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Abstract

The construction industry accounts for approximately 13% of global GDP but suffers from
chronic productivity stagnation. Although artificial intelligence (AI) offers transformative
potential, its adoption is constrained by three key barriers: data integrity issues (H1),
socio-technical challenges (H2), and system integration problems (H3). This study investi-
gates whether academic research attention aligns with these practitioner-identified barriers
through a bibliometric analysis of 4668 publications from OpenAlex (1990–2025), applying
a five-pillar analytical framework synthesized into composite scores (0–100 scale) via min-
max normalization, weighted summation, and bootstrap validation. H3 achieved a nominal
15.9% prevalence rate (adjusted to ~13.0% after correcting for an 18.2% false positive rate
in keyword classification), robust growth (R2 = 0.654), significant overrepresentation in
top-cited works (risk ratio = 1.31, p = 0.003), and received a composite score of 62/100
(confirmed). H1 (2.7%, score: 17/100) and H2 (4.6%, score: 13/100) were both rejected.
The rank ordering by prevalence (H3 > H2 > H1) remains robust under all adjustment
scenarios. These findings contrast notably with the RICS Global Construction Monitor
(2025, n = 2200+), where practitioners most frequently reported socio-technical barriers
(46%), followed by system integration (37%) and data quality (30%), yielding practitioner-
to-publication ratios of 4.7:1, 5.2:1, and 1.1:1, respectively. This apparent research–practice
paradox appears primarily volume-driven rather than clearly quality-driven: H1/H2
publications receive citation attention broadly comparable to the baseline, though this com-
parison is limited by control group heterogeneity. We call for rebalanced research agendas
addressing data governance frameworks, competency development, and organizational
change management.

Keywords: artificial intelligence; construction industry; research–practice gap; adoption
barriers; bibliometric analysis; system integration; data quality; socio-technical systems

1. Introduction
Although the construction industry accounts for about 13% of the world’s GDP, it

suffers from chronic productivity stagnation. Multifactor productivity has grown at only
about 1% per year over the past two decades, compared to 2.8% for the global economy as
a whole [1]. Although artificial intelligence (AI)—defined in this study as the broad family
of computational techniques that enable machines to perform tasks requiring human-like
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cognitive functions, encompassing expert systems, machine learning, deep learning, com-
puter vision, and natural language processing—has transformative potential, its adoption
in construction remains limited, with significant gaps between theoretical capabilities and
practical implementation [2,3]. In practice, AI deployment in construction depends on
supporting digital infrastructure, notably Building Information Modeling (BIM), Internet of
Things (IoT) sensor networks, and Digital Twins (DT), which serve as data sources, integra-
tion platforms, and contextual environments for AI applications rather than constituting
AI themselves. Although there are other barriers to adoption (e.g., regulatory compliance,
financing, and supply chain disruption), this study focuses on three dimensions selected
through a convergence-of-evidence approach: (1) data integrity issues, (2) socio-technical
challenges, and (3) system integration problems. These three were chosen because they
appear consistently across multiple independent sources: they are prominent in theo-
retical adoption frameworks (Technology Acceptance Model, Socio-Technical Systems
Theory, Diffusion of Innovations) [4–6], recur across recent systematic reviews of AI in
construction [2,3,7], and were independently identified as top-three barriers in the Royal
Institution of Chartered Surveyors (RICS) 2025 practitioner survey [8]. This triangulation
across theory, literature, and practice provides the rationale for their selection, though
these three dimensions represent a subset of the complete adoption landscape rather than
a comprehensive barrier taxonomy. The literature extensively documents the following
barriers to AI adoption: data fragmentation and quality issues that undermine AI model
training and reliability [9,10]; organizational resistance and competency gaps that impede
AI implementation [11,12]; and system integration challenges involving the alignment of AI
applications with supporting digital infrastructure, particularly BIM, IoT, and DT [7,13,14].
However, existing research lacks systematic quantification of how research attention is
allocated across these three barrier dimensions. Do academic research priorities align
with practical implementation bottlenecks? Or does the research community exhibit se-
lective attention, overlooking foundational enablers in favor of technically sophisticated
yet premature solutions? A preliminary industry survey conducted by the RICS Global
Construction Monitor (Q1–Q2 2025, n = 2200+) provides empirical benchmarking of bar-
riers to adoption identified by practitioners. When asked about the barriers they had
encountered in adopting AI, respondents selected “lack of skilled personnel” (46% among
their top three challenges), “integration with existing systems” (37%), and “data quality
and availability” (30%) [8]. For this study, these practitioner concerns are operationalized
as H2 (Socio-Technical), H3 (System Integration), and H1 (Data Integrity), respectively.
We acknowledge that “integration with existing systems” may encompass technical (IT
systems) and processual (organizational workflows) dimensions. Given the survey’s con-
text of AI adoption, we interpret it as a proxy for system integration (H3), while noting
this operationalization as a methodological limitation. Similarly, while these RICS items
represent specific instances of broader theoretical categories rather than exact equivalences,
they provide a practitioner-based benchmark for comparing with academic research [8].
This suggests a potential misalignment between research and practice if academic literature
disproportionately emphasizes system integration over foundational barriers. It should be
noted that practitioner priorities are not static; they evolve as technology matures, orga-
nizational capacity develops, and market conditions shift. The RICS 2025 data represent
a cross-sectional snapshot of current concerns, and the relative salience of H1, H2, and
H3 barriers may differ at earlier or later stages of the AI adoption lifecycle. This temporal
contingency should be considered when interpreting the research–practice comparison.
This study systematically evaluates whether academic research attention aligns with the
implementation challenges identified by practitioners through three hypotheses concerning
the level of bibliometric attention devoted to each barrier dimension: H1 (Data Integrity):
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Academic research on data fragmentation and quality issues remains underrepresented
relative to their foundational role in AI deployment [9,10]; H2 (Socio-Technical): Research
addressing cultural, organizational, and human capital barriers receives disproportionately
low attention relative to their prevalence as practitioner-identified constraints [11,12]; H3
(System Integration): Research on the convergence of BIM, IoT, and DT with AI applications
receives substantial and growing academic attention [7,13,14].

Instead of conducting small-scale interviews or surveys, we performed a bibliomet-
ric analysis of 4668 publications from OpenAlex (1990–2025). We assessed the following
five pillars: (1) prevalence analysis via chi-square tests, (2) citation impact using Mann–
Whitney U tests, (3) temporal trends through linear regression, (4) representation in highly
cited publications (top 10%) via risk ratios, and (5) inter-hypothesis correlations. The
results were synthesized into a composite scoring system on a 0–100 scale via min-max
normalization and weighted summation, and were validated through bootstrap resampling
(1000 iterations). H3 (system integration) achieved a composite score of 62/100, demon-
strating a robust growth trajectory (R2 = 0.654) and overrepresentation in high-impact
literature (risk ratio = 1.31, p = 0.003). In contrast, H1 (data integrity: 17/100) and H2
(socio-technical: 13/100) exhibited weak growth patterns. These results contrast sharply
with practitioner priorities [8], suggesting a probable misalignment between research and
practice. The construction AI research landscape exhibits a technocentric bias, prioritizing
system integration while neglecting foundational data quality and socio-technical factors.
This indicates that only by rebalancing research agendas to address all three dimensions
can the industry achieve sustainable digital transformation.

2. Literature Review and Theoretical Background
2.1. Technological Evolution of AI in Construction

The adoption of AI in the construction industry has progressed through three distinct
eras. (1) Expert systems (1980s–1990s), which codified human expertise into rule-based
decision frameworks [15]. However, these systems preserved explicit knowledge, hinder-
ing knowledge transfer and collective learning across projects [15]. (2) Machine learning
(late 1990s–2012), which shifted toward data-driven pattern recognition. This enabled
applications in cost forecasting, risk analysis, and resource optimization [3,16,17]. However,
adoption barriers persisted [3,7,16]. (3) Deep learning (2012+), which leverages convo-
lutional neural networks and GPU computational capacity. This has enabled real-time
progress monitoring and safety hazard detection with 96% precision [18,19]. Contemporary
research emphasizes how AI operates within integrated digital ecosystems, leveraging
BIM, IoT, and DT as enabling infrastructure for autonomous, data-centric construction
environments [20–22].

2.2. Theoretical Foundations of Adoption Barriers
2.2.1. Data Integrity as Foundational Constraint (H1)

Deep learning models require high-quality, structured, and annotated data on a large
scale [23]. The construction industry faces acute data scarcity due to fragmented informa-
tion across stakeholders, inconsistent collection formats, incomplete documentation, and
error-prone critical records, including material delivery logs and waste transfer notes [24,25].
Generative AI exacerbates this vulnerability through “hallucinations”—plausible yet factu-
ally incorrect outputs—which can arise from inadequate training data, a lack of domain
knowledge, and insufficient contextual grounding in construction [26]. Poor data qual-
ity undermines the reliability of AI applications, from concrete analysis [17] to waste
management [27].
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2.2.2. Socio-Technical Systems and the Competency Gap Paradox (H2)

Socio-technical systems theory posits that implementation of technology requires
alignment between technical and social subsystems, including organizational culture, work-
force capabilities, and inter-organizational relationships [4,28]. However, construction’s
conservative culture and fragmented delivery model create resistance to innovation [29,30].
The central paradox is that labor shortages drive the demand for automation, yet orga-
nizations simultaneously lack the in-house AI expertise to implement it [11,31]. This
creates a self-reinforcing cycle that is amplified by staff turnover and constrained profit
margins [32,33].

2.2.3. System Integration and Ecosystem Convergence (H3)

Construction AI advancement depends on integrated digital ecosystems rather than
isolated solutions [34]. The Technology Acceptance Model emphasizes that perceived
usefulness depends on seamless workflow integration [10]. Autonomous construction
requires the convergence of three pillars: IoT sensor networks, DT as contextualized virtual
models, and AI as an analytical engine [13,35,36]. However, heterogeneous systems, data
formats, and organizational boundaries present substantial interoperability barriers [37].

2.3. Empirical Evidence on Adoption Barriers

Recent studies have documented fragmented insights across barrier dimensions. For
example, Regona et al. [2] identified data fragmentation as a key challenge in the Australian
construction industry through qualitative interviews. A systematic review by Ibitoye
et al. [7] of over 100 studies (n = 36,269 firms) confirmed that skilled labor shortages are
widespread and geographically robust barriers. A contemporaneous industry survey, the
RICS Global Construction Monitor (Q1–Q2 2025, n = 2200+ construction professionals
from multiple countries with a mixed methodology of 70% online questionnaires and 30%
telephone interviews), provides rankings of barriers identified by practitioners [8].

The findings from the RICS Global Construction Monitor (Q1–Q2 2025, n = 2200+
construction professionals) show that practitioners cited “lack of skilled personnel”
(46% of the top three barriers), “integration with existing systems” (37%), and “data
quality and availability” (30%) [8]. For the purpose of this analysis, these barriers are
operationalized as H2 (socio-technical), H3 (system integration), and H1 (data integrity),
respectively. While these RICS items represent specific instances of these theoretical con-
structs, they closely align with the dimensions defined in our hypotheses and provide a
practitioner-based benchmark for comparison [8].

2.4. Research Gap and Rationale

The existing literature addresses individual barriers independently using small-scale
qualitative or survey methods. However, no systematic, longitudinal quantification com-
pares research attention allocation across all three barrier dimensions against practitioner-
identified priorities. This bibliometric investigation fills this gap by conducting a large-
scale, temporal analysis of academic research emphasis relative to implementation-level
practitioner concerns. The rank ordering of these barriers is directionally supported by
contemporaneous independent surveys, though with important differences in sample scale
and design. The BuiltWorlds 2025 AI Benchmarking Report (n = 53 respondents from
30 AEC organizations, predominantly large general contractors) found that data privacy
and security concerns (62%), lack of internal expertise or skilled personnel (58%), and
limited data availability or quality (56%) dominated adoption barriers [38]. While this
sample is too small to be independently conclusive, its findings are consistent with the
larger-scale Dodge Construction Network/CMiC SmartMarket Brief (2025, n = 235 US
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contractors), which reported that only 26% of contractors rated their data quality as high,
with 58% acknowledging it as merely moderate [39]. This directional convergence across
surveys of varying scale and design lends additional, if not definitive, support to the RICS
findings as a practitioner benchmark.

3. Overview of Bibliometric Approach
This study employs a four-phase bibliometric methodology to systematically evalu-

ate three hypothesized AI adoption barriers. The approach integrates multiple analytical
dimensions—prevalence (volume), temporal evolution (growth trajectories), citation impact
(scholarly influence), and representation in elite literature (defined as the top 10% most-
cited publications in the corpus, which disproportionately shape research agendas)—to
determine the alignment between academic research attention and practitioner-identified
priorities. The underlying logic proceeds in two stages. First, the five-pillar bibliometric
analysis independently quantifies how much academic attention each barrier dimension
receives, how that attention has evolved over time, and whether it translates into schol-
arly influence—without reference to any external benchmark. Second, these bibliometric
profiles are compared against practitioner-identified priorities (specifically, the RICS 2025
Global Construction Monitor [8]) to assess whether the distribution of research effort cor-
responds to the barriers that industry professionals report as most consequential. It is
this comparison—not the bibliometric analysis alone—that enables the identification of
potential research–practice misalignment. Figure 1 provides a visual overview of this
four-phase methodological framework.

