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Abstract  

The operationalisation of a data-driven culture is increasingly recognised as a 

transformative force for improving productivity and competitiveness within the 

construction industry. Despite advancements in digital technologies, the construction 

sector, particularly in Malaysia, has been slow to embrace this cultural shift. This study 

explores key attributes required for fostering a robust data-driven culture, focusing on 

leadership, literacy, democratisation, and analytics. A systematic literature review 

identified 33 critical indicators across these domains, validated through focus group 

discussions with industry practitioners. Subsequently, a structured questionnaire survey 

was administered to construction stakeholders in Malaysia. The results indicate that 

Digital Knowledge Expertise, Competency Measurement, Continuous Professional 

Development, Quality Assurance, and Financial Resource Allocation are the most 

influential drivers. Conversely, significant gaps were identified in areas such as external 

collaboration, predictive analytics, and digital tool proficiency. To address these gaps, the 

study proposes a conceptual framework that integrates four interrelated drivers and 

provides a structured pathway for advancing data driven practices in construction 

organisations. This framework offers practical implications for aligning leadership, 

capacity building, and data governance with national digital strategies. This study extends 

the current literature by providing a new perspective into the competencies required to 

institutionalise data driven transformation in developing construction sectors.   

 

Keywords: Data, Construction, Data-Driven Culture, Developing countries, Digital 

Transformation 
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1. Introduction 1 

In today’s increasingly digitised world, data has emerged as a critical organisational resource, 2 

often likened to oil for its transformative potential in driving competitiveness and innovation 3 

(Anton, 2023). Across various sectors, data-driven cultures have become powerful catalysts for 4 

change, enabling organisations to establish analytics infrastructures that collect, assess, and 5 

effectively utilise user data (Kollwitz, 2018). A robust data-driven culture fosters collaboration 6 

within and beyond organisational boundaries, enhancing engagement, adaptability, and 7 

efficiency. It shifts decision-making processes from reliance on intuition and experience to 8 

informed strategies grounded in data (Chaudhuri, 2023). 9 

 10 

The rapid advancement of information and communication technologies (ICTs) and the ongoing 11 

digital transformation across industries have accelerated the adoption of data-driven practices. 12 

In healthcare, for example, data culture facilitates knowledge management systems and 13 

information-sharing behaviors, improving patient care outcomes (Goncalves et al., 2024). 14 

Similarly, in retail, technologies such as Artificial Intelligence (AI), blockchain, and robotic 15 

process automation are transforming supply chains into more resilient, sustainable, and 16 

collaborative networks (Chen et al., 2024). The manufacturing sector has also seen significant 17 

operational improvements, with data-driven transformation enhancing efficiency and 18 

performance (Ghafoori et al., 2024). Furthermore, the integration of data culture into educational 19 

systems has fostered innovation and improved knowledge management (Eshbayev et al., 20 

2023). 21 

 22 

Yet, in many developing countries, including those with rapidly expanding construction sectors, 23 

digital transformation remains constrained. Limited financial resources, inadequate 24 

infrastructure, and a shortage of skilled professionals often hinder the implementation of 25 

advanced digital solutions. Additionally, resistance to change and a lack of awareness about the 26 

benefits of digital transformation contribute to slow adoption in these regions (Pittri et al., 2025). 27 

 28 

Despite these challenges, certain countries have made notable progress. Malaysia, for instance, 29 

has demonstrated a proactive approach towards digital transformation in its construction sector. 30 
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Malaysian construction firms utilise an average of 6.9 digital technologies, surpassing the 31 

regional average by 50% and ranking second among six Asia-Pacific countries surveyed, 32 

including Japan, Singapore, and Australia. Notably, 23% of Malaysian construction firms' 33 

budgets are allocated to the implementation of new technologies, reflecting a significant 34 

commitment to modernising operations and enhancing competitiveness (CIDB, 2024). Among 35 

these technologies, Building Information Modelling (BIM) has gained the most traction in 36 

Malaysia and currently forms the primary vehicle through which data-driven practices are 37 

operationalised (CIDB, 2024).  38 

 39 

However, despite this momentum, barriers common in other developing countries persist. 40 

Integration difficulties, fragmented processes, financing constraints, skill gaps, and risk aversion 41 

still slow the sector’s full embrace of data‑driven work practices (Tummalapudi et al., 2022; 42 

Akinyemi et al., 2018). The absence of an overarching framework for cultivating a data‑driven 43 

culture leaves critical knowledge gaps (Bilal et al., 2016), perpetuating challenges such as weak 44 

strategic planning, poor communication, and limited cross‑stakeholder collaboration (Yu et al., 45 

2021; Lu et al., 2021). 46 

 47 

Despite these challenges, fostering a data-driven culture in construction offers transformative 48 

potential. Research indicates that implementing data culture can lead to reduced workloads, 49 

greater reliability in estimating numerical data, increased assertiveness in decision-making, and 50 

enhanced controllability in project management (Bilal et al., 2016). The adoption of data science 51 

can also enhance transparency, communication, and the management of personnel and 52 

equipment, which are essential for the success of projects involving multiple stakeholders 53 

(Brodny and Tutak, 2025). Furthermore, integrating advanced data technologies with 54 

organisational culture enables employees to better understand tools and methods, identify 55 

opportunities, and share solutions within their organisations, ultimately driving innovation and 56 

improved outcomes (Bilal et al., 2016). Best practices for promoting a data-driven culture 57 

include the development of frameworks that focus on datafication, data production, data 58 

cultivation, and infrastructure, as well as the establishment of dedicated data science 59 
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departments (Hatoum et al., 2020; Hashim et al., 2024). Such approaches foster continuous 60 

improvement and provide organisations with a competitive edge in the construction industry.  61 

 62 

While frameworks for data-driven practices in other industries provide valuable insights, they do 63 

not fully address the unique complexities of the construction sector, such as project diversity, 64 

stakeholder heterogeneity, and resistance to change. Recognizing these challenges, this study 65 

specifically focuses on the Malaysian construction industry, which presents both unique 66 

challenges and opportunities in adopting a data-driven culture. Malaysia is currently undergoing 67 

a significant shift through strategic national initiatives such as the Construction 4.0 Strategic 68 

Plan (2021–2025) and the National Construction Policy 2030 (NCP 2030), both of which aim to 69 

accelerate digital adoption across the construction value chain. These policies emphasize the 70 

integration of technologies like BIM, IoT, and big data analytics. However, limited research has 71 

empirically identified and prioritised the specific organisational attributes required to cultivate a 72 

data-driven culture that can support and sustain these transformations (Musarat et al., 2024). 73 

The central research question posed is: What are the key attributes that Malaysian construction 74 

organisations must possess to successfully adopt a data-driven culture? Consequently, the 75 

purpose of this paper is to identify the critical attributes of a data-driven culture in Malaysian 76 

construction organisations and to assess the relative importance of these attributes in fostering 77 

digital transformation and improving organisational performance. 78 

 79 

Initially, a comprehensive literature review was conducted to identify key elements of data 80 

culture and their drivers, such as data analytics, data literacy, data democratisation, and data 81 

leadership (Hashim et al., 2024). Building on this theoretical foundation, a questionnaire survey 82 

targeting industry practitioners in Malaysia was carried out. The survey gathered insights from 83 

contracting firms, consultancy organisations, and client organisations on the operationalisation 84 

of a data-driven culture within the construction sector. This approach provided industry-wide 85 

perspectives on the relative importance of these practices, offering actionable recommendations 86 

for aligning the construction industry with global digital transformation trends while addressing 87 

localised challenges. 88 

 89 
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2. Key elements of data-driven culture in construction organisation 90 

The concept of data-driven culture in this study refers to an organisational environment in which 91 

data is systematically collected, analysed, and embedded into decision-making processes 92 

across all levels, enabling more accurate, timely, and strategic actions (Acker and Clement, 93 

