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Abstract. Controlled Natural Language (CNL) applied to construction
regulatory and technical documents is examined as a linguistic mechanism for
eliminating ambiguity and enabling automated interpretation of requirements. The
research object is the language of normative and technical documents used in
construction, which is traditionally characterized by syntactic complexity,
terminological inconsistency, and stylistic variability that hinder digital processing
and automated compliance checking. The research method is based on a systematic
review and content analysis of peer-reviewed scientific publications indexed in Scopus
and Web of Science, focusing on controlled languages, template-based requirement
formulation, ontology-driven approaches, and natural language processing techniques
integrated with Building Information Modeling. The research results demonstrate that
the use of controlled language significantly increases the accuracy of requirement
extraction, enables direct transformation of textual provisions into formal, machine-
executable rules, and reduces interpretative variability. Empirical evidence from
existing controlled-language implementations confirms improvements in automated
compliance checking performance, enhanced terminology consistency, and greater
interoperability between regulatory texts and digital construction models. The findings
indicate that controlled language constitutes a foundational component for the
development of machine-readable regulatory frameworks, supporting the transition
toward digital regulations and automated compliance processes in the construction
industry.
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Angarna. Kypwouibic  canacelHoagvl  HOPMAMUGMIK — JHCOHe  MeXHUKALbIK
Kyaorcammapza Koaoauvliameln oOaxviianamoin maodueu min (Controlled Natural
Language, CNL) mananmapovi asmomammanobipulizan mypoe mycinoipyee
MYMKIHOIK Oepemin J#CoHe eKIYUmbLIbIKMbl JHCOI02A APHANRAH NUHCBUCMUKATIBIK
memix pemiHOe Kapacmulpvliaobl. 3epmme)y HblCaubl peminde 0dCmypii mypoe
CUHMAKCUCMIK KYpOeniNiciMeH, MePMUHOI0USIbIK OIPI30LIKMIY O0IMAYbIMeH HCIHe
CMUNbOIK  ©32epMeNiiciMer  Cunammanamsly,  Yu@pavlk  oyoeyoi  JicoHe
aBmMoMammanoObIPbIIZan — CIUKecmikmi — mekcepyOi  KUbIHOAMAMbIH — KYPbLIbIC
CanacvlHOazbl HOPMAMUBMIK JHCIHE MEXHUKANbIK KYHcammapowly Mili alblHEAH.
3epmmey a0ici Scopus ocone Web of Science Oepexxopaapvinoa unOekcmenceH
PeYeH3UIAHAMbBIH  RbLILIMU  HCAPUATIAHLIMOAPRA  JHCYUeN] WONY Hcacayea HcoHe
Kowmenm-manoayea Hezizoencen. Tanoay o6axwviianamviy mindepee, maianmapowvl
VARINIK  KYPLLILIMOAp — APKbLIbL  MYHACHIPLIMOAY2a,  OHMONO02UAA — He2i30en2eH
macinoepee, conoati-ax Building Information Modeling scytienepimen oipikmipineen
mabueu mindi  eyodey 20icmepine  OaLImmanzan. 3epmmey  Hamudcenepi
OakvliaHamul M0l KOA0aHy — mananmapovl  Oenin  any  0210iciH  e0ayip
apmmulpamulHulH, MaMIHOIK epedicenepdi Hopmanovl, MAUUHAMEH OPLIHOALAMbIH
Kazguoanapaa mikenetl mypieHoipyee MyMKIiHOIK OepemiHin JHcane UHMepnpemayusiivlk
e32epMmeninikmi memeHoememinin kopcemeoi. baxviianamoin mindiy KOI0AHLICMAbL
eH2I3iNiMOepIiHeH  aNbIHRAH — IMAUPUKATLIK — OepeKkmep  a8MmoMammaHOblpbLI2aH
cauKecmikxmi mexkcepy mMuiMOLNiciHIY apmMyblH, MEPMUHONOUAHBIY OIpI30iNiciHIiK
HCAKCAPYLIH JHCIHE HOPMAMUBMIK MIMIHOEp MeH YU@DPIblK KYPbLIblC MOOeniboepi
apacvlHoazvl  YUuneciMOiliKmiy Kywerin pacmaiovl. AnviHeaH KOPbIMbIHOLLIAD
OakvliaHamovlH MOy MAWUHAMEH — OKbLIAMbIH — HOPMAMUBMIK — He2iz0epoi
Kanwlnmacmulpyoagsl ipeeii Kypamoac 067K eKeHiH JiCoHe KYPblLIblC CAaldCbIHOA
yugprvlk pemmeyee api ABMOMAMMAHOLIPLIIRAH CIUKECIKMI KAMMAMACbI3 emy
npoyecmepine Keuiyee He2iz 601amviHbIH KOpcemeoi.