Figure 1. Four-Phase Bibliometric Research Design.

3.1. Phase 1: Data Collection and Corpus Construction

The primary data source for this investigation was OpenAlex, an open bibliographic
database that, as of November 2025, encompasses approximately 271.3 million schol-
arly works [40]. OpenAlex was selected over proprietary alternatives—Web of Science
(WoS, approx. 71 million records) and Scopus (approx. 66 million records)—for three
methodological reasons. First, OpenAlex provides substantially broader coverage: compar-
ative analyses have demonstrated that it indexes nearly all journals covered by WoS and
Scopus, plus additional sources, and achieves reference coverage comparable to both pro-
prietary databases within shared publication corpora [41]. Second, as a fully open database,
OpenAlex enables complete reproducibility of search queries, corpus construction, and
analytical procedures—a criterion increasingly recognized as essential for bibliometric
research [40,42]. Third, its broader indexing scope reduces the risk of systematically ex-
cluding construction-domain publications that appear in non-traditional or regional outlets
not covered by WoS or Scopus. However, this breadth introduces trade-offs: OpenAlex
has known metadata gaps (e.g., incomplete abstracts and institutional affiliations) and a
stronger representation of open-access content, which may introduce composition effects
relative to proprietary databases [42]. These limitations are discussed further in Section 3.5.
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The analytical corpus was constructed using targeted queries that combined terms
from the construction domain with AI-related keywords. Specifically, the base query
was: (“construction” OR “building” OR “civil engineering”) AND (“artificial intelligence”
OR “AI” OR “machine learning” OR “deep learning” OR “automation” OR “computer
vision”). The temporal scope was set to 35 years, from 1990 to 2025, to capture the pre-
Machine Learning, Machine Learning, and Deep Learning eras. To ensure consistency in
the analysis, the search was limited to English-language publications. This process yielded
a final corpus of 4668 publications, including journal articles, conference proceedings, and
technical reports.

3.2. Phase 2: Algorithmic Classification and Validation
3.2.1. Hypothesis-Specific Keyword Sets

To identify relevant literature, we developed comprehensive keyword sets for each
hypothesis through an iterative refinement process. For hypothesis 1 (data integrity), a set
of 17 keywords was assembled, including terms such as “data quality”, “data availabil-
ity”, “data standardization”, “missing data”, “incomplete data”, “data accuracy”, “data
consistency”, “data fragmentation”, “data silos”, “data errors”, “data collection”, “data
annotation”, “data cleaning”, “data validation”, “metadata”, “data governance”, and
“data warehouse”. For H2 (socio-Technical), a set of 15 keywords was created, including
terms such as “human factors”, “skills gap”, “competency gap”, “cultural resistance”,
“organizational culture”, “risk aversion”, “workforce”, “training”, “change management”,
“stakeholder engagement”, “user acceptance”, “digital literacy”, “adoption barriers”, “orga-
nizational readiness”, and “knowledge transfer”. A 16-keyword set was developed for H3
(System Integration), consisting of “integration”, “interoperability”, “digital twin”, “BIM
integration”, “IoT”, “cyber-physical systems”, “ecosystem”, “platform”, “data exchange”,
“API”, “standards”, “convergence”, “automation”, “autonomous systems”, “real-time
systems”, and “edge computing systems”.

3.2.2. Classification Algorithm and Validation Protocol

A Python-based script (Python version 3.12.3, Python Software Foundation,
https://www.python.org/) was used to flag publications algorithmically. A high-recall
approach was adopted, whereby a publication was classified under a given hypothesis
if it contained at least one keyword from the corresponding set. To validate the accu-
racy of the automated classifications, a manual validation was conducted on a sample of
412 publications, representing 8.8% of the total corpus. Two independent raters performed
this validation and achieved an initial inter-rater agreement of 0.801 (p < 0.001) and an
initial accuracy of 87.3%. After resolving discrepancies through an adjudication process, the
agreement reached a Cohen’s kappa of 0.847 (95% confidence interval [CI]: [0.801, 0.893]),
which is conventionally interpreted as “almost perfect” reliability.

Recognizing the potential for ambiguity, particularly with the term “integration” in
the H3 keyword set, which can also appear in organizational or social contexts, a critical
precision audit was undertaken. This audit involved expanded validation on a stratified
sample of 198 H3-flagged publications across two sampling stages. The analysis revealed a
pooled false positive rate of 18.2% (95% CI: 12.8–24.5%). Applying this correction yields
an adjusted H3 prevalence point estimate of 13.0%, compared to the originally reported
estimate of 15.9%. Importantly, even under the most conservative adjustment scenario (a
24.5% false positive rate resulting in a 12.0% prevalence), the rank ordering of research
attention (H3 > H2 > H1) remained completely robust.
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3.3. Phase 3: Five-Pillar Analytical Framework

Five complementary analytical methods were employed to provide a multidimen-
sional assessment of hypothesis evaluation, each designed to operationalize a distinct
aspect. Together, these methods capture the volume and influence of research, its evolution
over time, and its presence in the most impactful scholarly works. Table 1 summarizes
these five methods, detailing the purpose of each analysis, the statistical tests applied, and
the logic used to interpret the results in the context of research prioritization.

Table 1. Five-Pillar Analytical Framework: methods, statistical tests, and interpretation for hypothe-
sis evaluation.

Method Purpose Test Interpretation

Prevalence Analysis Research volume allocation χ2 test; Cohen’s h
High prevalence = research

priority

Citation Impact Scholarly influence Mann–Whitney U; Cohen’s d Above-average
citations = perceived importance

Temporal Trend 35-year evolution (1990–2025) Linear regression
(R2, CAGR)

Strong growth = sustained
prioritization

High-Impact Representation Concentration in top 10% cited Risk Ratio; Fisher’s exact RR > 1.0 = agenda-setting
overrepresentation

Inter-Hypothesis Correlation Research integration vs. silos Pearson r
(co-occurrence) r > 0.25 = holistic approaches

The temporal scope of the analysis requires further justification. Although the full
dataset spans from 1990 to 2025, the period from 2005 onward provides the most robust
empirical data because annual publication volumes consistently exceeded the threshold
necessary for reliable trend analysis during this time. While the pre-2005 data are included
to provide historical context, they are acknowledged to carry higher uncertainty and were
extrapolated via regression intercepts for trend analysis. Sensitivity analyses confirmed
that the key findings, including R2 values and the rank ordering of hypotheses, are stable
when using either the full 35-year window or the empirically grounded 2005–2025 window.
The detailed results of these sensitivity checks are provided in Appendix B.

To ensure the integrity of the statistical inferences, a Bonferroni correction was applied
to control for potential familywise error rate inflation resulting from multiple comparisons.
This established a more stringent significance threshold (α = 0.05/number of tests). All
primary confirmatory analyses, including those examining prevalence, temporal trends,
and risk ratios, met or exceeded this corrected threshold. In contrast, the citation impact
and inter-hypothesis correlation analyses are reported for their descriptive value and are
considered exploratory in nature because they did not meet the corrected significance level.

3.4. Phase 4: Composite Scoring and Validation
3.4.1. Normalization and Integration

To synthesize the heterogeneous metrics from the five-pillar framework, a min-
max normalization procedure was applied, following the methodology described in the
OECD/JRC Handbook on Constructing Composite Indicators [43], which identifies min-
max normalization as appropriate when bounded, unit-free transformation to a common
scale is required. This procedure transformed each raw metric (prevalence, Cohen’s d, R2,
and risk ratios) onto a common scale of 0 to 25 points using theoretically grounded bounds.
The scale mapped 0–25% of publications for prevalence; ±0.2 for citation impact (small
effect threshold); 0–1.0 for temporal trend (R2 mathematical bounds); and 0.5–2.0 for risk
ratios. Detailed normalization formulas and justification of the bounds are provided in
Appendix A.
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3.4.2. Weighted Composite Score

After normalization, the four primary dimensions were combined using weighted
summation to create a composite score on a 0–100 scale:

Score(0−100) =
1

25

[
wtR2

norm + wpPrevnorm + weRRnorm + wcdnorm

]
× 100 (1)

where Score(0–100) denotes the composite score (0–100), p is the normalized prevalence
score (0–25), t is the normalized temporal trend score (0–25), e is the normalized elite
representation score (0–25), c is the normalized citation impact score (0–25), and wp, wt, we,
and wc are the corresponding weights summing to 1.0.

The weight allocation is as follows: Temporal Trend received the highest weight at
40%, followed by Prevalence at 35%, Elite Representation at 15%, and Citation Impact at
10%. This allocation follows the expert-judgment-based weighting approach recommended
in the OECD/JRC Handbook on Constructing Composite Indicators [43], which establishes
that when no universally agreed weighting scheme exists, transparent expert judgment
combined with mandatory sensitivity analysis constitutes an acceptable methodological
standard. Following this guidance, our conceptual rationale is as follows: sustained long-
term growth (Temporal Trend) is weighted most heavily as the strongest signal of evolving
field recognition; cumulative research volume (Prevalence) captures the aggregate research
effort; agenda-setting influence in high-impact literature (Elite Representation) reflects
disproportionate scholarly influence; and citation quality (Citation Impact) received the
lowest weight due to its correlation with prevalence and multicollinearity concerns, consis-
tent with the Handbook’s recommendation to downweight correlated sub-indicators [43].
We acknowledge that these weights remain researcher-determined choices, not empiri-
cally derived values; accordingly, sensitivity analyses across five alternative weighting
schemes confirmed that hypothesis rank ordering and verification status remained stable
(see Appendix B), providing the robustness evidence the OECD/JRC framework requires.

Based on the composite scores, the hypotheses were categorized into one of four
verification statuses: “Rejected” for scores from 0 to 30, “Partially Confirmed” for scores
from 30 to 50, “Confirmed” for scores from 50 to 70, and “Strongly Confirmed” for scores
from 70 to 100. These labels summarize the degree of bibliometric evidence supporting
each hypothesis within the composite scoring framework; they should not be equated with
statistical hypothesis testing in the inferential sense (e.g., rejection of a null hypothesis
at a given significance level). The threshold boundaries (30, 50, 70) were set at equal
intervals to maximize interpretive transparency, following the OECD/JRC Handbook’s
recommendation that classification boundaries be explicitly stated and tested for sensitiv-
ity [43]. As reported in Appendix B, the categorical assignments proved robust across all
five alternative weighting schemes tested.

3.4.3. Validation Procedures

A series of validation procedures were undertaken to ensure the robustness and
reliability of the composite scoring system. First, bootstrap resampling with 1000 iterations
was performed to generate confidence intervals around the composite scores. This analysis
confirmed the stability of the results, yielding the following 95% confidence intervals:
[59.2, 64.8] for H3, [17.2, 18.8] for H1, and [12.4, 13.6] for H2.

Second, a sensitivity analysis was conducted on the threshold defining “high-impact”
publications. The risk ratio analysis was recalculated using the top 5% and 15% most-cited
publications as alternative cutoffs. The results remained consistent across all specifications:
H3 was consistently and significantly overrepresented (p < 0.05), while H1 and H2 showed
no significant departure from proportional representation (p > 0.05).
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Finally, the sensitivity of the composite scores to the chosen weighting scheme was
tested. Five alternative weighting combinations were examined, including equal weights
and schemes that heavily favored prevalence or trend. The rank ordering of the hypotheses
by composite score (H3 > H1 > H2) and their categorical classifications (H3 as confirmed
and H1 and H2 as rejected) were maintained across all five scenarios. The detailed results
of these weighting sensitivity analyses are provided in Appendix B, Table A3.

3.5. Methodological Choices and Limitations

While the bibliometric approach employed in this study offers significant advantages
for large-scale, longitudinal analysis, it is imperative to acknowledge the methodologi-
cal choices made and their inherent limitations. Ensuring transparency regarding these
decisions is imperative for accurate interpretation of the findings.

The decision to use a keyword-based classification system was driven by its advan-
tages. This approach offers high interpretability and transparency because the criteria
for categorizing publications are explicitly defined and reproducible. Additionally, the
terminology used in the AI field of construction is relatively precise and lends itself well
to keyword-based detection. This method is also consistent with established bibliometric
workflows, facilitating comparison with prior studies.

However, this approach has limitations. First, context sensitivity is challenging. For
example, the keyword “integration” in the H3 set can refer to technical system integration,
but it may also appear in discussions of organizational or social integration, resulting in
potential false positives. Second, the chosen single-keyword threshold is a trade-off between
recall and precision. While it maximizes the capture of potentially relevant publications,
it includes some false positives. Third, despite rigorous validation, there is a systematic
misclassification risk that is unevenly distributed across hypotheses: the verified 18.2%
false positive rate for H3 (see Appendix D) is the most consequential, while H1 and H2 rates
are presumed lower due to higher keyword specificity but remain empirically unverified.

To address these concerns and evaluate the robustness of the findings in the face of
methodological variations, a sensitivity analysis was conducted. As detailed in Table A2
of Appendix A, four classification strategies were compared, including the original single-
keyword approach and three alternatives: requiring multiple keyword matches, restricting
the search to titles and abstracts only, and applying positional weighting. Spearman’s rank
correlations between the prevalence rankings generated by these alternative methods and
the original approach ranged from 0.91 to 0.96. This high degree of correlation confirms
that the core finding—that H3 is more prevalent than H2, which is more prevalent than
H1—is robust against reasonable variations in the classification methodology.

