Pre prints.org

Article Not peer-reviewed version

State-of-the-Art Pre-Trained LLMs for
Construction Cost Estimation Tasks: A
Conceptual Estimation Scenario Using a
Modular Chain of Thought (CoT)
Approach

Prashnna Ghimire , Kyungki Kim , Terry Stentz, Tirthankar Roy

Posted Date: 15 October 2025
doi: 10.20944/preprints202510.1060.v1

Keywords: construction cost estimation; Al; large language models (LLMs); modular framework; chain of
thought (CoT); prompting

O] Preprints.org is a free multidisciplinary platform providing preprint service
that is dedicated to making early versions of research outputs permanently
L available and citable. Preprints posted at Preprints.org appear in Web of
(=] Science, Crossref, Google Scholar, Scilit, Europe PMC.

FL-H

Copyright: This open access article is published under a Creative Commons CC BY 4.0
license, which permit the free download, distribution, and reuse, provided that the author
and preprint are cited in any reuse.



https://sciprofiles.com/profile/3030953
https://sciprofiles.com/profile/288734
https://sciprofiles.com/profile/4288569
https://sciprofiles.com/profile/266044

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 15 October 2025 d0i:10.20944/preprints202510.1060.v1

Disclaimer/Publisher’'s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and

contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting from
any ideas, methods, instructions, or products referred to in the content.

Article

State-of-the-Art Pre-Trained LLMs for Construction
Cost Estimation Tasks: A Conceptual Estimation
Scenario Using a Modular Chain of Thought (CoT)
Approach

Prashnna Ghimire »*, Kyungki Kim !, Terry Stentz ! and Tirthankar Roy 2

! Durham School of Architectural Engineering & Construction, University of Nebraska-Lincoln, USA
2 Civil & Environmental Engineering, University of Nebraska-Lincoln, USA

* Correspondence: pghimire3@huskers.unl.edu

Abstract

The traditional cost estimation process in construction involves extracting information from diverse
data sources in various data forms and often relying on human intuition and judgment. This makes
the estimation process time-intensive, subjective, and susceptible to human errors. The advancement
of large language models (LLMs) offers a promising avenue to address these inefficiencies; however,
their effectiveness in cost estimation tasks remains unexplored. There are previous studies that have
explored LLM applications in different construction problems. However, no study has evaluated how
existing pre-trained LLMs perform in cost estimation or provided a structured framework for
enhancing their accuracy and reliability through prompt engineering to automate estimation
workflows. In our previous study, we identified the key estimation burdens and categorized them
into three distinct areas of estimation: (1) conceptual estimation, (2) evaluating subcontractor
estimates, and (3) change management, version control, and data recycling. This study specifically
evaluates the performance of LLMs, including GPT-40, LLaMA 3.2, Gemini 2.0, and Claude 3.5
Sonnet, on cost estimation tasks under a conceptual estimation scenario to compare zero-shot
prompting with a modular chain-of-thought (CoT) framework. The results of this study indicate that
zero-shot prompting produced incomplete and inconsistent responses, with an average confidence
score of 1.906 (64%). The CoT framework significantly improved accuracy, achieving a confidence
score of 2.52 (84%) and significant improvements across quantitative measurements such as BLEU,
ROUGE-L, METEOR, content overlap, and semantic similarity metrics. This study makes three key
contributions: (i) develops a cost estimation scenario for LLMs, (ii) evaluates the baseline
performance of LLMs in construction cost estimation, and (iii) develops a modular CoT framework
that improves estimation performance, which offers a scalable, adaptable approach for industry
application. The findings serve as a guideline for integrating Al into construction estimation
workflows, bridging the gap between pre-trained LLMs and construction industry applications.

Keywords: construction cost estimation; Al; large language models (LLMs); modular framework;
chain of thought (CoT); prompting

1. Introduction

1.1. Background

Construction cost estimation is a systematic process to project the total expenses required to
complete a project for its defined scope. For contractors, precise estimates are essential to remain
competitive in bidding, whereas, for owners, these estimates inform critical budgeting, scheduling,
and resource allocation decisions [1,2]. An accurate estimation involves a clear understanding of
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quantities, technical specifications, and prices. At its core process, cost estimation involves identifying
necessary materials, labor, and equipment, and then assigning suitable prices to the tasks outlined in
the project documentation. Through the alignment of financial expectations with primary project
goals, this process acts as a important element of effective planning and decision-making, ensuring
that stakeholders have a clear understanding of budgetary demands [3]. One of the most significant
components of cost estimation is the quantity takeoff- often referred to as the material takeoff- where
estimators compile a detailed inventory of all required materials, labor activities, and equipment [4].
This procedure can follow either two-dimensional or three-dimensional approaches, and it generally
benefits from standardized practices such as breaking projects into smaller, more manageable
segments to improve both speed and accuracy. However, in large projects or complicated projects, it
is easy to overlook even minor tasks or items, and this could lead to significant cost overruns or delays
[5,6]. Consequently, frequent cross-checking of measurements and calculations is essential. After
determining the necessary quantities, estimators move on to assigning prices. Although this step can
be time-intensive, it can draw upon several resources: supplier quotations, subcontractor bids,
historical data, industry databases, and professional experience. And, by extracting cost information
from multiple sources, estimators can develop comprehensive and reliable forecasts, ultimately
helping stakeholders make informed financial decisions and supporting more predictable project
outcomes [4,7].

Currently, estimators manually extract cost data from various sources. This not only demands
extensive human effort and time but also risks introducing errors that can propagate through
estimates [8]. Despite advancements in digital construction tools and Al in construction, estimators
still lack an integrated, modular pipeline that can systematically process and extract insights from
diverse data inputs such as project specifications, quantities, historical cost data, and historic data,
which often exist in varied formats and structures. This lack of standardization and automation forces
estimators to rely on manual, intuition-based, and subjective approaches, making cost estimation
slow, inconsistent, and error-prone. LLMs have already demonstrated immense potential in
extracting, synthesizing, and interpreting complex, heterogeneous data across various domains
[9,10]. However, the construction industry still lacks a framework that integrates LLM in cost
estimation process, preventing opportunity for Al-driven estimation solutions. This is a gap to limit
the industry’s ability to integrate Al to automate preconstruction cost planning. To address these
challenges, this study evaluated existing LLMs performance and proposes a modular CoT prompting
framework that improves LLM performance for cost estimation tasks. By structuring LLM
interactions into task-specific modules, this framework allows estimators to ingest, analyze, and
cross-reference data from multiple sources. This study provides general contractor companies with a
flexible and scalable LLM-based framework, supporting their existing workflow automation while
improving productivity and accuracy in construction cost estimation.

1.2. Problem Statement

Construction cost estimation is highly dependent on expert judgment and intuitive
processes[11]. Although these dependencies have been practiced for decades, they remain time-
consuming, highly subjective, and prone to human error [12]. Also, estimators often contend with
multiple software platforms and data formats, adding inefficiency layers. The construction projects
are time-sensitive in nature, and even minor delays in producing estimates negatively impact overall
schedules and budgets. A major challenge arises in quantity takeoffs, where methods can differ
substantially between 2D and 3D models. Estimators often face inconsistent naming conventions,
document formats, and file structures, which increase error risks. In current industry practice,
historical cost data is underutilized, and estimators generally rely on personal judgment instead of
centralized databases, slowing the estimation process and reducing accuracy [13]. Without a
systematic data integration approach, aligning estimates with benchmarks is difficult, and hampering
competitiveness. When internal data falls short, estimators manually search external cost databases
like RSMeans or Sage, extending timelines. The verification of project specifications requires manual
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cross-referencing, while Work Breakdown Structure (WBS) variations add complexity, delaying
conceptual estimates and increasing errors. In addition to this, the subcontractors’ estimate
evaluation is a time intensive process as it requires manual verification for completeness, unit rates,
and template consistency. The selection often relies on subjective factors like past relationships rather
than standardized criteria. The compilation of bids and preparing final estimates take weeks, with
additional delays. The lack of standard version control practice makes it difficult to track changes or
maintain a history of costs, which often leads to repeated rework. These estimation challenges
highlight the lack of consistency in cost estimation practice, which can result in overall process
inefficiencies, which ultimately lead to delays and budget overruns [14]. The rise of LLMs presents
an opportunity to automate processes, integrate data more effectively, and improve accuracy,
offering a scalable solution to longstanding industry inefficiencies. Generative Pre-trained
Transformers (GPT), among the most prominent LLM architectures, demonstrate advanced natural
language processing and content generation capabilities. While initial studies have applied LLMs to
various construction activities, there is no investigation on how existing pre-trained models perform
under zero-shot conditions in cost estimation or whether their outputs can be improved through
prompt engineering. A significant gap remains in providing industry professionals with a clear,
evidence-based framework for integrating this generative Al technology into current cost estimation
practices.

1.3. Research Main Objective

To investigate the detailed tasks associated with identified construction cost estimation burdens,
evaluate the ability of state-of-the-art general-purpose LLMs to perform these tasks in a zero-shot
learning setting, and explore the potential of modular CoT prompting to enhance their performance
in cost estimation workflows. To achieve the main objective, the research is structured around several
guiding Research Questions (RQs):

1.4. Research Questions

e  RQI: Can the state-of-the-art general-purpose LLMs perform construction cost estimation

workflow tasks in zero-shot learning, without additional instructions and data?

The objective of RQ1 is to investigate the zero-shot generalization of existing LLMs on
construction cost estimation workflow tasks in the pre-construction phase.

e  RQ2: Can we change the behavior of LLM to better perform construction cost estimation tasks

with modular CoT prompting?

The objective of RQ2 is to investigate the change in the performance of LLM with modular CoT,
with additional instructions and examples, for construction cost estimation tasks.

1.5. Contributions

This study makes noteworthy contributions across theoretical, practical, and methodological
dimensions. From a theoretical perspective, it explores how pre-trained LLMs can be leveraged for
construction cost estimation tasks, presenting innovative ways in which careful prompt engineering
can guide these models to produce targeted outcomes. The developed scenario, detailed tasks,
instructions, and CoT prompting framework serve as a practical guide for estimators, offering the
flexibility to be adapted as needed. On the methodological front, the study proposes an LLM-
integrated modular framework aimed at standardizing and scaling the cost estimation process. This
framework is designed to reduce the reliance on manual efforts through task automation, thereby
making estimation processes faster and more accurate compared to traditional methods. This chapter
is organized as follows: Section 2 reviews the relevant literature, and Section 3 outlines the study’s
methodology. Section 4 details the case study, followed by results and discussions in Section 5.
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Section 6 addresses the study’s limitations and future research directions, and Section 7 summarizes
the conclusion.