Tyilin ce3aep: xommpondexzen min, HOPMAMUBMIK-MEXHUKATLIK KYHCAmMmap,
aBMoOMammanObIPLLIAH  CoUKecmiK mekcepyl, Kypulivicmuvl yugpranovipy, BIM,
oHmono2us
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AnHorauusi. Kommponupyemviti ecmecmeennviti s3vik (Controlled Natural
Language, CNL), npumensemsiii K HOpMAMUBHLIM U MEXHUYECKUM OOKYMEHMAM 8
cmpoumenscmee,  pacCMAmMpusaemcss — Kak — JUHSGUCMUYECKUN — MEeXAHU3M,
HanpaeieHHbvll Ha  ycmpaueHue HeOOHO3HAYHOCIU u obecneyeHue
asmomamu3uposantol uxnmepnpemayuu mpebosanuu. OOveKmom uccied08aHus
ABNACMCS SA3bIK HOPMAMUBHLIX U MEXHUYeCKUX OOKYMEHMOS, UCNOIb3YeMblX 6
cmpoumenscmee, KOMOPbLL MPAOUYUOHHO XAPAKMEPUIYEMC sl  CUHMAKCUYECKOU
CILONCHOCMbBIO,  MEPMUHONIO2UUECKOU Heco2NACO8AHHOCbIO U CMUIUCMUYECKOL
8APUAMUBHOCMBIO, 3ampyOHAIOWUMU yughposyio obpabomky u
aA8MoMamu3upoOB8aHHyI0 NPoeepKy coomsemcemaus. Memoo ucciedoeanus 0CHO8AH HA
cucmemMamuyeckom 003ope U  KOHMEHmM-AHANU3e  PEeYeH3UPYemblX  HAYUHbIX
nyonukayu, uHoekcupyemvix 6 bazax oanuvix Scopus u Web of Science, ¢ akyenmom
Ha  KOHmMponupyemvie A3bIKY, WAOIOHHOe — dopmynuposanue  mpebosaHull,
OHMOJI02UYeCKU OPUEHMUPOBAHHbIE NOOX00bL U MEMOObl 00PAOOMKU eCMeCm8eHHO20
A3bIKA, UHMESPUPOBAHHBIE C MEXHOLOUAMU UHPOPMAYUOHHO2O MOOeNUPOBAHUS
30anuti.  Pe3ynemamvl  UCC1e008aHusi  NOKA3bIBAIOM,  YMO  NpUMEHeHUe
KOHMPONUPYEeM020 — A3bIKA  CYWECMBEHHO NOogbluiaem MOYHOCMb — U361e4eHUs
mpeboganuti, obecneuugaem NPAMyI0 MpPAHCHOPMAYUIO MEKCMOBLIX NOJIONCEHUL 8
GopmanvHble, MAUUHHO-UCNONIHAEMblE NPABUNA U CHUNCAEm UHMEPNPEemayuoHH)I0
sapuamueHocmy. IMnupudeckue OaHHwle, NOJYUeHHble HA OCHOBE CYWeCmEVIOujux
peanuzayutl KOHMPOIUPYEeMbIX A3bIKO8, NOOMEEPHCOaom YiyyuleHue noxazameinell
ABMOMAMU3UPOBAHHOU NPOBEPKU COOMEEMCMBUS, NOGbIULEHIUE MEPMUHOTI0UYECKOU
CO2NIACOBAHHOCMU U YCUNIeHUe UHMEPONepabeibHOCmMU MeHcO0y HOPMAMUBHbIMU
mekcmamu U yugposvimu moodenaimu cmpoumenvcmeéa. llonyuennvie 66160061
CBUOEMENbCMBYIOM 0 MOM, YMO KOHMPOIUPYeMblll SA3bIK A618emcsi 0a308biM
KOMHOHEHMOM  (QOpMUPOBAHUS MAUUHOYUMACMbIX —Pe2YIAMOPHbIX — CUCeM U
noooepoicugaem nepexoo K YUGposomy pe2yiupo8aHuro u asmomamu3upo8aHHbIM
npoyeccam obecnedenus COOmMeemcmaus 8 CMmpoumeibHOU Ompaciu.
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1 INTRODUCTION

Normative technical documents (NTDs) are typically drafted in language that formally adheres
to established standards for style and terminology, with the intention of preventing interpretive
ambiguity. Nevertheless, the prevalence of overly complex terminology, syntactic intricacies, and a
lack of stylistic consistency frequently results in inconsistencies and multiple interpretations of
regulatory provisions. A content analysis of the British publication Health Building Notes found that
ambiguity was present in 53% of the examined requirements within UK NTDs. Such a level of
linguistic uncertainty significantly impedes the accurate comprehension of regulatory texts by project
stakeholders and elevates the risk of design and compliance errors during the planning and expert
review phases (Zhang et al., 2023; Kempe et al., 2024).

A lack of precision and unambiguous wording becomes a critical barrier to Automated
Compliance Checking (ACC) of BIM models. Even the most advanced NLP algorithms can extract
correct parameters from only about one-third of textual requirements, while the remaining 60—70%
still require manual expert interpretation, as the inherent characteristics of natural language hinder
formal transformation (Kempe et al., 2024; Vierlboeck et al., 2022).

One of the most promising solutions to the problem of linguistic ambiguity is the adoption of
Controlled Natural Language (CNL) - an intentionally restricted sublanguage in which both
vocabulary and grammar are strictly regulated. By limiting the use of polysemous terms, eliminating
vague modal constructions, and prescribing fixed sentence patterns, CNL ensures unambiguous
interpretation of requirements by humans and enables their direct translation into formal ontologies
(OWL), rule languages such as SWRL/SHACL, or SPARQL queries for BIM data (Treviso et al.,
2022: Huitzil et al., 2022; Zhumagulova et al., 2024).

In the context of industry-wide digitalization, regulators worldwide have shifted toward
developing machine-readable representations of building requirements. Singapore, for example, has
introduced the CORENET e-PlanCheck platform, where regulatory provisions are digitized and
automatically verified when a BIM model is submitted for approval. Similar initiatives are being
implemented in the SMART Codes project of the International Code Council (ICC, USA), as well as
in the German VCCL (Visual Code Checking Language) system, which offers a visual DSL that
enables engineers to formulate rules without programming (HéauBler et al., 2022; Aldakhov et al.,
2025).