Beyond classification, constraints related to the data source itself must be consid-
ered. OpenAlex was chosen for its superior coverage breadth and full reproducibility (see
Section 3.1), but comparative studies indicate that its metadata quality is uneven: abstracts
are missing for a non-trivial proportion of records, and institutional affiliation data are
incomplete in over 60% of entries [42]. While reference coverage within shared corpora is
comparable to WoS and Scopus [41], OpenAlex’s broader indexing scope means the corpus
may include lower-tier or non-peer-reviewed sources that WoS and Scopus would exclude.
Additionally, OpenAlex has a recency bias, with incomplete coverage of literature from be-
fore 2000. If this has led to an undercounting of early H1 and H2 research, then the reported
prevalence estimates for these hypotheses are likely underestimates—a scenario that would
reinforce the study’s main conclusions. A validation study comparing OpenAlex-derived
prevalence estimates against a WoS or Scopus subset would strengthen confidence in these
findings and is recommended for future research. Furthermore, gray literature, including
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industry standards such as ISO 19650, vendor white papers, and consulting reports, is
outside the scope of this academic corpus.

Limiting the search to English-language publications introduces a language bias. To
assess its potential impact, a scenario analysis was performed; the results are presented
in Appendix C. Even under the extreme assumption that non-English publications con-
stitute 30% of the global literature and emphasize H1 and H2 at a rate three times higher
than that of English-language publications, the global ranking of research attention re-
mained H3 >> H2 > H1. This suggests that language bias is unlikely to alter the primary
conclusions fundamentally.

Finally, the temporal window from 1990 to 2025 was chosen to capture the techno-
logical evolution from expert systems to deep learning. However, the pre-2005 period is
acknowledged to carry higher uncertainty, as annual publication volumes were below 50.
Although values from this period were used for trend analysis, the study’s primary con-
clusions have been confirmed across both the full 35-year window and the more reliable
2005–2025 window.

3.6. Summary of Methodological Rigor

Table 2 provides a consolidated overview of the steps taken to ensure the validity and
reliability of this study. It summarizes the key metrics of methodological rigor against
established standards. These details include information on the validation sample, inter-
rater agreement, statistical controls, and sensitivity testing.

Table 2. Methodological rigor summary: validation metrics, inter-rater agreement, and statistical
controls ensuring analytical robustness.

Element Standard Implementation Status

Validation sample n ≥ 385 (95% CI, ±5% ME) n = 412 (8.8% corpus) Exceeds

Inter-rater agreement κ ≥ 0.60 (“substantial”) κ = 0.847 (“almost perfect”) Exceeds

Multiple comparison correction Bonferroni α = 0.05/k α = 0.0033 (15 tests) Applied

Sensitivity testing Alternative thresholds 5 weighting schemes + keyword variations Comprehensive

Bootstrap validation 1000+ iterations 1000 iterations Standard

Composite score robustness CI width < 10% of mean score CI width < 5% of mean score across all
hypotheses Robust

As the table shows, the methodological framework used in this study meets or exceeds
the standards required for a rigorous bibliometric analysis. The validation sample size
exceeds the recommended minimum, and the achieved inter-rater reliability is considered
“almost perfect”. Statistical controls, including the Bonferroni correction, were applied
to safeguard against Type I errors. Extensive sensitivity testing confirmed that the core
findings are not artifacts of specific methodological choices. Bootstrap validation provided
narrow confidence intervals, indicating high precision in the composite scores.

It is important to acknowledge that the study’s two empirical pillars—keyword-based
bibliometric classification and the practitioner survey benchmark—each carry distinct
error profiles that could, in principle, compound. The keyword classification introduces
misclassification risk (particularly the 18.2% false positive rate for H3), while the practi-
tioner benchmark, though corroborated by independent surveys (see Section 2.3), reflects
cross-sectional self-reported perceptions rather than objectively measured barrier severity.
However, several features of the research design mitigate the risk that these limitations
jointly undermine the core findings. First, the two error sources operate independently:
classification errors affect the bibliometric prevalence estimates, while survey limitations
affect the practitioner benchmark, meaning their biases do not systematically reinforce
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one another in the same direction. Second, the magnitude of the observed disparities (e.g.,
the six-fold difference in publication counts between H3 and H1) substantially exceeds
the plausible error margins from either source. Third, sensitivity analyses demonstrated
that the rank ordering H3 > H2 > H1 is robust across alternative classification strategies
(Spearman r = 0.91–0.96; Table A2), false positive adjustments (Appendix D), weighting
schemes (Table A3), and corroborating practitioner surveys (Section 2.3). While the precise
quantification of the misalignment (e.g., exact practitioner-to-publication ratios) should be
interpreted with caution, the directional finding—that academic research disproportion-
ately emphasizes system integration relative to practitioner-reported concerns about data
quality and socio-technical barriers—remains consistent across all tested variations in both
the classification methodology and the practitioner benchmark.

4. Results
An analysis of the 4668 publications that comprise the corpus reveals a pronounced

and systematic imbalance in the attention that research has given to the three hypothesized
adoption barriers. Findings consistently demonstrate significant prioritization of system
integration challenges (H3) over foundational data integrity (H1) and socio-technical (H2)
issues. This disparity is evident across all five examined analytical dimensions: prevalence,
temporal evolution, citation impact, representation in elite literature, and inter-hypothesis
correlations. The following subsections present the results for each dimension in detail.

4.1. Prevalence Analysis: Research Volume Allocation

The first dimension of the analysis examines the volume of research attention devoted
to each barrier. Table 3 presents fundamental statistics on the prevalence of each hypothesis
within the total corpus, including publication counts, percentages, and chi-square test
results for significance.

Table 3. Fundamental Statistics and Prevalence Analysis.

Hypothesis Publications (N) Prevalence (%) χ2 (df = 1) p-Value Arcsine Value Cohen’s h Effect Size

H1: Data Integrity 125 2.7% 930.4 <0.001 0.329 –0.719 Large
H2: Socio-Technical 215 4.6% 776.6 <0.001 0.433 –0.615 Medium

H3: System Integration 742 15.9% 154.8 <0.001 0.820 –0.228 Small
Control (Untagged) 3586 76.8% 5012.5 N.A. — — —

Note: N = 4668. Cohen’s h [44] calculated against a 25% uniform benchmark; negative values indicate below-
benchmark prevalence. Effect size conventions: |h| ≈ 0.2 = small; ≈0.5 = medium; ≈0.8 = large. All χ2 tests:
df = 1, p < 0.001.

The data in Table 3 reveal stark differences in research volume. H3 (System Integration)
accounts for 742 publications, representing a nominal 15.9% of the total corpus (approx-
imately 13.0% after adjusting for the 18.2% false positive rate identified in the precision
audit; see Appendix D). In contrast, H1 (Data Integrity) comprises only 125 publications
(2.7%), and H2 (Socio-Technical) comprises 215 publications (4.6%). All three hypotheses
deviate significantly from the 25% uniform benchmark used to standardize effect size com-
parisons (all χ2 p < 0.001). However, this benchmark is a mathematical reference point, not
a theoretically expected distribution—there is no a priori reason to assume equal coverage
across barrier dimensions. The primary interpretive value therefore lies in the relative
differences between hypotheses rather than in absolute deviations from 25%. Cohen’s h
indicates a large negative deviation for H1 (h = −0.719) and a medium negative deviation
for H2 (h = −0.615), reflecting their substantially lower representation relative to H3, which
exhibits only a small negative effect (h = −0.228).

This is most clearly reflected in raw publication volumes, with H3 receiving approxi-
mately six times more publications than H1 and nearly three and a half times more than
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H2—a ratio that is independent of the uniform distribution assumption. This pattern
stands in stark contrast to the priorities identified by industry practitioners. According
to the RICS Global Construction Monitor survey [8], practitioners most frequently cite
socio-technical barriers (H2) at 46%, followed by system integration (H3) at 37% and data
quality issues (H1) at 30% [8]. This apparent inversion of priorities provides preliminary, in-
dicative evidence of a potential research–practice misalignment that this study investigates
in greater depth.

4.2. Temporal Evolution: Growth Trajectories

Beyond static prevalence, the temporal evolution of research attention is critical to un-
derstanding whether a field is gaining or losing momentum. To assess this, we fitted linear
regression models to the annual prevalence rates for each hypothesis over the full 35-year
period from 1990 to 2025. The results of this analysis, including trend slopes, coefficients of
determination (R2), and compound annual growth rates (CAGR), are presented in Table 4.

Table 4. Temporal Evolution and Growth Patterns of Research Attention (1990–2025).

Hypothesis Trend Slope (pp/Year) R2 CAGR (%) Direction Interpretation

H1: Data Integrity 0.001068 0.189 +1.77% Slow
increase

Weak, inconsistent growth. Linear
trend explains only 18.9% of

variance; high
inter-annual volatility.

H2: Socio-Technical 0.000853 0.090 +2.29% Slow
increase

Very weak growth. Negligible
linear fit (R2 = 0.090); >90% of

variance unexplained.

H3: System
Integration 0.005231 0.654 +13.56% Strong

increase

Robust, sustained growth. Linear
model explains 65.4% of temporal
variance; clear positive trajectory.

Note: The CAGR values reported in Table 4 were derived by fitting an exponential curve to the complete annual
time series from 1990 to 2025. This approach is less sensitive to uncertainty in single-endpoint estimates than
a simple endpoint formula and provides a more reliable measure of the long-term trend. The extrapolated
1990 values from the linear regression (H1 ≈ 1.5%, H2 ≈ 2.1%, and H3 ≈ 0.1%) are provided for historical context
only and should be considered approximate.

The data in Table 4 reveal starkly contrasting growth trajectories. H3 (System Integra-
tion) exhibits a robust and sustained pattern of growth. The linear trend explains 65.4% of
the annual variance in its prevalence (R2 = 0.654), and its CAGR of 13.56% is substantial. In
contrast, H1 (Data Integrity) and H2 (Socio-Technical) display essentially flat patterns. For
H1, the linear model explains only 18.9% of the variance (R2 = 0.189) and has a CAGR of
just 1.77%. H2’s trajectory is even weaker, with a negligible linear fit (R2 = 0.090), indicating
that over 90% of its annual variation is not explained by any systematic trend despite a
calculated CAGR of 2.29%. This divergence is visually depicted in Figure 2, which plots
the annual prevalence rates for each hypothesis over the 35-year period.

A critical observation from the tabular data and figure is the pattern following the
expansion of construction AI research post-2015. During this period, the total volume
of literature in the field increased tenfold. Importantly, H3 accounted for about 70% of
this growth, solidifying its dominant position. Meanwhile, H1 and H2 remained stagnant
throughout the well-documented period from 2005 to 2025, with R2 values below 0.2. This
stagnation persisted even as practitioners in the contemporaneous RICS 2025 survey [8]
continued to identify these barriers as pressing concerns.

It is important to note the caveat regarding the temporal window. While the pre-2005
data are included for historical completeness, they carry higher uncertainty due to lower
publication volumes. However, sensitivity analyses confirmed that the rank ordering of
the hypotheses by growth trajectory and the directional findings reported here are robust.
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As detailed in Appendix B, the R2 values and primary conclusions are consistent when
analyzing the full 1990–2025 window or the more reliable 2005–2025 window.

Figure 2. Evolution of Three Key AI Challenges in Construction (1990–2025). Note: Annual prevalence
rates for each hypothesis across 35-year period. H3 shows consistent acceleration post-2015; H1 and
H2 exhibit flat trajectories from 2015 onward.

4.3. Citation Impact: Scholarly Influence Assessment

While prevalence and growth indicate the quantity of research attention, citation
impact serves as a proxy for scholarly influence and perceived importance within the aca-
demic community. To assess this dimension, we compared the citation rates of publications
associated with each hypothesis against a control group consisting of all publications in
the corpus that were not explicitly tagged as addressing any of the three adoption barriers.
Due to the non-normal distribution of the citation data, a non-parametric Mann–Whitney
U test was used for significance testing, and Cohen’s d was calculated to estimate the effect
size. The results of this analysis are presented in Table 5.

Table 5. Citation Impact and Scholarly Influence Analysis.

Hypothesis Mean Citations Median Citations Citations/Year Cohen’s d p-Value Ratio (vs. Control)

H1: Data Integrity 13.72 8.3 1.86 −0.047 0.868 0.94
H2: Socio-Technical 10.13 6.1 1.44 −0.120 0.165 0.73

H3: System Integration 17.13 9.2 2.09 0.009 0.001 1.06
Control Group 14.58 7.5 1.98 — — 1.00

Note: The ratio is calculated by dividing the Citations/Year for the hypothesis group by the Citations/Year for the
control group. For H3, this ratio is 2.09/1.98, or approximately 1.06.

The analysis reveals a nuanced picture. Although H3 publications show a statistically
significant citation advantage over the control group (p = 0.001; Table 5), the associated
effect size is negligible (Cohen’s d = 0.009)—less than 1% of a standard deviation and merely
4.5% of the ‘small’ effect threshold (d = 0.2). This statistical significance is likely an artifact
of the large H3 sample (n = 742) rather than a meaningful scholarly influence differential. It
is important to note that, while the control group represents the baseline AI-in-construction
literature, it is heterogeneous and encompasses diverse AI applications (e.g., algorithm
optimization and novel use cases). The finding that H1 and H2 papers perform on par with
the average suggests that they are not systematically devalued once published. However,
this does not preclude the possibility that H1 and H2 research is published in lower-tier
venues or receives less institutional support upstream in the research pipeline. In contrast,
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H1 and H2 show no statistically significant citation differences from the control group
(p = 0.868 and p = 0.165, respectively; Table 5), with negligible effect sizes (d = −0.047 and
d = −0.120), suggesting these topics receive scholarly attention proportional to the field’s
baseline rate.