2. Literature Review

2.1. Existing Cost Estimation Approaches in Commercial Construction

Construction cost estimation methods are broadly categorized into four general groups, which
vary in detail, accuracy, and pertinence relative to the project development stage. The rough order of
magnitude (RoM) estimates is the most preliminary form of cost estimate that relies on past cost
information and analogous estimating techniques to provide a general cost estimate. These are
employed when project details are still uncertain and are utilized to perform a crucial function in
initial feasibility estimates, with an accuracy margin of around +25%. Square Footage Estimating
expands on this method by employing cost-per-square-foot benchmarks derived through similar
completed projects. While more detailed than RoM estimates, this is nonetheless a high-order
estimate that offers cost insight into labor, materials, and professional services without selection of
individual materials. Typically, estimates of square meterage are +#20% precise. Assemblies
Estimating presents a more sophisticated level with its methodology for separating cost information
about around specific building systems and assemblies- lowly formed components such as plumbing
devices all the way through to higher-level mechanical installations[4,7]. This activity utilizes
classification methods such as Uniformat II, with cost estimations up to +15% precision[15]. Lastly,
Unit Cost Estimating is the most detailed and precise cost estimating method, whereby a project is
broken down to its lowest quantifiable elements, factoring in material needs, labor, and equipment
costs. The practice follows the MasterFormat system of classification, to be able to supply detailed
cost reports, and to achieve an accuracy rate of between -5% and +10%. Although unit cost estimating
is very time- and data-consuming, its precision makes it the favored method at the final design or
bidding phase[16]. The level of an estimation method employed should be guided by the level of a
project’s completion, availability of data, and cost certainty desired so that stakeholders are able to
make proper financial decisions at all stages of development.

Construction cost estimation is an important and considerably complex activity that demands
accuracy, speed, and flexibility at different phases of a project. However, there are a number of
challenges to its effectiveness, including time-consuming procedures, lack of consistency in data,
manual errors, and integration of diverse sources of cost information[17]. These difficulties are added
to by the need to aggregate quantities from diverse formats (2D drawings and 3D models), refer to
past data and outside pricing databases, cross-check estimates with project specifications, and review
subcontractor bids. Lack of standardization and automation often results in duplication of effort,
omissions, and unmatched units of measure, which can equate to large cost variances and budget
issues [18]. The majority of estimators still rely on spreadsheets and manual input, which renders the
process slower and more error-prone[19]. For example, on large commercial projects, estimators must
extract cost data from architectural, structural, and mechanical drawings, input quantities into cost
estimating software, and apply labor and material costs from external sources. If there is a change or
revision in the design, these calculations must be redone, delaying project timelines significantly.
While electronic estimating programs such as Sage Estimating and RSMeans offer automation, a
majority of companies continue using outdated methods that are inefficient[20]. Moreover, project
teams tend to recreate similar estimates time and time again for the same kind of projects without
recycling historical data, thereby producing inefficiencies that could otherwise be minimized with
the automatic recycling of data. Another critical issue is the integration of quantities from different
sources, including 2D and 3D models. Modern construction projects involve various formats of cost
estimation, and estimators need to extract quantities from traditional 2D drawings as well as BIM
(Building Information Modeling) models[21]. The issue arises when the two sources do not align due
to differences in software outputs or levels of detail. For instance, a structural estimator may pick up
rebar needs from a 2D drawing through manual measurement, while a BIM model provides a
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volumetric calculation automatically for the same product. Without cross-checking these figures,
material quantities that are non-matching may lead to extreme cost fluctuations. Additionally, certain
aspects of the project, such as complex mechanical and electrical systems, are more precisely
measured with 3D models, whereas simpler items such as finishes and flooring can continue to utilize
traditional 2D takeoffs[22]. This hybrid approach generates inconsistencies that require additional
verification and manual adjustments, increasing the work of estimators. Also, the inconsistency in
measurement units adds to challenges in the cost estimation process. Suppliers, contractors, and
project stakeholders use different measurement units, which call for conversions that may be prone
to error. A vendor might quote concrete in cubic meters, while other quotes in cubic yards,
demanding accurate conversions to prevent miscalculations. Similarly, flooring material can be
estimated per square foot by one subcontractor but per square meter by another, bringing confusion
if uncorrected. Additionally, there are differences in classification systems for different estimation
methodologies; assemblies’ estimation is based on Uniformat II, which structures costs by functional
systems, and unit cost estimating is based on MasterFormat, structuring costs by construction
divisions. To keep these formats consistent demands precise adjustments, particularly when rolling
up subcontractor bids that may have different classification systems.

Another significant challenge is referencing cost data from different sources, including
enterprise historical databases and external pricing guides such as RSMeans and Sage[20]. While
historical project data are a good benchmark for cost estimation, inflation, market fluctuations, and
regional differences in labor costs must be considered to maintain accuracy[23]. For instance, if a
contractor applies two-year-old project material prices without adjusting for inflation, the estimate
can be significantly lower than the current market rate. RSMeans also provides national average cost
data, which may vary from local price fluctuations. A contractor operating in Los Angeles, where
labor and material costs are higher than the national average, must employ location-based cost
multipliers to avoid underestimation. Yet, it is still a difficult and time-consuming process to
guarantee that all the data referenced meet project-specific conditions, particularly when manually
comparing multiple sources. The cross-verification against project specifications is also a problem
since the estimators must check their assumptions of cost against detailed material and construction
method requirements[24]. Errors occur when the estimators assume standard materials without
confirming that they match the project’s technical specifications. For example, when the estimate
explicitly states ordinary drywall installation, but the job requires a fire-rated gypsum board of a
specific thickness, the estimate will prove to be deceptive, which leads to surprise cost escalation at
procurement. Similarly, the mechanical and electrical components typically contain performance
specifications that impact cost, such as energy efficiency ratings or code compliance specifications.
Non-verification of these elements with the cost data will result in big budget mistakes and even
potential delays in the projects.

2.2. Application of Generative Pre-Trained LLMs in Construction Cost Estimation

In recent years, substantial progress in artificial intelligence research has facilitated the
development of powerful Large Language Models (LLMSs), such as GPT, Gemini, and Llama. These
advancements are a subset of generative Al (GenAl), which relies on deep learning architectures-
particularly neural networks- to handle both labeled and unlabeled data through supervised,
unsupervised, and semi-supervised techniques[9,25]. LLMs are engineered to comprehend and
produce human-like text by analyzing extensive datasets and leveraging patterns derived from large-
scale pre-training[26,27]. Once a user provides a prompt, these generative systems employ learned
representations to create new, contextually appropriate content. This process is driven by
transformer-based architectures that utilize encoders to interpret inputs and decoders to formulate
coherent, relevant responses (Ghimire et al., 2024).

A variety of GenAl models exist, typically categorized by the type of output they generate. Four
prominent examples are text-to-text, text-to-image, text-to-video/3D, and text-to-task models. Text-
to-text models learn mappings between pairs of textual data; given natural language inputs, they
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generate linguistic outputs aligned with user queries[28]. In contrast, text-to-image models- often
employing diffusion-based methods- are trained on image datasets associated with textual captions,
enabling them to produce images in response to textual prompts [29] . Similarly, text-to-video models
stitch together video pieces from text inputs, ranging from brief descriptions to extensive scripts[30].
Text-to-3D models also work in the same manner, depending on text inputs to create three-
dimensional objects corresponding to user needs. Text-to-task models, on the other hand, focus on
accomplishing specific tasks described in textual commands, including responding to questions,
conducting searches, predicting, and executing other requested operations [31] . Although all of these
generative approaches may be utilized across various tasks, model choice often relies on the pursued
application. Large-scale pre-trained models such as GPT are designed with versatility in mind,
capable of fine-tuning for a wide array of purposes ranging from question answering and sentiment
analysis to image captioning and instruction following. Based on their generative mechanisms,
GenAl models can also be classified into at least five major types as shown in Figure 1 (GANS,
[9,30,32] .

o | Generative Models: | sampling
Training {

Input ———> | GAN, VAE. Autoregressive, —} , —_— Output

Diffusion, Flow-based, etc. et i

— _'* & h
: Text, Discriminafor, | Generator, I b
;\ﬂ:(%sv Encoder, -] Decoder, :-\nfjgv
. udio, L Flow. 3] Inverse, E G0, -
Video, 5 iy
etc. F etc.
etc. e etc.
e - - -

Figure 1. GenAl models.

Generative Adversarial Networks (GANs; Goodfellow et al., 2014) are commonly employed for
high-fidelity image generation, leveraging a competitive framework in which a generator strives to
create realistic images while a discriminator attempts to distinguish them from real examples. In
contrast, Variational AutoEncoders Generative Adversarial Networks [33] are commonly employed
for high-fidelity image generation, leveraging a competitive framework in which a generator strives
to create realistic images while a discriminator attempts to distinguish them from real examples. In
contrast, Variational AutoEncoders [34] are frequently utilized for text generation because they learn
a latent representation of the underlying data distribution. This latent-space modeling helps produce
coherent, grammatically sound outputs. Autoregressive models- exemplified by architectures such
as GPT (Radford et al., 2019)- excel at generating text that closely resembles their training data, as
they process one token at a time while conditioning each subsequent token on previously generated
content. Diffusion models [36] take a different approach by starting with noise and iteratively
reversing a diffusion process, thus crafting smooth and natural outputs, particularly for image
synthesis. Finally, flow-based models [37,38] employ invertible transformations that map data to
latent variables and back again, facilitating versatile and creative image generation through precise
control over the generative process. Altogether, these methods illustrate the variety of current
generative modeling techniques, each bringing novel strengths for uses ranging from photorealistic
image generation to text coherence.

Within the construction sector, emerging exploratory studies highlight the potential of LLMs
across various project stages- including feasibility evaluation, design, procurement, on-site execution,
and operations/maintenance- by capitalizing on zero-shot learning, few-shot learning, chain-of-
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thought reasoning, retrieval augmented generation, and fine-tuning [9,10,39]. For example,
researchers have proposed frameworks that use prompts to extract detailed information from
complex BIM models [27], integrated GPT-based approaches for material selection through few-shot
or zero-shot prompting [40], and experimented with ChatGPT-enabled project scheduling [41]. Other
applications include identifying potential safety risks via a BERT sentence-pair model tuned on the
OSHA database [42] and employing LLMs to plan tasks for construction robots [43,44]. Despite these
advancements, only a few published works directly address cost-related tasks. For instance, [45]
examined budget forecasting and bill of quantities generation using LLMs, while [46] evaluated a
prompt-driven framework employing the Mistral-7b language model to query cost-oriented data in
IFC format. However, to the best of the authors” knowledge, no comprehensive studies have yet
explored how pre-trained LLMs might be harnessed to tackle construction estimation in real-world
scenarios or integrated seamlessly into existing workflows. Further, there is a lack of literature
offering practical guidelines and frameworks on how to use prompt-based techniques efficiently for
routine estimation tasks in industry practice. Filling this void is critical to translating LLMs’ potential
on paper into actual productivity gains and improved cost estimation practices for construction
projects.

