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Abstract

This paper examines the mechanisms of  innovation diffusion within civil  engineering organizations by 
focusing  on  informatics  capability  building.  Traditional  construction  and  engineering  firms  frequently 
encounter persistent barriers to digital transformation, driven by fragmented workflows, temporary project-
based  structures,  and  a  cultural  aversion  to  technological  disruption.  To  investigate  how informatics 
capabilities—specifically advanced computational design, parametric modeling, and data analytics—diffuse 
within these organizations, we conducted a rigorous controlled experiment involving 120 professional civil 
engineers across multiple design firms. The experimental group participated in a structured, peer-coached, 
and project-integrated capability-building program, whereas the control group relied on conventional self-
paced online modules and passive software onboarding. Over a six-month monitoring period, we tracked 
individual skill  acquisition, actual  application on live projects,  and subsequent peer-to-peer knowledge 
diffusion using social network analysis. The empirical results reveal that the structured, peer-supported 
intervention led to a statistically significant increase in both software proficiency and the rate of internal skill 
transmission compared to the control group. Network analysis demonstrated that trained peer coaches 
acted as critical catalysts, accelerating the diffusion of informatics practices to untrained colleagues by a 
substantial margin. These findings provide robust quantitative evidence that deliberate, network-centric 
capability building outperforms passive technology dissemination, offering a scalable blueprint for digital 
modernization in the civil engineering sector.
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1. Introduction

1.1 The Challenge of Digital Transformation in Civil Engineering

Historically, the civil engineering domain has operated under strict regulatory frameworks and safety-critical 
constraints,  which  naturally  cultivate  a  highly  conservative  professional  culture  [1].  This  caution  is 
particularly  evident  in  the  adoption  of  novel  computational  paradigms  and  digital  tools.  While  other 
engineering disciplines, such as aerospace and software engineering, have rapidly integrated advanced 
computation, civil engineering organizations often struggle with digital transformation. The transition from 
manual calculations to Computer-Aided Design (CAD) took decades to standardize, and the subsequent 
shift  toward Building Information Modeling (BIM) remains fragmented across many parts of the global 
industry [2]. This slow adoption rate is not merely a consequence of individual resistance to change; rather, 
it  is  deeply  rooted  in  the  structural  characteristics  of  the  construction  sector.  Projects  are  typically 
characterized by temporary coalitions of independent firms, tight profit margins, and a heavy reliance on 
historical precedents to guarantee safety and compliance. Consequently, civil engineering firms frequently 
prioritize short-term project deliverables over long-term technological capacity building.

As we transition into an era dominated by large-scale sensor networks,  digital  twins,  and algorithmic  
optimization,  traditional  design  methods  are  increasingly  challenged  by  the  complexity  of  modern 
infrastructure [3]. Modern projects generate vast amounts of data, ranging from spatial point clouds to 
structural health monitoring feeds. To harness this data, civil engineering organizations must cultivate deep 
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informatics capabilities among their workforce. We define informatics capability as the collective ability of 
an  organization's  engineering  staff  to  manipulate  data,  program computational  models,  script  design 
workflows, and leverage application programming interfaces (APIs) to automate routine engineering tasks. 
Building this capability requires more than purchasing software licenses or mandating training programs. It 
demands an understanding of how new computational paradigms diffuse through the social and professional 
networks of an engineering office. Without this understanding, technological investments often result in 
shelfware, where advanced tools are acquired but remain underutilized due to a lack of genuine user 
competence and confidence.

1.2 Objectives and Scope of the Study

This  study  addresses  a  critical  gap  in  the  engineering  management  literature:  the  lack  of  empirical,  
controlled evidence regarding the effectiveness of different informatics capability-building strategies in civil  
engineering organizations [4]. While prior research has extensively documented the technical features of 
BIM, computational design, and data analytics tools, few studies have systematically investigated how the 
knowledge required to operate these tools spreads within a professional design environment. To bridge this 
gap, this paper presents the results of a controlled experiment designed to evaluate two distinct approaches 
to informatics capability building. We compare a traditional, passive self-paced learning model with an 
active, structured, peer-coached model designed to leverage existing organizational social networks. By 
isolating the impact of the training structure on both individual skill acquisition and subsequent peer-to-peer 
innovation diffusion, we seek to provide actionable insights for engineering leaders tasked with steering 
digital transformation initiatives.

The scope of this investigation is specifically focused on professional civil engineers active in structural and 
geotechnical design roles. These domains are highly data-intensive and stand to benefit significantly from 
informatics capabilities, such as automated finite element modeling, parametric geometry generation, and 
algorithmic optimization. By tracking 120 professional engineers over a six-month period, we observe not 
only their individual learning trajectories but also the secondary diffusion of their knowledge to untrained 
colleagues within their respective project teams [5]. This dual-level analysis—focusing on both individual 
capability building and organizational network diffusion—allows us to construct a comprehensive picture of 
how technological innovations take root and spread within professional engineering settings. Ultimately, our 
objective is to supply empirical validation for network-centric training methodologies that can accelerate 
digital adoption across the broader civil engineering and construction industry.