These results lead to a critical interpretation of the research–practice paradox. The
findings suggest that the observed misalignment is more likely a volume problem than a
quality problem, although this interpretation warrants caution. The control group against
which H1 and H2 citation rates are compared is highly heterogeneous, encompassing
diverse AI applications from algorithm optimization to novel use cases. Comparable
citation rates relative to such a broad baseline indicate that H1 and H2 research is not
systematically devalued once published. However, this does not constitute strong evidence
of equal scholarly recognition; a more targeted benchmark (e.g., papers addressing other
specific adoption barriers) might yield different results. With this caveat, the pattern is more
consistent with an agenda-setting problem—which topics researchers, funding agencies,
and journals prioritize—than with a gatekeeping problem in which such work is rejected
or overlooked upon submission. The negligible citation advantage for H3 contributes only
1.306 points to its pre-normalized total of 15.436 (see Section 4.6), which translates to a
marginal influence on the final composite score. This further underscores that the dominant
drivers of the imbalance lie elsewhere.

4.4. High-Impact Publication Representation

In addition to having an above-average citation impact, the concentration of research
within the most highly cited publications (the top 10% “elite stratum”) provides insight
into agenda-setting power. A risk ratio (RR) greater than 1.0 indicates overrepresentation,
while an RR less than 1.0 indicates underrepresentation. Significance was assessed via
Fisher’s exact test. The results of this analysis are presented in Table 6.

Table 6. Representation of Hypothesis-Related Publications in the Highly Cited Stratum (Top 10% by
Citation Count).

Hypothesis N in
Top 10%

% Elite
Stratum

% Total
Corpus

Risk
Ratio p-Value Significance Interpretation

H1: Data
Integrity 9 1.9% 2.7% 0.71 0.842 n.s.

Proportional representation;
observed frequency does not

significantly differ from expected.

H2: Socio-
Technical 13 2.8% 4.6% 0.60 0.969 n.s.

Proportional representation;
observed frequency does not

significantly differ from expected.

H3: System
Integration 97 20.8% 15.9% 1.31 0.003 p < 0.01

Significant overrepresentation in
highly cited literature (31% more

likely than expected).

Note: n.s. = not significant. Significance assessed using Fisher’s exact test (two-tailed, α = 0.05). A Risk
Ratio > 1.0 indicates overrepresentation, while a Risk Ratio < 1.0 indicates underrepresentation. Confidence
intervals that exclude 1.0 indicate a statistically significant departure from proportional representation (p < 0.05).

The results demonstrate that H3 is the only category achieving statistically significant
overrepresentation in the elite stratum (RR = 1.31, p = 0.003; Table 6), indicating that
system integration publications are 31% more likely than expected to appear among the
top 10% most-cited works. H1 and H2, by contrast, show nonsignificant departures from
proportional representation (p = 0.842 and p = 0.969), though the small absolute counts in
the elite stratum yield wide confidence intervals, meaning both proportional representation
and moderate underrepresentation remain statistically plausible.
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These findings reinforce the pattern identified in Section 4.3: H3’s overrepresentation
in the elite stratum reflects its dominant volume rather than a systematic suppression of
H1/H2 work upon publication.

4.5. Inter-Hypothesis Correlations: Research Integration Assessment

The final analytical dimension examines whether the research community addresses
these barriers in an integrated or siloed manner. A keyword co-occurrence analysis was
conducted to identify publications that were explicitly flagged for more than one hypoth-
esis. The results revealed negligible correlations between the three areas of study. The
Pearson correlation coefficient for co-occurrence between H1 and H2 was r = 0.128, repre-
senting only eight publications (0.17% of the corpus). The correlations between H1 and
H3 and between H2 and H3 were r = 0.215 and r = 0.189, respectively, representing 18 and
14 publications (0.39% and 0.30% of the corpus). All values fall below the r = 0.25 threshold,
indicating an absence of explicit research frameworks that emphasize multiple barriers
equally and simultaneously.

However, a crucial methodological caveat is warranted. Low keyword correlations
likely underestimate the true extent of conceptual integration within the literature. To
explore this possibility, a supplementary manual review was conducted on a sample of
30 H3 publications. The review revealed that 73% of the papers implicitly discussed
data quality issues (H1) in their background or methodology sections and 60% discussed
organizational or workforce challenges (H2). Importantly, this content was almost always
secondary to the main focus and appeared, on average, on only 0.5 pages of a typical
15-page paper.

This finding suggests a more nuanced characterization of the research landscape than
mere neglect. It suggests that knowledge related to H1 and H2 is not entirely absent but
often implicitly embedded within the H3 literature. Instead of existing in isolated silos, this
knowledge is scattered across papers primarily focused on system integration. There, it
remains underspecified and difficult for practitioners to locate and implement. This can be
described as a specification problem: The foundational insights are present but implicit and
secondary. They lack the explicit framing and practical guidance necessary for effective
translation into industry implementation.

4.6. Composite Research Attention Scores

To synthesize the multidimensional findings from the previous sections into a holistic
assessment of research attention, a composite scoring system was developed. As detailed
in Section 3.4, this system integrates the four primary dimensions—prevalence, temporal
trend, citation impact, and high-impact representation—into a single normalized score on a
0-to-100 scale. Table 7a–c present the step-by-step calculation of these composite scores for
each hypothesis.

As the tables show, the composite scores clearly differentiate the three hypotheses. H3
(System Integration) received 15.436 points out of 25 possible points, resulting in a compos-
ite score of 62/100 based on nominal prevalence. Under the false-positive-adjusted preva-
lence (13.0%), the composite score decreases to approximately 58/100, remaining within
the “Confirmed” category (50–70). Its strong performance on temporal trend (6.540 points)
and prevalence (5.565 points) are the dominant contributors to this score, reflecting the
sustained and substantial research momentum behind this topic.

In contrast, H1 (Data Integrity) and H2 (Socio-Technical) received composite scores
of 17 and 13, respectively, placing them in the “Rejected” category (0–30). Their low
scores are driven by weak performance across all dimensions, particularly prevalence
and temporal trend. While they receive proportionate credit for their citation impact and
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elite representation relative to their low baseline, these contributions are insufficient to
compensate for the fundamental deficit in research volume and growth.

Table 7. (a) Hypothesis Verification Scoring—Detailed Calculation. Prevalence and Trend Metrics.
(b) Hypothesis Verification Scoring—Detailed Calculation. Citation and High-Impact Metrics. (c) Hy-
pothesis Verification Scoring—Detailed Calculation. Composite Score and Final Verification Status.

(a)

Hypothesis Raw Prevalence Normalized
(0–25)

Weight
(0.35) Contribution Raw Trend

(R2)
Normalized

(0–25) Weight (0.40) Contribution

H1: Data
Integrity 2.7% (n = 125) 2.7 pts ×0.35 0.945 pts 0.189 4.7 pts ×0.40 1.880 pts

H2:
Socio-Tech. 4.6% (n = 215) 4.6 pts ×0.35 1.610 pts 0.090 2.25 pts ×0.40 0.900 pts

H3: System
Integr. 15.9% (n = 742) 15.9 pts ×0.35 5.565 pts 0.654 16.35 pts ×0.40 6.540 pts

(b)

Hypothesis Citation Impact
(Cohen’s d)

Normalized
Points

Weight
(0.10) Contribution High-Cited

(Risk Ratio)
Normalized

Points Weight (0.15) Contribution

H1: Data
Integrity −0.047 9.56 pts ×0.10 0.956 pts 0.71 3.5 pts ×0.15 0.525 pts

H2:
Socio-Tech. −0.120 5.0 pts ×0.10 0.500 pts 0.60 1.67 pts ×0.15 0.251 pts

H3: System
Integr. 0.009 13.06 pts ×0.10 1.306 pts 1.31 13.5 pts ×0.15 2.025 pts

(c)

Hypothesis Total Contribution Calculated Sum Rounded Composite Score Verification Status

H1: Data
Integrity 0.945 + 1.880 + 0.956 + 0.525 4.306 17/100 rejected (Score: 0–30)

H2:
Socio-Tech. 1.610 + 0.900 + 0.500 + 0.251 3.261 13/100 rejected (Score: 0–30)

H3: System
Integration 5.565 + 6.540 + 1.306 + 2.025 15.436 62/100 confirmed (Score: 50–70)

Note: Normalization of Citation Impact (Cohen’s d) was performed using min-max linear normalization within a
theoretically grounded range of ±0.2, representing the threshold for a small effect size per Cohen’s conventions.
The formula applied was: Normalized Points = 25 × ((d + 0.2)/0.4). The exact calculations are as follows: for
H1 (d = −0.047): 25 × (0.153/0.4) = 9.56 pts; for H2 (d = −0.120): 25 × (0.08/0.4) = 5.0 pts; for H3 (d = 0.009):
25 × (0.209/0.4) = 13.06 pts. Note: All calculations apply the composite score formula presented in Equation (1),
with weights of wt = 0.40 (temporal trend), wp = 0.35 (prevalence), we = 0.15 (elite representation), and wc = 0.10
(citation impact). The consistent use of the ±0.2 range for Cohen’s d normalization ensures internal consistency
across all calculations. Minor variations from previous drafts (e.g., H1: 18 → 17) reflect the corrected normalization
procedure and do not alter hypothesis verification status.

Table 8 shows the final composite scores for each hypothesis, along with their
bootstrap-derived 95% confidence intervals and verification status.

Table 8. Results by hypothesis: composite scores, confidence intervals, and confirmation status
for H1–H3.

Hypothesis Composite Score 95% CI Status

H3: System Integration 62/100 [59.2, 64.8] CONFIRMED
H1: Data Integrity 17/100 [16.8, 18.8] REJECTED

H2: Socio-Technical 13/100 [12.4, 13.6] REJECTED

The narrow confidence intervals, which are less than 5% of the mean scores for all
hypotheses, suggest that the composite estimates are precise. Furthermore, the 45-point
difference between H3 and H1 exceeds the total uncertainty from the bootstrap analysis,
which confirms the statistical separation of the hypotheses. A final robustness check,
detailed in Appendix B, tested five alternative weighting schemes for the composite
score. The rank ordering of the hypotheses by composite score (H3 > H1 > H2) and their
categorical classifications (H3 as Confirmed and H1 and H2 as Rejected) were maintained
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across all specifications, confirming that the findings are not an artifact of the chosen
weighting assumptions.

4.7. Research–Practice Misalignment: Quantifying the Paradox

The preceding analyses established a clear pattern of research prioritization favoring
system integration (H3) over data integrity (H1) and socio-technical (H2) barriers. To quan-
tify the discrepancy between the academic focus and the concerns of industry practitioners,
the study’s findings were compared with data from the RICS Global Construction Monitor
2025 survey. The survey, which polled over 2200 construction professionals worldwide,
asked respondents to select the most significant barriers to AI adoption from a predefined
list. The results reflect the frequency with which each barrier was chosen as one of the top
three challenges. Table 9 presents a comparative analysis of practitioner concerns and the
prevalence of topics in the academic literature, introducing a “practitioner-to-publication
ratio” to illustrate the disparity.

The data in Table 9 suggest a notable inversion of priorities. Practitioners most
frequently cite socio-technical barriers (H2) as a top challenge, with 46% of respondents
identifying this barrier. This is followed by system integration (H3) at 37% and data quality
issues (H1) at 30%. In contrast, the academic literature places the greatest emphasis on
H3, which accounts for 15.9% of publications, while H2 and H1 account for only 4.6% and
2.7%, respectively.

The practitioner-to-publication ratio quantifies this imbalance. For every academic
publication addressing H2 (socio-technical barriers), approximately 4.7 practitioners iden-
tify it as a critical barrier. For H1 (Data Integrity), the ratio is even higher, at 5.2 practitioners
per publication. In contrast, the ratio for H3 (system integration) is a comparatively bal-
anced 1.1 practitioners per publication, indicating a much closer alignment between the
volume of research and the level of practitioner concern. These ratios underscore the
magnitude of the disconnect, though they should be interpreted as heuristic illustrations
of relative disproportion; they juxtapose self-reported survey selections with academic
publication counts, which are fundamentally different units. The ratios are calculated
as follows: H1 ratio = 0.30×2200

125 = 660
125 = 5.2 : 1, H2 ratio = 0.46×2200

215 = 1012
215 = 4.7 : 1,

H3 ratio = 0.37×2200
742 = 814

742 = 1.1 : 1.

Table 9. Quantifying the Research–Practice Misalignment: Practitioner Concerns vs. Academic
Research Attention.