2.3. Chain of Thoughts (CoT) Prompting

The recent advances in large language models have given rise to several prompting techniques
to improve output responses’ quality, correctness, and relevance. Among the most widely used are
zero-shot, few-shot, chain-of-thought (CoT), and tree-of-thought (ToT) prompting [47-49]. Zero-shot
prompting with LLMs involves asking a model to perform a task without providing it with any
examples in advance, and this helps effectively test the model’s internal ability to generalize the
output. The few-shot prompting, by contrast, provides the model with a few examples and then asks
it to perform a similar task. The chain-of-thought prompting focuses on reducing a tricky problem to
a step-by-step sequence of rational processes so that the model can tackle multi-step questions better.
By contrast, tree-of-thought prompting hierarchically organizes task instructions so general goals are
at higher levels and more detailed prompts at lower levels [47-49]. Chain-of-thought (CoT)
prompting is a very sophisticated technique that simulates human thinking by breaking down
complex tasks into middle-level steps [50]. Unlike simpler prompting methods that rely primarily on
straightforward question-and-answer formats, CoT prompting systematically guides the model
through a logical sequence, significantly improving its ability to tackle multi-step challenges such as
mathematical reasoning, commonsense inference, and intricate decision-making [47,51] . And, these
studies demonstrated that the large-scale language models often exhibit emergent reasoning
capabilities when prompted with carefully curated CoT exemplars, surpassing the performance
traditionally achieved through simpler prompt structures. The incremental, step-by-step nature of
CoT, not only improves the accuracy of outputs but also guides models to generate responses that
more closely follow human thinking processes[52]. A critical advantage of CoT prompting lies in its
contributions to interpretability and transparency in Al-driven outputs. By making each step of the
reasoning process explicit, users can more easily discern how final conclusions are reached, thereby
addressing common “black-box” concerns in artificial intelligence [53]. Moreover, multiple studies
have demonstrated that CoT prompting leads to marked performance improvements across a
spectrum of complex tasks- ranging from mathematical problem-solving to programming and
medical diagnostics [50,51]. Its adaptability is another key benefit, as CoT can be implemented across
various domains requiring arithmetic, logic-based problem-solving, or multi-step workflows [49]. An
additional strength is CoT’s potential to reduce hallucinations in language models; by compelling Al
to construct a clear chain of reasoning, spurious or illogical outputs become less likely.

Designing effective CoT prompts generally involves a systematic procedure to ensure logical
coherence and completeness. The first task is to define the overarching goal and pinpoint the
structural logic necessary for a correct solution [50]. Next, one must decompose the larger problem
into smaller, interconnected steps, making sure each intermediate stage is explicitly laid out so the
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model does not have to infer these steps on its own [54]. Providing detailed exemplars is crucial here,
as showcasing the correct reasoning flow helps the model internalize more accurate patterns[55].A
recent study also suggests that multiple, carefully chosen examples in a single prompt boost
generalization, enhancing both the accuracy and consistency of CoT-based solutions [56]. Finally,
iterative refinement- guided by prompt engineering and feedback loops- enables domain-specific
tuning that can further improve structured reasoning [56].

When implementing CoT prompting, users often begin by selecting an appropriately large
language model, such as GPT-4, Llama, Claude, or any LLM, given that higher parameter counts
generally correlate with more successful CoT outcomes[57]. After choosing the model, practitioners
develop a tailored CoT framework that outlines step-by-step prompts relevant to their particular
application domain. The mutiple testings and iterative updating are then employed to assure that the
model consistently adheres to the prescribed logical structure [58]. Methods such as programmatic
prompt generation and self-consistency sampling can be applied to enhance the reliability of CoT
output such that models are able to provide multiple reasoning pathways and select the most
coherent response [50,51]. By taking these implementation steps, businesses can leverage CoT
prompting to significantly improve Al-based decision-making, reasoning, and problem-solving
across various industries. Therefore, there is a high potential for CoT prompting in construction cost
estimation due to tasks made up of numerous interdependent elements, including quantities, cost
references, specifications, calculations, and formatting. By dividing each phase of the estimation into
discrete, unequivocal steps, a CoT-based system closely mimics the logical process of a human
estimator. This step-by-step process not only maintains accuracy and transparency of explanation but
also generates a traceable record of all intermediate actions. As such, it addresses fundamental
challenges in construction management by facilitating more reliable and auditable Al-driven cost
estimation assistance, which improves the automation and application of CoT prompting in real-
world industry applications.

3. Methodology

This study followed a structured methodology to develop and evaluate the application of LLMs
in modular data extraction for construction cost estimation. The methodology, as shown in Figure 2,
was divided into three sequential steps: (i) scenario development, (ii) zero-shot testing for the
scenario with existing pre-trained LLMs, and (iii) an experiment applying modular CoT approach.
The first step involved designing a conceptual estimation scenario to test the performance of existing
LLMs in addressing the identified tasks. The detailed tasks for the scenario were based on the detailed
burdens of current estimation process, tasks, and sub-tasks identified by our previous study,
Ghimire, (2025). The detailed table is presented in Appendix 1. The experimental scenario was then
used to test LLMs’ existing capabilities, specifically their ability to learn and respond accurately
without prior training (zero-shot learning). This step provided insights into the current strengths and
limitations of LLMs in executing cost estimation tasks and identified areas requiring refinement or
additional prompting strategies. The final step applied an experimental approach to evaluate the
effectiveness of modular CoT prompting. This involved structuring LLM interactions using a
systematic reasoning framework to enhance their ability to generate accurate, context-aware
responses. The outcome of this experiment provided proof of concept for the implementation of
modular sequential CoT prompting in construction cost estimation, demonstrating its potential to
reduce estimation burdens and improve the existing process, ultimately enhancing efficiency. The
findings from each step contributed to refining LLM-driven approaches, demonstrating their
practical applicability in real-world cost estimation workflows within the construction industry. This
study ultimately aimed to validate the potential of LLMs to support estimation process automation
and improve efficiency in the construction sector.
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Figure 2. Research methodology.

3.1. Proposed LLM Framework

The proposed framework streamlines construction cost estimation process by integrating Large
Language Models (LLMs) into a structured workflow, enhancing automation, accuracy, and
adaptability. Asillustrated in Figure 3, the proposed framework serves as an intelligent intermediary
between various construction data sources, file types, and estimators, helping to reduce the burdens
associated with manual estimation methods. Traditional cost estimation often involves labor-
intensive data extraction, analysis, and interpretation, leading to inconsistencies and potential errors.
By leveraging Al-driven automation, this framework processes vast and complex datasets with
improved efficiency, ensuring standardization and precision in cost estimation. At the framework’s
core lies the LLM, which dynamically interacts with multiple data sources, including Building
Information Modeling (BIM)-generated quantity takeoffs, multiple cost databases, estimation
templates, LLM instructions, and project specifications. The multiple cost databases provide options
to select preferred material and labor rates, while templates and specifications define consistent
output and project-specific requirements. By aggregating and interpreting these diverse inputs, the
system generates accurate estimates per requirements. The interactive capability allows estimators to
engage directly with the LLM through prompts. Estimators can tune prompt parameters, set
priorities, request detailed explanations, show tables, generate files, and request insights during the
estimation process. The LLM automates not only cost-related calculations but also allows for
interactive Q&A, context-aware recommendations, and instant adjustments. The two-way interaction
is dynamic and adapts well in keeping the process transparent, enhancing confidence in decisions
with reduced error possibilities. This is one of the strong points in the ease of adaptation to an ever-
evolving landscape of LLM models. Because it's built with a modular prompt structure, this
framework will include more advanced Al models as they emerge, enhancing reasoning, contextual
understanding, and accuracy. Because generative Al gets better with time, its framework is open to
adaptation due to model updates and fine-tuning. At the end of the system are structured outputs
completed estimation tasks, subtasks, and visualized cost insights to make decisions easier and more
efficient. It also minimizes manual efforts, expensive errors, and accelerates the process as a whole
by embedding Al in an estimation workflow. In the end, this finally leads to a fast, dependable, and
well-scalable cost estimation system that easily adapts to any future change in Al technology.
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Figure 3. Proposed LLM integrated framework for construction cost estimation.

3.2. Cost Estimation Scenario for Existing LLMs

To evaluate the effectiveness of pre-trained LLMs in construction cost estimation, conceptual
cost estimation scenario was developed, based on detailed tasks developed in previous study by
Ghimire (2025). The previous study identified cost estimation burdens in three categories, each
representing a key aspect of the construction estimation workflow: (1) Conceptual Estimation, (2)
Evaluating Subcontractor Estimates, and (3) Change Management, Version Control, and Data
Recycling. [59] then mapped burden-to-task in transforming abstract challenges into smaller tasks
and processes that could be analyzed for automation potential. Following this, the study further
decomposed all identified tasks into granular sub-tasks, refining the workflow into smaller,
manageable components that LLMs could understand. This hierarchical breakdown- from broad
burdens to actionable tasks and detailed sub-tasks- provided a structured foundation for integrating
LLMs into cost estimation workflows. [59] utilized the construction industry insights through direct
engagement with industry practitioners, ensured the identified tasks & sub-tasks were not only
theoretically relevant but also practically applicable to real-world construction operations. This
involved digging deeper to understand the mechanics behind each burden and identifying where
processes break down, as well as the specific details that make certain tasks more cumbersome. In
this study, we developed Scenario 1- conceptual estimation- focuses on initial cost estimation for
general contractors, where estimators must work with limited project information to generate a
reliable cost projection. This scenario includes tasks such as Aggregating Quantities, Referencing
Enterprise Historic Cost, Referencing External Cost Databases, and Cross-Verification with Project
Specifications. Figure 4 illustrates how each task and sub-tasks are mapped to specific user queries
and expected LLM responses (Table 1). The structured sequential dialogue between the user and
LLM simulates realistic estimator interactions, ensuring that the evaluation measures logical
consistency, task interconnections, and accuracy of Al-generated responses.
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Figure 4. Scenario creating steps.