2. Literature Review and Theoretical Foundations

2.1 Innovation Diffusion Theory in Construction Contexts

To understand how informatics capabilities propagate within civil engineering organizations, we must ground 
our analysis in Innovation Diffusion Theory. This framework posits that the adoption of an innovation is a 
social process communicated through specific channels over time among the members of a social system 
[6]. The rate of adoption is influenced by several attributes of the innovation, including its relative advantage, 
compatibility with existing values, complexity, trialability, and observability. In professional engineering firms, 
the perceived complexity of  advanced computational  tools often acts as a significant  barrier  to entry. 
Furthermore, the compatibility of a new tool with established, highly regulated engineering workflows is 
frequently questioned by senior practitioners. Consequently, the diffusion process in this sector does not 
follow a simple linear trajectory; instead, it is highly dependent on how these attributes are interpreted and 
negotiated by individual engineers within their project teams.

In project-based environments like construction and civil engineering, the diffusion of innovation is further 
complicated by the temporary nature of project organizations [7]. Knowledge acquired during a specific 
project is often lost when the project team dissolves, creating a series of disconnected learning loops. To 
overcome  this  project-based  fragmentation,  researchers  have  emphasized  the  need  for  stable 
organizational structures that support continuous learning and knowledge transfer [8]. However, traditional 
top-down mandates from executive leadership often fail to foster genuine technological adoption. Instead, 
successful diffusion frequently relies on the presence of local champions—enthusiastic early adopters who 
bridge the gap between abstract technological potential and concrete project needs. These champions lower 
the perceived complexity of new tools by demonstrating their practical utility in real-time engineering tasks, 
thereby facilitating broader peer-to-peer diffusion [9].
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2.2 Informatics Capabilities and Digital Literacies in Engineering

In the context of modern civil engineering, informatics capability extends far beyond the basic utilization of 
standard software interfaces. It encompasses a broader spectrum of digital literacies, including parametric 
design scripting, computational geometry manipulation, data integration, and automated reporting [10]. For 
instance, rather than manually drawing structural elements in a CAD environment, an informatics-capable 
engineer  might  write  a  script  in  Python  or  a  visual  programming  environment  to  generate  structural 
configurations dynamically based on performance parameters. This transition from manual, static drafting 
to dynamic, rule-based computational modeling represents a profound shift in the cognitive workflows of 
engineers. It requires not only technical knowledge of programming syntax but also a deep conceptual 
understanding of algorithmic logic and data structures.

Traditional approaches to developing these informatics capabilities in engineering firms have historically 
relied on structured, external training sessions or vendor-led workshops [11]. While these programs can 
introduce engineers to basic tool functionalities, they often suffer from low long-term retention rates. This 
failure is primarily due to the separation of training from the actual context of daily project work. When 
engineers  return to  their  high-pressure project  environments,  they often default  to  familiar,  traditional 
workflows to meet immediate deadlines, rendering the newly acquired skills obsolete. To address this issue, 
researchers have proposed embedded learning frameworks that integrate capability building directly into 
live project deliverables [12]. By contextualizing technological instruction within real engineering challenges, 
organizations can improve both the immediate utility  and the long-term retention of  informatics skills, 
creating a more sustainable foundation for ongoing innovation diffusion.

3. Methodology and Controlled Experimental Design

3.1 Experimental Architecture and Participant Selection

To rigorously evaluate the impact of  different training structures on informatics capability building and 
subsequent innovation diffusion, we designed and executed a randomized controlled trial across three 
medium-to-large civil  engineering design firms. A total of 120 professional structural  and geotechnical 
engineers volunteered to participate in the study. The cohort was stratified by firm, experience level, and 
pre-existing digital literacy scores to ensure a balanced distribution before random assignment into two 
distinct cohorts: the control group (N = 60) and the experimental group (N = 60). Both groups were given  
the same technological goal:  to master and implement advanced parametric design tools and custom 
Python-based scripting workflows for automated structural layout optimization.

The control group was provided with a traditional, self-paced learning environment [13]. They received 
comprehensive access to high-quality video tutorials, official software documentation, and standard exercise 
files. They were instructed to spend up to four hours per week of their billable hours over a twelve-week 
period engaging with these materials at their own pace. No external structure, peer-matching, or mandatory 
milestones were imposed upon this group, mirroring the standard technology roll-out model used by many 
modern engineering firms.

