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Abstract -

The continued digitalization of construction
practice, including the expanded use of BIM,
automation, and data-centric workflows, has
increased the demands placed on construction
management education. As curricula adapt to these
developments, both instructors and students face
growing challenges in organizing and interpreting
course content during independent study. Traditional
slide-based review materials provide limited support
for individualized learning and offer few mechanisms
to help students reconstruct conceptual relationships.
Although general-purpose generative Al tools can
provide on-demand explanations, they are not aligned
with course-specific terminology and rarely offer
verifiable links to instructional materials, which
limits their suitability for guided review. Guided by
constructivist perspectives on explanation and
information integration, this study develops and
evaluates a course-aligned review platform that uses
Retrieval-Augmented Generation (RAG) to deliver
contextualized explanations grounded in lecture
slides. A formative user study was conducted in which
participants viewed a common instructional video
and completed a review session using either the Al-
driven platform or conventional slides, followed by a
user-experience questionnaire and a post-review
assessment. The Al review condition received higher
ratings on key UEQ dimensions, including
Perspicuity, Efficiency, Dependability, and
Attractiveness, and showed a modest advantage on
explanatory performance. The findings indicate that
domain-bounded, citation-aware generative Al can

enhance  transparency and  support more
interpretable review practices in construction
education.
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1 Introduction

The construction sector continues to advance through
the growing adoption of Building Information Modeling
(BIM), immersive  visualization  technologies,
automation tools, and data-driven management practices
[1]. These developments are reshaping how projects are
analyzed and coordinated, and they broaden the technical
competencies expected of future professionals. In
educational settings, this evolving knowledge is typically
introduced through structured instructional materials,
such as lecture slides, specifications, and supporting
documents that represent key aspects of project
information [2, 3]. As construction processes become
more computationally mediated and interdisciplinary, the
associated knowledge base expands in scope and
complexity, placing heightened expectations on higher-
education programs responsible for cultivating digital
project literacy.

The increasing integration of digital tools into
construction practice has also influenced the structure of
construction management curricula. Prior studies report
that course content in this domain often brings together
project information, technical procedures, and software-
related representations, which students must connect to
understand construction workflows [4, 5]. In higher
education, lecture slides remain a primary medium for
organizing and delivering such materials, yet research on
slideshow-based instruction has noted that PowerPoint-
style presentations often segment content and provide
limited support for showing relationships across
concepts, procedures, and project context [6]. Studies of
BIM-enabled construction education further indicate that
students have trouble during self-directed review,
particularly when course materials are closely tied to



specialized terminology and representation conventions
[7]. These findings point to a need for learning support
that is grounded in course materials and better supports
students in tracing conceptual connections across
technical content during independent study.

Generative Al technologies have attracted increasing
attention for their ability to generate explanations,
summarize instructional materials, and respond to learner
queries. Studies suggest that such tools can support
feedback and conceptual understanding in educational
settings [8]. However, their application in construction
management education remains limited. Existing models
are typically trained on open-domain corpora and lack
alignment with terminology, course context, and
instructional expectations of construction coursework
[9]. They also seldom provide traceable citations to
course materials, making it difficult to verify the source
and accuracy of generated explanations [10]. In addition,
most existing RAG-based tools operate at the document
level, generating responses from individual files in
isolation. In construction management education, course
materials are organized across lectures and topics, and
effective review requires following how concepts and
procedures develop across this structure. This creates a
need for course-aligned learning support that supports
connected understanding across instructional materials.

The objective of this study is to develop and evaluate
a course-aligned learning platform that employs
Retrieval-Augmented Generation (RAG) to support
students’ interpretation of construction management
materials across multiple courses. The platform provides
explanations grounded in lecture slides and supports
learning within and across course contexts. Its
effectiveness was investigated through a formative user
study in which participants viewed a common
instructional video and subsequently completed a
structured review session using either the Al-driven
platform or conventional slides. Usability was assessed
using a standardized instrument, and learning outcomes
were evaluated through multiple-choice and open-ended
measures. The findings contribute to ongoing efforts to
integrate generative Al into construction education by
supporting course-level review and helping students
follow relationships across instructional materials.