Barrier Practitioner Identification
Frequency a Literature Prevalence Practitioner-to-

Publication Ratio b Interpretation

H2: Socio-Technical 46% (n = 1012) 4.6%
(n = 215) 4.7:1 Research attention substantially

lower than practitioner concern

H3: System Integration 37% (n = 814) 15.9%
(n = 742) 1.1:1 Research attention relatively

aligned with practitioner concern

H1: Data Integrity 30% (n = 660) 2.7%
(n = 125) 5.2:1 Research attention substantially

lower than practitioner concern
a Percentage of RICS survey respondents (N = 2200+) who selected each barrier among their top three chal-
lenges. Absolute numbers calculated as percentage × total respondents. Source: RICS Artificial Intelligence in
Construction Report 2025 [8]. b Practitioner-to-Publication Ratio calculated as (number of practitioners citing
barrier) ÷ (number of publications addressing that barrier). This ratio indicates how many practitioners experi-
encing a given barrier correspond to each academic publication explicitly addressing it.

It is important to note that the RICS data reflect the frequency with which each barrier
was selected as one of the top three challenges by respondents, rather than a strict ranking of
the most important obstacle. The relative ordering of the frequencies (H2 highest, followed
by H3, then H1) aligns with prior literature on competency gaps [11,12] and appears robust.
However, the precise percentages should be interpreted as measures of barrier prevalence
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rather than ordinal importance. Nevertheless, the observed pattern of inversion between
practitioner concerns and academic research constitutes the principal empirical basis for
the “research–practice paradox” as defined in this study.

4.8. Supplementary Evidence: Implicit Integration Analysis

To further explore the nature of the research–practice gap, a supplementary forward-
citation analysis was conducted on a sample of 100 H3 publications from 2015 to 2025. The
analysis aimed to determine if system integration research, which dominates the literature,
addresses foundational barriers to data integrity and socio-technical challenges, even if
they are not the primary focus.

The analysis examined how often H3 publications cite work explicitly related to H1
and H2. The results indicate a moderate level of engagement, rather than an absent one.
On average, H3 papers cited foundational (H1 or H2) work at a rate of approximately
0.49 citations per paper. These results suggest that the system integration literature is
not entirely isolated from foundational concerns. However, this engagement is clearly
secondary to the primary focus on integration technologies and platforms.

A notable temporal trend was observed in this data set. The mean number of H1 and
H2 citations per H3 paper increased from 1.9 from 2015 to 2018 to 2.8 from 2019 to 2025.
This 47% increase suggests growing recognition within the research community of the
foundational prerequisites necessary for successful system integration as the field matures,
namely, data quality and organizational readiness.

This evidence supports Scenario C (Implicit Integration), in which H1/H2 knowledge
is embedded within H3 literature, yet it remains secondary, implicit, and underspecified for
practitioner application. This creates a knowledge specification problem: critical insights
about data governance, workforce competencies, and organizational change are scattered
across a vast system-integration-focused literature, creating locational and operational
barriers for practitioners. This framing is more precise than “pure neglect” because it
acknowledges that foundational knowledge exists, yet it is not easily applicable in practice.

4.9. Summary of Key Findings

The multidimensional analysis presented in this section yields a coherent and com-
pelling set of findings that, collectively, characterize the state of research on barriers to AI
adoption in construction. These findings can be distilled into five key observations, each of
which is visually represented by one or more figures below.

First, system integration challenges dominate the research landscape (H3). This hy-
pothesis accounts for a nominal 15.9% of the total literature (adjusted estimate, i.e., approx.
13.0%), exhibits robust growth with an R2 of 0.654, and is significantly overrepresented in
the top 10% of the most-cited publications with a risk ratio of 1.31 (p = 0.003). Its composite
score of 62/100 places it firmly in the “confirmed” category. Figure 3 illustrates the temporal
evolution of specific technology components within the H3 literature to provide additional
context on the nature of this dominant research stream.

Figure 3 disaggregates the H3 literature by major technology pillar (BIM, IoT/Sensors,
digital twins, and autonomous technologies) in a stacked area chart. The visualization
reveals a clear temporal shift: early H3 publications focused predominantly on isolated BIM
adoption, whereas post-2015 research increasingly addresses integrated digital ecosystems
combining multiple technology pillars. Topics related to autonomous systems have seen
comparatively slower growth and remain a smaller component of the literature. This
transition from point-solution approaches to holistic, data-flow-centric systems is discussed
further in Section 5.
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Figure 3. Temporal Evolution of System Integration Technology Components in Construction AI
Literature (1990–2025).

Second, foundational data integrity (H1) and sociotechnical (H2) barriers are sys-
tematically underrepresented. Together, these two areas account for less than 7.3% of
the total literature, and even under the most conservative H3 adjustment (12.0%), the
gap between H3 and H1/H2 remains substantial. The growth trajectories of H1 and H2
research are essentially flat, with R2 values below 0.19. They exhibit only proportional,
nonsignificant representation in the elite stratum. With composite scores of 17/100 and
13/100, they fall into the “Rejected” category. Figure 4 provides a historical perspective on
this underrepresentation by stratifying the data into three technological eras.

Figure 4. Distribution of Research Activity Across Temporal Cohorts: Hypothesis Prevalence by Time
Period (a); Publication Volume by Time Period (b).

Figure 4 stratifies the data into four decadal cohorts (1990–1999, 2000–2009, 2010–2019,
and 2020–2025). Panel (a) shows that H3 prevalence grew from approximately 5% in the
earliest cohort to over 18% in the most recent, while H1 and H2 remained relatively flat at
approximately 2–5% throughout. Panel (b) displays absolute publication volumes, showing
a dramatic expansion from 58 publications in 1990–1999 to 3469 in 2020–2025 (N = 4668),
with H3 capturing the majority of this growth.

Third, the data provide strong indicative evidence of a research–practice misalignment.
According to the RICS 2025 survey, practitioners rank socio-technical barriers (H2) as their
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most frequent concern at 46%, followed by system integration (H3) at 37% and data quality
(H1) at 30%. This ordering is the inverse of the emphasis in academic research. The stark
ratio of practitioners to publications quantifies this disconnect: for every publication on
H2, 4.7 practitioners cite it as a top challenge. For H1, the ratio is 5.2:1, and for H3, it is a
comparatively balanced 1.1:1.

Fourth, the available evidence suggests that the identified gap is more consistent with
a volume-and-initiation issue than with a quality-of-impact issue, though this conclusion is
tempered by the heterogeneity of the control group. Analysis of citation impact, as shown in
Figures 5 and 6, reveals that H1 and H2 publications receive broadly comparable scholarly
attention relative to the control group when submitted and accepted. Their citation rates
are not statistically different from the baseline, and their effect sizes are negligible. This
suggests that the issue is not a lack of appreciation for such work after publication, but
rather an upstream problem with agenda setting; fewer H1 and H2 papers are initiated in
the first place. However, this volume deficit is compounded by a knowledge specification
problem. While H1 and H2 insights are cited more frequently in H3 literature, these
citations are scattered and secondary. This makes them difficult for practitioners to locate
and implement. Thus, the gap reflects a confluence of challenges in research initiation
and the inadequate translation of foundational knowledge into guidance accessible to
practitioners, rather than gatekeeping discrimination.

Figure 5 uses box-and-whisker plots to visually illustrate this pattern by comparing the
citation distributions of each hypothesis group with those of a control group of publications
that do not explicitly address adoption barriers. This comparison allows us to evaluate
whether the scholarly impact of H1, H2, and H3 research differs systematically from the
broader AI-in-construction literature. The figure shows both central tendency and spread,
providing an intuitive complement to the statistical tests reported in Table 5 and reinforcing
the idea that the citation performance of H1 and H2 publications closely aligns with the
field’s baseline.

The box-and-whisker plots show the distribution of total citations for publications in
each hypothesis group (H1, H2, and H3), compared to their respective control groups. The
mean total citations (derived from raw data) are: H1 = 19.9 vs. Control = 14.8; H2 = 10.9
vs. Control = 15.1; H3 = 17.4 vs. Control = 14.0. Since older publications have had more
time to accumulate citations, the main analysis (Table 5) uses citations per year to ensure
fair comparability across publication years; the interpretation that follows is based on this
normalized metric. The control groups comprise publications without an explicit focus on
adoption barriers. The boxes represent the median and the 25th and 75th percentiles, and
the whiskers extend to 1.5 times the interquartile range (IQR).

Figure 5. Citation Distribution by Hypothesis Groups vs. Control (Total Citations; Box-and-
Whisker Plots).
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(a) (b)

Figure 6. Effect Sizes and Overrepresentation Metrics by Hypothesis. Statistical Effect Sizes by
Hypothesis ((a); left panel) and Risk Ratio in Highly Cited Papers ((b); right panel).

Examining the number of citations per year (see Table 5) shows that the citation
distributions for H1 and H2 largely overlap with those of the control group. This indicates
that their scholarly impact does not differ significantly from the field’s baseline. For H3,
the median is slightly higher (2.09 vs. 1.98 citations per year), but the variance remains
comparable, and the effect size is negligible (Cohen’s d = 0.009). These findings support the
conclusion that the research–practice gap is primarily driven by differences in publication
volume rather than systematic differences in citation impact.

These findings are further corroborated by Figure 6, which provides a direct statistical
visualization of the patterns discussed above.

Figure 6a presents a comparative bar chart showing two key metrics for each hypothe-
sis group. The pink bars represent the prevalence of each hypothesis as a percentage of total
publications. H3 substantially exceeds H2 and H1, with values of 15.9%, 4.6%, and 2.7%,
respectively. The blue bars show the citation impact (Cohen’s d, scaled for visualization)
and confirm that all values cluster near zero (H1: d = −0.047, H2: d = −0.120, H3: d = 0.009).
This indicates that there are negligible practical differences in citation rates between the
hypothesis groups and the control group. Panel (b) displays risk ratios with 95% confidence
intervals for the representation of each hypothesis group in the top 10% of most-cited
publications. The horizontal reference line at RR = 1.0 indicates proportional representation.
H1 (RR = 0.71, CI: [0.36, 1.40]) and H2 (RR = 0.60, CI: [0.31, 1.15]) demonstrate proportional
or slightly below-proportional representation, with confidence intervals that cross 1.0. H3
(RR = 1.31, CI: [1.09, 1.53]) demonstrates significant overrepresentation, indicating that H3
topics are disproportionately represented in highly influential, agenda-setting publications.

Finally, the nature of the gap is best characterized as a specification problem rather
than pure neglect. Forward-citation analysis revealed that H3 publications cite foundational
H1/H2 work at a moderate but increasing rate. This suggests that knowledge pertaining to
data integrity and socio-technical factors is not entirely absent but is often implicitly em-
bedded within the system integration literature. However, it remains secondary, scattered,
and operationally underspecified, making it difficult for practitioners to extract and apply.
This nuanced understanding is crucial for designing effective solutions. Figure 7 provides a
holistic, geometric synthesis of the four primary dimensions of research attention, visually
confirming the dominance of H3 and the underrepresentation of H1 and H2.

The radar plot displays the performance of each hypothesis across the five research
attention dimensions incorporated in this study: (1) prevalence (% of corpus), (2) temporal
trend (R2 value), (3) citation impact (normalized Cohen’s d), (4) high-impact representation
(normalized risk ratio), and (5) composite score (final weighted score, 0–100). Each hypoth-
esis is represented by a distinct colored polygon. H1 (red) is a compact polygon close to
the origin, indicating low scores across all dimensions. H2 (green) forms a slightly larger
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polygon than H1. H3 (blue) is a large star-like polygon that extends far from the origin,
visually demonstrating its dominant research attention. The geometric interpretation is
clear: The larger the polygon area, the greater the research attention. The asymmetry of
H3’s polygon reveals that its dominance is primarily driven by the prevalence and temporal
trend dimensions, with comparatively smaller contributions from citation impact.

Figure 7. Four-Dimensional Research Attention Profile: Radar/Spider Chart.

4.10. Practice–Research Gap Attribution

Finally, the identified research–practice paradox does not prove that a lack of research
attention on H1 and H2 causes poor AI adoption in construction. More broadly, research
volume is not equivalent to research importance: a small number of highly influential
publications can shape practice more profoundly than a large body of incremental work.
The citation impact analysis (Section 4.3) partially addresses this by showing that H1 and
H2 papers are not systematically less cited, but citation counts themselves are an imperfect
proxy for practical influence, which may operate through channels invisible to bibliometric
analysis—such as standards development, consulting engagements, or informal knowl-
edge transfer. Alternative explanations include: (a) Practice leads research. Construction
practitioners may identify data quality and competency gaps through experience before
academic research develops adequate frameworks. In this case, low research prevalence
reflects the dynamics of an emerging problem rather than neglect; (b) Disciplinary silos:
Barriers identified as “understudied” in AI-construction literature may receive substantial
attention in construction management or organizational behavior research but be invisible
to AI-specific searches; (c) Problem severity does not equal research prevalence. The most
severe practical barriers may not generate the most publications if academics consider them
“solved” or “known problems”; and (d) Research volume ̸= adoption outcomes. Even
if H1 and H2 receive fewer publications, the existing body of work may be sufficient to
inform practice, and increasing publication volume would not necessarily accelerate AI
adoption if the binding constraints are organizational, financial, or regulatory rather than
knowledge-related.
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Despite these limitations, the analysis provides robust evidence that research atten-
tion on H1 and H2 is disproportionately low compared to how construction practitioners
have identified them as critical barriers. These quantitative findings reveal a systematic
research–practice paradox: academic priorities (H3 dominance) mirror the obstacles iden-
tified by practitioners (H2 primacy) in reverse. The following section contextualizes this
paradox within theoretical frameworks and explores the implications for rebalancing the
research agenda.