2019). This definition provides the foundation for understanding how data culture supports 94 

digital transformation in the construction industry. 95 

 96 

A separate study by Hashim et al. (2024) was initially conducted to identify the key elements of 97 

a data-driven culture specifically within the construction sector. A systematic literature review 98 

(SLR) was carried out to determine the essential attributes aligned with four primary domains of 99 

data culture: data leadership, data literacy, data democratisation, and data analytics. These 100 

domains, presented here as subsections, collectively form the core of a data-driven culture. 101 

 102 

2.1 Data Leadership 103 

Data leadership refers to the capacity of organisational leaders to integrate data-centric goals 104 

into strategic decision-making and operational management. It includes promoting digital 105 

expertise, ensuring quality assurance in digital activities, overseeing project progress, and 106 

aligning practices with legal frameworks (Akinyemi et al., 2018). Strong data leadership is 107 

essential for embedding data-informed strategies into an organisation’s culture, thereby setting 108 

the foundation for digital transformation and improved project outcomes (Srinavin et al., 2021). 109 

 110 

2.2. Data Literacy 111 

Data literacy encompasses the skills and knowledge stakeholders need to effectively interpret, 112 

analyse, and utilise data across various organisational tasks. Critical elements within this 113 

domain include technology adaptability, digital knowledge transfer, proficiency with data tools, 114 

competency measurement, and continuous professional development (Lu, 2021; Xie et al., 115 

2022). Cultivating these skills among construction professionals is crucial for maximising the 116 

benefits of data-driven decision-making practices. 117 

 118 

 119 
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 2.3 Data Democratisation  120 

Data democratisation involves establishing mechanisms that guarantee broad access to data, 121 

enabling seamless collaboration and robust data governance throughout the organisation. It 122 

highlights the importance of interoperability, collaboration between internal and external 123 

stakeholders, and the standardisation of data procedures (Honcharenko et. al., 2021) 124 

Effective data democratisation practices promote inclusive data use, enhance organisational 125 

transparency, and drive collaborative innovation (Eshbayev et. al., 2023). 126 

 127 

2.4 Data Analytics  128 

Data analytics consists of methods and techniques used to convert large, diverse datasets into 129 

strategic insights, facilitating informed decision-making. This domain comprises descriptive, 130 

diagnostic, predictive, and prescriptive analytics. Applying advanced analytics in construction 131 

enables organisations to anticipate outcomes, optimise performance, mitigate risks, and drive 132 

continuous improvement through evidence-based decisions (Wu et al., 2022). 133 

 134 

The literature further identified five sub-attributes adapted from Arbury et al. (2017) and Acker 135 

and Clement (2019): datafication (turning construction processes into quantifiable data), 136 

infrastructure of data (technical ecosystems and funding to sustain data management), 137 

cultivation of data (training, skill development, and readiness for organisational  change), culture 138 

of use (interoperability, collaboration, and standardised procedures for data exchange), and 139 

culture of production (systematic data gathering, extraction, and outcome-focused analytics). 140 

Additionally, data utilization, defined as the application of data-driven insights to inform decision-141 

making, ensures that analytics outputs, such as cost forecasts or schedule optimizations, are 142 

actively integrated into project management practices to address issues like budget overruns or 143 

delayed deliveries (Bilal et al., 2016; Adekunle et al., 2022). 144 

It is worth noting that these five sub-attributes are closely linked to the four primary domains, 145 

forming a cohesive framework that addresses key challenges in the construction industry. For 146 

example, datafication supports the Data Leadership domain by helping leaders convert 147 

fragmented processes such as manual progress tracking into structured data. Integrating sensor 148 

data from machinery into a central system, for instance, enables real time monitoring to reduce 149 
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downtime (Bilal et al., 2016; Hashim et al., 2024). This supports analytics adoption to resolve 150 

issues such as inaccurate reporting and resource misallocation. Similarly, cultivation of data 151 

aligns with Data Literacy by addressing digital skill gaps and resistance to new technologies. 152 

Training workers in tools such as BIM and VR reduces errors and improves site coordination 153 

(Chaudhuri, 2023; Xie et al., 2022). The culture of use, which promotes standardised practices 154 

and interoperability, underpins Data Democratisation by improving collaboration across 155 

stakeholders often hindered by incompatible tools or data formats (Honcharenko et al., 2021; 156 

Eshbayev et al., 2023). The infrastructure of data, also tied to Data Leadership, requires 157 

committed leadership to invest in digital systems and governance, which is key to overcoming 158 

underinvestment and inefficiencies from outdated platforms (Zulu et al., 2023; Srinavin et al., 159 

2021). Lastly, the culture of production strengthens Data Analytics by enabling continuous data 160 

collection and proactive decision making through predictive dashboards and VR based 161 

simulations (Adekunle et al., 2022; Wu et al., 2022). 162 

 163 

Building on these findings, a conceptual framework for operationalising a data-driven culture 164 

was developed, incorporating five key elements: a culture of production for systematic data 165 

generation and utilisation, a culture of use that integrates data into decision-making, data 166 

cultivation to enhance data collection and analysis practices, datafication to embed data-driven 167 

workflows into operations (e.g., digitizing material procurement processes to optimize supply 168 

chain efficiency), and robust data infrastructure (e.g., predictive maintenance schedules derived 169 

from IoT sensor data, are applied to improve operational decisions) to support technological 170 

needs for data sharing and analytics. The framework helps overcome common construction 171 

challenges such as fragmented collaboration and resistance to change. It provides a structured 172 

path for shifting from intuition-based to data-informed decision-making. By adopting these 173 

elements, construction organisations can foster innovation, improve productivity, and achieve 174 

digital transformation. 175 

 176 

 177 

 178 

3. Implications for Digital Competitiveness in the Construction Industry 179 
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Building on a conceptual framework for operationalising a data-driven culture, specific indicators 180 

were identified to provide a deeper understanding of how various factors align with the broader 181 

goals of digital transformation and competitiveness. A systematic literature review (SLR) of 272 182 

articles identified 41 potential indicators, which were refined to a final set of 33 through expert 183 

focus group discussions. These indicators were mapped to four main attributes and five sub-184 

attributes of a data-driven culture. 185 

 186 

In the context of construction, data-driven culture is structured around five key sub-attributes: 187 

datafication, infrastructure of data, cultivation of data, culture of use, and culture of production. 188 

Each sub-attribute encompasses unique but interconnected indicators. Datafication involves 189 

transforming construction processes into measurable metrics, including digital expertise, 190 

professionalism, adherence to codes of conduct, progress monitoring, risk mitigation, quality 191 

improvement, and legal compliance (Ghafoori et al., 2024; Tummalapudi et al., 2022). The 192 

infrastructure of data serves as the foundation for widespread data adoption, supported by 193 

robust cybersecurity measures, reliable digital platforms, and adequate funding to ensure 194 

seamless integration (Low et al., 2021; Srinavin et al., 2021). Cultivation of data emphasises 195 

building technical knowledge and fostering a willingness to adopt new tools, ensuring user-196 

friendly learning experiences, enhancing competency through hands-on expertise, providing 197 

proactive training, and streamlining workflows in Engineering, Procurement, and Construction 198 

(EPC) settings (Rane and Narvel., 2022; Xie et al., 2022). Meanwhile, the culture of use focuses 199 

on translating data insights into actionable practices by ensuring data interoperability, 200 

developing compatible systems, adhering to collaborative modeling standards, and 201 

standardising data logging (Honcharenko et al., 2021; Acker et al., 2019). These practices are 202 

further reinforced by support from both internal and external stakeholders (Eshbayev et al., 203 

2023; Lu, 2021). Lastly, the culture of production centers on systematic data collection and 204 

analysis, leveraging practices such as register-based statistics, detailed data gathering, BIM-205 

driven information extraction, outcome forecasting, estimating, and applying prescriptive 206 

analytics for prevention and mitigation. Strategic control frameworks, including Total Data 207 

Quality Management (TDQM), which focuses on maintaining accurate and consistent data 208 

throughout a project, and Extract, Transform, Load (ETL) processes, which involve collecting 209 
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data from various sources, cleaning or adjusting it, and preparing it for analysis (Adekunle et al., 210 