2 Literature Review

2.1  Generative Al in Intelligent Tutoring

Generative Al has expanded the capabilities of
intelligent tutoring systems by enabling automated
content synthesis, real-time question answering, and
personalized explanation. Unlike earlier Al applications
focused primarily on retrieval or classification,
contemporary generative models integrate multimodal
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reasoning and synthesis to address complex instructional
needs [11]. In writing-intensive and design-related
learning environments, such systems help articulate
abstract ideas, refine conceptual reasoning, and support
iterative development through prompt-based feedback
[12, 13]. Text-to-image models further enhance visual
thinking by transforming descriptive prompts into
conceptual renderings, complementing early-stage
ideation processes [14].

A key advance of modern intelligent tutoring is the
combination of vector-based retrieval and generative

synthesis, enabling context-specific  explanations
grounded in technical documents or uploaded
instructional materials [15, 16]. This integration,

commonly implemented through Retrieval-Augmented
Generation (RAG), constrains generative outputs to
relevant sources while preserving the flexibility of
natural-language explanation. This dual mechanism
supports learners who struggle with domain-specific
terminology or abstract construction concepts by
bridging textual complexity with accessible explanation
[17]. The architecture typically involves document
ingestion, embedding-based retrieval, and generative
response modeling, which together facilitate scalable,
document-grounded tutoring workflows applicable to
construction education scenarios.

Generative Al has also supported computational
learning tasks by translating natural-language
instructions into executable scripts, assisting with
debugging, and guiding algorithmic reasoning across
tools such as Python and parametric modeling platforms
[18]. These capabilities lower the barrier for procedural
tasks and accelerate iterative testing and refinement
within computational environments [19].

However, most implementations remain preliminary
and depend on general-purpose tools that lack alignment
with course-specific materials. This suggests a need for
domain-tailored, document-grounded tutoring systems
capable of supporting the conceptual demands of
construction education.

2.2 Evaluation of Al Learning Support

Evaluations of Al-driven learning support systems
commonly focus on two complementary dimensions:
usability and learning effectiveness. Prior work across
higher education settings shows that Al-based learning
assistance influences how students engage with course
materials and how they perform on related assessments.
Large-scale empirical studies indicate that learners
frequently adopt Al tools in professional and technical
coursework, reporting generally positive experiences
with their usability and instructional value [20].
However, these findings also reveal variability in the
accuracy and contextual alignment of Al-generated
responses, underscoring the need to examine both user



perceptions and task performance when integrating Al
into domain-specific instruction [21].

Usability evaluations are often conducted to
determine whether Al systems can be incorporated into
learning activities. Research on Al-supported feedback
environments demonstrates that well-designed systems
can enhance the quality of learner output while achieving
favorable usability ratings [22]. Such evaluations
typically include measures of perceived ease of use,
clarity of information, and integration with existing
workflows, reflecting broader practices in educational
technology research [23]. At the same time, studies note
that users may express reservations about trust,
transparency, or long-term instructional implications,
suggesting that usability encompasses both functional
and affective components [24].

Performance-based evaluations examine whether Al-
supported learning leads to measurable improvements in
task outcomes. Research on Al-enabled assessment and
automated evaluation systems reports a wide range of
performance metrics, including accuracy, precision,
recall, and other task-specific indicators [25]. Although
these systems differ from learning support tools in
purpose, they reflect a consistent emphasis on empirical
validation and structured performance measurement.
Similar approaches have been applied in studies
assessing Al tutors or writing assistants, where learning
outcomes are measured through conceptual tests,
analytical tasks, or open-ended explanations [26].

However, evaluations grounded in discipline-specific
materials and conducted under domain-authentic
conditions remain limited. This gap is particularly
notable in technical fields such as construction education,
where the complexity of instructional artifacts and
specific learning objectives may shape both the perceived
usefulness of Al support and its impact on learning.

3 System Design and Architecture

This study presents a RAG platform that delivers
explanations aligned with course documents to support
learning in construction education. The system converts
course materials into an interactive environment in which
students ask natural-language questions and receive
responses anchored to specific instructional sources. As
illustrated in Figure 1, the architecture combines
document preprocessing, semantic indexing, retrieval,
prompt assembly, and citation-aware answer generation
into a unified workflow that enables verifiable, material-
aligned feedback during learning activities.