The aim of this article is to synthesize contemporary scientific approaches to the
implementation of Controlled Natural Language in normative and technical documents within the
construction sector of the Republic of Kazakhstan. The paper examines the key issues and root causes
of linguistic ambiguity in construction regulations currently in force in Kazakhstan. It also reviews
existing methods for standardizing and formalizing the language of regulatory requirements. In
addition, practical examples of applying controlled language in construction documentation are
analyzed, along with their impact on industry digitalization, including Building Information
Modeling. Finally, the advantages, limitations, and prospects of integrating controlled language into
normative technical documents are discussed. The paper examines the key issues and root causes of
linguistic ambiguity in construction regulations currently in force in Kazakhstan. It also reviews
existing methods for standardizing and formalizing the language of regulatory requirements. In
addition, practical examples of applying controlled language in construction documentation are
analyzed, along with their impact on industry digitalization, including Building Information
Modeling. Finally, the advantages, limitations, and prospects of integrating controlled language into
normative technical documents are discussed.

2 LITERATURE REVIEW

The problem of linguistic ambiguity in normative and technical documents has been widely
discussed in recent scientific literature, particularly in the context of digitalization of construction
regulation and automated compliance checking. Numerous studies emphasize that traditional
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regulatory texts, despite their formal structure, often contain syntactic complexity, terminological
inconsistency, and semantic vagueness that significantly hinder machine interpretation and
automation processes (Zhang et al., 2023; Kempe et al., 2024).

Empirical investigations demonstrate that ambiguity is not an isolated phenomenon but a
systematic characteristic of building regulations. Zhang (Zhang et al., 2023) show that more than
half of analyzed requirements in building codes contain linguistic uncertainty, including vague
expressions, implicit references, and polysemous terminology. Similar conclusions are reported by
Kempe (Kempe et al., 2024), who classify regulatory ambiguity into intentional and unintentional
types, both of which negatively affect automated compliance checking. Intentional ambiguity is often
introduced to preserve professional judgment, while unintentional ambiguity arises from limitations
of natural language itself. Regardless of origin, both types reduce the reliability of automated
interpretation.

Several researchers focus on the limitations of conventional natural language processing
approaches when applied to regulatory texts. Vierlboeck (Vierlboeck et al., 2022) and Zhang (Zhang
et al., 2021) demonstrate that even advanced NLP models are unable to reliably extract regulatory
semantics from unrestricted text, especially when requirements are expressed through complex
grammatical structures or inconsistent formulations. These findings confirm that algorithmic
solutions alone cannot compensate for poorly structured regulatory language.

To address these challenges, controlled natural language has emerged as a promising
methodological solution. Controlled languages are defined as deliberately restricted subsets of natural
language with constrained vocabulary, grammar, and sentence structures designed to reduce
ambiguity while preserving human readability (Kuhn T., 2014). In the construction domain,
controlled language is increasingly viewed as a bridge between human-oriented regulatory texts and
machine-executable representations.

Wu (Wu et al., 2019) propose rewriting construction codes using a controlled language
approach, demonstrating that simplified syntax and standardized terminology significantly improve
information extraction accuracy. Their work on GIM-CNL illustrates how rewriting regulatory
provisions into controlled formulations enables reliable parsing and subsequent transformation into
formal rule representations. Similar principles underpin the RAINS approach, where controlled
English formulations are directly mapped to ontology-based representations and SPARQL queries for
BIM model verification (Chen et al., 2022).

Ontology-driven approaches constitute another important research direction. Ontologies
provide a formal semantic backbone that links regulatory concepts with BIM entities, enabling
consistent interpretation across digital platforms. Zhang (Zhang et al., 2021) show that combining
linguistic templates with domain ontologies substantially increases the precision and recall of
requirement extraction. However, these approaches remain highly sensitive to linguistic variability,
reinforcing the need for controlled language at the document authoring stage.

Recent studies also explore hybrid solutions that integrate controlled language with automated
and semi-automated compliance checking systems. Noardo (Noardo et al., 2021) review the state of
digital building permit systems and emphasize that the effectiveness of such systems depends heavily
on the formalization and linguistic clarity of regulatory requirements. Practical implementations,
including visual rule-checking languages and structured rule representations, aim to reduce the gap
between textual regulations and executable compliance logic.

Machine learning methods have been proposed to support regulatory text analysis, particularly
for ambiguity detection and requirement classification (Zhang et al., 2022). While these approaches
show potential in identifying problematic formulations, their applicability remains limited due to the
scarcity of annotated regulatory corpora and the inability of statistical models to guarantee legal and
semantic correctness. As noted by Fosler-Lussier (Fosler-Lussier et al., 2022), purely data-driven
methods cannot replace rule-based and linguistically controlled approaches in domains with strict
normative constraints.

In the context of construction digitalization, several studies highlight the growing need for
standardized, machine-readable regulatory frameworks. Initiatives such as digital building permits
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and automated rule checking systems demonstrate that linguistic standardization is a prerequisite for
scalable automation (HéduBller et al., 2021; Noardo et al., 2021). buildingSMART Australasia
explicitly emphasizes controlled language and well-defined terminology as key components of
interoperable BIM-based regulatory environments.

Overall, the reviewed literature converges on a common conclusion: linguistic ambiguity
represents a fundamental barrier to the digital transformation of construction regulation. Controlled
natural language, particularly when combined with ontologies and BIM-based compliance checking,
offers a systematic and theoretically grounded solution. However, existing studies also acknowledge
institutional, legal, and practical challenges related to large-scale adoption, indicating the need for
further research focused on adapting controlled language principles to national regulatory contexts
and existing normative frameworks (Kabzhan et al., 2025).