To evaluate the LLMs’ performance, this study tested Scenario 1 using zero-shot prompting and

then implemented a Chain-of-Thought (CoT) framework to assess performance improvements. By

developing task-driven scenarios for evaluation, this study replicates real-world estimation

processes, allowing for analysis of existing pre-trained LLMs’ effectiveness in construction cost

estimation.

Table 1. Scenario 1- Conceptual Cost Estimation Scenario.

ID Estimation Sub- Query from the “User” Expected Answer from “LLM”
Task
1 Task Initiation Ihave anew projectfor Yes, I can. Could you provide some details
which I need to create about the project, such as the type of
an estimate. Can you construction, location of the project, and any
help me? specific type of estimation- Assembly or Item
based- that you want to follow?

2 Specify Estimation Yes. This is a new Ok. For assembly estimation, you need to know
Type commercial building the assembly breakdown in Uniformat 11 before

construction in starting the estimation. Do you know this?
Omaha, Nebraska. I

want to do an

Assembly cost

estimation.

3 Confirm Work No, can you explain Of course! Uniformat II divides the building
Breakdown the Assembly into major functional areas or “assemblies”
Structure (WBS) breakdown in  based on the work they perform.

Uniformat II down

structure for me? Here’s an overview of the Uniformat II
structure, broken down into its primary
categories:
A. Substructure
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This section includes all the elements related to
the building’s foundation and below-grade

construction:

e A10 Foundations: Includes standard
footings, foundation walls, slab-on-
grade, and pile systems.

o A20 Basement Construction: Covers
items like basement excavation,

retaining walls, and waterproofing.

B. Shell
The building’s exterior envelope or shell:

e B10 Superstructure: Includes
vertical elements (columns, beams)
and floor/roof framing systems.

e B20 Exterior Enclosure: Covers
walls, windows, doors, and exterior
cladding.

e B30 Roofing: Includes roofing
materials, insulation, and any
associated components like flashing

and drainage systems.

C. Interiors

This section covers everything inside the

building:

e (10 Interior Construction:
Partitions, interior walls, and doors.

e (C20 Stairs: Includes staircases,
railings, and related structures.

e (30 Interior Finishes: Flooring,
ceilings, paint, and other wall
finishes.

D. Services

Systems that provide utilities and services to
the building:
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e D10 Conveying Systems: Elevators,
escalators, and lifts.

e D20 Plumbing: Water supply,
drainage, and fixtures.

e D30 HVAC: Heating, ventilation,
and air conditioning systems.

e D40 Fire Protection: Sprinkler
systems, fire alarms, and smoke
detectors.

e D50 Electrical: Lighting, power

distribution, and wiring.

E. Equipment & Furnishings

This category covers the built-in equipment

and furnishings in the building:

e E10 Equipment: Major fixed
equipment such as kitchen appliances
or medical equipment in a hospital.

e E20 Furnishings: Built-in furniture

and seating systems.

F. Special Construction & Demolition
Non-standard or specialized construction:

e 10 Special Construction: Includes
items like greenhouses, clean rooms,
or pools.

e F20 Selective Demolition: Any

necessary demolition work.

G. Building Sitework
Anything outside the building footprint:

e G10 Site Preparation: Grading,
clearing, and demolition of
structures.

e G20 Site Improvements: Pavements,
curbs, gutters, and landscaping.

o (30 Site Mechanical Utilities: Storm

drainage, water distribution, and gas

supply.
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11

12

Collect Quantities

Collect Quantities

Determine Scope

Summarize and

Display  Collected

Quantities

Check Duplications

Check Duplications

Finalize Quantities

Format Quantities

Suggest Template

Ok, understand. Now

how can I start?

OK. let’s go one by one
with the data

OK. I only have
quantities for the shell

category. And want to

estimate only that
portion.
Here’s the quantity

excel file I have
uploaded. Please show
me a list of items and
quantities in tabular
format.
Can you check if there
are any duplicate items
based on the
description and
assembly code?
Yes, please add. Also,
can you find potential
duplication that
doesn’t match exactly
but potentially?
No, they are not the
same items. Keep
separate.
Now, I want you to
help formatting before
starting estimate. Can
you do that?
Please  suggest a
format

this

template
suitable  for

estimation
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e (40 Site Electrical Utilities: Exterior
lighting, power distribution, and

communications.

Now, you need to provide quantities, cost data,
project specifications, and a particular format
or template for the final output of the estimate.

Great. Provide me quantities.

I got it! I will focus on the Shell (B) category

for now. Please provide the quantities.

Ok. Here is the list of your items and respective
quantities. Do you want to know more about,

or do you want to move ahead to the next steps?

These are items that have exactly the same
description and assembly code. Do you want to

add them to a single item?

Here are these group items that look potentially

similar based on size and descriptions.

Ok. We have now total 25 items. What do you
want to do next with quantities? Should we
move to cost data?

Yes, I can. Do you have any template of format

or you want me to suggest some format?

Here is the suggested format suitable for the
assembly estimate... Do you want to use this?

Or do you want me to create other templates?
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13

14

15

16

Upload Template
and Map Quantities

Provide download

link

Referencing
Multiple Cost Data
Sources

Collect Cost Data

I have one standard
template format for
quantities. Here I have
uploaded. Please put
quantities into this
new format and follow

this instructions to do

mapping- i)Read
Instructions inside
Template file, each
description under
every title is the

description for you
understand what it
means ii) Look at
example output and
understand iii) map all
quantities to suitable
section of this
template’s yellow
highlighted area, and
you are free to add
remove  rows  as

required for items.

Show the table and

save.

Also, can you export
new table in excel
format.

Now, we are good for
quantities. What's our
next task?

Ok. I have uploaded
two datasets for cost
data that I want to use.
1) Historic cost-
enterprise database 2)

External cost database

15 of 44

I have arranged the original quantities into the
new template that you provided as per

instructions i, ii, and iii.

See the table below. Let me know if you want to

modify or change anything.

You can click on the link below to download the

new quantities table.

We will work on cost data in the next step.

Please provide me with cost data.

Great! I have stored both datasets. How do you
want to set up the estimation to use both your

historic cost and external cost?
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17

18

19

20

21

22

23

Define Priority and

calculations

Define Priority and

calculations

Set Conditions

Set Common
Identifier

Set Common
Identifier

Handle Missing
Items

Summarize  Work
Done

I want to wuse the
historical database as
much as possible.

In the historic cost data
add a column and get
of all

available commercial

the average

projects, for all cost
items

I want to use historic
cost for all items if it is
available. If not, then 1

want to use database

cost.

How  would you
prioritize?

We have the same

Assembly Code but
slight variations in
descriptions. So,
consider  Assembly
Code as the common

Identifier.

If an item is missing
from both datasets,
what would you do?

Briefly Summarize in
bullet points: what you
have done so far, what
data you have, what

data you need now
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Ok. I can structure the estimation to prioritize
historic cost and only use the database cost if
the historic cost for an item is not available.

Ok. The new column is added to historic
dataset, I have saved the updated data. I have
calculated the average for items in past

commercial projects Here is the table:

Ok. I can structure the estimation to prioritize
historic cost and only use the database cost if

the historic cost for an item is not available.

Are there any common identifiers in two cost
data sets? On what basis you want to find
items?

I will first load both the historic and database
cost data from separate files. Let’s assume both
files contain Assembly Code as a common
identifier that can be used to match items.

I first check the historic cost data. If a historic
cost is available, I use that.

If no historic cost is found, I search for the cost
in the database cost file.

I will ask you with closest options based on

description.

Summary of What Has Been Done:

o loaded quantities, formatted to match
provided quantity template

o loaded historic and added average
cost column for all items

e loaded database cost.

Data I Have:

e Quantities, Historic cost data (with
average commercial costs), Database

cost
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24

25

26

27

Explain Next Steps
Output  Template
Recall

Define Priority for
External Cost &
Define Condition to
use External Cost

Data

Handling No Match

Items

What's the next steps?

Here, I have uploaded
the output template
file and specification
file. Please read and
store both files.

How  would you
utilize the template
and start calculation?
Explain to me before

doing it.

What if you don’t find

an exact match?

17 of 44

Data I Need:

e Project Specification

o Final output format or template

Next Steps:

1. Reading output template
2. Calculate total costs using provided
quantities and cost data sets
3. Verify with specification
4. Export the final estimate
Thank you! Now that I have the output
template and project specification files. Can I

go ahead start cost calculations?

First, I'll carefully review the output template
to understand its structure- column names and
section layout. There may be sections based on
Uniformat Il B10

Superstructure, B20 Exterior Enclosure).

categories  (e.g.,

Second, I will map the quantities (description,

unit, and quantity) to the output template.

Third, based on the description of quantities,
will search for each item to match in cost data,
first to ‘historical cost’, where available, and

then to the ‘database cost” if needed.

Fourth, multiply the quantity by the unit cost

to calculate the total cost

Fifth, I will keep the cost data assembly code as
the unique identifier in the ‘Assembly Code’
column

If I don't find each match in the cost data, I will
ask you to select with the closest options

(maximum 5 options).
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28

29

30

31

32

Handling Multiple
Matched Items

Follow Output

Format

Cross-Verification

with Specification

Handle Changes

Work Resuming

What

multiple matches?

if you find

Can you export the
estimate in  excel
format with the file
name ‘conceptual
estimation
date)?

Ok. If I want to verify

with

_today’s

anything
specifications, how

would you help?

If something needs to
be modified, added,
removed, or corrected,
would you do it for

me?

If I stop here, and come
back to continue work,
could you remind me
with summary of what
we have done, and
what’s next step, and
providing me the last

file?

3.3. Cost Estimation Scenario for Existing LLMs
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If I find multiple matching items in the cost
data, I will provide you with options and ask
you to select one out of those options.

Yes, I can export the estimate with the file name

“conceptual estimation_[today’s date].”

I can help you in multiple ways:

I can provide any specific information that you

want to look at.

I can also provide a summary of any

discrepancies in  item or installation
description, between specification and items in

estimation, that need clarification.

And, If adjustments are required, 1 can
incorporate them into the estimate.
Absolutely! If any modifications, additions,
removals, or corrections are needed, just let me
know the specific details, and I'll make the
necessary changes for you. Whether it’s
adjusting costs, updating quantities, or
correcting formatting, I'm happy to assist with
all aspects of the estimate.