2022). 211 

 212 

By defining and grouping these core components, construction organisations can develop digital 213 

infrastructure, improve workforce skills, encourage inclusive data use, and embed analytics-214 

driven workflows into everyday practice. Taking this holistic approach that integrates technology 215 

with organisational processes positions the construction industry to significantly improve 216 

productivity, sustainability, and competitiveness. The detailed relationships between these 217 

indicators and their respective attributes are summarised in Table 1. 218 

 219 

4. Methods 220 

A systematic literature review (SLR) methodology was adopted to ensure a structured and 221 

transparent approach in reviewing relevant studies on data-driven culture in construction. The 222 

SLR followed guidelines by Osei-Kyei and Chan (2015), involving three main stages: (1) 223 

identification of studies, (2) selection of studies, and (3) examination and synthesis of findings. 224 

In the first stage, the Scopus database was chosen due to its comprehensive coverage and 225 

accuracy in construction management and engineering literature. The search strategy involved 226 

keywords such as “data-driven,” “data capability,” “data culture,” “big data,” “data analytics,” and 227 

“data mining” combined with “construction industry.” Searches were conducted across titles, 228 

abstracts, and keywords, yielding an initial 670 articles. In the second stage, articles were 229 

screened using predefined inclusion and exclusion criteria. Included articles were required to (a) 230 

focus specifically on data technology-driven practices in construction, (b) concepts, applications, 231 

or processes related to big data in construction, and (c) discuss the social aspects of data-232 

driven activities. Articles outside the construction project management context or those 233 

addressing purely technical or statistical aspects were excluded. After rigorous screening, 136 234 

articles remained for detailed content analysis. The third stage involved qualitative content 235 

analysis, categorizing key drivers of data-driven culture based on their characteristics and 236 

synthesizing arguments from selected literature. The identified categories included data 237 

analytics, data democratization, data literacy, and data leadership. More details on this process 238 

can be found in Hashim et al. (2024). 239 
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 240 

Following an extensive analysis of literature, an initial set of 41 indicators was refined through a 241 

preliminary focus group discussion with 15 practitioners, including four from contracting firms, 242 

nine from consultancy organisations, and two from client organisations, all with relevant 243 

experience in the construction industry. The discussion was conducted in February 2024, 244 

resulting in 33 final indicators across five sub-attributes of a data-driven culture. The reduction in 245 

the number of indicators was driven by the identification of overlapping terminologies and the 246 

consolidation of similar items to improve clarity and focus. For example, indicators such as 247 

Progress Monitoring and Information Coordination were combined into a single indicator, Project 248 

Progress Oversight, reflecting their shared emphasis on tracking and managing project 249 

activities. Similarly, Financial Criteria and Availability of Fund were merged under Financial 250 

Resource Allocation to streamline financial management attributes. Indicators deemed 251 

unsuitable or less applicable to the unique needs of construction organisations, such as 252 

redundant technical criteria, were excluded to maintain relevance. Furthermore, contextual 253 

refinements were made by integrating references to local practices, such as BIM ISO 19650, 254 

JKR BIM Guidelines, and other national policies, to ensure consistency with industry standards. 255 

  256 

To explore the attributes for operationalising a data-driven culture in construction organisations, 257 

a quantitative approach was employed in the form of a structured questionnaire survey. This 258 

method allowed efficient data collection from a broad range of construction professionals 259 

(Aghimien et al., 2023). The questionnaire was divided into two sections: the first section 260 

collected background information about the respondents, while the second section assessed 261 

participants' perspectives on the extent to which the respondents consider the identified data-262 

driven culture attributes as important for construction organisations. Responses were measured 263 

using a five-point Likert scale, from ‘not at all important’ to ‘very important’. 264 
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Table 1: The related attributes to data driven culture in construction 265 

Attribute Sub Attribute Code Indicator Description Examples of Authors 

Data 
Leadership 

Datafication (D) 
 

D1 Digital Knowledge 
Expertise 

Leading and applying digital practices such as BIM ISO 19650 and 
JKR BIM Guidelines. 

Zhang et al., (2022); Srinavin 
et al. (2021) 

D2 Ethical Digital 
Management 

Facilitating ethical conduct based on responsibilities and CIDB 
Malaysia Code of Ethics within digital project environments. 

Ghafoori et al. (2024); 
Honcharenko et. al (2021) 

D3 Industry 
Standards 
Compliance 

Promoting adherence to industry codes and practices, including 
those by PAM and BEM, to ensure regulatory and technical 
compliance. 

Ayodele et. al (2021); 
Wu et al. (2022) 

D4 Project Progress 
Oversight 

Directing digital project monitoring efforts through tools such as 
BIM JKR Guidelines, S-Curves, and Gantt Charts to ensure timely 
and accurate reporting 

Tummalapudi et al. (2022);  
Lu and Zhang (2021) 

D5 Risk Analysis 
Proficiency 

Leading structured risk assessments across construction phases 
using tools like Fish Bone Diagram, DTA, and HAZOP. 

Ayodele et. al (2021); 
Turner et al. (2021) 

D6 Quality Assurance 
in Digital 

Driving the application of digital quality standards, including ISO 
9001:2015 and BIM JKR Guideline  

Ayodele et. al (2021); 
Chen and Dai (2021) 

D7 Legal Framework 
Expertise 

Guiding teams in interpreting and complying with legal frameworks 
such as UBBL 1984, CIPAA 2012, and OSHA 1994. 

Srinavin et al. (2021); 
Akinyemi et al. (2018) 

Infrastructure of 
Data (ID) 

ID1 Data Security 
Management 

Implementing and maintaining secure digital environments by 
managing access control, identifying vulnerabilities, and mitigating 
risks in data systems, including PDA usage. 

Honcharenko et. al (2021) 
Srinavin et al. (2021) 

ID2 Infrastructure 
Development 

Establishing and optimising digital infrastructure by deploying tools 
such as BIM, virtual design, AR, and new modelling software. 

Low et al. (2021) 
Lu (2021) 

ID3 Financial 
Resource 
Allocation 

Managing financial expenditures and perform cost-benefit 
analyses to support infrastructure development and digital 
technology integration. 

Pedro et al. (2022); Srinavin 
et al. (2021) 

Data Literacy Cultivation of Data 
(C) 

C1 Digital Tools 
Proficiency 

Applying and mastering digital tools such as BIM, AR, VR, BDA, 
IoT) across all construction phases to enhance productivity and 
decision-making. 

Honcharenko et. al (2021); 
Lu (2021) 

C2 Technology 
Adaptability 

Adapting to and integrating new digital technologies through 
structured learning e.g., training, workshops, and certifications 
(e.g., MyBIM CIDB). 

Lu (2021) 
Srinavin et al. (2021) 

C3 Digital Knowledge 
Transfer 

Facilitating and institutionalising knowledge transfer by embedding 
digital competencies within teams.  

Tummalapudi et al. (2022); 
Lu (2021) 

C4 Competency 
Measurement 

Evaluating and benchmarking digital skillsets using structured 
metrics like KPI reports and performance registers. 

Lu (2021); 
Rane and Narvel (2022) 

C5 Real-Life Design 
Experience 

Engaging in hands-on digital project delivery, including design and 
monitoring digital construction in real-life project scenarios. 

Atuahene et. al (2022); 
Strom (2020) 



13 
 

C6 Continuous 
Professional 
Development 

Advancing digital literacy through ongoing education including 
formal academic training, workshops, seminars, and professional 
certifications. 

Eshbayev et. al (2023); Alamil 
et al. (2019) 

C7 Coordination Managing digital coordination strategies to align teams, streamline 
workflows, and ensure integrated project execution across 
stakeholders. 

Xie et al. (2022); 
Lu and Zhang (2021) 

Data 
Democratisation 

Culture of Use (U) U1 Data 
Interoperability 

Managing digital data exchange across teams and platforms by 
aligning software types file formats, and Common Data 
Environment (CDE) protocols. 