3 MATERIALS AND METHODS

A systematic review was conducted on controlled languages and the standardization of
linguistic requirements in building regulations. Source selection was carried out using the Scopus and
Web of Science databases, focusing on publications from the past 15 years, a period marked by
significant growth in research on automated analysis of regulatory documents. The search was
performed using combinations of English-language keywords, including “controlled language,”
“controlled natural language,” ‘“building regulations,” “building code compliance,” ‘“automated
compliance checking,” “natural language processing,” and “Building Information Modeling (BIM).”

The inclusion criteria comprised peer-reviewed journal articles and full conference papers that
explicitly address linguistic ambiguity in construction regulations or propose methods for
standardizing, formalizing, or automating regulatory requirements through controlled language,
templates, ontologies, or NLP-based approaches. The initial search across Scopus and Web of Science
databases yielded 258 publications based on keyword combinations related to controlled language,
regulatory requirements, and construction digitalization. After screening titles and abstracts, studies
not directly related to regulatory or normative documents in the construction domain were excluded.
A full-text assessment was then conducted to evaluate methodological relevance and domain
specificity. As a result of this multi-stage filtering process, approximately 30 publications were
identified as fully meeting the inclusion criteria. Preference was given to studies published in high-
impact journals and proceedings of major international conferences in the fields of construction
informatics, automation, and digital regulation. Exclusion criteria included publications focusing
solely on generic NLP algorithm development without application to construction regulations, as well
as non-peer-reviewed sources, short abstracts, and studies unrelated to the construction domain. The
final corpus included several systematic reviews and meta-studies, ensuring comprehensive coverage
of relevant methodological and technological approaches aligned with the research objectives.

The review included studies that directly address the problem of linguistic ambiguity in building
regulations or propose methods for its resolution-such as controlled languages, formal requirement
models, and semantic analysis of regulatory texts. Highly specialized works focused solely on the
technical aspects of NLP algorithms without any connection to the standardization of requirement
language were excluded. Preference was given to studies published in top-quartile journals (Q1 and
Q2), which is indicative of high scientific relevance and the overall quality of the research (Shadkam
et al., 2024; Zhangabay et al., 2025).

All selected publications were subjected to a detailed qualitative content analysis. The analysis
was conducted through manual examination of the reviewed studies, without the direct application of
automated text-processing software or proprietary algorithms to the regulatory documents
themselves, as the research focused on synthesizing and comparing methodological approaches
reported in the literature. From each source, information was extracted on the linguistic issues
identified within regulatory documents and the methods proposed by the authors for applying
controlled language or other approaches to requirement formalization. Additional data were collected
on the architecture or methodology of each solution, including the use of ontologies, templates, rule-
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based systems, and machine learning techniques as described by the original authors. Implementation
outcomes and experimental results were also analyzed, such as the accuracy of automated
requirement extraction, the effectiveness of rule-checking procedures, and expert evaluations.

To systematize the review, all identified solutions were conditionally classified according to
their methodological approach (template- and ontology-based rule systems; controlled languages for
text rewriting; machine-learning and NLP-based methods; etc.). Summary characteristics of key
studies are presented in tabular form. Where necessary, schematic diagrams are used to illustrate the
processes of transforming regulatory requirements into formalized representations.

4 RESULTS AND DISCUSSION

The literature review confirms that the texts of normative technical documents contain
numerous linguistic issues that hinder both unambiguous interpretation and digital processing. First,
there is a persistent inconsistency in terminology and writing style (table 1): different documents-and
even different sections within the same document-often express similar requirements in divergent
ways (Wu et al., 2019; Yesbolat et al., 2025). The absence of a unified vocabulary and grammatical
templates means that a single requirement may be articulated through multiple, structurally different
formulations. For example, a study of Chinese electrical engineering regulations showed that the same
mandated clearance could be expressed in five alternative phrasings, each with a different sentence
structure (Wu et al., 2019). Such variability complicates automated requirement recognition because
algorithms must account for multiple synonymous constructions. Second, the texts frequently contain
ambiguous expressions. Some ambiguities are intentional, as regulators deliberately leave certain
provisions flexible to allow for professional judgment (Zhang et al., 2023). Others arise
unintentionally and reflect inherent limitations of natural language (Zhang et al., 2023). Typical
examples include polysemous words (e.g., “room” meaning either a specific enclosed space or
general area) and context-dependent references lacking explicit specification. As a result, automated
interpretation becomes difficult: on average, only about 34% of NTD text can be directly machine-
interpreted without additional processing (Zhang et al., 2022). Third, the sheer volume and structural
complexity of regulatory documents pose their own challenges. Major compendiums of rules-such as
the International Building Code (IBC), Eurocodes, and other technical standards-contain thousands
of provisions interconnected through cross-references and exceptions. Manual digitization and
maintenance of such documents are extremely labor-intensive (Wu et al., 2019). These findings
highlight the objective need for linguistic standardization: simplifying and structuring the language
of regulatory requirements to ensure precise and consistent interpretation.

