Engineering, vol. 36, no. 1, pp. 1–12, 2021. 

2. Y. M. Cheng, “Extending the expectation-

confirmation model with quality and flow to explore 

nurses’ 

continued blended e-learning intention,” 

Information Technology & People, vol. 27, no. 3, pp. 

230–258, 

3. J. R. Cutcliffe, “Methodological issues in 

grounded theory,” Journal of Advanced Nursing, vol. 31, 

no. 6, 

pp. 1476–1484, 2000. 

4. C. Dunne, “The place of the literature review in 

grounded theory research,” International Journal of 

Social 

Research Methodology, vol. 14, no. 2, pp. 111–124, 

2011. 

5. X., D, Jia and X., H., Tan, “The actual value of the 

classical grounded theory and its spirit to China 

management research,” Chinese Journal of 

Management, vol. 7, no. 5, pp. 656–665, 2010. 

6. X. Guan, “From ‘Benefiting the public’ to ‘Custom-

tailoring’: Study on the development from MOOC to 

SPOC,” Library Work in Colleges and Universities, 

vol. 35, no. 1, pp. 19–21, 2015. 

7. O. Hasbiansyah, “Characteristic of moslem 

intellectual, a perspective of communication 

psychology,” 

Mediator: Jurnal Komunikasi, vol. 3, no. 1, pp. 151–

156, 2002. 

8. D. Lee, S. L. Watson and W. R. Watson, “The 

relationships between self-efficacy, task value, and self- 

regulated learning strategies in massive open online 

courses,” International Review of Research in Open and 

Distributed Learning, vol. 21, no. 1, pp. 23–39, 2020. 

9. Q. Li and N. Liu, “Design and making method of 

teaching videos in MOOC——an empirical study of 

course based on coursera and ed X platforms,” 

Modern Educational Technology, vol. 26, no. 7, pp. 64–

70, 

10. H. F. Lin and R. Shang, “Definition of 

organizational routine and its construct dimensions: A 

grounded 

theory research,” Journal of Management Science, vol. 

30, no. 6, pp. 113–129, 2017. 

11. W. S. Lin and C. H. Wang, “Antecedences to 

continued intentions of adopting e-learning system in 

blended 

learning instruction: A contingency framework based 

on models of information system success and task- 

technology Fit,” Computers & Education, vol. 58, no. 

1, pp. 88–99, 2012. 

12. D. Walker and F. Myrick, “Grounded theory: An 

exploration of process and procedure,” Qualitative 

https://aimjournals.com/index.php/ijaair


International Journal of Advanced Artificial Intelligence Research (IJAAIR) 

https://aimjournals.com/index.php/ijaair 

 

133 

 

 
 

Health 

Research, vol. 16, no. 4, pp. 547–559, 2006. 

13. Ramamurthy, K. (2023). AI-Driven Test 

Automation Frameworks for the Modern Software 

Quality Engineering. International Journal of Emerging 

Trends in Computer Science and Information 

Technology, 4(4), 257-269. 

14. Geo Philip, Paulson, Robotics-Enabled 

Sustainable Construction Management: A Socio-

Technical Framework for Operational Efficiency, 

Digital Integration, and Sustainability Performance. 

Available at SSRN: https://ssrn.com/abstract=6845167 or 

http://dx.doi.org/10.2139/ssrn.6845167 

 

https://aimjournals.com/index.php/ijaair