Eshbayev et. al (2023);  
Tummalapudi et al. (2022) 
Ayodele et. al (2021) 

U2 Cross-
Organisation 
Compatibility 

Ensuring seamless data integration among stakeholders using 
compatible formats (e.g., native and lightweight file formats). 

Tummalapudi et al. (2022); 
Ayodele et. al (2021) 
Honcharenko et. al (2021) 

U3 Collaborative 
Modeling 
Standards 

Standardising collaborative modeling practices by aligning 
workflows, model orientations, and annotation conventions across 
disciplines. 

Ayodele et. al (2021); 
Honcharenko et. al (2021) 

U4 Internal 
Collaboration 
Support 

Providing structured support within teams for preparing and 
exchanging digital data using tools like BIM, VR, AR)  

Eshbayev et. al (2023); 
Dilakshan et al. (2021) 

U5 External 
Collaboration 
Support 

Facilitating cross-organisational collaboration by coordinating 
external data contributions and model integration suing shared 
platform.  

Lu (2021); 
Srinavin et al. (2021) 

U6 Data 
Standardisation 

Implementing and maintaining standardised data practices, 
including compliance to CIDB Act 520, Eurocodes, and British 
Standards. 

Anton et al. (2023); 
Yang and Talha (2021) 

U7 Building Model 
Exploration Skills 

Applying digital modeling tools (e.g., BIM, AR, VR) for 
visualisation, modeling, and decision-making in building 
exploration. 

Wu et al. (2022); 
Honcharenko et al. (2021) 

U8 Time 
Management for 
Tool Utilisation 

Optimising time allocation for digital tool usage to ensure efficient 
integration of technologies such as BIM into project workflows. 

Anton (2023); 
Honcharenko et al. (2021) 

Data Analytics 
 
 
 

Culture of 
Production (P) 

P1 
Data Visualisation 

Translating construction data into visual formats such as 
histograms, pie charts, and dashboards to enhance clarity, 
communication, and collaboration. 

Aleksandrova et al. (2019); 
Wu et al. (2022) 

P2 
Detail data 
collection 

Collecting and managing detailed project data throughout the 
project lifecycle using manual tools (e.g., checklists) and digital 
tools (e.g., BIM, drones, 4D scanning). 

Eshbayev et al. (2022); 
Wu et al. (2022) 

P3 Selective 
Information 
Analysis 

Extracting and prioritising relevant data for decision-making using 
manual or digital tools (e.g., FIND/QSELECT in BIM) 

Wu et al. (2022); 
Lu (2021) 

P4 Performance Forecasting project performance outcomes (e.g., cost, time, Eshbayev et. al (2023); 
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Prediction budget) identifying risks using structured data models and analysis 
frameworks. 

Nawi et al. (2021) 

P5 
Predictive 
Analytics 

Applying predictive data models using BIM and historical project 
data to anticipate deliverables and resource needs. 

Patel and Patel (2020); 
Garyaev and Garyaeva 
(2019) 

P6 Risk Prevention 
Strategies 

Analysing past project data and codes to proactively identify 
potential risks and develop pre-emptive mitigation strategies.  

Honcharenko et al. (2021); 
Bilal et. al (2019) 

P7 
Mitigation action 

Developing and implementing response strategies for anticipated 
issues based on data-driven insights from predictive tools and 
scenario modeling.  

Ayodele et. al (2021); 
Alaka et al. (2019) 

P8 
Risk Control 
Procedures 

Designing standardised procedures and control measures to 
mitigate risks using BIM models, guided templates, and 
compliance tracking tools. 

Adekunle et al. (2022); 
Turner et al. (2021) 
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Convenience sampling was utilised to collect data based on the researcher's network and the 266 

convenient availability of participants in terms of time, location, access, and willingness to 267 

participate (Whitehead and Lopez, 2016). Initially, a set of 31 individuals was identified through 268 

the researcher's network and a snowballing approach. This convenience-based approach may 269 

introduce selection bias, as it tends to favour participants who are more digitally inclined and 270 

already within the researcher’s professional circle. Consequently, the sample may 271 

overrepresent individuals from organisations with higher digital maturity, potentially 272 

underrepresenting views from smaller firms or those with limited digital exposure. To ensure 273 

expert relevance, participants were not selected based solely on availability but were screened 274 

using a structured point-based system adapted from Hallowell and Gambatese (2010). 275 

Participants were required to attain a minimum of 11 points based on criteria such as 276 

professional experience in construction, a bachelor's degree or higher, professional body 277 

registration, involvement in digital data tasks, responsibility for a digital portfolio, publications on 278 

digital construction, and participation in relevant training. These criteria are widely recognised in 279 

construction studies as indicators of digital expertise (Hallowell and Hansen, 2010). The 280 

structured point-based screening system ensured that only participants with substantial 281 

expertise in digital construction were included, enhancing the reliability of the data.  282 

 283 

From the initial pool of 31 potential experts, 18 individuals were certified as experts based on 284 

the aforementioned criteria and confirmed their willingness to participate in this survey. While 285 

the sample size may appear limited, it is appropriate for expert-based studies focusing on depth 286 

and relevance. The sample size of 18 experts was deemed sufficient to achieve data saturation, 287 

where further interviews were unlikely to yield significantly new perspectives on data-driven 288 

culture attributes (Whitehead and Lopez, 2016). Similar expert-driven studies in construction 289 

have employed sample sizes ranging from 10 to 20 participants (e.g., Kordi et al., 2022; Yin and 290 

Caldas, 2020). For example, Kordi et al. (2022) utilized 15 experts to explore practices of social 291 

sustainability, while Yin and Caldas (2020) employed 11 experts to investigate the issues and 292 

solutions for scaffolding in construction projects, demonstrating that small, expert-driven 293 

samples are effective for specialized research questions. Moreover, the selection process 294 

ensured representation from diverse disciplines of expertise, including construction project 295 
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management, digital technology and policy development, to prevent any potential biases 296 

towards specific attributes (Karakhan et al., 2020). In addition, the survey was conducted in a 297 

face-to-face guided format, allowed for real-time clarification of responses, reducing 298 

misinterpretation and increasing the validity of the findings, thereby compensating for the 299 

smaller sample size with high-quality, contextually rich data. The choice of 18 experts was also 300 

influenced by practical considerations, including the time-intensive nature of face-to-face 301 

questionnaires and the limited availability of highly qualified construction professionals, striking 302 

a balance between depth and feasibility (Yin and Caldas, 2020). 303 

 304 

To evaluate the reliability and internal consistency of the Likert scale items, Cronbach’s alpha 305 

was utilised. Cronbach’s alpha is a statistical test that generates values between 0 and 1, where 306 

higher values indicate higher reliability. The data collection instrument in this study exhibited a 307 

Cronbach’s alpha value of 0.847, indicating a high level of reliability. 308 

 309 

The collected data was subjected to both descriptive and inferential statistical methods. The 310 

relative importance index method (RII) was used to determine the insight of participants on the 311 

data driven culture attributes. The RII was computed based on the following formula Tholibon et 312 

al. (2021);  313 

 314 

 315 

where w is the weighting given to each factor by the respondents, which ranges from 1 to 5; ‘1’ 316 

being not at all important and ‘5’ being very important. A is the highest weight; in this study it is 317 

5; and N is the total number of samples. The RII should be a variable ranging from 0 to 1. The 318 