Table 1
Linguistic Issues in Normative Technical Documents and Their Impact on Digital Processing

Problem Category Impact on Digital Processing Source References
Variability of Increased complexity of automated requirement recognition;
o algorithms must handle multiple synonymous sentence (Locke et al., 2018)
formulations
structures
. Interpretation errors; inability to assign a single, precise (Zhang et al., 2023;
Ambiguity / polysemy meaning to terms or references Kempe et al., 2024)
Volume and structural High labor intensity of digitization and maintenance; (Zhang et al., 2023;
complexity difficulty in parsing cross-referenced provisions Locke et al., 2018)
Violations of lexical and Reduced clarity, consistency, and terminological precision; (Lytvynska et al.,
grammatical norms lower accuracy of automated text analysis 2021)
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Researchers have proposed several approaches to reducing linguistic ambiguity in regulatory
documents. One of the most widely discussed methods is the development of Controlled Natural
Languages (CNLs) tailored to the construction industry. A controlled language is a deliberately
simplified and standardized subset of a natural language, characterized by strictly defined lexical,
syntactic, and stylistic rules (Kuhn T., 2014). By imposing constraints-such as prohibiting ambiguous
vocabulary, unclear pronouns, and complex subordinate clauses-texts written in CNL become more
formal, consistent, and unambiguous.

RAINS (Regulatory Artificial Intelligent Network Standard) is a controlled language
proposed by Kacfah Emani et al. for the formalization of regulatory documents in the construction
domain (Chen et al.,2022). RAINS is designed as an intermediate language that is understandable
both to industry experts and to machines. Requirements written in RAINS can be automatically
translated into SPARQL queries targeting BIM ontologies (Zhang et al., 2021). In this way, RAINS
effectively “hides” the complexity of formal languages such as OWL and SPARQL behind clear,
English-based constructions that closely resemble natural regulatory phrasing. In one of the
experimental studies, this approach enabled the automatic conversion of textual requirements into
formal logical expressions for building-model verification, relying on the IFC (Industry Foundation
Classes) ontology to establish semantic links with BIM model elements (Chen et al., 2022).

GIM-CNL (Grid Information Modeling Controlled Natural Language) is a controlled
language developed for Chinese electrical engineering building codes (Wu et al., 2019). The project
addressed a key challenge: existing NLP tools perform less effectively on Chinese regulatory texts
due to linguistic properties such as the absence of word boundaries and flexible word order (Wu et
al., 2019). To overcome these linguistic constraints, the authors proposed rewriting code provisions
in a simplified technical Chinese, using a restricted vocabulary of power-engineering terms and fixed
sentence templates aligned with the domain ontology. As a result, the reformulated GIM-CNL text is
far easier for parsers to process and can then be automatically translated into a specialized domain-
specific rule language (DSL) for project compliance checking (Wu et al., 2019). The authors
illustrated this capability using a safety requirement concerning minimum clearance between
electrical equipment: when rewritten in the controlled language, the provision became grammatically
unambiguous, allowing the system to correctly identify the subject, condition, and threshold distance.
By contrast, the original formulation led to parsing errors due to structural ambiguity. Templates and
simplified syntax in regulatory texts. Several studies (Zhang et al., 2021%; Locke et al., 2018;
Lytvynska et al., 2021). Propose not to create an entirely new language but to establish strict rules
for writing regulatory requirements within the existing natural language. For example, researchers
recommend using standardized deontic operators (“shall/should” instead of a wide range of modal
verbs), avoiding vague expressions (“sufficient,” “as necessary,” etc.), limiting sentence length, and
explicitly specifying related objects and quantitative values (Kuhn T., 2014). These
recommendations align with the principles of Simplified Technical English, successfully employed
in the aerospace industry to eliminate ambiguity in instructions. The application of similar rules to
construction regulatory documents is discussed particularly in the context of parallel code
development, in which experts write each requirement simultaneously in both natural language and a
formal representation. It is assumed that having a parallel controlled-language formulation now of
drafting improves the overall quality of the requirement by reducing hidden inconsistencies and
inaccuracies (Zhang et al., 2021). However, practical implementation of these approaches faces
challenges: experts emphasize that revising and rewriting existing requirements in a controlled style
is a lengthy and resource-intensive process that requires alignment and approval at the regulatory
level (Zhang et al., 2021). Nonetheless, efforts are already being made to develop unified glossaries
and thesauri for regulatory documentation. For example, Australia’s national BIM standards
explicitly highlight the need for “well-defined terminology, controlled language, and thesauri” to
ensure the interoperability of digital models (building SMART Australasia, 2014).

A separate line of research focuses on software-based methods for processing regulatory texts
to enable subsequent automated requirement checking, which is closely linked to the concept of
controlled language.
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Semantic parsing and ontologies. Several studies (Zhang et al., 2021) have developed rule
sets and algorithms based on natural language processing (NLP) methods that extract structured
information from regulatory text, such as triples in the form object - attribute - threshold value. These
approaches rely on predefined grammatical templates and domain-specific vocabularies. For
example, Zhang & El-Gohary (Zhang et al., 2021) describe a method for extracting eight types of
semantic elements from regulatory text-such as subject, condition, value, unit of measurement, and
comparative operator-using 146 templates and a construction-domain ontology. When applied to
fragments of the International Building Code, the method achieved high extraction performance
(precision 97%, recall 94%) (Kuhn T., 2014). Although such approaches do not formally require
rewriting the original text, they perform significantly better when the source material is stylistically
consistent. In practice, the success of template-based extraction depends heavily on how closely the
regulatory sentence already resembles controlled language. If a requirement is phrased in an irregular
or unexpected way, the corresponding template may fail to recognize it. Therefore, the development
of controlled languages and semantic parsing techniques should be viewed as complementary.
Standardizing the linguistic form of requirements increases the effectiveness of ontology-driven and
template-based NLP methods; conversely, parsing failures can help refine and improve the controlled
language itself.