Yes. When you come back, I'll provide a quick
summary of the work we've completed so far,
including details like the data we ve loaded, the
calculations performed, and any adjustments
made. I'll outline the next steps based on where
we left off, so you can pick up exactly where you
need to. I'll also share the last file we were

working on.

To evaluate the performance of pre-trained LLMs in construction cost estimation tasks, using

Scenario 1, this study employed three widely used natural language (NL) evaluation metrics- BLEU,
ROUGE-L, and METEOR- and compared four leading models available as of January 2025: GPT-4o,
LLaMA 3.2, Gemini 2.0, and Claude 3.5 Sonnet. The selection of GPT-40, LLaMA 3.2, Gemini 2.0, and
Claude 3.5 Sonnet was based on their state-of-the-art architecture and strong performance across
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various benchmarks. GPT-40, developed by OpenAl, is recognized for its superior multimodal
reasoning and domain adaptation capabilities [60]. LLaMA 3.2, an open-source model from Meta, is
optimized for efficient fine-tuning and domain-specific applications [61]. Gemini 2.0 from Google
DeepMind leverages retrieval-augmented generation (RAG) for complex knowledge-intensive tasks,
while Claude 3.5 Sonnet is designed for long-context reasoning and structured interpretability
[62,63]. These models were selected due to their prominence in Al research and their demonstrated
capabilities in technical reasoning, retrieval-augmented generation, and structured output
generation. BLEU, originally developed for machine translation, measures n-gram precision between
generated and reference texts, making it suitable for assessing word-level accuracy [64]. However,
BLEU has been criticized for not considering semantic meaning or fluency, which is why recent
research integrates additional contextual similarity measures alongside it [65,66]. To address BLEU's
limitations, ROUGE-L was incorporated to evaluate phrase-level recall and longest common
subsequence (LCS) matches, making it particularly relevant for cost estimation, where key terms and
structured phrases must align with expected outputs [67,68]. Additionally, METEOR was used, as it
improves upon BLEU by incorporating synonym matching, stemming, and precision-recall
balancing, offering a more linguistically robust assessment of generated text [69]. The application of
several metrics ensures comprehensive evaluation, capturing both lexical accuracy and semantic
accuracy, which is essential for Al-generated responses in structured domains like construction cost
estimation. The results , as shown in Table 2, indicate that GPT-40 performed better than the other
models in all metrics across the board, with a BLEU of 0.023, a ROUGE-L of 0.185, and a METEOR of
0.196, indicating improved performance in word correctness, structural coherence, and semantic
accuracy.

Table 2. LLMs’ Performance on Estimation Tasks with Zero- Shot Learning.

Model BLEU ROUGE-L METEOR
GPT4o 0.023* 0.185* 0.196*
Llama 3.2 0.0126 0.112 0.157
Gemini 2.0 0.010 0.095 0.122
Claude 3.5 Sonnet 0.0135 0.170 0.168

In order to assess how comprehensive, accurate, and uniform GPT-40-generated answers are in
terms of tasks related to construction cost estimation, evaluation was undertaken by human means.
Compared to metrics based evaluation measures, human evaluation includes more detailed
information regarding contextual appropriateness and logical cohesion for LLM-written answers
such that the domain-based processes in the model can be adequately traced [50,70]. This study
conducted the qualitative evaluation, with confidence scores- of 1,2, and 3, reflecting the quality of
the response and how close responses are to the expected output outlined in the given scenario. A
score of 1 (low confidence) was assigned if the response was incomplete or inaccurate. A score of 2
(medium confidence) reflected a partially correct response but lacked full accuracy or completeness.
In addition, a score of 3 (high confidence) was given when the response was fully accurate, complete,
and aligned with the expected response. The completeness criteria for human evaluation are shown
in Table 3.

Table 3. Human evaluation criteria.

Task  Estimation Sub-Task Completeness Criteria User
ID Confidence
for LLM Response Level on
Response
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(1=Low
2=Medium
3= High)

1 Task Initiation *  Readiness to help
»  Asking for project details 3

= Asking for Estimation Type

2 Specify ~ Estimation = Providing workflow or process
Type understanding of the estimation process for
the specified specification type 2

= Confirm with the user if the user knows

the Assembly estimation.

3 Confirm Work *  Providing Work Breakdown Structure 3
Breakdown Structure (WBS)
(WBS)

4 Collect Quantities »  Asking for required information- 1

quantities, project specifications

= Asking for the final outcome and template

format
5 Collect Quantities »  Asking for quantities first 1
6 Determine Scope = Knowing the scope for quantities 3

= Asking again for the dataset

7 Summarize and *  Providing a list of items and their 3
Display Collected summary
Quantities

»  Confirming before moving to the next step

8 Check Duplications *  Looking at the exact match items 1

»  Asking criteria matched items
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10

11

12

13

14

15

Check Duplications

Finalize Quantities

Format Quantities

Suggest Template

Upload Template and
Map Quantities

Provide download
link

Referencing Multiple

Cost Data Sources
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Presenting, if found, the potential 1

duplications list
Informing about total items 1
Asking what’s next with quantities now

Follow up if the user wants to move to

work with the next dataset

Asking for a template 3

Confirming if users don’t have a template

Suggesting formatting 3

Confirming with the user

Mapping out quantities in the provided 2

template
Showing table

Confirming if modifications are needed

Saving table
Providing the link to download 2
Informing the next step 3

Asking for cost data for the next step
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16

17

18

19

20

21

22

23

24

25

Collect Cost Data

Define Priority and

calculations

Define Priority and

calculations

Set Conditions

Set Common
Identifier

Set Common
Identifier

Handle Missing Items
Summarize Work
Done

Explain Next Steps
Output Template
Recall

Clarifying with users how they want to use

multiple cost datasets

Understanding user’s priority order
Understanding user’s calculation rule

Executing priority-based calculations

Structuring the estimation reference with
historic cost as the first priority for

referencing

Asking the user about a common identifier
in different data sets

Asking the user on what basis they want to
find the cost items

Explaining to the user step-by-step on how
the system prioritizes and use the historic

and other cost database

Informing the user about handling the

missing items

Providing the user with the closest options

in the cost databases

Presenting summary of work done so far in

bullet points

Presenting separate sections for what has
been done, data system has, data system

need
Explaining next steps

Confirming that the remaining files or data

from the user have been received

Recalling estimation template
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26

27

28

29

30

31

Define Priority for
External Cost &
Define Condition to
use External Cost

Data

Handling No Match

Items

Handling  Multiple

Matched Items
Follow Output
Format

Cross-Verification

with Specification

Handle Changes

Confirming for the next step

Understanding output template structure

and section layout for Uniformat I1

mapping
Mapping quantities to output template

Searching items in the cost database, with

historic cost data as the first priority

Calculating total cost by multiplying unit
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© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

23 of 44


https://doi.org/10.20944/preprints202510.1060.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 15 October 2025 d0i:10.20944/preprints202510.1060.v1

24 of 44

changing- for cost, quantities, and even

formatting.
32 Work Resuming = Providing a summary of past work, 2
*  Providing past data,

*  Outlining the next steps based on the point
the work stopped last time

As shown in Figure 5 & 6, the human evaluation highlighted notable deficiencies in zero-shot
prompting. The figure compares an expected structured response against GPT-40’s actual zero-shot
output. The expected response follows a logical approach, prioritizing historical cost data before
falling back on database cost information. However, the LLM’s zero-shot response lacks predefined
priority logic, failing to specify how costs should be matched when multiple sources are available.
Such shortcomings reduce the reliability of outcomes in cost estimation workflow, indicating the
necessity of structured prompting strategies like Chain-of-Thought (CoT)[47,50]. The human
evaluation shows an average confidence score of 1.906 (64%), indicating that responses frequently
lacked completeness and correctness. This aligns with a previous study that emphasizes the
limitations of LLMs in domain-specific reasoning without explicit reasoning prompts [71].

Estimation Expected Response Actual Response with Zero
Task User Query from LIM Shot w/ GPT-4o

‘ I will first load both the

- historic and database cost
data from separate files.

Let's assume both files
contain Assembly Code as a

Understood. I'll prioritize matching items based on the Assembly Code as the common identifier,

Set COommon  We have the same Assembly Code but slight variations in common identifier that can i i o N | ;
Identifier desciptions. So, consider Assembly Code as the common » be used to match. items. = disregarding variations in descriptions, Let me know when you're ready to proceed!
Identifier. ]

I first check the historic
cost data. If a historic
cost is available, I use

that.

If no historic cost 1s
found, I search for the
cost in the database cost
file.

Figure 5. Example 1 of expected vs. actual response in zero-shot.

Estimation Expected Response Actual Response with Zero
Fasl User Query from LIM Shot w/ GPT-4o

‘ First, 1 carefilly review the outprt template to undarstand ity
- strteture- column names and section Jayout. There may be sections

Define

based an Uniformet il categories fe.g, B10 Snpersiructure, B20 Well use a structured template with item descriptions, Units, saurces, and quantity inputs. Aggregation
Priority for e i is dane using SUMIFS() in Excel or Pandas in Python. After entering data, we verify for cansistency, unit
External s . oo conversions, and errors.
How would you utiize the template and start calculation? Explain
Cost & ta me before doing it Wauld you prefer an Excel template or a Python script for automation?
Define Second, I'will map the quantirtes (description, smit, and quantity) to |

Condition to
the aurput tamplee.

use External
Cost Data

Third, based on the deseription of quamtities, 1 will seareh for each
itemn 1o match in cosi dima, fiest ta historical cost’, where available.

and then to the ‘database cast’ f needed

Fonarth, sultiply the quantity by the it cost to caleudate the total
cost

Fifis, il keap the cos daia assembly code o the uniue

iedntfler in the “Assambiy Code’ coomn

Figure 6. Example 2 of expected vs. actual response in zero-shot.
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4. Case Study: Modular Chain of Thoughts Prompting for Conceptual
Estimation

To investigate the practical applicability of the proposed framework, a case study was conducted
by implementing a modular chain-of-thought prompting approach within a commercial construction
project in Omaha, Nebraska. This experiment sought to evaluate the effectiveness of a large language
model (LLM) in facilitating structured reasoning and task execution within conceptual cost
estimation. In practice, cost estimators adhere to standard classification systems such as Uniformat II
and proceed through a sequence of integrated activities, i.e., data extraction, structuring, and
computational calculation of material quantities and costs. This research suggested an NL query-
based modular prompting methodology to optimize workflow accuracy and efficiency. By combining
modular components in a systematic manner, this study suggested an NL query-based modular
prompting methodology to automate workflow, standardize estimation procedures, reduce cognitive
overload, and improve decision-making in construction cost management.