In contrast, the experimental group was subjected to a structured, peer-coached, and project-integrated 
capability-building program [14]. Over the same twelve-week period, the experimental participants were 
organized into triads consisting of one designated peer coach (selected based on slightly higher baseline 
digital literacy or leadership affinity) and two learners. The experimental group spent the same four hours 
per week, but their time was structured around collaborative micro-projects that directly targeted active 
structural design challenges in their current real-world projects. The peer coaches received brief weekly 
guidance on mentoring techniques and were responsible for hosting a weekly one-hour sync session to 
troubleshoot scripting errors and discuss parametric modeling strategies with their triad members.
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Figure 1: Conceptual Architecture of Informatics Capability Building and Innovation Diffusion Pathway in Civil 
Engineering Organizations

3.2 Measurement Metrics and Intervention Protocols

The primary independent variable in this experiment was the structure of the training intervention (passive 
self-paced versus active peer-coached). To comprehensively capture the outcomes, we established three 
primary dependent variables: Skill Proficiency Score, Tool Application Rate, and Peer-to-Peer Knowledge 
Diffusion.  Skill  Proficiency  Score  was  measured  via  standardized,  objective  technical  assessments 
administered at  three distinct  points:  baseline (Week 0),  immediate  post-intervention (Week 12),  and 
delayed retention (Week 24). These assessments evaluated the participants' practical ability to write clean 
Python scripts for structural load calculations, debug parametric geometry models, and extract design data 
through APIs [15].

Tool Application Rate was tracked continuously through automated software log tracking and weekly self-
reports. We monitored how frequently participants actively opened, edited, and executed parametric scripts 
and custom computational tools within their professional project environments. This allowed us to assess 
whether the training actually translated into daily professional practice.

To capture Peer-to-Peer Knowledge Diffusion, we utilized social network analysis (SNA). Every participant 
completed a weekly communication survey listing all  colleagues within their  firm with whom they had 
discussed parametric design, computational scripting, or general design automation. Crucially, the survey 
was also distributed to the wider, untrained population of the three participating firms. This allowed us to 
map the flow of informatics knowledge from our direct experimental participants to untrained peer engineers 
[16]. We tracked how many untrained engineers subsequently adopted the target tools as a direct result of  
their interaction with the experimental and control participants, measuring the spillover effect or contagion 
rate of the innovation within the organizational network.

4. Empirical Results and Quantitative Analysis

4.1 Skill Acquisition and Retention Analysis

At the baseline stage, there were no statistically significant differences between the control and experimental 
groups  across  any  of  the  measured  demographics  or  technical  competencies.  This  confirmed  the 
effectiveness of the stratified random assignment process.

Table 1: Participant Baseline Demographics and Pre-Test Performance Metrics

Variable Control Group Experimental Group p-value

Sample Size 60 60 Not Applicable

Average Experience in 
Years

6.4 6.2 0.72

Baseline Parametric CAD 
Score

42.1 41.8 0.85



Engineering Informatics and Digital Transformation   |   https://eidtrans.org

Vol. 1, Issue 1 (2026) 30

Variable Control Group Experimental Group p-value

Baseline Scripting Python 
Score

15.3 16.1 0.64

Average Daily Software 
Usage Hours

5.2 5.4 0.48

Following  the  completion  of  the  twelve-week  intervention,  both  groups  showed  improvement  in  their 
computational  skills.  However,  the experimental  group demonstrated a significantly  higher increase in 
technical proficiency. The immediate post-test (Week 12) revealed that the structured, peer-coached model 
led to an average Skill Proficiency Score of 84.6 out of 100, whereas the control group achieved an average 
score of 58.4 [17]. This gap widened dramatically during the delayed retention assessment at Week 24. 
While the experimental group maintained a high level of proficiency with an average score of 81.3, the 
control group experienced significant skill decay, dropping to an average score of 50.2. This indicates that 
passive, self-paced learning models struggle to cultivate deeply rooted technical capabilities that persist 
beyond the immediate training period.

Table 2: Performance Metrics and Diffusion Rates at Post-Intervention Phases

Performance Indicator Control Group Experimental Group Relative Improvement

Skill Score at Twelve 
Weeks

58.4 84.6 44.8 Percent

Skill Score at Twenty-Four 
Weeks

50.2 81.3 61.9 Percent

Project Application Rate 15.0 Percent 68.3 Percent 355.3 Percent

Peer-to-Peer Transmission 
Count

8.0 47.0 487.5 Percent

Network Centrality Increase 0.05 0.28 460.0 Percent

The discrepancy in skill retention is closely mirrored by the Tool Application Rate within daily project work 
[18].  Software  tracking  logs  showed  that  only  15.0  percent  of  the  control  group  regularly  integrated 
parametric modeling scripts into their active project deliverables. The majority of the control participants 
cited a lack of confidence and the absence of immediate troubleshooting support as the primary reasons for 
defaulting to  traditional,  manual  CAD workflows.  Conversely,  68.3  percent  of  the experimental  group 
participants integrated the new tools into their active projects. By working in peer-coached triads, these 
engineers had access to immediate feedback and collective troubleshooting, which mitigated the risk of  
software adoption under tight project deadlines.