Intraclass Correlation Coefficient (ICC), a combination of interrater agreement (IRA) and 319 

interrater reliability (IRR) was adopted to determine the consistency and consensus of the 320 

experts' responses to data-driven culture attributes. As described in studies by Che Ibrahim et 321 

al. (2015), IRA signifies the degree of similarity in the level or magnitude of ratings provided by 322 

two or more raters, while IRR indicates the consistency in the pattern of ratings given by two or 323 
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more raters. An ICC value of 0 indicates a lack of agreement among respondents, whereas a 324 

value of 1 signifies perfect agreement. 325 

 326 

During the administration of the face-to-face survey, researchers also took field notes to capture 327 

open-ended responses and comments from participants. These qualitative insights were 328 

manually thematically coded. Coding was conducted based on the underlying meaning and 329 

context of each comment, which were categorised according to the nature of the attribute and 330 

its associated sub-attribute (e.g., data leadership, literacy, democratisation, and analytics). To 331 

ensure reliability and reduce subjective interpretation, the coded themes were reviewed and 332 

cross-validated by multiple researchers within the project team. This triangulation process 333 

improved consistency in theme classification and contributed to the robustness of qualitative 334 

insights integrated into the discussion. 335 

 336 

5. Results and analysis 337 

Demographic details of the participants 338 

The background information of the survey participants is presented in Table 2. Participants were 339 

categorised based on their discipline, position, and total points scored. The majority of the 340 

participants (61.1%) were from consulting organisations, followed by contractors (27.8%) and 341 

clients (11.1%). This distribution indicates a balanced representation of key stakeholders in the 342 

construction industry, ensuring a diverse range of perspectives on data-driven culture attributes. 343 

Concerning the roles of the participants, BIM-related positions dominated the study, with BIM 344 

Modellers accounting for the highest proportion (50%). This is followed by more specialised 345 

roles such as BIM Coordinators (11.1%), Lead Modellers (5.6%), and BIM Trainers (5.6%). The 346 

prominence of BIM-related positions highlights the focus on digital tools and methodologies 347 

within the construction industry. 348 

 349 

Regarding their disciplines, civil engineering professionals comprised the largest group (more 350 

than 50%), followed by architecture, electrical engineering and project management.  The 351 

inclusion of professionals from diverse disciplines, roles, and organisational types strengthens 352 

the validity and applicability of the findings. Furthermore, the high competency levels of the 353 
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participants, as evidenced by their point scores and qualifications, affirm the quality and 354 

reliability of the data collected in this study. 355 

 356 

Table 2: The profile of respondents 357 

Code Organisation Discipline Position Total Point 

A-1 Contractor Project Mngmt Project Engineer 12 

A-2 Contractor Civil  Site Engineer 11 

A-3 Contractor Structural BIM Modeller 12 

A-4 Contractor Eng. Services BIM Modeller 11 

A-5 Contractor Civil  BIM Modeller 12 

B-1 Consultant Electrical BIM Modeller 11 

B-2 Consultant Civil BIM Modeller 12 

B-3 Consultant Civil Lead Modeler 18 

B-4 Consultant Civil BIM Trainer  40 

B-5 Consultant Civil BIM Modeler and Coordinator 17 

B-6 Consultant Architect Modeler 12 

B-7 Consultant Civil  BIM Modeller 11 

B-8 Consultant Civil  BIM Modeller 11 

B-9 Consultant Civil  BIM Modeller 14 

B-10 Consultant Architect BIM Modeller 11 

B-11 Consultant Civil  BIM Coordinator 16 

C-1 Client Civil  BIM Coordinator 14 

C-2 Client Project Mngmt Project Engineer 14 

Note: The “Total Point” column reflects each respondent’s cumulative score based on predefined selection 358 
criteria (e.g., qualifications, professional body registration, digital portfolio, training, and publication). 359 
 360 

Data Driven Culture Attributes 361 
 362 
 363 
The analysis of survey responses in Table 3 highlights several critical insights about the 364 

relative importance of various data-driven culture attributes within the Malaysian construction 365 

sector. Among the four key attributes; Data Leadership, Data Literacy, Data Democratisation, 366 

and Data Analytics, the highest-ranked indicators predominantly fall under Data Leadership 367 

and Data Literacy, emphasising the importance of leadership and skill cultivation in driving 368 

data-driven practices. Indicators such as Digital Knowledge Expertise (RII = 0.989), 369 

Competency Measurement (RII = 0.989), and Continuous Professional Development (RII = 370 

0.978) rank the highest overall, reflecting the industry's prioritisation of expertise, professional 371 

development, and quality assurance in digital practices. A radar chart of RII scores across the 372 

four key attributes (Figure 1) visually highlights Data Leadership and Data Literacy as the most 373 

critical domains driving data-driven transformation in the Malaysian construction sector. 374 
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However, the radar chart also reveals several low-performing indicators across different sub-375 

attributes, including C1: Digital Tools Proficiency, C5: Real-Life Design Experience, D3: 376 

Industry Standards Compliance, U5: External Collaboration Support, P5: Predictive Analytics, 377 

and P8: Risk Control Procedures. These anomalies highlight key capability gaps that warrant 378 

further attention. 379 

 380 
 381 
 382 
 383 
 384 
 385 
 386 
 387 
 388 
 389 
 390 
 391 
 392 
 393 
 394 
 395 
 396 
 397 
 398 
 399 
 400 
 401 
 402 
 403 
 404 
 405 

Figure 1: Radar Chart of RII by data driven attributes 406 
 407 
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Figure 1: Radar Chart of RII by data driven attributes 416 
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Specific comments from practitioners further illustrate these priorities. For example, a project 418 

engineer remarked on the need to “understand digital practices such as BIM ISO 19650” (C-2), 419 

aligning with previous studies that highlight the significance of international standards for 420 

ensuring interoperability and effectiveness in construction digitisation (Bilal et al., 2019). 421 

Similarly, a lead modeller explained that it is crucial to “apply digital construction deliverables 422 

according to JKR BIM Guidelines” (B-3) because these national guidelines outline step-by-step 423 

procedures for implementing BIM tools effectively. Meanwhile, participants repeatedly 424 

emphasised the importance of competency to ensure that construction professionals can meet 425 

the demands of an increasingly digitalised industry. Several practitioners highlighted practical 426 

know-how, noting that personnel should “have experience and be familiar in digital application” 427 

(A-2) and that they must be able “to perform digital construction deliverables through in-house 428 

by” (A-5). 429 

 430 

In the Data Leadership domain, critical enablers include Digital Knowledge Expertise and 431 

Quality Assurance in Digital, with Project Progress Oversight (RII = 0.922) and Legal 432 

Framework Expertise (RII = 0.867) emphasising the significance of oversight and legal 433 

knowledge in driving digital transformation. For instance, respondents recommended that 434 

“Gantt charts related to digital-based activities shall be established before project preliminary 435 

phases” (B-3) to better manage digital workflows, and they stressed “S-Curves for project 436 

oversight, following JKR BIM Guidelines” (B-4) as key tools for monitoring progress.  437 

These insights correspond well with Zulu et al. (2023), who emphasised structured leadership 438 

actions and systematic oversight mechanisms as critical factors driving successful digital  439 
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Table 3: Relative important index on the order of importance in the data driven attributes 440 
 441 
Attribute Sub Attribute Code Indicator Σw Relative 

Important 
Index (RII) 

Ranking (based 
on each Sub 

Attribute) 

Overall 
Ranking 

Data Leadership 
(RII = 0.9168) 

Datafication (D) 
 

D1 Digital Knowledge Expertise 89 0.989 1 1 

D2 Ethical Digital Management 79 0.878 4 20 

D3 Industry Standards Compliance 72 0.800 7 29 

D4 Project Progress Oversight 83 0.922 3 14 

D5 Risk Analysis Proficiency 75 0.833 6 26 

D6 Quality Assurance in Digital 88 0.978 2 4 

D7 Legal Framework Expertise 78 0.867 5 22 

Infrastructure of 
Data (ID) 

ID1 Data Security Management 86 0.956 3 9 

ID2 Infrastructure Development 87 0.967 2 7 

ID3 Financial Resource Allocation 88 0.978 1 5 

Data Literacy 
(RII = 0.9096) 

Cultivation of 
Data (C) 

C1 Digital Tools Proficiency 65 0.722 6 32 

C2 Technology Adaptability 87 0.967 3 6 

C3 Digital Knowledge Transfer 86 0.956 4 8 

C4 Competency Measurement 89 0.989 1 2 

C5 Real-Life Design Experience 73 0.811 5 28 

C6 Continuous Professional Development 88 0.978 2 3 

C7 Coordination 85 0.944 3 11 

Data 
Democratisation 
(RII = 0.8680) 