Formal rule models and query languages. After the key elements of a requirement are
extracted, the next step is to translate them into a machine-interpretable rule that can be applied to a
BIM model or another project representation. Ontologies (OWL) and logic-based rule languages such
as SWRL, SHACL, and mvdXML are commonly used for this purpose. Controlled languages can
generate such rules directly. As noted earlier, RAINS produces SPARQL queries automatically (Chen
et al., 2022). Another approach involves visual or domain-specific languages (DSLs) that are
accessible to engineers without programming expertise. Noardo et al. (Noardo et al., 2021), for
instance, developed VCCL (Visual Code Checking Language), which enables users to construct
validation rules graphically; these rules are then executed on the model. While a visual language is
not a controlled language in the strict sense, it pursues the same objective: making requirements
machine-executable without requiring experts to learn programming languages. A promising
direction involves integrating such methods with a controlled textual language. For example, a
requirement written in controlled English could be automatically transformed into a VCCL flowchart
or directly into executable checking code (e.g., XSLT, Python, or other rule-processing languages).

Machine learning methods. Recent studies increasingly apply Natural Language Processing
(NLP) and artificial intelligence to the processing of regulatory texts. Machine learning is used for
classifying text segments (e.g., distinguishing mandatory requirements from contextual descriptions
(Chen et al., 2022)), recognizing named entities (such as room types and building elements), and
even detecting potentially ambiguous fragments within regulatory provisions. For instance, Zhang &
El-Gohary (Zhang et al., 2021) trained a model capable of automatically identifying linguistic
uncertainty in regulatory requirements to assist authors in rewriting problematic sections. Large
language models (LLMs) are also being explored: recent work investigates the generation of
“intelligent” versions of building codes, where neural networks propose reformulations of original
requirements into a structure resembling controlled language-or even directly into executable
checking code (Zhang et al., 2021). However, such methods cannot fully replace expert judgment
due to several limitations. First, effective model training requires substantial annotated datasets, while
existing corpora of normative technical documents remain limited in both volume and thematic
diversity (Zhang et al., 2021). Second, models may capture statistical patterns of language but cannot
guarantee the legal correctness of reformulations. Nevertheless, these approaches complement
controlled languages: algorithms can suggest standardized phrasings or signal when a sentence
violates controlled-language rules, thereby supporting authors and regulators in improving the clarity
and consistency of normative documents.

A summary of the key approaches is presented in Table 2. It includes representative solutions
from the literature, a brief description of each method, and the main results achieved.
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Table 2

Main approaches to reducing linguistic ambiguity in regulatory requirements.

Approach / Tool

Method Description

Example Outcome

Controlled
English-based
language (RAINS)

A restricted sublanguage in which requirements
are written using simple, unambiguous
structures that map directly onto formal logic.
Automatically translated into SPARQL queries
for BIM data via the IfcOWL ontology.

The prototype enabled direct transformation of
textual requirements into queries for the
building information model, eliminating the
need for manual rule coding.

Controlled
Chinese-based
language (GIM-
CNL)

Rewriting requirements in simplified technical
Chinese using a fixed vocabulary of power-
engineering terms and a constrained grammar;
supported by a dedicated ontology of energy-
sector concepts.

In the experiment, a fragment of the electrical
code was rewritten such that the NLP parser
accurately extracted the requirement elements
(object, attribute, value), and the system
successfully generated a corresponding BIM
checking rule.

Rule-based
parsing (templates
+ ontology)

Use of predefined sentence templates and
domain-specific vocabularies to extract
requirement parameters, combined with
ontology-based semantic alignment for

interpreting the meaning of terms.

Extraction of quantitative requirements from
the International Building Code demonstrated
high accuracy (~97%). The results confirmed
the feasibility of automated regulatory text
parsing when terminology is sufficiently
standardized.

RAINS + IfcOWL
(rule
formalization)

A combined approach linking the controlled
language with a BIM ontology: each
requirement written in RAINS includes
references to IFC model classes and properties,
enabling automatic verification of requirement
compliance on a specific BIM model.

A method for parallel requirement
development was proposed: the natural-
language version of a rule and its formal
RAINS/OWL representation are written

simultaneously. This approach is expected to
reduce inconsistencies and increase the
completeness of digital rule sets.

Visual rule-
checking language
(VCCL)

A graphical DSL for rule definition: the
regulatory requirement is transformed into a
diagram (blocks representing conditions,
objects, and relationships) that is easily
interpretable by engineers. The diagram is then
compiled into executable checking code.

In the fire-safety example, the user constructed
a rule equivalent to the code requirement by
dragging and connecting visual blocks, and the
system successfully detected non-compliant
elements in the BIM model based on the
generated rule.

ML-based
ambiguity
detection model

Training an algorithm to classify regulatory
requirements as unambiguous or potentially
problematic. The model relies on linguistic
features-such as modal verbs, vague
expressions, and other indicators-to predict the
degree of “fuzziness” in a requirement.

In a dataset of construction-related
requirements, the model successfully
identified most of the deliberately ambiguous
phrases, demonstrating strong agreement with
expert assessments. This creates a foundation
for author-support tools capable of
highlighting potentially “risky” or unclear
formulations during the drafting of regulatory
documents.

Examples of implementation and impact on construction digitalization (BIM). The practical
adoption of controlled-language principles in construction regulatory documents is still in its early
stages, yet several successful pilot initiatives already exist. A notable example is the effort in
Singapore and several other countries to develop electronic checking systems (e-PlanCheck,
CORENET, and others) (Noardo et al., 2021). In these systems, a portion of regulatory requirements
was manually rewritten as machine-readable rules. Experience has shown, however, that manual
coding of many rules is an extremely labor-intensive process that requires continuous updates as
regulations evolve. Consequently, regulators have begun moving toward drafting requirements with
machine-readability in mind from the outset. For instance, the International Code Council (ICC)
experimented with the SMART Codes project, in which certain sections of the International Building
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Code (IBC) were accompanied by templates written in a formal rule-checking language (O’brien et
al., 2020).