3.1 Core System Architecture

The platform is built on a RAG designed to provide
citation-linked explanations aligned with instructional
materials. As shown in figure 1, the system operates
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through three coordinated layers that together support
document-grounded interaction. The first layer processes
course artifacts and prepares them for retrieval. The
platform accommodates multiple file formats, including
Word documents, PowerPoint slides, and PDF files.
Uploaded documents are parsed, cleaned, and segmented
into semantically coherent units that retain metadata
indicating their position within the original source.
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Figure 1. System architecture of the RAG-based
instructional support platform

The second layer performs semantic retrieval and
controlled generation. User queries are converted into
vector representations and matched against the indexed
content to identify document fragments that reflect the
underlying intent of the question. These fragments are
assembled into a structured input for the language model,
which is instructed to generate explanations solely based
on retrieved material. This design constrains the model to
remain within course boundaries and ensures that
generated responses are grounded in verifiable
instructional sources.

The third layer presents explanations through a web-
based interface that emphasizes transparency and
interpretability. Retrieved fragments are incorporated
into the output together with their metadata so that users
can inspect the corresponding portions of the original
documents while reviewing the explanation. This
integrated architectural design supports document-
grounded reasoning and facilitates a learning experience
in which students can navigate course materials with
greater clarity and contextual awareness.

3.2 System Workflow

The operation of the platform follows a structured
workflow that links user queries to document-grounded
explanations in a transparent manner. The workflow
begins with query submission through the web interface.



When a student enters a question, the system converts the
input into a semantic representation using the same
embedding model applied to the instructional corpus.
This alignment allows the system to compare the query
with the indexed materials based on conceptual rather
than lexical similarity.

The query is matched against the repository of
instructional fragments to identify content that reflects
the intent of the question. Semantic proximity is
evaluated using cosine similarity, expressed as

. . = q dl 1
Sim (¢ d;) = ligliid;l o

where gdenotes the query embedding and d;represents
the embedding of a document fragment. Fragments with
higher similarity values are considered more relevant and
are therefore selected for subsequent processing. This
retrieval step ensures that the model operates on content
closely aligned with the learner’s information needs
while preserving the structure of instructional materials.

After retrieval, the selected fragments are assembled
into a structured prompt that guides the generative model
to produce an explanation that remains within the
boundaries of the supplied material. The prompt
incorporates both the learner’s question and the retrieved
content, and the model is instructed to rely exclusively on
this information when forming its response. In this study,
the prompt takes a general form such as: “You are a
helpful assistant. User Query: {user_query}. References:
{reference_block}. Provide an answer to the query using
only the information contained in the references.” In this
template, {user_query} denotes the learner’s submitted
question, and {reference_block} represents the retrieved
instructional fragments together with their metadata,
including the document name and page indicator. During
execution, these placeholders are replaced with the actual
query and the corresponding retrieved segments,
ensuring that the generated explanation remains
grounded in the instructional materials. This controlled
prompting strategy reduces unsupported inferences and
helps maintain conceptual and terminological alignment
with course content.

The system then generates an explanation
accompanied by citations that reference the underlying
document segments. These citations provide students
with a direct pathway to the source material, enabling
them to verify the origin of each component of the
explanation. The final output is presented through the
web interface, where students can review both the
synthesized response and the associated source excerpts
in a single environment. This workflow supports targeted
exploration of course content and encourages learners to
connect explanations with the instructional context from
which they are derived.
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3.3 Web Application Interface

The platform is accessed through a web-based
interface that supports interaction with the RAG system.
The application provides two main functions designed to
facilitate question submission and source-linked
explanation review.

The first function is a chat-style interface that allows
users to submit queries related to course materials in
natural language. Generated explanations are displayed
within the same window, creating a continuous
interaction flow that supports iterative question
refinement. The interface is designed to present
responses clearly and to maintain conversational context
without introducing unnecessary visual complexity. The
second function supports citation-based navigation of
instructional materials. When an explanation includes a
citation, selecting it opens the corresponding portion of
the source document in a parallel viewing pane. The
citation display includes the document name and page
indicator, enabling users to verify the origin of the
retrieved content while examining the generated
explanation. Presenting the explanation and its
supporting material side by side enhances interpretability
and reinforces the connection between the system’s
output and the instructional documents.