4.1. Data

The Revit model of a commercial construction project in Omaha, Nebraska, which contained all
building components with their associated parameters, was utilized to extract quantity information.
Using Revit's Schedule/Quantities tool, a structured dataset was generated for Level 3 individual
elements classified under Level 1 major group elements of UniFormat II, specifically B-Shell
components such as B1010 Floors, B1020 Roofs, B2010 Exterior Walls, B2020 Exterior Windows, and
B2030 Exterior Doors, as illustrated in the figure. This process involved selecting relevant element
categories, specifying essential parameters- including assembly code, family & type, unit, and area-
and formatting the schedule accordingly. Once the schedule was generated, it was exported into a
tabular dataset containing detailed quantity takeoffs. The final quantities file, comprising 46 distinct
items, organized the extracted data into key attributes: element type, assembly code, family & type,
unit, and quantity. Floors and roofs were quantified in square feet, such as concrete slabs and truss
framing, whereas doors and windows were recorded as individual units with detailed specifications.

Revit Model 1
element type assembly code farmily & type unit area
floar BlOl0 Floar: 5-1/4" Concrete on 3" Metal Deck sf 22391
flaar 81010 Flaor: 4" Concrete an Grade sf 159
flaar 81010 Floor: 4" Concrete on Grade sf 234
floar 81010 Floar: 24" Truss Floor Framing sf 18579
floar B1010 Floar: 3/4" Plywd on 10" Wood Joist sf 1536
floor 81010 Floor: 24" Truss Floor Framing sf 18979
floar 81010 Floor: 3" Concrete on 3" Metal Deck st 6419
floar B1010 Floar: 5" Concrete on Grade sf 1177
floar 31010 Floar: 3/4" Plywd on 10" Wood loist of 1536

A section of quantities

Figure 7. Quantities from the Revit model of a commercial building.

To support cost estimation scenario, two distinct datasets were developed: (1) an external cost
dataset extracted from RS Means and (2) a historic cost dataset representing an enterprise cost
database. These datasets were created to introduce variations and complexities commonly faced in
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real-world construction cost estimation process, and evaluate the LLM’s interaction with diverse data
sources and address challenges similar to those faced by professional estimators.

The external cost dataset was generated by extracting cost information from RS Means for
“Commercial New Construction”, specifically for the “Assembly” cost category, in “Omaha”, using
the “2023 Quarter 4” release. The dataset consisted of 100 items corresponding to Level 3 individual
components under the Level 1 major group elements of B-Shell, including B1010 Floors, B1020 Roofs,
B2010 Exterior Walls, B2020 Exterior Windows, and B2030 Exterior Doors. However, this dataset did
not include all items listed in the quantities file but covered the majority of them. Additionally,
variations were introduced by incorporating (i) items with exact descriptions matching those in the
quantities dataset, (ii) missing items, (iii) completely different items not present in the quantities
dataset, and (iv) items with descriptions that were similar but not identical. In addition, to introduce
additional complexity, column names in the external cost dataset were intentionally modified to
differ slightly from those in the quantities dataset. For example, the column containing item
descriptions was labeled as “Description” in the external dataset, whereas it was named “family &
type” in the quantities dataset.

A historic cost dataset was created to simulate a construction enterprise cost database, which is
commonly used in the construction industry. Unlike the external dataset, this database was manually
curated to reflect real-world variations and inconsistencies typically encountered by estimators. The
dataset contained 125 items from the same Level 3 component categories of B-Shell, B1010 Floors,
B1020 Roofs, B2010 Exterior Walls, B2020 Exterior Windows, and B2030 Exterior Doors. To replicate
real-world estimation challenges, this dataset included additional items beyond those in the external
dataset and introduced discrepancies in material costs, installation costs, and total unit costs for
identical items. Similar to the external dataset, variations were introduced in the form of (i) items
with exact descriptions, (ii) missing items, (iii) entirely different items absent in the quantities dataset,
and (iv) items with closely related but non-identical descriptions. These two cost datasets were
designed to expose the LLM to multiple data sources, their variations in content, formatting, and
descriptions, requiring it to interpret and integrate cost information while navigating inconsistencies,
missing data, and variations in terminology. The structured, yet intentionally inconsistent nature of
the datasets aimed to mimic the real-world complexities of construction cost estimation scenario,
where estimators generally refer to different data formats, account for variations in cost parameters,
and identify the most relevant pricing information. By simulating these challenges, the study aimed
to evaluate the LLM's ability to process and synthesize cost data effectively, improving its reliability
in practical estimation workflows. In addition, this study used construction specification data that
was synthetically generated to reflect standard practices for commercial building projects, with a
focus on the concrete floor system. The dataset included material properties, installation methods,
quality assurance measures, and testing requirements, following industry standards such as ACI and
ASTM. The major parameters covered concrete mix design, reinforcement details, curing methods,
and compliance criteria. The specification data was created to feed into LLM whenever needed for
cross reference.
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RS Means Cost Data

Enterprise Historic Data

Figure 8. Unit cost from cost databases.

4.2. Modular Framework for the Scenario

The modular framework, as shown in Figure 9 for conceptual cost estimation, was designed to
systematically address the complexity of estimation tasks while ensuring adaptability and scalability
for ai-assisted workflows. Traditional cost estimation often suffered from fragmented data structures,
inconsistencies in cost references, and challenges in retrieving quantity and cost information. These
challenges emerged with pre-trained large language models (LLMs) when zero-shot prompting was
used for multi-step tasks. These tasks needed to be presented in a clear order; otherwise, LLMs lost
track of relationships and context, leading to incomplete reasoning and unreliable estimates. To
overcome these limitations, a structured modular approach was developed for a scenario of creating
the conceptual estimate, breaking down cost estimation burdens, tasks, and sub-tasks that were
identified earlier into four core modules: (1) aggregating quantities, (2) Referencing enterprise
historical cost, (3) referencing external cost database, and (4) cross-verification with project
specifications. Each module was also decomposed into tasks and sub-tasks so that all the
interdependencies were established well to enable a stepwise execution process that was logistically
coherent. A modular structure has one of the benefits: it is flexible- each module is ready to be
executed independently so that users can work on a specific module without needing to execute all
others. This means that if the user simply wants to look at historical cost data, user can enter
keywords or Module 2 without having to perform quantity aggregation or external referencing of
costs. This modular running capability ensures that different project requirements can be provided
for without users having to be restricted to a rigid workflow. This means that if the user simply wants
to look at historical cost data, they can enter keywords or Module 2 without having to perform
quantity aggregation or external referencing of costs. This modular running capability ensures that
different project requirements can be provided for without users having to be restricted to a rigid
workflow. For example, in my case, estimating a commercial building project in Omaha, Nebraska, I
may only need Module 2 (Enterprise Historic Cost) and Module 4 (Cross-Verification with Project
Specifications) while excluding external cost referencing altogether. This modularity allows
individuals to use the framework to meet their specific estimation needs without affecting the
integrity of the workflow. This design allows users to tailor cost estimation to their specific needs, for
example, adding, removing, or adjusting modules, tasks, and sub-tasks, that supports various project
types, data availability, and workflow variations without major reconfigurations. For example, in the
event a new cost database is introduced, it can be integrated as another module without affecting the
existing workflow. Besides straightforward applications, the framework is adaptable to various
LLMs and can evolve according to future innovations in LLMs. Since current LLMs struggle with
multi-step reasoning in unstructured workflows, this structured approach ensures that activities are
logically dependent and sequenced, reducing reliance on open-ended inference. With the evolution
of LLMs, particularly long-context reasoning, the system can leverage these advances by enhancing
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inter-task dependency monitoring. This modular architecture is an Al-enhanced, scalable solution
that enables construction professionals to streamline estimation processes, automate processes, and
customize execution according to project-specific needs. As LLM technology evolves, the structured
framework ensures Al-aided cost estimation remains future-proof and adaptable while supporting
various construction situations without disrupting the core estimation logic.

Estimation Burdens Estimation Tasks Estimation Sub-Tasks
1.1.specify Estimation Type 1.1.1) Task initiation 1.1.2)Specify
— and WBS Estimation Type 1.1.3) Confirm WBS ‘
m . [ 1-271) Collect Data- Quantities, Cost data,
—> | 1.Aggregating | | = | Specs, Output templats 1.2.2)Dstermine Scops A
= titd 1.2.collect Quantities | 1.2.3)Summarize, display 1.2.4)Check
8 QEERHELE IS | duplications 1.2.5)Finalize the Quantities Bl
= 5
- 1.3.1)Suggest Template 1.3.2)Upload Template
1.3. Format Quantities and Map Quantities 1.3.3)Provide Download Link
2.1. Referencing Multiple Cost 2.1.1) Explain Next Steps 2.1.2)Collect Cost
™~ Data Sources Data
. -
5‘ Z.RefeI‘EHICng 2.2.1) Define Priority and Calculations
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Scenario B T e Ty | 2.3.1)provide Closet Optiens 2.3.2) susmaxize
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] g T 3231500t Mulsiple Natched Ttems 2.2.2) Biat
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Scenario 4.3.3) Provide Estimation File Last Produced

Figure 9. Modular framework for conceptual estimation scenario.

4.3. CoT Instructions

The instruction set for the modular cost estimation framework was developed to provide a
structured and flexible approach to estimation. It follows a modular Chain-of-Thought (CoT) system,
where tasks and sub-tasks are arranged hierarchically to maintain logical consistency and task
dependencies. The structured modular design aimed to improve a key limitation that was identified
of zero-shot prompting in large language models (LLMs), which struggle with multi-step reasoning
when instructions are not explicitly sequenced (Wei et al., 2022). Each step was designed using user
queries and system outputs to give this structure a logical sequence rather than relying on free-form
Al responses. This modular structure, as shown in Figure 10, also makes it possible for users to
interact with individual modules independently while offering flexibility in the overall estimation
process.

[ START: USER PROMPT ]

|

[ Module 1: Aggregating Quantities ]~ [ If complete, move to Module 2 ]

|

[ Module 2: Referencing Enterprise Historic Cost] » [If missing, move to Module 3 ]

|

[ Module 3: Referencing External Cost Database ] > [ If complete, move to Module 4]

|

[ Module 4: Cross-verification with Specification] » [ If complete, Ask User for Next Step]

|

[ CONCEPTUAL ESTIMATE] > [ USER REVIEW ]» [ CONTINUE TO NEXT MODULE] OR [ END]
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Figure 10. Modular flow structure.