Culture of Use 
(U) 

U1 Data Interoperability 84 0.933 2 12 

U2 Cross-Organisation Compatibility 81 0.900 5 18 

U3 Collaborative Modeling Standards 77 0.856 6 23 

U4 Internal Collaboration Support 82 0.911 4 17 

U5 External Collaboration Support 59 0.656 8 33 

U6 Data Standardisation 82 0.911 3 15 

U7 Building Model Exploration Skills 85 0.944 1 10 

U8 Time Management for Tool Utilisation 75 0.833 7 25 

Data Analytics 
(RII = 0.8443) 
 
 
 

Culture of 
Production (P) 

P1 Data Visualisation 83 0.922 1 13 

P2 Detail data collection 74 0.822 5 27 

P3 Selective Information Analysis 82 0.911 2 16 

P4 Performance Prediction 76 0.844 6 24 

P5 Predictive Analytics 65 0.722 8 31 

P6 Risk Prevention Strategies 78 0.867 4 21 

P7 Mitigation action 81 0.900 3 19 

P8 Risk Control Procedures 69 0.767 7 30 
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adoption. However, challenges remain, particularly in regulatory support. Respondents pointed 442 

out that "there is no legal/regulation/act from the Malaysian government to justify the 443 

mandatory use of BIM" (B-9), urging policymakers to "obligate rules/regulations related to BIM 444 

licensing" for effective implementation (C-1). The notably lower ranking of industry compliance 445 

further indicates that adherence to established standards is insufficient, revealing significant 446 

opportunities for improvement in regulatory frameworks and standardised compliance 447 

practices. For example, a BIM Modeller commented that practitioners often "just follow 448 

Superintending Officer (SO) organisation’s procedure" (B-10) rather than aligning with widely 449 

recognised codes or specifications. Moreover, smaller firms reportedly adopt ISO standards 450 

"only if prompted by top management" (A-4), indicating that institutional incentives are 451 

essential for fostering broader compliance. The limited regulatory support and inconsistent 452 

adherence to established standards identified in this study align with findings by Pittri et al. 453 

(2025), who highlighted similar institutional and regulatory gaps that hinder widespread 454 

adoption and compliance with digital practices in the construction sector. 455 

 456 

Within Data Literacy, experts highly rated Technology Adaptability (RII = 0.967) and Digital 457 

Knowledge Transfer (RII = 0.956), recognising the necessity of adaptive learning and effective 458 

knowledge dissemination.  In contrast, Digital Tools Proficiency (RII = 0.722) was notably less 459 

emphasised, highlighting an evident skills gap. This lower emphasis on digital proficiency 460 

suggests the presence of barriers such as inadequate access to specialised training programs 461 

or software resources. For example, one BIM Modeller emphasised that “To run the software, 462 

the player shall have a certificate, at least from Autodesk” (B-2) while another respondent 463 

stressed the importance of regular updates on “new technologies and software versions to 464 

maintain industry relevance” (A-2). This finding corroborates the view presented by Hyatt 465 

(2021), who identified similar gaps in skill competencies and advocated structured training and 466 

development programs as key factors enhancing organisational data literacy. 467 

 468 

In Data Democratisation, the findings highlight a blend of strengths and challenges. Indicators 469 

such as Building Model Exploration Skills (RII = 0.944) and Data Interoperability (RII = 0.933) 470 

are highly regarded, emphasising the industry's competency in utilising advanced modeling 471 
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and cloud-based data-sharing tools. However, External Collaboration Support (RII = 0.656) 472 

ranks the lowest among all indicators, signaling critical challenges in fostering effective 473 

collaboration across external stakeholders. This anomaly might be linked to regulatory gaps in 474 

Malaysia, specifically the absence of mandatory regulations for using a Common Data 475 

Environment (CDE), limiting effective external stakeholder collaboration. In contrast, Internal 476 

Collaboration Support (RII = 0.911) demonstrates relatively strong performance, suggesting 477 

that while organisations are adept at internal teamwork, the lack of seamless external 478 

partnerships may hinder broader data-sharing and cross-organisation compatibility. Specific 479 

practitioner feedback further illustrates these challenges. For instance, one respondent noted, 480 

“External stakeholders create positive rivalry culture in the use of BIM” (A-1) indicating 481 

potential competitiveness rather than cohesive collaboration. Another emphasised the 482 

necessity of standardised data environments, commenting, “Need one cloud for all 483 

stakeholders to see the data, such as a Common Data Environment (CDE)” (B-2). This 484 

challenge resonates with findings by Hwabamungu and Shepherd (2024), who emphasised 485 

that fragmented stakeholder interactions significantly hinder broader digital transformations in 486 

construction. In addition, concerns were raised about outdated tools in smaller firms and 487 

challenges related to differing data languages complicating integration efforts. 488 

 489 

In the Data Analytics attribute, Data Visualisation (RII = 0.922) emerges as the most important 490 

indicator, highlighting the industry's emphasis on presenting data insights effectively. However, 491 

other indicators, such as Predictive Analytics (RII = 0.722) and Risk Control Procedures (RII = 492 

0.767), rank lower, reflecting a lag in the adoption of advanced analytics and risk management 493 

practices. This suggests that while organisations are comfortable with basic data interpretation, 494 

they are less equipped with capabilities for proactive, predictive, and preventive measures. For 495 

example, one BIM Modeller commented, “BIM software produces various dimensions of design 496 

outputs, such as material lists, placements, and drawings, which are then translated into 497 

interactive visual tools like histograms and pie charts to facilitate communication and 498 

collaboration” (A-5). The BIM Modeller and Coordinator further emphasised, “The lack of 499 

automated predictive tools for clash analysis limits proactive risk identification, leaving smaller 500 

firms to rely on manual methods using spreadsheets like Excel.” (B-5). These observations 501 
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align with existing research by Pittri et al. (2025), who documented similar trends of limited 502 

predictive analytics adoption due to resource constraints and knowledge gaps. 503 

 504 

To measure the level of agreement among respondents, the Intraclass Correlation Coefficient 505 

(ICC) was calculated. The analysis indicated an IRR value of 0.847 and an IRA value of 0.775, 506 

both of which exceed the threshold ICC value of 0.70 (LeBreton & Senter, 2008). These results 507 

demonstrate a high level of consistency and strong consensus among practitioners, 508 

quantifying the reliability of the study. The findings confirm that the practitioners consistently 509 

perceived and rated the data-driven culture attributes for construction organisations. 510 

 511 

6. Discussion 512 

This section consolidates and interprets the key findings from the empirical analysis, drawing on 513 

practitioner insights and existing literature to explain the implications of these attributes. 514 

 515 

6.1 Data Leadership: Strategic Alignment and Policy Integration 516 

The prominence of indicators such as Digital Knowledge Expertise, Quality Assurance in 517 

Digital, and Financial Resource Allocation highlights the crucial role of leadership in advancing 518 

data-driven practices. Data leadership is a foundational pillar among the four critical drivers 519 

(analytics, literacy, and democratisation) essential for achieving digital competitiveness 520 

(Hashim et al., 2024). By establishing clear processes and policies that support the production, 521 

use, and continuous cultivation of data, leaders secure genuine buy-in across the organisation, 522 

enabling them to integrate datafication practices and robust data infrastructure into everyday 523 

operations. Operationally, this involves fostering strong staff engagement by upskilling existing 524 

personnel, potentially via reverse mentoring, or selectively recruiting externally for advanced 525 

digital skills (Gledson et al., 2023). In Malaysia, strategic leadership has been strengthened 526 

significantly by governmental initiatives, including the National Construction Policy (NCP) 2030 527 

and mandatory BIM adoption for public projects exceeding RM10 million. These policies create 528 

clear regulatory incentives, pushing organisations towards standardised and structured digital 529 

adoption (CIDB, 2024). To further facilitate this leadership transformation, organisations are 530 

encouraged to cultivate an ecosystem of innovation by promoting collaborative internal teams, 531 
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providing platforms and spaces for idea sharing, and partnering strategically with supply chains 532 

to distribute innovation risks (Morgan and Papadonikolaki, 2021). Case studies such as 533 