3.4 Implementation Summary

The implementation of the platform involves three
primary components: preparation of the instructional
corpus, backend retrieval and generation services, and a
browser-based client interface. All instructional
materials were consolidated into PDF format and
processed to support semantic retrieval. The documents
were parsed page by page, and the extracted text was
segmented into fixed-length units. Each unit was stored
together with metadata identifying the document name
and page index. The processed corpus was uploaded to
Azure Blob Storage, and a Shared Access Signature was
assigned to each segment to enable secure citation links
within system outputs.

The backend was developed in Python using the Flask
framework and integrates several Azure services to
support retrieval-augmented generation. Azure Cognitive
Search indexes the instructional corpus and performs
vector-based semantic retrieval. User queries are
encoded through an Azure OpenAl deployment of the
text-embedding-3-large model, and the most relevant
document segments are retrieved from the index. These
segments, together with their associated metadata, are
assembled into a structured prompt that instructs a
deployed instance of GPT-40 to generate an explanation
grounded in the retrieved material. If no segment meets
the retrieval threshold, a fallback prompt is issued to
prevent unsupported claims and avoid fabricated



citations. The entire backend is hosted on Azure App
Service to ensure stable and scalable performance.

The client interface is implemented using HTML,
CSS, and JavaScript and communicates with the backend
through RESTful endpoints. The interface presents a
query window and a dynamic answer display, along with
a citation viewer that renders the referenced document
snippet beside the generated response. Figure 2 illustrates
the website interface.

Pt |

Figure 2. Web interface of the proposed platform

4  Experiment and Results

4.1 Experiment Design

The experiment was implemented as an online study
delivered through the Qualtrics platform [27].
Participants were undergraduate students at Michigan
Technological University, and only individuals without
prior experience in construction, BIM, or related domains
were recruited to control baseline knowledge. The study
received Institutional Review Board approval, and
informed consent was obtained electronically at the
beginning of the session. A total of thirty students
completed the study and were randomly assigned in equal
numbers to two review conditions. One group reviewed
the instructional content using the course-aligned
retrieval-augmented platform developed in this study,
whereas the comparison group examined the same
material using a conventional slide deck.

All participants proceeded through a fixed sequence
of activities within Qualtrics. The session began with an
introduction and consent procedure, followed by a ten-
minute recorded lecture derived from the instructional
slides. After viewing the lecture, students entered the
review phase corresponding to their assigned condition.
The duration of this phase was held constantly to ensure
comparable exposure time across groups. Upon
completing the review activity, participants proceeded to
two assessment components designed to capture
perceptions of the assigned review tool and
understanding of the lecture content.
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User experience was evaluated using the short version
of the User Experience Questionnaire (UEQ) [28], which
provides standardized scales for pragmatic and hedonic
interaction qualities. Learning performance was assessed
through a post-review test that included four multiple-
choice questions and two open-ended explanation
prompts aligned with the lecture material. Each multiple-
choice item contributed one point, and open-ended
responses were scored with a five-point analytic rubric,
yielding a maximum possible score of fourteen. Two
trained raters independently scored the open-ended
responses and resolved discrepancies through discussion
to ensure consistent application of the rubric.

4.2  Experiment Results

User-experience ratings and post-review test scores
were analyzed to compare the two review conditions.
User-experience outcomes are reported according to the
structure of the User Experience Questionnaire (UEQ),
whose conceptual model distinguishes six dimensions of
interaction quality. Attractiveness captures the overall
impression of the system; Perspicuity reflects how easily
users can become familiar with and understand the
interface; Efficiency addresses the degree to which tasks
can be completed without unnecessary effort;
Dependability concerns users’ sense of control and the
predictability of system behavior; Stimulation captures
the degree to which the interaction is perceived as
motivating or exciting; and Novelty reflects the
perceived innovativeness of the system. Each dimension
is measured on a -3 to +3 semantic differential scale,
with  positive values indicating more favorable
evaluations. These dimensions together form a
comprehensive assessment of pragmatic and hedonic
qualities and are therefore used to structure the reporting
of user-experience results in this study.

Table 1 presents the descriptive statistics for the six
UEQ scales across the two review conditions, including
mean values and standard deviations. Mean ratings were
positive in both groups, with the Al review condition
showing higher values on pragmatic-oriented scales
(Perspicuity, Efficiency, Dependability) as well as
Attractiveness, while differences in Stimulation and
Novelty were comparatively limited.