The instructions, as shown in Figure 11 example, were framed as a dialogic interaction between
the user and the system. They comprise 40 user prompt examples, 40 system response examples, and
35 sub-tasks linked by 35 task connectors. The user submits project details, quantities, cost data
references, and estimation preferences, and the system responds with guided prompts, explanations,
and formatted outputs. Each module consists of a chain of interrelated tasks carried out conditionally
based on the previous inputs. For example, in Module 1 (Aggregating Quantities), the system first
collects estimation details, confirms the work breakdown structure (WBS), and compiles quantity
data before moving to Module 2 (historic cost referencing). If historical cost data is unavailable, the
system automatically redirects execution to Module 3 (external Cost Database) to retrieve the missing
information. The modular design ensures workflow follows a sequential pattern, reducing errors and
inconsistencies in mapping and process transparency. The flexibility of one of the advantages of
modular CoT instruction system is that users can add, remove, or modify modules, tasks, and sub-
tasks based on project needs [47]. This makes the framework scalable for different construction
projects, estimation approaches, and data sources. For instance, if a new database of costs is released,
it can be added as another module without any changes to the current workflow. Similarly, as LLMs
improve in long-context reasoning and task dependency tracking, the framework can incorporate
more advanced Al-assisted decision-making. The structured modular CoT approach aligns with Al
advancements, demonstrating that explicitly defined reasoning pathways improve Al performance
in complex multi-step tasks [53].

[### Sequential Chain of Thought for Scenario 1: Conceptual Estimation
#4## Module 1: Aggregating Quantities

#4444 Task ID 1.1: Specify Estimation Type and WBS

ID 1.1.1: Task Initiation

I have a new project for which I need to create an estimate. Can you help me?"

: "Yes, I can. Could you provide some details about the project, such as the type of construction, location of the project,
d any specific type of estimation- Assembly or Item based- that you want to follow?"

|__ Connection to Task ID 1.1.2: Asking for project details and estimation type to initiate further discussion.

|__ Sub-Task ID 1.1.2: Specify Estimation Type

|__ User: "This is a new commercial building construction in Omaha, Nebraska. I want to do an Assembly cost estimation."

|__ System: "Ok. For Assembly estimation, we’ll need to break down the project into Uniformat II categories before starting.
Do you know how Assembly estimation works with Uniformat II2"

|__ Connection to Task ID 1.1.3: Asking for confirmation on the user's understanding of the Assembly breakdown.

k ID 1.1.3: Confirm Work Breakdown Structure (WBS)
No, can you explain the Assembly breakdown in Uniformat IT2"
m: "Of course! Uniformat II divides a building into several functional assemblies, such as Substructure, Shell, Interiors, Services, and more.
For example, 'B10 Superstructure' covers the main load-bearing elements, and 'B20 Exterior Enclosure' refers to exterior walls and windows.
This breakdown helps categorize costs based on building elements. Would you like more details on Uniformat II and each category?"
|__ Connection to Task ID 1.1.4: Proceeding with the breakdown explanation and ensuring the user’s understanding. Next, to Collect data.

Sub-Task ID 1.2.1: Collect Data- Quantities, Cost data, Specs, Output template
: "0k, understood. Now how can I start2"
: "Now, you need to provide quantities, cost data, project specifications, and a particular format or template for the final output of the estimate."
. Let’s go one by one with the data."
: "Great. Provide me with quantities first."
Connection to Task ID 1.2.2: Focusing on collecting data for quantities and Confirming scope for Quantities.

sk ID 1.2.2: Determine Scope
"OK. I only have quantiti

for the shell category. And want to estimate only that portion."
5 n the Shell (B) category for now. Please provide the quantities."
nection to Task ID 1.2.2: Displaying Items and Quantities to user.

R "Here’s the quantity Excel file I have uploaded. Please show me a list of items and quantities in tabular format."
|__ System: Ok. Here is the list of your items and respective quantities. You have total 111 items .

"Do you want to know more about or do you want to move ahead to next steps?"
|__ Connection to Task ID 2.1.1: Analyzing as per user request- Duplication check.

|__ Sub-Task ID 1.2.4: Check Duplications

User: "Can you check if there are any duplicate items based on the description and assembly code?"

: "These are items that have exact same description and assembly code. Do you want to add them to a single item2"
: "Yes, please add. Also, can you find potential duplication that doesn’t match exactly but potentially?"

System: "Here are these group items that look potentially similar based on size, and descriptions."

__ Connection to Task ID 1.2.5: Finalizing Quantities.

Figure 11. Chain-of-thoughts instruction example.

4.4. Modular CoT Architecture

The modular CoT architecture illustrated in Figure 12 is a systematic and flexible framework for
cost estimation. It ensures the tasks are logically sequential and hierarchically run and permits
modular flexibility. This is particularly vital in Al-integrated workflow when considering specific
task ordering, as it is important for maintaining logical progression and awareness of context. This
architecture is specified through a multi-layered module structure in which the estimation process is
divided into modules, tasks, and sub-tasks with clear execution steps and dependencies. Each
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module (e.g., Module 1: Aggregating Quantities) is subdivided into tasks (e.g., 1.1: Specify Estimation
Type, 1.2: Collect Quantities) and further into sub-tasks (e.g., 1.1.1: Confirm WBS, 1.1.2: Validate
Scope), ensuring sequential and conditional execution. This numbering structure prevents logical
drift by maintaining strict task dependencies, requiring lower-level sub-tasks (e.g., 1.2.3: Remove
Duplicates) to be completed before higher-level transitions occur. The organized segmenting allows
the system to behave sequentially or conditionally so that each module can be treated as a standalone
process or integrated workflow. At the highest level, this architecture consists of modules
representing major estimation components of conceptual estimation scenarios such as aggregating
quantities, cost referencing, and specification cross-verification. Each module contains tasks that
define specific cost estimation objectives, which are then broken down into sub-tasks for data
collection, validation, and decision-making. This structure enables LLMs to carry out tasks step by
step, based on instructions, reducing errors and enabling transparency in cost estimation. The input
for the user is an NL query, and the LLM converts it into the relevant module through the module
calling function. After completing a module, the system proceeds to the next module according to
the provided instructions beforehand. This approach maintains each step of the estimation process
connected to each other.

Module Tasks Sub-Tasks

[ [Module 1 |— 1.1. — 1.1.1 i P e |
L e ‘ . . ;
. ; |
: ; 1.2 L.1:2 — _":
| [ i o Sub-Tesk ID: |
| 5 | i [
g i -
] T e User:
£ d
g | i\ pr
.
Q v i 1.1.n Connection:
5
wl
3
Q

Prompts .
—
LIM

User

Figure 12. Modular CoT architecture for conceptual estimation.

4.5. Module Calling Function

The module calling function is designed to dynamically select and execute modules based on
user input. By enforcing a consistent decision-making approach, this function prevents arbitrary
execution of multi-step processes and maintains task dependencies. The module calling function is
illustrated in Figure 13. It processes NL prompts, parses it, maps queries to the appropriate modules,
confirms selections, and executes the chosen module while verifying that all prerequisite tasks are
completed. The execution process begins with user input analysis, where the system extracts key
terms and matches them to a predefined module dictionary. When a user submits a prompt, the
system first conducts a task analysis and module selection process, evaluating the request against
predefined categories. If an exact match is not identified, the system asks for further clarification,
either by prompting the user for additional details or by suggesting the most suitable modules based
on the detected keywords. This step is designed to prevent misclassification by providing the user a
list of current modules and subsequent steps with detail descriptions for confirmation. This
confirmation also supports active user involvement in the process. After the user’s confirmation, the
function executes the module by doing its tasks and sub-tasks in logical order. To further support
task automation, this function utilizes a dictionary-based keyword mapping system that links specific
terminology to predefined modules. For example, commonly used terms such as “Estimation Type”
and “WBS” are automatically assigned to Module 1: Aggregating Quantities. This dynamic module
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calling function works to eliminate ambiguity and allows the system to automatically map user
queries to the correct estimation module with consistency under different estimation scenarios.

KEYWORDS_TO_MODULES. items () :
if keyword in user_input.lower():
[module] = MODULES [module]
if not matched modules:
return "No relevant module found. Please rephrase your request."
return matched modules

User e TR Execute
Input- - Task Analysis & . =5 acl; fin: € E— Selected
NL Module Selection N Module

Selection

|

l
Mapping:
Keyword to
Module L

m the module you want te proceed with (enter module name}i ")

Figure 13. Module calling function.

The main workflow, which includes analyzing the request, confirming module selection, and
executing the corresponding module, is shown in Figure 14.

5. MAIN WORKFLOW
Integrate all steps into the main execution logic:
if name == "_main ":
print ("Welcome to the Construction Cost Estimation Assistant!")
user_input = input("This is a new commercial building construction in Omaha, Nebraska.
I want to do an Assembly cost estimation.: ")

# Step 1: Analyze request and suggest modules
module options = analyze request and suggest module (user input)
if isinstance (module options, str): # If no match is found
print (module options)
else:
# Step 2: Explain and confirm module selection
selected module = explain _and confirm module (module options)
if "Invalid" in selected module:
print (selected module)
else:
# Step 3: Execute selected module
result = execute selected module(selected module, user input)
print (result)

Error Handling:

- Unmatched Input: "No relevant module found. Please rephrase your request OR

I can provide you available module options to select from. Please let me know how you want to proceed"
- Invalid Selection: "Invalid module selection. Please confirm a valid module."

nun

Figure 14. Module calling function workflow.

5. Results & Discussion

This study employed two evaluation approaches to assess GPT-40’s overall performance in
conceptual cost estimation, combining qualitative and quantitative methods. The qualitative
evaluation involved human ratings based on confidence on LLMs output and module following,
where confidence measures the model’s certainty in its responses, and module following assessed its
ability to follow predefined workflows. Meanwhile, the quantitative evaluation was conducted using
five widely used NLP metrics- BLEU, ROUGE-L, METEOR, Content Overlap, and Semantic
Similarity- to measure response accuracy, fluency, and contextual alignment.
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5.1. Qualitative Evaluation

Human evaluation is important in assessing the effectiveness of large language models (LLMs),
particularly in complex and connected tasks such as cost estimation. Human evaluation accounts for
reasoning, contextual accuracy, and real-world applicability[50,72-74]. This study rated confidence
scores on a scale of 1 to 3, based on how complete, accurate, and aligned each response was with the
correct module. A score of 1 represented low confidence, i.e., the response was incomplete, incorrect,
or did not correspond to the expected module. A score of 2 represented medium confidence, in which
the response was partially correct and corresponded to the correct module but was not completely
accurate or complete. Finally, a score of 3 represented high confidence, i.e., the response was
completely accurate, complete, and corresponding to the correct module. The average confidence
score of 2.52 (84%) in modular CoT prompting marked an 20% improvement over zero-shot
evaluation (1.91, 64%) for the provided cost estimation scenario, confirming that structured reasoning
improves response reliability. Figure 15 illustrates comparative examples of zero-shot vs. CoT
responses, highlighting improvements in response quality and module adherence.