5. Discussion
5.1. The Research–Practice Paradox: Systematic Underrepresentation of Critical Barriers

Our bibliometric analysis reveals a striking misalignment between the barriers that
industry practitioners most frequently encounter when adopting AI and the attention that
these barriers receive in academic literature. We term this phenomenon the “research–
practice paradox”.

The 2025 RICS Global Construction Monitor survey of over 2200 construction profes-
sionals found that shortages of skilled personnel were the most frequently cited barrier
(46%), followed by system integration challenges (37%) and data quality issues (30%) [8].
These figures represent the prevalence of each concern among practitioners actively de-
ploying AI. However, academic research emphasizes these issues differently: H3 (15.9%),
H2 (4.6%), and H1 (2.7%). The practitioner-to-publication ratios quantify this disparity:
4.7 practitioners per H2 publication and 5.2 per H1 publication versus 1.1 per H3 publi-
cation. Although a direct comparison of survey and publication prevalence percentages
is methodologically imperfect (as they measure distinct phenomena, such as practitioner
concern versus academic inquiry volume), this ratio illustrates the disproportionate scale
at which practitioners encounter H1/H2 barriers relative to academic literature addressing
them. The magnitude of this apparent misalignment—H2 practitioners outnumber H2
publications nearly fivefold—is the central finding of this study, though its interpretation is
contingent on the operationalization of RICS survey items as proxies for the theoretical con-
structs. This pattern warrants attention given that the construction sector has long suffered
from stagnating or declining productivity [45,46], although a direct causal link between low
research volume on H1/H2 and poor AI adoption outcomes cannot be established from
bibliometric data alone. Research volume is a proxy for agenda-setting priorities, not a
measure of knowledge sufficiency; it is possible that the existing H1/H2 literature, though
smaller in volume, provides adequate foundational guidance that practitioners have yet to
fully absorb or implement [47].

5.2. Theoretical Implications: Technocentrism in Construction Innovation Research

Our findings align with the broader critique of technological determinism in informa-
tion systems research [48]. This critique posits that technology unidirectionally drives social
change rather than emerging through the mutual shaping of technical artifacts and social
contexts [19]. The disproportionate focus on system integration challenges (H3: 62/100)
compared to data quality (H1: 17/100) and socio-technical adoption barriers (H2: 13/100)
is consistent with the implicit assumption that technological deployment is primarily an
engineering problem, solvable through better algorithms, platforms, and interoperability
standards [49,50].

However, this technocentric perspective has a critical liability: it assumes that, once
technical infrastructure matures, social adoption will follow naturally. However, decades
of technology adoption literature contradict this assumption. The Technology Acceptance
Model emphasizes that perceived usefulness and ease of use depend critically on align-
ment with user competencies, organizational workflows, and change readiness [5,51,52].
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Socio-technical systems theory posits that technology functions within social systems,
including organizational structures, workforce capabilities, and cultural norms [4,28].
Technology adoption failures typically arise not from technical deficiency, but from mis-
alignment between technical and social subsystems [4], a dynamic that the Diffusion of
Innovations framework has consistently highlighted across sectors [6].

Building Information Modeling as Cautionary Precedent

BIM provides an instructive parallel. Technical systems analysis shows that BIM
tools have achieved significant maturity since the 2000s. Software capabilities are robust,
and interoperability standards (ISO 19650) have been established. There are also proven
case studies that document value realization [50]. However, adoption remains limited,
particularly among small-to-medium enterprises [35,36], in developing economies, and in
retrofit and maintenance projects [35,36]. Post-adoption analyses have identified implemen-
tation barriers as predominantly socio-technical in nature, including organizational culture,
workforce capability, and change management [36,53], rather than purely technical.

This suggests that technical maturity alone (robust algorithms, available tools, and
proven case studies) is insufficient for adoption without parallel investment in human capi-
tal, organizational change management, and data governance. Similarly, AI applications in
construction—from predictive analytics to computer vision-based safety monitoring—face
risks of underutilization if foundational data quality (H1) and organizational readiness (H2)
are neglected despite increasingly sophisticated AI algorithms and the digital platforms
on which they depend (H3 research focus) [4,54,55]. The lesson is clear: Without invest-
ments in data governance, workforce capabilities, and organizational change management,
increasingly sophisticated AI platforms may remain “beautiful artifacts in laboratories”
rather than becoming transformative tools [56].

5.3. The Foundational Role of Data Integrity

The marginalization of data integrity research is particularly concerning, given its
foundational role in the efficacy of AI. The “data-centric AI” movement emphasizes that
innovations in model architecture yield diminishing returns without parallel investments
in data quality [23,57]. However, construction research seems to prioritize algorithmic
sophistication over data infrastructure.

Deep learning models require vast volumes of high-quality, structured, annotated
data to reliably perform [23,57]. Construction suffers from acute data poverty, including
fragmented information across multiple stakeholders, manual collection in inconsistent
formats, incomplete documentation, and alarming error rates in critical records [24,25,58].
Generative AI exacerbates these concerns through “hallucinations”—plausible but fac-
tually incorrect outputs that pose unacceptable dangers in safety-critical and financially
consequential decisions [26]. In construction, such hallucinations arise from inadequate
training data, a lack of domain knowledge, and insufficient contextual grounding [26].
Data quality challenges permeate applications ranging from concrete analysis [17,59] to
waste management [27,60] and undermine the reliability of any subsequent AI-driven
decision-making processes [61].

5.4. The Competency Gap Paradox as Self-Reinforcing Barrier

It is paradoxical that there is weak attention to socio-technical barriers (H2: 4.6%
prevalence, 13/100 score) despite RICS data showing this to be the top barrier (46%).
This paradox reflects self-reinforcing dynamics: labor shortages drive the demand for
automation [11,31,62], yet organizations simultaneously lack the necessary in-house digital
and AI expertise for implementation [11,31]. This cycle is amplified by high staff turnover,
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which undermines training investments [32], and low profit margins, which constrain
capability-building expenditures [33].

Construction’s inherent conservatism, risk aversion, and fragmented project delivery
model create cultural resistance to disruptive innovations [29,63,64]. Research documenting
competency gaps [7] (over 100 studies and 36,269 firms) confirms that skilled labor short-
ages are a widespread and geographically robust barrier [62]. However, academic research
on AI-specific competency development remains sparse relative to the sense of urgency
among practitioners. This observation documents a disparity in volume, not a demon-
strated causal deficit: whether additional publications would translate into improved
workforce readiness depends on factors beyond research attention, including institutional
capacity for knowledge absorption, training infrastructure, and employer investment
in upskilling.

5.5. Why Did H3 Capture 70% of Post-2015 Growth?

A crucial observation from the temporal analysis merits further examination: although
the total volume of construction AI research increased tenfold after 2015, system integration
literature (H3) accounted for about 70% of this growth. This disproportionate concentration
appears to result from a confluence of interrelated mechanisms that have collectively
shaped the research agenda.

The first is a technological inflection point that occurred between 2012 and 2015. The
breakthrough of deep learning, as demonstrated by Krizhevsky et al. [18], coincided with
the maturation of essential construction technologies [65]. The finalization of the ISO 19650
standards for BIM and the emergence of IoT and DT as practical, deployable technologies
created fertile ground for novel research. H3 scholarship was well-positioned to capitalize
on this convergence by framing the integration of AI with BIM, IoT, and DT infrastructure
as a “new frontier”, attracting researchers seeking to combine cutting-edge AI methods
with emerging industry digital infrastructure [55,66].

Second, this technological opportunity was reinforced by strong alignment with fund-
ing priorities. Major national and international funding agencies, including the National
Science Foundation’s (NSF) Smart and Connected Communities program, the European
Union’s (EU) Horizon 2020 and Horizon Europe frameworks, and various national “Indus-
try 4.0” initiatives [54], explicitly prioritized research on “smart construction” and “digital
ecosystems”. These programs inherently emphasized system integration. In contrast, data
quality (H1) and socio-technical challenges (H2) were often perceived by funding bodies as
“known problems” that were less novel, thereby reducing the incentives for researchers to
initiate projects in these areas.

Third, after 2012, there was a significant disciplinary migration. Researchers with
backgrounds in artificial intelligence and machine learning began entering the construction
field, bringing research paradigms from computer science with them. In this tradition,
deploying AI within integrated digital platforms and automation pipelines constitutes
the primary mode of inquiry [48]. This influx of newcomers disproportionately directed
their attention toward H3-type problems—AI applications such as PPE detection [67],
robotic fabrication [68], and AI-enabled dam engineering [69]—and toward the digital
infrastructure these applications require, such as digital twin integration [65]. Meanwhile,
construction management researchers, who might have been more inclined to prioritize H1
and H2, remained a minority within the emerging, AI-focused publication venues.

Finally, these dynamics were amplified by a citation and prestige feedback loop.
Early H3 publications from the 2012–2015 period benefited from their novelty and frontier
positioning, accruing higher citation counts [70,71]. This citation success attracted grant
funding and encouraged follow-on research, further entrenching H3 as the dominant stream.
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Conversely, H1 and H2 papers, which often addressed topics that the AI community
perceived as “solved” or “well-known” based on construction management literature,
received fewer citations in AI-specific journals. This discouraged subsequent research
initiation and perpetuated the cycle of underrepresentation.

5.6. Alternative Interpretations and Caveats

Although the aforementioned mechanisms offer a plausible explanation for the ob-
served research imbalance, it is important to consider alternative interpretations that do
not imply a failure by the research community to address the needs of practitioners. These
scenarios offer important nuances and suggest different potential solutions.

Scenario A (Temporal Lag) posits that the observed gap may be part of the normal
scientific lifecycle rather than neglect. According to this model, foundational issues such as
data quality and workforce development were extensively studied in construction man-
agement literature during earlier periods, particularly from 1990 to 2010 [63,72]. Today,
practitioners may be referencing these accumulated insights even as academic attention
has naturally shifted toward newer technical frontiers since 2012. According to this view,
the research–practice gap is a function of timing: research leads and practice follows as
the field’s focus evolves. This pattern is common in technology adoption, as exempli-
fied by BIM’s trajectory from a technical innovation to an organizational implementation
challenge [6].

Scenario B (Disciplinary Silos) suggests that the apparent underrepresentation of H1
and H2 could be due to the study’s search strategy. These barriers may receive substantial
attention in construction management, organizational behavior, or human factors jour-
nals [51,53]. However, this body of work may be rendered invisible by the AI-specific
keywords and databases used in this analysis. If this scenario is correct, the core problem is
not an absence of research but rather an interdisciplinary translation challenge. Knowledge
exists, but it is siloed within different academic communities and fails to reach the AI
research community or industry practitioners effectively.

Scenario C (Implicit Integration), which is partially supported by the forward-citation
analysis in Section 4.8, suggests that H1 and H2 knowledge is embedded within the H3
literature, rather than being absent. However, as the analysis revealed, this content is usu-
ally secondary and appears as background context rather than a primary focus. It remains
underspecified for direct operationalization by practitioners. This creates a knowledge
specification problem, where insights are scattered across a vast literature, making them
difficult for practitioners to locate, synthesize, and apply to their projects [49,56]. Each
scenario has different implications for intervention, and it is likely that elements of all
three scenarios are at play. The appropriate response depends on which mechanism is
ultimately dominant.

5.7. Practical Implications: Research Agenda Rebalancing

The question of whether the observed research imbalance constitutes a genuine prob-
lem or merely reflects appropriate disciplinary evolution depends on assumptions about
causality, field maturity, and the optimal sequencing of research priorities. Nevertheless,
this debate does not change the practical reality facing the construction industry. Prac-
titioners attempting to adopt AI face significant barriers related to data integrity and
socio-technical readiness [53]. However, the research landscape they might look to for guid-
ance remains overwhelmingly focused on system integration challenges. It is important to
note that the bibliometric analysis presented here documents patterns of research attention;
it does not empirically demonstrate that rebalancing these patterns would improve AI
adoption outcomes. The recommendations that follow are therefore grounded in the logical
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inference that research addressing practitioner-identified barriers is more likely to yield
actionable guidance than research that does not—a plausible but unverified assumption
that warrants future empirical testing. Addressing this discrepancy requires coordinated
action from multiple stakeholders [47].

5.7.1. For Researchers: Strategic Portfolio Rebalancing

The academic community bears the primary responsibility of shaping the research
agenda. A strategic rebalancing effort should prioritize several key areas. First, there is an
urgent need for research on data quality standards tailored to the construction context. This
includes developing AI-specific data quality metrics [57], defining minimum viable dataset
specifications for common construction applications [59], and designing data governance
protocols that address fragmentation across design, procurement, construction, and opera-
tional handoff points [58]. Current construction standards, such as ISO 19650 for BIM, were
not developed with AI optimization in mind and require significant augmentation [50].

Second, researchers should prioritize developing competency frameworks deeply
contextualized to the construction industry. Rather than using generic data science curricula,
these frameworks should be sequenced by adoption stage, moving from awareness-level
content for leadership to operational training for project teams to expert-level development
for specialists [54,66]. Due to the industry’s high annual turnover rates of 20–30% [32],
community-of-practice approaches that facilitate continuous knowledge transfer and peer
learning are likely more effective than one-time training interventions [62].

Third, there is a need for holistic adoption models that move beyond linear, technology-
driven frameworks. These models should explicitly map the prerequisites and sequences
of adoption [5,6]. They should address questions such as which barriers must be addressed
first and how investments in competency development affect an organization’s capacity for
data governance. They should also incorporate feedback loops that capture the dynamic,
iterative nature of organizational change [64,72].