Gamuda Berhad and the Pan Borneo Highway further exemplify successful leadership-led 534 

integration of BIM, drones, and cloud analytics, effectively embedding data-driven decisions 535 

into operational frameworks (CIDB, 2025). Business leaders' proactive efforts in improving 536 

their digital competencies through external and internal networks, fostering bidirectional trust, 537 

and empowering staff are vital to promoting and sustaining a robust data sharing culture 538 

across industry supply chains (Gledson et al., 2023). 539 

 540 

6.2 Data Literacy: Addressing Skill Gaps and Enhancing Competency 541 

Data literacy attributes, notably Competency Measurement and Continuous Professional 542 

Development, received high prioritisation, reflecting the industry's recognition of ongoing 543 

professional growth and structured skill enhancement. This highlights the shift from passive 544 

data awareness to an applied understanding of how to interpret, utilise, and transform data into 545 

operational insight. A cornerstone of this approach lies in effectively translating day-to-day 546 

activities into actionable insights, leveraging digital knowledge to interpret and capitalise on 547 

data. To operationalise this, professionals must demonstrate proficiency across multiple 548 

standards and guidelines such as BIM ISO 19650, BIM JKR Standard and Guidelines, BIM 549 

Specification Parameter, BIM: JKR Data Management Manual, JKR: JKR Template User 550 

Manual, and BIM: JKR Green Rating Application Manual. These frameworks not only set 551 

performance benchmarks but also guide the structured cultivation of digital literacy within 552 

construction environments. Integrating such frameworks into organisational practice allows for 553 

more precise identification of skill gaps through Competency Measurement and facilitates 554 

targeted capacity-building via CPD programmes. 555 

 556 

However, notable gaps persist, particularly evident in the lower-ranked Digital Tools 557 

Proficiency indicator. A 2023 industry report indicated that only 24% of contractors possess 558 

high knowledge of IoT, and fewer than 10% are proficient in advanced technologies like 3D 559 

printing (CREAM, 2022). This gap is further magnified in developing economies, where data 560 

analytics and cybersecurity capabilities are notably underdeveloped (Adepoju and Aigbavboa, 561 
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2020). These statistics highlight the critical need for structured, targeted training initiatives, 562 

such as CIDB’s myBIM certification and the Skills Competency Training Programmes, to 563 

bolster workforce capabilities.  564 

 565 

In addition to technical proficiency, recent findings show that employee characteristics 566 

including social behaviours can also predict digital literacy outcomes in construction 567 

organisations (Zulu et al., 2023). This suggests that human resource strategies must consider 568 

behavioural and attitudinal factors, not just technical qualifications. As emphasised by Wang 569 

and Krish (2019), fostering data literacy not only enhances operational efficiency but also 570 

ensures technology amplifies human expertise technological capabilities to achieve optimal 571 

outcomes 572 

 573 

Moreover, digital technologies, encompassing data collection tools, decision-oriented systems, 574 

collaborative platforms, and security-focused solutions, are increasingly utilised to enhance 575 

quality assurance processes within the construction industry (Ghansah and Edwards, 2024). 576 

To support these applications, the development of a robust and adaptable data infrastructure 577 

becomes essential. Such infrastructure, when conceptualised as a complex adaptive system, 578 

enables seamless integration across workflows while supporting the pillars of a strong data 579 

culture - production, use, and continuous cultivation (Brous et al., 2019). 580 

 581 

6.3 Data Democratisation: Enhancing Collaboration and Standardisation 582 

Data democratisation continues to be a critical yet underdeveloped dimension of Malaysia’s 583 

digital construction transformation. While internal collaboration practices appear relatively 584 

mature, external collaboration support remains a key weakness, exposing underlying 585 

fragmentation across the industry. This challenge is symptomatic of broader structural 586 

limitations, including siloed workflows, limited trust, and inconsistent adoption of CDEs project 587 

stakeholders (CREAM, 2022). 588 

 589 

Efforts to address these gaps are increasingly supported by strategic public-private initiatives. 590 
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For instance, CIDB’s partnership with platforms like PlanRadar exemplifies targeted 591 

interventions aimed at improving accessibility to collaborative, cloud-based tools that promote 592 

interoperability and real-time data sharing across organisations (Graham, 2024). However, 593 

democratising data access and use requires more than digital tools, demanding a cultural shift 594 

toward openness, transparency, and shared responsibility, as cultural inertia remains one of 595 

the most enduring obstacles to digital integration in construction (Kane et al., 2015; Samuelson 596 

and Stehn, 2023). To overcome these challenges, industry leaders must actively foster 597 

environments of trust and knowledge exchange. This includes establishing cross-functional 598 

collaboration forums, encouraging shared innovation ownership with the supply chain, and 599 

considering third-party facilitation for training and integration support (Morgan & 600 

Papadonikolaki, 2021). 601 

 602 

6.4 Data Analytics: From Visualisation to Advanced Predictive Insights 603 

Data analytics in the construction industry remains unevenly developed, with a strong 604 

emphasis on data visualisation but limited progress in advanced applications such as 605 

predictive analytics and risk control procedures. This preference reflects early-stage adoption, 606 

where visual dashboards and descriptive metrics are more commonly applied, while tools like 607 

AI-driven models and blockchain-enabled platforms remain underutilised (Chen et al., 2024). In 608 

Malaysia, this trend is consistent across firms, where implementation of analytics solutions is 609 

constrained by insufficient data literacy, lack of investment in upskilling, and workflow 610 

resistance (Madanayake and Çıdık, 2019; Ngo et al., 2020). 611 

 612 

Despite growing recognition of BIM and big data's transformative potential, many organisations 613 

struggle to operationalise these tools effectively. Even with access to large volumes of data, 614 

the ability to convert insights into meaningful project improvements is often hindered by 615 

fragmented data ecosystems, poor data quality, and entrenched cultural barriers 616 

(Tummalapudi et al., 2022). Moreover, contractors, SMEs, and start-ups frequently face a 617 

steep learning curve and lack the internal resources needed to capitalise on Industry 4.0 618 

technologies such as IoT, cloud-based analytics, and blockchain applications (Atuahene et al., 619 

2022). 620 
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Real-world examples such as Gamuda’s integration of digital twin technology illustrate the 621 

substantial benefits of advanced analytics in enhancing forecasting, cost control, and risk 622 

management (CIDB, 2025). However, these examples remain outliers in an industry that is still 623 

grappling with foundational capability gaps. Recent studies have thus advocated for the use of 624 

digital readiness and analytics capability assessment tools to help organisations benchmark 625 

their strengths and identify priority areas for investment (Ngo et al., 2020). To close this divide, 626 

industry-wide adoption of targeted training, accessible analytics platforms, and leadership 627 

commitment to cultural change is essential. As Upadhyay and Kumar (2020) emphasise, the 628 

successful integration of big data analytics relies not only on technical infrastructure but also 629 

on the presence of a supportive, data-informed organisational culture that empowers staff to 630 

use data proactively and strategically. 631 

 632 

7. Conceptual Framework for Advancing Data-Driven Culture 633 

Building on the analysis and discussion of the four main attributes; data leadership, data 634 

literacy, data democratisation, and data analytics, this section presents a consolidated 635 

conceptual framework (see Figure 2) for advancing data-driven culture in the Malaysian 636 

construction sector. The framework synthesises key findings from the empirical data, 637 

practitioner perspectives, and national digitalisation strategies. It positions these four attributes 638 

as interdependent pillars that must be strategically aligned to foster a high-performing, digitally 639 

competent, and future-ready construction industry. The framework not only addresses current 640 

gaps but also provides a structured pathway for operationalising data culture through 641 

leadership, literacy development, standardisation, and analytics integration (Tummalapudi et 642 

al., 2022).  643 

 644 
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Figure 2: Conceptual Framework for Advancing Data-Driven Culture for Malaysian 672 
Construction 673 
 674 