In the academic sphere, several prototypes have been developed that integrate controlled
language with BIM workflows. In addition to the previously mentioned RAINS + IfcOWL approach,
notable work has been conducted by ElSaadany et al. (EISaadany et al., 2025), in which textual
building regulations are automatically transformed into rules expressed in the Model View Definition
(MVD) language — a standardized format for checking IFC-based building models. This MVD-based
rule representation enables the direct application of regulatory requirements to a building’s
information model. Another example is a system in which construction quality rules for an
embankment dam were encoded in a structured language and then automatically verified using both
work-log text records and the BIM model of the dam. The system achieved an 89% accuracy rate in
detecting non-compliance (Chen et al., 2024). Although this case does not involve a controlled
language for normative requirements per se, but rather the structuring of field data, the underlying
principle is similar: the precise specification of data and text formats significantly enhances the
accuracy of automated compliance checking.

Controlled language, when combined with ontologies, also facilitates the development of
digital assistants for designers. When requirements are represented in a formal, machine-interpretable
form, a BIM application can provide real-time alerts to specialists by highlighting non-compliant
components directly within the model. In the longer term, this controlled-language and ontology-
based approach opens opportunities for multilingual consistency of regulatory requirements. A formal
ontology can serve as a cross-lingual representation on which different language versions of a
regulation are based. This ontology-based representation means that changes made in one linguistic
version of a requirement could, in principle, be automatically tracked and propagated to other
versions, since all of them are linked through a shared formal model.

It is important to note that controlled language enhances not only automation processes but also
the overall quality of normative technical documents themselves. Experts interviewed in a recent
study reported that drafting regulatory requirements in parallel-both in a formal representation and in
natural language-would help identify logical inconsistencies, omissions, and redundancies during the
document development stage (Kabzhan et al., 2025). Clearer formulations also facilitate practical
application of the requirements, reducing the number of disputes and requests for clarification. Thus,
even without full automation, the industry benefits from improved clarity and transparency of
regulatory provisions.

Contemporary research consistently indicates that a shift toward a more formalized, controlled
language for construction regulations is a necessary precondition for their effective integration into
digital design, automated checking, and lifecycle management processes. The methods presented in
the literature support the practical feasibility of this idea: whether through partial simplification of
regulatory text or through the development of specialized sublanguages, all approaches contribute to
reducing linguistic ambiguity. Experimental systems such as RAINS, GIM-CNL, and others have
shown that even partial linguistic restriction yields a significant effect, making requirements suitable
for algorithmic parsing and verification (Wu et al.,2019). Achieving 95-97% accuracy in
automatically extracting requirement parameters from text is a critical indicator that machines can
interpret regulatory language-if it is written in a sufficiently structured manner. Therefore, the
findings reinforce the central thesis: controlled language serves as a bridge between the natural
language of regulations and the formal, machine-executable rule sets required by digital information
systems (Kuhn T., 2014).

The key strengths of this approach can be summarized as follows (Table 3): (1) Unambiguity.
By eliminating linguistic ambiguities, controlled language ensures a uniform interpretation of each
requirement by all users, thereby reducing the risk of errors and misinterpretation. (2) Machine-
readability. Requirements written in a simplified and structured form are far easier to convert
algorithmically into checking code, logical formulas, or model-query expressions (Chen et al.,2022).
As a result, the degree of automation increases-from identifying relevant requirements for a specific
project to fully automated compliance checking (ACC). (3) Maintenance and updates. A formalized
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representation of requirements greatly simplifies the updating of regulatory frameworks:
modifications can be introduced centrally into the ontology or templates and then automatically
propagated across all dependent applications (checking systems, knowledge bases, etc.). (4)
Multilingual interoperability and data exchange. Controlled language, when combined with
ontologies, contributes to the development of internationally comparable standards. For example, if
different countries describe their requirements in terms of a shared BIM ontology, cross-national
comparison of regulations, transfer of best practices, and even mutual recognition of compliance
checks may become feasible. (5) Simplified translation and training. Controlled-language texts are
easier to translate into other languages (including via machine translation) and are more accessible to
specialists from adjacent fields. Despite clear advantages, the adoption of controlled language faces
several barriers (Table 4): (1) Institutional and legal constraints. Normative technical documents
carry legal authority and undergo lengthy approval procedures. Changing their linguistic style is not
merely a technical task but an organizational and regulatory challenge. Regulators often adopt a
conservative stance, fearing that excessive formalization may reduce accessibility for users without
specialized training. (2) Preservation of meaning. Simplification of language carries the risk of losing
important nuances. Some requirements are intentionally flexible to accommodate diverse situations
or allow professional judgement. Translating them into a rigid controlled form may lead to over-
specification, excluding valid cases. (3) Training and author adaptation. Regulators and experts must
learn new writing principles, which requires training and changes in long-established documentation
practices. Until successful real-world examples accumulate, authors may distrust the idea that a
restricted vocabulary can fully express complex requirements. (4) Technical complexity. Developing
a comprehensive controlled language is a resource-intensive process: it involves linguistic analysis,
ontology development, authoring guidelines, and the creation of parsers and editing tools. (5) Limited
applicability of machine learning. Full automation of regulatory text interpretation remains infeasible.
Current NLP techniques still require either manually crafted templates or controlled language input.
Deep-learning methods are constrained by limited training data and the inherent complexity of
regulatory logic. Therefore, Al alone cannot reliably infer the meaning of uncontrolled technical text.