5.7.2. For Industry Practitioners: Integrated Implementation

While the research community rebalances its priorities, practitioners must navigate the
current landscape. The key principle is to avoid premature optimization [47]. Organizations
should establish basic data governance structures and data quality assurance processes
before deploying data-intensive AI applications [58,61]. Similarly, they should assess and
develop workforce competencies before introducing complex, integrated systems [66]. To
ensure that this foundational enabler receives sustained organizational attention, prac-
titioners should consider designating explicit leadership responsibility for data quality,
potentially through a Chief Data Officer or equivalent role.

5.7.3. For Policymakers: Enabling Infrastructure

Policymakers and funding agencies play a crucial role in shaping the research ecosys-
tem. One concrete action they can take is to mandate or incentivize data quality standards
in public construction procurement, thereby creating demand for the data infrastructure
required by AI applications [73]. Additionally, funding agencies should allocate resources
explicitly for pre-competitive research that addresses shared adoption barriers. Policymak-
ers can help counteract the novelty bias that currently favors system integration research
by creating dedicated funding streams for data governance and socio-technical research
and by signaling that these are active frontiers requiring innovation, not merely “known
problems” [45,46].
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6. Limitations and Future Research Directions
While this study is comprehensive, it is subject to several limitations that qualify its

findings and suggest avenues for future inquiry.
First, the analysis is limited to English-language publications indexed in OpenAlex [40].

This excludes knowledge that may be relevant, disseminated through non-English academic
outlets, industry standards (e.g., ISO 19650), consulting reports, and practitioner networks.
A scenario analysis (see Appendix C) suggests that, even under extreme assumptions
about non-English literature emphasizing H1 and H2, the core finding of H3 dominance
remains robust. Nevertheless, a formal multilingual bibliometric analysis is recommended
to definitively determine whether the research–practice paradox is a global phenomenon
or contingent on linguistic and cultural contexts.

Second, while valuable, the practitioner benchmark has inherent limitations. The
RICS survey data reflect the frequency with which respondents selected each barrier as
one of their top three challenges rather than providing a strict ordinal ranking of the most
important obstacle. Therefore, the comparison between these frequencies and research
prevalence rates should be interpreted as indicative of general alignment rather than
as a precise rank-order comparison. Furthermore, the RICS sample is geographically
skewed (48% UK, 19% APAC, 14% MEA, 10% Americas, and 8% Europe), and barrier
prioritization may differ substantially in developing economies or SME-dominated regions
that are not fully represented. While directionally consistent findings from independent
surveys (BuiltWorlds 2025, n = 53; Dodge/CMiC 2025, n = 235) support the general
rank ordering of barriers identified by RICS [39,74], the reliance on a single primary
benchmark remains a limitation. Future studies should synthesize multiple practitioner
surveys into a meta-analytic benchmark to reduce dependence on any individual source.
Additionally, practitioner priorities are inherently dynamic; barriers that dominate at
one stage of the adoption lifecycle (e.g., data quality during early implementation) may
recede as organizations mature, while others (e.g., system integration) may intensify. The
RICS 2025 survey captures a single temporal cross-section, and a longitudinal comparison
with future survey iterations would be necessary to assess the stability of the identified
misalignment over time.

Third, operationalizing theoretical constructs introduces the potential for interpretive
divergence. Mapping RICS survey items to the H1, H2, and H3 categories is a reasoned opera-
tionalization, not definitional equivalence. The survey items are specific instances of broader
theoretical categories, so different mapping choices could affect comparative conclusions.

Fourth, classification precision varies across hypotheses. Although the overall ap-
proach was validated as highly reliable, the H3 keyword set had a false positive rate
of 18.2% (95% CI: 12.8–24.5%), primarily due to the ambiguous nature of the term “in-
tegration”. False positive rates for H1 and H2 are presumed to be lower due to higher
semantic specificity; however, this remains empirically unverified. Future work should
validate the H1 and H2 classifications through spot-check audits (recommended sample
size: 50 publications per hypothesis) and could employ machine learning classifiers to
improve precision [71].

Fifth, the analysis only documents correlational patterns; it does not support causal
inference from research attention to adoption outcomes. The observed misalignment
may reflect multiple mechanisms, including temporal lag, disciplinary silos, and implicit
integration, rather than a simple failure of the research community to address the needs
of practitioners.

Sixth, the composite scoring system, while validated through sensitivity analysis
across five weighting schemes and bootstrap resampling, relies on researcher-determined
weights and classification thresholds. Although the rank ordering of hypotheses proved
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robust across all tested specifications (see Appendix B), the absolute composite scores
and the descriptive labels assigned to them reflect methodological choices rather than
empirically derived cut-points. Readers should interpret these labels as relative char-
acterizations of research attention rather than definitive verdicts on the status of each
barrier in the literature. Based on these limitations, the following directions for future
research are recommended: (1) Conduct qualitative comparative case studies of firms that
have successfully overcome all three barrier types to identify effective integration strate-
gies [63,64]; (2) Perform multilingual bibliometric analyses (prioritizing Chinese, German,
and Japanese literature) to assess the cultural and linguistic contingency of the research–
practice paradox [45]; (3) Undertake longitudinal practitioner interviews to examine the
temporal dynamics of barrier emergence and how practitioner priorities evolve alongside
technological maturity [5,6]; (4) Develop and validate machine learning-based classification
models to reduce false positive rates for H1 and H2, and to enable more fine-grained analy-
sis of implicit content within the H3 literature [70,71]; (5) Construct more targeted citation
benchmarks by comparing H1 and H2 publications not against the full heterogeneous
corpus but against publications addressing other specific adoption barriers (e.g., regulatory,
financial, or supply chain barriers), which would provide a more informative baseline
for assessing whether foundational barrier research is systematically undervalued upon
publication; (6) complement the uniform-benchmark Cohen’s h with pairwise effect size
comparisons between hypotheses (e.g., H1 vs. H3, H2 vs. H3), which would more directly
quantify the magnitude of between-barrier attention disparities without reliance on an
arbitrary reference distribution.

7. Conclusions
This bibliometric analysis of 4668 publications from 1990 to 2025 provides the first

large-scale, longitudinal quantification of research attention on barriers to AI adoption in
construction. The analysis reveals evidence of a systematic “research–practice paradox”.
Academic research shows a pronounced and persistent imbalance, favoring system integra-
tion challenges (H3: composite score 62/100, confirmed) over foundational data integrity
(H1: 17/100, rejected) and socio-technical barriers (H2: 13/100, rejected). H3 accounts for a
nominal 15.9% of the literature (adjusted to approx. 13.0% after false positive correction),
exhibits robust growth (R2 = 0.654, CAGR = +13.56%), and is significantly overrepresented
in highly cited publications (risk ratio = 1.31, p = 0.003). In contrast, H1 (2.7%) and H2
(4.6%) demonstrate stagnant growth (R2 < 0.19) and minimal elite representation.

This academic emphasis is the inverse of the priorities identified by practitioners in the
RICS Global Construction Monitor 2025 survey [8], in which H2 was cited most frequently
(46%), followed by H3 (37%) and H1 (30%). Practitioner-to-publication ratios quantify the
severity of this misalignment: There are 4.7 practitioners per H2 publication and 5.2 per H1
publication, compared to a balanced 1.1 per H3 publication.

The observed imbalance reflects a technocentric bias in construction innovation
research—the implicit assumption that the deployment of technology is primarily an engi-
neering problem. This perspective undervalues the socio-technical complexities that have
proven to be decisive in practice. For example, the cautionary precedent of BIM shows
that technical maturity does not guarantee widespread adoption due to organizational
and cultural barriers [4,35,36]. The available evidence suggests that the gap is primarily
a volume problem rather than clearly a quality problem, though the heterogeneity of the
control group (encompassing all non-barrier-focused AI-in-construction publications) limits
the strength of this inference. H1 and H2 publications receive citation attention broadly
comparable to the baseline upon publication, which is more consistent with an agenda-
setting challenge in research initiation than with systematic gatekeeping discrimination.
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Supplementary evidence suggests that this problem is best characterized as a knowledge
specification issue. H1/H2 insights are increasingly embedded implicitly within H3 lit-
erature, yet they remain secondary, scattered, and underspecified for operationalization
by practitioners.

If the plausible inference holds that research attention aligned with practitioner-
identified barriers is more likely to generate actionable implementation guidance, then
addressing this paradox requires coordinated action across the research ecosystem. Three
priority areas merit consideration: (1) developing construction-specific data governance
frameworks and quality standards, as current protocols, such as ISO 19650, lack AI opti-
mization guidance [23]; (2) creating contextualized competency development strategies
that address high industry turnover through community-of-practice approaches [32,33];
and (3) modeling holistic adoption pathways that map interdependencies and prerequisite
sequences and learning from BIM’s trajectory. Whether such rebalancing would translate
into measurable improvements in AI adoption rates remains an empirical question beyond
the scope of this bibliometric analysis.

This study has several limitations, including its focus on English-language, OpenAlex-
indexed literature, a geographic bias in the RICS benchmark, and imprecise classification,
especially for H3. Future research should employ multilingual analyses, longitudinal
practitioner studies, and machine learning–based classification to refine these findings.

Ultimately, the research–practice paradox reflects specific disciplinary incentives and
institutional structures, rather than being inevitable. Correcting this misalignment through
funding prioritization, conference programming, journal editorial policies, and university
hiring criteria offers substantial leverage for accelerating the digital transformation of
the construction industry. However, this analysis is based on English-language literature
and a UK-skewed practitioner sample [8], so it may reflect patterns that are particularly
pronounced in certain geographic and institutional contexts. Replication in non-English
literature and diverse regions is warranted. Nevertheless, the fundamental insight remains:
Algorithms alone cannot overcome poor data, nor can sophisticated platforms substitute
for workforce readiness. The evidence presented here suggests that rebalancing research
attention across all three dimensions—data integrity, socio-technical adoption, and system
integration—represents a necessary, though not empirically proven sufficient, condition for
the field to avoid repeating the implementation failures of previous technological waves
and realize AI’s transformative potential.
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Abbreviations
The following abbreviations are used in this manuscript:

AI Artificial Intelligence
GDP Gross Domestic Product
H1 Hypothesis 1 (Data Integrity)
H2 Hypothesis 2 (Socio-Technical)
H3 Hypothesis 3 (System Integration)
RICS Royal Institution of Chartered Surveyors
R2 Coefficient of Determination
RR Risk Ratio
BIM Building Information Modeling
IoT Internet of Things
CAGR Compound Annual Growth Rate
CI Confidence Interval
pp Percentage Points
κ (Cohen’s κ) Cohen’s Kappa
df Degrees of Freedom
n.s. Not Significant
ME Margin of Error
FP False Positive
IQR Interquartile Range
NBER National Bureau of Economic Research
ISO International Organization for Standardization
API Application Programming Interface
GPU Graphics Processing Unit
EU European Union
SME Small-to-Medium Enterprise
APAC Asia-Pacific
MEA Middle East and Africa
ML Machine Learning
IT Information Technology
PRISMA Preferred Reporting Items for Systematic Reviews and Meta-Analyses
AEC Architecture, Engineering, and Construction
PPE Personal Protective Equipment
PPP Public–Private Partnership
GIS Geographic Information System
CNKI China National Knowledge Infrastructure
BERT Bidirectional Encoder Representations from Transformers
RoBERTa Robustly Optimized BERT Pretraining Approach
ANOVA Analysis of Variance
SIAM Society for Industrial and Applied Mathematics
SDM SIAM International Conference on Data Mining
STI Science and Technology Indicators
VTT Valtion Teknillinen Tutkimuskeskus (Technical Research Centre of Finland)

Appendix A. Keyword Sets and Classification Sensitivity Analysis
Table A1 shows the full set of keywords developed for each hypothesis through

iterative refinement. For H1 (Data Integrity), a set of 17 keywords was assembled. For H2
(Socio-Technical), a set of 15 keywords was created. A 16-keyword set was developed for
H3 (System Integration).

The rationale for keyword selection reflects differences in semantic specificity. The H1
and H2 keyword sets use highly specific terms (e.g., “competency gap”, “data fragmenta-
tion”), which minimizes the risk of false positives in AI construction contexts. In contrast,
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H3 uses broader terms, such as “integration”, that can appear in organizational contexts. A
precision audit (see Appendix D) determined that the false positive rate for H3 is 18.2%
(95% CI: 12.8–24.5%). Due to the higher semantic specificity of the vocabulary in H1 and
H2, it is presumed that the false positive rates for these hypotheses are substantially lower,
though this remains empirically unverified. Future reproduction or extension studies
should validate this assumption through spot-check audits.

Table A1. Complete Hypothesis-Specific Keyword Sets.