4.2 Peer-to-Peer Innovation Diffusion Dynamics

The social network analysis yielded compelling evidence regarding the secondary diffusion of informatics 
capabilities to the broader, untrained engineering staff. We tracked the network pathways through which 
knowledge about parametric design and custom scripting traveled within each firm [19]. Over the twenty-
four-week tracking period, experimental group participants initiated significantly more knowledge transfer 
events  than  their  control  group  counterparts.  Specifically,  the  sixty  experimental  participants  directly 
influenced forty-seven untrained colleagues to begin experimenting with or adopting the target informatics 
tools. This was evidenced by the untrained colleagues downloading the custom scripts, attending informal 
lunchtime learning sessions organized by the triads, or collaborating on parametric project files.

In contrast, the sixty control group participants influenced only eight untrained colleagues to explore the new 
tools [20]. Because the control participants lacked a structured peer network, they rarely discussed their 
computational workflows with other team members, leading to isolated pockets of knowledge that failed to 
propagate. The social network maps indicated that the peer coaches within the experimental group acted 
as high-centrality nodes, or network hubs. These individuals not only supported their direct triad partners 
but also became recognized local experts, significantly increasing their out-degree centrality and facilitating 
the rapid dissemination of technical expertise across department boundaries.

The statistical analysis of  the diffusion networks confirmed that the rate of adoption among untrained 
engineers  was  highly  dependent  on  their  network  distance  to  an  experimental  participant.  Untrained 
engineers who shared an active project team with an experimental participant were over four times more 
likely to adopt the new informatics tools than those who worked in proximity to a control participant. This 
finding highlights the powerful role that structured, project-integrated peer networks play in driving bottom-
up digital transformation. Rather than relying on formal, top-down directives to enforce software adoption, 
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organizations can achieve more effective and organic results by strategically seeding informatics capabilities 
within key social nodes of their existing professional networks.

5. Organizational Implications and Conclusions

5.1 Strategic Training Interventions and Managerial Guidelines

The empirical  evidence collected in  this  study has profound implications for  the management  of  civil 
engineering  organizations.  First  and  foremost,  it  challenges  the  efficacy  of  the  widely  used  passive 
technology rollout model, which relies on software licensing and self-paced, online learning paths [21]. While 
these methods require lower upfront administrative effort, they yield poor long-term skill retention and fail to 
catalyze broader organizational change. To achieve a high return on technological investments, engineering 
leaders must shift their focus from technology procurement to social-structural enablement. This means 
deliberately designing training interventions that  are collaborative,  peer-supported,  and directly  tied to 
current project demands.

We recommend that civil engineering firms adopt a network-centric training framework modeled after the 
experimental  protocol  used in  this  study.  This  involves identifying natural  champions—engineers who 
possess both digital  aptitude and strong social  connections—and training them not  only  in  advanced 
informatics tools but also in basic mentoring and knowledge-sharing techniques [22]. These champions 
should then be embedded within active project teams and tasked with coaching small groups of colleagues 
through collaborative micro-projects. Crucially, organizational leaders must allocate dedicated, billable time 
for these coaching activities. Without dedicated time, the immediate pressures of project deliverables will 
inevitably crowd out capability-building efforts, stalling the diffusion process.

5.2 Policy Formulations and Future Research Directions

Beyond individual firms, the findings of this study are highly relevant to professional licensing bodies, 
academic institutions, and industry policy makers. Standard civil engineering curricula have historically 
decoupled structural design principles from computer science and informatics [23]. To prepare the next 
generation of civil engineers for an increasingly digital industry, universities must integrate programming, 
data  science,  and  parametric  modeling  directly  into  core  engineering  courses.  Rather  than  treating 
computational skills as optional electives, they should be taught as fundamental tools for solving modern 
structural, geotechnical, and environmental engineering challenges.

Furthermore,  professional  licensing  bodies  and  industry  standards  organizations  should  update  their 
continuing  professional  development  frameworks  to  recognize  and  incentivize  informatics  capability 
building.  As  automated  and  algorithmic  design  workflows  become  more  prevalent,  the  criteria  for 
engineering competency must expand to include digital literacy and computational safety. Future research 
should build upon this study by investigating how informatics capabilities diffuse in larger, geographically 
distributed  enterprise  environments  and  across  multi-firm  joint  venture  infrastructure  projects. 
Understanding these broader diffusion dynamics will be crucial for scaling digital transformation across the 
entire global construction sector.
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