Several scientific and practical tasks must be addressed to advance the use of controlled
language in construction regulatory documents: (1) One key task is the development of controlled-
language standards. This standardization effort may require the establishment of an international
working group to formulate recommendations for the linguistic structure of regulatory documents,
like existing standards for technical writing. Such controlled-language standards would include the
definition of a core vocabulary of terms, grammatical rules, and stylistic conventions for different
categories of requirements, such as safety, fire protection, and energy efficiency. (2) Toolchain and
software support. To facilitate the transition, specialized software tools are required: regulation editors
with built-in suggestions, automatic term extraction, compliance checking against controlled-
language rules, and real-time generation of formal representations. Early steps in this direction are
already visible-for example, prototypes that highlight ambiguous phrases for authors (as discussed
above) (Zhang et al., 2022). (3) Backward compatibility. A key question is how to integrate
controlled language into the existing legal and regulatory framework. A gradual approach may be
most practical-for instance, starting with small subsections or appendices to codes where
requirements are duplicated in both natural language and a formal controlled form. Over time, as trust
in formal representations grows, their legal status can be strengthened. (4) Integration with model-
based approaches. Controlled language must evolve alongside BIM. Promising directions include
methods for automatically generating requirements based on the analysis of frequent design errors,
as well as hybrid approaches combining the strengths of rule-based systems and machine learning.
As noted by Fosler-Lussier et al. (Fosler-Lussier et al.,2022), the most effective solution may be a
system in which core requirements are specified formally, while Al assists in adapting these
requirements to specific project contexts. Overall, further research should aim to unify linguistic,
ontological, and computational perspectives, enabling a future in which building regulations are
consistently interpretable by both humans and machines.
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Table 3

Advantages and Limitations of Controlled Language

Aspect Description Key Effects / Risks
. . Unamb¥gu.1t.y: Eliminates l}nguls‘gc amblgu.lty and Reduced errors and
Higher clarity and reliability of regulatory ensures uniform interpretation of inconsistencies
texts requirements by all users

Machine-readability: Efficient retrieval of
relevant requirements

Structured language enables algorithmic

> . Improved automation
transformation into checking code, p

. . . . ) A
Higher accuracy of compliance checking logical rules, and model queries (ACC)
Easier maintenance and updates: Formalized representation allows Regulatory changes
Lower maintenance cost centralized updates in ontologies or propagate across all digital
Greater consistency of rule versions templates tools

Multilingual interoperability & data
exchange:
Transfer of best practices
Potential future mutual recognition of
automated checks

Controlled language + ontologies support
creation of internationally comparable
standards

Cross-country comparison
of requirements

Simplified translation & training:
Higher translation accuracy

Controlled-language texts are easier to Enhanced accessibility for

Easier training for regulators and designers translate and learn non-experts
Table 4
Limitations and Challenges
Challenge Category Description Consequences

Institutional & legal barriers:
Resistance to language reforms
Need for official approval
mechanisms

NTDs have legal status; stylistic changes
require regulatory procedures; regulators
fear reduced accessibility

Slow adoption

Risk of meaning loss:
Loss of permitted variations
Potential misinterpretation in complex
cases

Simplification may remove nuances; some

. ; ) . Over-specification
requirements intentionally flexible Ver-sp

Training & adaptation:
Skepticism toward restricted
vocabulary
Delayed transition

Authors must learn new writing rules;
requires changing long-standing
documentation practices

Learning curve

Technical complexity:
Need for specialized expertise
Long implementation timeline

Full CNL development requires linguistic
analysis, ontology engineering, authoring
rules, and software tooling

High development cost

Limited applicability of ML methods:
Need for manual templates or CNL
input
Partial automation only

Al cannot reliably interpret uncontrolled
technical text; deep learning limited by
data and rule complexity

Cannot rely on ML alone

5 CONCLUSIONS

1. The conducted analysis demonstrates that the application of controlled language significantly
reduces ambiguity and variability in the interpretation of normative technical requirements,
thereby directly enhancing construction quality and safety.

2. Standardization of linguistic structures provides a consistent basis for clear understanding
among all stakeholders and creates favorable conditions for the automation of regulatory

compliance processes.
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3.

Pilot studies confirm that requirements rewritten using controlled language can be transformed
into formal, machine-executable rules and applied to building information models with high
accuracy.

The integration of controlled language into digital design and construction-management
platforms increases transparency, reliability, and reproducibility of processes, supporting the
broader transition toward digital regulations.

Controlled language improves the efficiency of all stakeholders: designers benefit from clearer
guidance; expert review bodies and regulatory authorities gain opportunities for accelerated
automated compliance checks; software developers can embed regulatory requirements directly
into BIM and construction-management tools.

International harmonization of requirement formulations based on controlled language
strengthens cross-country collaboration, enhances compatibility of regulatory frameworks, and
ensures alignment of digital workflows.

Controlled language serves as a foundational linguistic mechanism for the development of
digital regulations, enabling normative requirements to exist simultaneously in human-readable
and machine-readable forms and to function as the basis for automated compliance checking.
In the long term, controlled language will facilitate the transformation of traditional textual

regulatory documents into digital knowledge bases, where each rule operates both as a normative
statement and as an algorithm, enabling greater efficiency, safety, and innovation in the construction
industry.
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