Estimation Expected Response Actual Response with Zero
Task User Query from LLM Shot w/ GPT-4o
+ Next Steps-
h = Match quantities with historic and database costs using Assembly Codes.
‘ « Assigh easts, princttize historic dats; and flag missing tefrs
Next Steps: | g * Generate a final estimation table for review.
1. Reading ontpu template
2. Caleulate total costs using
NEiplSatlnmq_ thteh‘= What's the next steps? —# provided quantities and cost ‘
L EpS: L0 LHe Actual Response with Modular
Estimation iz cif

CoT w/ GPT-4o

-IMaum Sub-Task ID: 2.3.3: Explain Next Steps

Process

=

Verify with specification

&

Export the final estimate System

| Next Steps:
. I 1. Read and understand the final output template.

i

i 2. Calculate total costs using the provided quantities and cost datasets (historic and external).

3. Cross-verify the estimate with project spedifications.

4. Export the final estimate in the requested format.

-] confirmation Reguired: Shll we proceed with reading the output template and calculating total costs]

R RG LR HEGE O 80Dy oy

Figure 15. Example of expected vs. actual response in modular CoT.

5.2. Quantitative Evaluation

There are five common evaluation metrics- BLEU, ROUGE-L, METEOR, Content Overlap, and
Semantic Similarity- that measure the LLMs outputs are not only numerically correct but also
contextually accurate, linguistically coherent, and semantically aligned with expected responses [75-
79]. A single metric could not fully evaluate the LLM performance on cost estimation text generation,
where technical accuracy, structured reasoning, and factual completeness are equally important. In
evaluating the performance of GPT-40 on cost estimation tasks, this study compared Zero-Shot and
Chain-of-Thought (CoT) prompting across five key metrics: BLEU, ROUGE-L, METEOR, Content
Overlap, and Semantic Similarity. Table 7 presents a comparison on the average CoT performance
scores across all metrics, evaluated on 24 sub-tasks from Modules 1 and 2 in Scenario 1 - Conceptual
Estimation. These results are compared with the previously conducted zero-shot evaluation, as
shown in Table 4. This presents a quantitative assessment of how CoT prompting influences the
quality of generated responses. Each metric captures a different aspect of text generation- BLEU
measures exact word match precision, ROUGE-L evaluates phrase-level recall METEOR
incorporates synonym and stemming considerations, while content overlap and semantic similarity
assess factual consistency and conceptual alignment, respectively.

Table 4. GPT-40 Performance Evaluation- Zero-Shot vs. CoT.

Evaluation Category Zero-Shot with GPT4o CoT with GPT4o
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BELU 0.023365 0.382353
ROUGE_L 0.185215 0.622845
METEOR 0.196798 0.610922
Content Overlap 0.109057 0.497031
Semantic Similarity 0.245202 0.597011

The Bilingual Evaluation Understudy (BLEU) score [64] is a standard metric for evaluating text
generation models by comparing their outputs to reference texts. It operates on n-gram precision and
penalizes overly short responses through a brevity penalty factor:

N
BLEU = BP.exp (Z Wy logpn>

n=1
where pn represents the precision of n-grams, w,, is a weight distribution, and BP accounts for
length differences. In the conceptual estimation scenario, the zero-shot BLEU score was 0.0234,
highlighting a lack of direct word alignment between the generated and expected response. With
CoT prompting, BLEU rose significantly to 0.3824, marking a 1536.43% increase. This drastic
improvement suggests that CoT facilitates a structured approach to LLM to generate response,
thereby reducing errors in word choice and improving syntactic accuracy.

The Recall-Oriented Understudy for Gisting Evaluation (ROUGE-L) [68] extends beyond n-gram
precision by evaluating the longest common subsequence (LCS) between generated and reference
texts:

LCS(X,Y)

Y]

where X is the generated response, and Y is the reference text. The zero-shot ROUGE-L score of

ROUGE, =

0.1852, indicating relatively weak phrase alignment and coherence. CoT prompting, however,
boosted ROUGE-L to 0.6228, a 236.28% improvement. This result shows that CoT-driven responses
have more relevant output when compared with the expected response from LLM, suggesting that
logical connection in prompt help to improve in producing more contextually aligned responses.

Unlike BLEU and ROUGE, the Metric for Evaluation of Translation with Explicit Ordering
(METEOR) [69] incorporates stemming, synonym matching, and function word weighting, offering
a more nuanced reflection of semantic alignment. It is computed as:

METEOR = Fean X (1 — penalty)

where Fiean is the harmonic mean of precision and recall, and the penalty term discourages
fragmented matches. The zero-shot METEOR score of 0.1968 indicated poor conceptual resemblance
between expected and generated texts. However, with CoT prompting, METEOR rose to 0.6109,
reflecting a 210.43% improvement. This suggests that CoT enhances the model’s ability to use more
appropriate word choices, improving fluency, synonym integration, and contextual awareness.

Content overlap measures the Jaccard similarity [80] between words in generated and reference
texts:

|A N B
J(A,B) = 1A UB|
where A and B are the sets of words in the generated and expected responses, respectively. The zero-
shot content overlap was just 0.1091, indicating that most words in the generated text were not
directly present in the reference. However, CoT increased this value to 0.4970, representing a 355.75%
improvement. This contrast underscores how CoT prompting improves the inclusion of key factual
elements, helping the model generate responses that align more precisely with expected content.
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Semantic similarity, unlike content overlap, focuses on the meaning preservation between texts
rather than exact word matches [78,81]. A common approach is cosine similarity over embedding
vectors:

XY
XY

where X and Y are the embedding representations of the generated and output texts. The zero-shot

cos(0) =

semantic similarity score was 0.2452, reflecting a substantial gap in conceptual alignment between
model output and reference responses. CoT prompting increased this score to 0.5970, a 143.48%
improvement. This result suggests that CoT enables GPT-40 to generate responses that are more
semantically meaningful, ensuring greater alignment with the intended concepts rather than just
syntactic resemblance.

A comparison, as shown in Figure 16, shows that CoT prompting substantially improves model
outputs across all metrics, suggesting that structured reasoning enhances coherence, factual
retention, and fluency in GPT-40’s responses on cost estimation scenario and tasks. The bar chart
visualizes the comparison between Zero-Shot GPT-40 and CoT GPT-40 across five evaluation
categories.

Q.7

BN Zero-Shot GPT-4o0
0.611 BN CoT GPT-40

0.623

0.6

0.5

0.4 4

Score

0.3

0.2

0.1

0.0 -

ROUGE L METEOR Content Overlap Semantic Similarity
Evaluation Category

Figure 16. Performance comparison: zero-shot vs. CoT.

To further investigate whether the observed improvements were statistically significant, a
paired t-test was conducted:

d
sq/vn

where d is the mean difference, Sq the standard deviation of differences, and\/r_l is the number of
evaluation categories. The test returned to a t-statistic of 24.02 and a p-value of 0.000018, well below
the 0.05 significance threshold. This confirms that the improvements achieved through CoT

t =

prompting is a significant performance improvement. These findings strongly support the adoption
of CoT prompting strategies in improving LLM outputs on estimation tasks, confirming greater
accuracy, contextual understanding, and meaningfulness in responses.

6. Limitations and Future Work

While this study evaluated the performance of existing LLMs in construction cost estimation
tasks and demonstrated the effectiveness of the CoT prompting approach, several limitations must
be acknowledged. First, although different components are involved in construction cost estimation,
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including conceptual estimation, evaluating subcontractor estimates, and change management, the
scope of this study was a conceptual estimation scenario using pre-trained LLMs. Future research
can extend the evaluation to other scenarios to assess how LLMs handle subcontractor bid analysis,
estimation completeness checks, and version control in cost estimation workflows. Second, this study
focused specifically on the Uniformat II, specifically within the Shell category, limiting the scope of
cost estimation components analyzed. Future research can also apply this analysis to all Uniformat II
categories, for a more comprehensive evaluation of LLMs’ performance in handling diverse cost
elements of various building systems. In addition, future research can consider CoT prompting
approach to other estimation techniques such as unit cost estimate. Third, while CoT prompting
significantly improved LLM performance compared to zero-shot prompting, its practical integration
into real-world estimation workflows remains unexplored. Future research should focus on
developing and deploying Al-driven cost estimation assistants that integrate CoT-enhanced LLMs
into existing industry workflows.

7. Conclusion

Construction cost estimation has long been a manual and time-consuming process, heavily
dependent on expert judgment, intuition, and past experience. And, estimators generally work with
fragmented data sources and data formats, making the process time-intensive. With tight project
deadlines, even small miscalculations can lead to costly errors that affect both budgets and timelines.
While LLMs are being explored for various construction applications, their zero-shot performance in
cost estimation and the potential for structured prompting improvements remain underexplored.
This study addressed these gaps by developing a modular Chain-of-Thought framework specific to
cost estimation workflows and systematically evaluating LLMs using a scenario-based approach.This
study developed a conceptual estimation scenario and tested using pre-trained LLMs under zero-
shot prompting, indicating gaps in completeness and accuracy, with human evaluation yielding an
average confidence score of 1.906 (64%). Among the evaluated models- GPT-40, LLaMA 3.2, Gemini
2.0, and Claude 3.5 Sonnet- GPT-40 performed best across BLEU, ROUGE-L, METEOR, Content
Overlap, and Semantic Similarity metrics. The modular CoT prompting approach, incorporating
structured reasoning and modular task awareness, significantly improved estimation performance,
with human evaluation reflecting an improved confidence score of 2.52 (84%)- a 20% increase over
zero-shot performance. Based on the results, this study concludes that pre-trained LLMs without
additional knowledge are not reliable for performing detailed cost estimation tasks. However, their
performance can be largely improved through the use of a Chain-of-Thought approach. This study
makes theoretical, methodological, and practical contributions by demonstrating how pre-trained
LLMs can be adapted for cost estimation, introducing a modular CoT framework to standardize
estimation workflows, and providing structured estimation scenarios and prompts for industry
adoption.

Appendix A. Burdens to Taks to Sub- Tasks Mapping [59]
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Table
Calculate and visualize *  Calculate Differences
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