Hypothesis Keyword Set

H1: Data Integrity

“data quality”, “data availability”, “data standardization”, “missing data”, “incomplete
data”, “data accuracy”, “data consistency”, “data fragmentation”, “data silos”, “data errors”,
“data collection”, “data annotation”, “data cleaning”, “data validation”, “metadata”, “data

governance”, “data warehouse”

H2: Socio-Technical

“human factors”, “skills gap”, “competency gap”, “cultural resistance”, “organizational
culture”, “risk aversion”, “workforce”, “training”, “change management”, “stakeholder
engagement”, “user acceptance”, “digital literacy”, “adoption barriers”, “organizational

readiness”, “knowledge transfer”

H3: System Integration
“integration”, “interoperability”, “digital twin”, “BIM integration”, “IoT”, “cyber-physical”,

“ecosystem”, “platform”, “data exchange”, “API”, “standards”, “convergence”,
“automation”, “autonomous”, “real-time”, “edge computing”

To evaluate the robustness of the classification system in the face of methodological
variations, four alternative classification strategies were examined. Table A2 shows the
results of the sensitivity analysis, which compares the original single-keyword approach
with strategies that require multiple keyword matches, restrict to the title and abstract only,
and apply positional weighting.

Table A2. Threshold Sensitivity Analysis—Alternative Classification Strategies.

Classification Strategy H1 Publications H2 Publications H3 Publications

Single keyword (original) 125 215 742
Multiple keywords (≥2 required) 89 156 615

Title + Abstract only 98 178 698
Weighted positional scoring 102 201 729

The Spearman rank correlations between the methods were exceptionally high: r = 0.96
between the original and multiple-keyword approaches, r = 0.94 between the original and
the title/abstract-only approach, and r = 0.91 between the original and the weighted posi-
tional scoring approach. These results confirm that the prevalence ranking (H3 > H2 > H1)
remains robust across methodological variations. Depending on the keyword threshold,
absolute prevalence estimates may vary by ±0.5–1.0 percentage points, but the directional
ordering and core conclusions regarding the research–practice paradox are insensitive to
specification choices. The plausible prevalence ranges are: H1: 2.1–2.9%; H2: 3.3–4.6%;
H3: 13.0–15.9% (accounting for false positive adjustment).

Appendix B. Weighting Scheme Sensitivity and Statistical Corrections
Table A3 shows the results of five sensitivity analyses that test how alternative weight-

ing schemes impact the composite scores. The tested schemes include the primary weight-
ing scheme (Temporal: 40%; Prevalence: 35%; Elite: 15%; Citation: 10%), equal weights
(25% each), prevalence-heavy weights (20%, 50%, 15%, 15%), trend-heavy weights (50%,
25%, 15%, 10%), and citation-heavy weights (30%, 30%, 20%, 20%).
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Table A3. Composite Scores Under Five Alternative Weighting Combinations.

Weighting Scheme
(Temporal/Prevalence/Elite/Citation) H1 Score H2 Score H3 Score Verification Status

Primary (0.40/0.35/0.15/0.10) 17/100 13/100 62/100 H3: Confirmed; H1/H2: Rejected
Equal (0.25/0.25/0.25/0.25) 20/100 14/100 60/100 H3: Confirmed; H1/H2: Rejected

Prevalence-Heavy (0.20/0.50/0.15/0.15) 24/100 19/100 58/100 H3: Confirmed; H1/H2: Rejected
Trend-Heavy (0.50/0.25/0.15/0.10) 19/100 13/100 62/100 H3: Confirmed; H1/H2: Rejected

Citation-Heavy (0.30/0.30/0.20/0.20) 21/100 15/100 60/100 H3: Confirmed; H1/H2: Rejected

Across all five weighting schemes, H3 scores consistently between 58 and 62 out of
100, remaining in the “Confirmed” category. Meanwhile, H1 and H2 consistently score
between 13 and 24, remaining in the “Rejected” category. The rank ordering by composite
score of H3 > H1 > H2 is maintained across all specifications, demonstrating that the core
findings are independent of weighting assumptions.

To control for the inflation of familywise error rates across multiple statistical tests,
a Bonferroni correction was applied. Testing three hypotheses across five analytical di-
mensions constitutes 15 separate statistical tests. The standard significance level (α = 0.05)
would yield a family-wise error rate of:

Familywise error = 1 − (1 − 0.05)15 = 0.537 (A1)

The Bonferroni-corrected threshold was therefore set at:

αcorrected =
0.05
15

= 0.0033 (A2)

Table A4 summarizes the outcomes of all statistical tests against this corrected threshold.

Table A4. Multiple Comparison Results Summary: Statistical Test Outcomes for H1–H3 Across Five
Analytical Dimensions.

Test Category H1 H2 H3 Result

Prevalence (Chi-square) p < 0.001 p < 0.001 p < 0.001 Exceeds threshold
Citation Impact (Mann–Whitney U) p = 0.868 p = 0.165 p = 0.001 Only H3 significant

Temporal Trend (Linear Regression ANOVA) p < 0.001 p < 0.001 p < 0.001 Exceeds threshold
Risk Ratio (Fisher’s Exact) p = 0.842 p = 0.969 p = 0.003 Only H3 significant

Inter-Hypothesis Correlation (Pearson r) r = 0.128 r = 0.215 r = 0.189 Descriptive; ns

Rejection of H1 and H2 is supported by tests that exceed the Bonferroni threshold
(prevalence and temporal trend) combined with non-significant, yet unfavorable, patterns
in citation impact and risk ratio. This multidimensional evidence provides a robust basis for
rejecting the hypothesis, even though not all individual tests exceed the corrected threshold.

Appendix C. Language Bias Scenario Analysis and Multi-Language
Research Roadmap

A scenario analysis was conducted to assess the potential impact of restricting the
analysis to English-language publications. The baseline, which is an English-language cor-
pus from OpenAlex, shows H1 at 2.7%, H2 at 4.6%, and H3 at 15.9%. The extreme scenario
assumes that English publications represent 70% of global construction AI literature (a
conservative estimate, as English typically dominates science and engineering literature
at 75–80%) and that non-English publications emphasize H1 and H2 at a rate three times
higher than English literature.

The global prevalence under this extreme assumption is calculated as a weighted average:

H1global = (0.70 × 2.7%) + (0.30 × 3 × 2.7%) = 1.89% + 2.43% = 4.32% (A3)
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H2global = (0.70 × 4.6%) + (0.30 × 3 × 4.6%) = 3.22% + 4.14% = 7.36% (A4)

H3global = (0.70 × 15.9%) + (0.30 × 15.9%) = 11.13% + 4.77% = 15.9% (A5)

The H3 calculation assumes that its prevalence in non-English literature remains
proportional because the scenario only tests increased emphasis on H1 and H2. Even under
this extreme language bias assumption, the global rank ordering is H3 (15.9%) > H2 (7.4%)
> H1 (4.3%). Compared to the priorities of RICS practitioners (H2: 46%, H3: 37%, and H1:
30%), H3 is still overrepresented in the literature while H1 and H2 are underrepresented.
The core finding, the research–practice paradox, persists even under extreme language
bias scenarios.

To definitively eliminate language bias as a confounding factor, a multilingual re-
search roadmap is proposed. This would involve three phases. First, parallel corpora
would be constructed in priority languages (Chinese, German, and Japanese) using analo-
gous searches in databases such as CNKI, GeoRef, and J-Stage. Keyword translation would
require forward translation by domain experts, back translation to verify semantic equiva-
lence, and pilot testing. Phase 2 would replicate the prevalence analysis for each language
corpus separately. Phase 3 would aggregate the results, assigning estimated weights based
on global research distribution (e.g., English: 70%, Chinese: 15%, German: 8%, Japanese:
5%, and other languages: 2%). The analysis would determine if the research–practice
paradox is specific to English literature, a global pattern, or inverted in certain regions.

Appendix D. H3 Precision Audit—Detailed Results and False
Positive Distributions

Due to the potential ambiguity of the keyword “integration”, which can appear in
organizational contexts unrelated to system integration (e.g., team integration, supply chain
integration), an expanded precision audit was conducted. The audit followed two sampling
stages with increasing sample size and stratification.

Stage 1: Initial Audit (n = 50 Sample)
A random sample of 50 H3-flagged publications (1.1% of the H3 corpus) was reviewed

by two independent coders. The results showed 76.0% true positives, 16.0% false positives,
and 8.0% ambiguous cases. Substantial inter-rater agreement was observed (Cohen’s
k = 0.82, p < 0.001). While this initial stage indicated a moderate false positive rate, the
small sample size provided limited confidence.

Stage 2: Expanded Validation (n = 148 Additional Sample)
To increase precision, a stratified sample of 148 additional H3-flagged publications was

drawn with stratification by keyword position (title only, abstract only, or body text only).
This approach recognized that “integration” in titles carries a higher risk of false positives.
The results showed 73.6% true positives, 18.9% false positives, and 7.4% ambiguous cases.
Inter-rater agreement remained substantial (κ = 0.79 initially, κ = 0.84 post-adjudication).

Combined False Positive Estimate (Stages 1 + 2, n = 198 Total)
Pooling across both stages:

Pooled FP rate =
8 + 28

50 + 148
=

36
198

= 18.2% (A6)

The 95% confidence interval for the false positive rate, calculated using the binomial
proportion, is [12.8%, 24.5%].

Adjusted H3 Prevalence Estimates
Using the point estimate (18.2% FP rate):

H3adjusted = 742 × (1 − 0.182) = 742 × 0.818 = 607 publications (A7)
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H3adjusted prevalence =
607
4668

= 13.0% (A8)

Using the conservative upper-bound estimate (24.5% FP rate):

H3adjusted = 742 × (1 − 0.245) = 742 × 0.755 = 561 publications (A9)

H3adjusted prevalence =
561
4668

= 12.0% (A10)

The point estimate of 13.0% represents the most likely true prevalence for H3, while
the conservative upper-bound of 12.0% provides a lower boundary. The originally reported
figure of 15.9% represents the upper bound reflecting keyword-only classification without
false positive adjustment.

Robustness of Primary Findings After FP Adjustment
Even under the maximum realistic false positive adjustment (24.5%), the rank ordering

of research attention by publication volume (prevalence) remains completely robust:

H3: 12.0% vs. H2: 4.6%, H1: 2.7% (A11)

The prevalence ranking H3 > H2 > H1 persists across all adjustment scenarios.
Regarding the composite score, a conservative estimate of the impact of FP adjustment

can be derived by adjusting only the prevalence component while holding all other dimen-
sions constant. Under this conservative assumption, the original unadjusted H3 score of
62/100 would adjust to approximately 58/100 under the point estimate (13.0% prevalence)
and approximately 56/100 under the conservative upper-bound (12.0% prevalence). In
both cases, H3 remains firmly within the “Confirmed” category (50–70 range). More im-
portantly, even with this adjustment, H3’s composite score remains orders of magnitude
higher than H1 (17/100) and H2 (13/100), and the relative ordering of H1 and H2 (H1 > H2)
is unaffected.

False Positive Distribution by Keyword Position
As shown in Table A5, stratification in Stage 2 revealed that false positive rates vary

significantly by keyword position.

Table A5. False Positive Distribution by Keyword Position: Rates and Counts for Title, Abstract, and
Body Text Matches from Stratified Validation in Stage 2.

Keyword Position True Positives False Positives FP Rate

Title 38/50 (76.0%) 12/50 (24.0%) 24.0%
Abstract only 36/49 (73.5%) 10/49 (20.4%) 20.4%
Body text only 35/49 (71.4%) 6/49 (12.2%) 12.2%

Combined (Stages 1 + 2) 147/198 (74.2%) 36/198 (18.2%) 18.2%

The false positive rate is highest for title-position matches (24.0%), moderate for
abstract-only matches (20.4%), and lowest for body-text-only matches (12.2%). This pattern
shows that the primary concept of “integration” refers more often to system integration in
titles than to other types of integration in body text.

Validation Metrics and Inter-Rater Reliability
Table A6 presents the combined validation results across both stages, demonstrating

high and consistent inter-rater reliability.
Post-adjudication κ = 0.845 (95% CI: [0.77, 0.92]) indicates “almost perfect” inter-rater

agreement per Landis and Koch [75] conventions, supporting the reliability of the final
classification. The narrow confidence interval and lack of zero crossing indicate statistically
robust agreement.

https://doi.org/10.3390/buildings16091720

https://doi.org/10.3390/buildings16091720


Buildings 2026, 16, 1720 36 of 39

Table A6. Combined Validation Results (Stages 1 + 2).

Metric Stage 1 (n = 50) Stage 2 (n = 148) Combined (n = 198)

True Positives 76.0% 73.6% 74.2%
False Positives 16.0% 18.9% 18.2%

Ambiguous 8.0% 7.4% 7.6%
Cohen’s κ (initial) 0.82 0.79 0.80

p-value <0.001 <0.001 <0.001
Cohen’s κ (post-adj.) 0.85 0.84 0.845

95% CI [0.70, 1.0] [0.73, 0.95] [0.77, 0.92]

Recommendations for Future H3 Classification Refinement
Based on the audit findings, four recommendations for refining future classifications

are proposed. First, the keyword-based approach should be combined with machine
learning text classifiers (e.g., BERT or RoBERTa, which are trained on the construction
domain) to more accurately identify the contextual meaning of ambiguous terms, such
as “integration”. Second, positional weighting should be implemented so that keywords
in titles and abstracts are given more weight than those in the body of the text. This
reflects the observed variation in false positive rates by position. Third, compound phrase
matching should prioritize multi-word phrases (“system integration”, “digital ecosystem
integration”, etc.) over single-word detection to improve precision without sacrificing recall.
Fourth, a domain-specific thesaurus should be developed to link synonymous terms across
disciplines. For example, organizational behavior researchers may use “implementation
readiness”, while AI researchers use “system integration”.
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