Data leadership functions as the strategic enabler, providing direction through policy 675 

alignment, resource mobilisation, and institutional governance. It is essential for championing 676 

innovation, establishing ethical practices, and aligning digital standards with national regulatory 677 

initiatives such as BIM mandates (CIDB, 2024). Data literacy focuses on building workforce 678 

capacity by enhancing the ability of construction professionals to engage with digital tools and 679 

interpret data-driven insights. Structured training and continuous professional development are 680 

critical for improving operational outcomes and increasing digital confidence across the sector 681 

(Adepoju and Aigbavboa, 2020; Zulu et al., 2023). Data democratisation emphasises 682 

collaboration and standardisation by promoting transparency, shared data environments, and 683 

interoperable systems. These practices reduce fragmentation and foster inclusive innovation 684 

among project stakeholders (Morgan and Papadonikolaki, 2021). Data analytics, although less 685 

mature in implementation, plays a critical role in transforming raw information into predictive 686 

insights that support real-time decision-making, performance forecasting, and risk mitigation 687 

(Ngo et al., 2020; Tan et al., 2023). When underpinned by a strong data culture, analytics 688 

contributes significantly to productivity, communication, and competitive advantage (Hashim et 689 

al., 2024; Reyes-Veras et al., 2023).  690 
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 691 

As Malaysia’s construction industry advances its digital transformation through initiatives such 692 

as the National Construction Plan (NCP) 2030 and the CIDB’s Construction 4.0 roadmap, 693 

success increasingly depends not only on technology adoption but also on deep cultural 694 

transformation. Shifting mindsets from intuition-based to data-informed decision making is 695 

crucial. For instance, adopting predictive analytics to anticipate project delays or cost overruns 696 

requires moving beyond traditional experience-based judgments. Fostering collaboration is 697 

equally critical, particularly in overcoming siloed operations across architects, consultants, and 698 

contractors. Encouraging open data sharing through platforms like CDEs can align workflows 699 

and reduce rework. 700 

 701 

Despite these advances, Malaysia continues to face significant cultural barriers including 702 

resistance to change, low digital literacy, and fragmented coordination (Musarat, et al., 2024). 703 

Addressing these requires strong leadership commitment to position data as a strategic asset 704 

through investments in digital infrastructure, policy enforcement, and competency 705 

development. Embedding data literacy across all organisational levels helps reduce pushback 706 

against tools such as BIM, virtual reality (VR), or IoT-based platforms. In the Malaysian 707 

context, a study by Tanko et al. (2024) revealed that while BIM is still in the early stages of 708 

implementation, professionals identified its potential for reducing construction waste and 709 

improving productivity, particularly through applications such as quantity take-off, 3D 710 

coordination for clash detection, and site utilisation planning. However, widespread uptake is 711 

hindered by cultural challenges, including ambiguous guidelines, low trust, and insufficient 712 

training. Comparable regional experiences illustrate the transformative potential of cultural 713 

change. The L&T Group, a major construction firm in Asia, achieved a 25% improvement in 714 

equipment fuel efficiency, a 15% increase in labour productivity, and a 10% boost in machinery 715 

utilisation by aligning executive leadership, workforce upskilling, and standardised data 716 

practices (Subrahmanyan and Jalona, 2020). Similarly, a Singaporean construction firm 717 

reported significant gains in project delivery performance, productivity, and stakeholder 718 

satisfaction by engaging stakeholders at all levels, supported by clear leadership 719 

communication, continuous professional development, and structured collaboration (Ngo et al., 720 
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2020). Together, these cases demonstrate that sustained leadership commitment, skill 721 

development, and collaborative data practices can deliver measurable benefits. 722 

 723 

These examples highlight the tangible value of embedding a data-centric culture in 724 

construction. For Malaysian firms, replicating such outcomes involves prioritising training, 725 

formalising data governance protocols, and ensuring accountability at the leadership level. 726 

Aligning with the aspirations of NCP 2030, such cultural adaptations are essential to overcome 727 

persistent industry issues like disconnected workflows and underutilised digital tools, while 728 

positioning Malaysia as a regional leader in data-driven construction transformation. 729 

 730 

8. Conclusions 731 

This study highlights the essential attributes required for cultivating a robust data-driven culture 732 

within the Malaysian construction industry, particularly amidst the growing adoption of BIM and 733 

Industry 4.0 technologies. Based on a structured face-to-face survey involving 18 practitioners, 734 

the findings highlight the critical importance of Digital Knowledge Expertise, Competency 735 

Measurement, Continuous Professional Development, Quality Assurance in Digital, and 736 

Financial Resource Allocation. These attributes are pivotal for enhancing leadership, advancing 737 

workforce skills, and aligning strategic resources. Effective data leadership, characterised by 738 

well-defined processes and policies, serves as a central driver in enabling Datafication and 739 

establishing a robust Infrastructure of Data to translate routine construction activities into 740 

actionable insights. Complementing this is Data Literacy, a distinct attribute that includes the 741 

Cultivation of Data, enabling the identification of skill gaps and guiding targeted capacity-742 

building initiatives. It ensures the workforce remains proficient in emerging tools and 743 

methodologies while fostering a culture of continuous learning and adaptability within the 744 

organisation. 745 

 746 

While foundational systems and skills are relatively important, the findings reveal persistent 747 

gaps in External Collaboration Support, Predictive Analytics, and Digital Tools Proficiency. 748 

Addressing these challenges requires a concerted effort to enhance collaboration mechanisms, 749 

adopt advanced analytics technologies, and standardise practices across organisations. By 750 
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strategically integrating leadership, workforce competencies, and technical infrastructure, 751 

construction organisations can foster a resilient ecosystem that supports both the Culture of 752 

Use, enabling seamless data accessibility and collaboration, and the Culture of Production, 753 

driving the generation and application of actionable insights. This holistic approach reflects the 754 

need for well-trained human capital, transparent quality standards, and adequately allocated 755 

financial resources to converge in supporting robust digital initiatives. Notably, the conceptual 756 

framework developed in this study consolidates these elements into four interrelated drivers: 757 

data leadership, data literacy, data democratisation, and data analytics. Each offers structured 758 

pathways for guiding digital transformation efforts in the construction sector. The framework 759 

highlights that a strong data culture must be institutionally supported, competency led, 760 

inclusively governed, and analytically enabled.  761 

 762 

While this study provides valuable insights, several limitations merit acknowledgement. First, the 763 

use of convenience sampling may introduce bias and limit the generalisability of the findings; 764 

however, this is mitigated by a rigorous expert selection process based on stringent qualification 765 

criteria. Future studies are encouraged to adopt stratified random sampling or engage larger, 766 

more diverse participant pools to validate and extend these findings at scale. Second, the scope 767 

of the research is confined to the Malaysian construction industry; future studies in other 768 

countries with similar or different digital mandates are needed to assess the generalisability of 769 

these findings. Third, the study primarily captures individual-level perspectives, leaving industry 770 

or project-based outcomes unexplored. Future research could adopt a multi-layered approach 771 

to explore the operationalisation of data-driven competencies at portfolio, program, project, and 772 

task levels. Moreover, longitudinal studies could examine how data culture maturity evolves 773 

over time across different organisational scales.  774 

 775 

Despite these limitations, the study provides significant practical implications. It highlights the 776 

growing need for digital competence and structured frameworks to guide the transformation of 777 

traditional construction environments into data-informed, future-ready ecosystems. For 778 

practitioners and policymakers alike, the findings offer guidance on aligning workforce 779 

development with national digital agendas, such as the Construction 4.0 roadmap and the 780 
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National Construction Policy 2030. Thus, it contributes to the global discourse on data culture 781 

and provides a foundational model for advancing digital capability within complex project-driven 782 

sectors. 783 
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