Statistical comparisons were conducted using
independent-samples t-tests. The results indicate that
Perspicuity showed a statistically significant difference
between the two conditions (p < 0.01), whereas
differences in other dimensions did not reach statistical
significance. These results suggest that the Al platform
improves clarity and ease of understanding, while
differences in other aspects remain moderate.



Table 1. UEQ comparison with statistical analysis

. . PPT group Al group
Dimensions Mean SD Mean SD P
Attractiveness 0.17 1.12 0.56 1.08 0.31

Perspicuity 0.20 1.25 1.50 1.10 0'20

Efficiency 0.53 1.18 1.05 1.02 0.16

Dependability 0.85 1.05 090 098 0.89
Stimulation -0.32 130 0.37 1.22 0.12

Novelty -0.32 128 -0.17 1.15 0.70

Learning performance results are summarized in
Table 2. Multiple-choice accuracy (maximum four points)
was similar across conditions, suggesting comparable
recognition-level understanding of the lecture material.
For the open-ended questions (maximum ten points),
consensus rubric scores showed a slight advantage for the
Al review condition; however, the overall difference in
total test scores (maximum fourteen points) was small.
Inter-rater agreement was high prior to reconciliation,
confirming the consistency of the scoring process.

Table 2. Post-review learning performance

Questions PPT group Al platform group
1 0.93 1.00
Multiple- 2 0.87 0.93
choice 3 0.53 0.47
4 1.00 0.93
Open-ended 5 3.40 3.47
question 6 3.00 3.73
Avg. score 9.73 10.53

5 Discussion

5.1 Interpretation of User-Experience

Across the UEQ dimensions, the observed
differences are most evident in the pragmatic aspects of
interaction, particularly those related to clarity and task-
oriented use. This pattern suggests that the platform
supports a more direct and structured review process,
allowing students to engage with course content in a
focused manner. By enabling question-driven interaction
and linking responses to specific instructional materials,
the system reduces the need for manual navigation across
slides. This may facilitate more efficient access to
relevant information and support the interpretation of key
concepts during review.

In contrast, the limited variation observed in
Stimulation and Novelty indicates that affective
responses were relatively stable across conditions. This
outcome is consistent with short-duration interventions
and the widespread familiarity of students with Al-based
tools, both of which can constrain perceived differences
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in engagement or novelty.

With respect to learning performance, the small
differences between conditions suggest that both review
formats were effective in supporting basic understanding.
The slightly higher performance observed in open-ended
responses under the Al condition may reflect differences
in how students organize and express their understanding,
rather than substantial differences in content acquisition.

5.2 Interpretation of Learning Performance

Scores on both the multiple-choice and open-ended
items show a modest advantage for students who
reviewed with the Al-driven platform. The difference in
multiple-choice performance was limited, suggesting
that both review conditions supported short-term recall
of the lecture content. A clearer difference appeared in
the open-ended responses, where students in the Al
condition more often produced answers that were fuller
in scope and better organized.

This contrast reflects the different demands of the two
assessment formats. Multiple-choice items capture
recognition or recall, whereas open-ended questions
require students to organize and express their
understanding. The stronger performance of the Al group
therefore appears to relate to how students structured
their responses rather than to differences in factual recall.
One possible explanation is that the platform enabled
more targeted review through question-driven interaction,
allowing students to clarify key concepts during the
review process. In the slide-based condition, students
relied on self-directed navigation to locate and assemble
relevant information within the same time constraint.

The learning results do not suggest a large separation
in basic content retention between the two conditions.
The more noticeable difference lies in explanatory
performance, where the Al-supported review condition
appears to have better supported the construction of
clearer and more complete written responses.

5.3 Limitations

Several limitations should be acknowledged
regarding both the platform and the experimental design.
At the system level, the current implementation is
restricted to lecture-slide materials and does not yet
incorporate other artifacts central to construction
education, such as drawings, models, schedules, or
specifications. As a result, the platform does not fully
represent the multimodal information environment in
which construction-related learning typically occurs. In
addition, the retrieval and explanation mechanisms have
not been evaluated in scenarios that require multi-step
reasoning or integration across multiple document types,
which limits conclusions about the platform’s
applicability to more advanced instructional tasks.



At the empirical level, the study involved modest
sample size and a single short review session,
constraining the detection of longer-term or cumulative
learning effects. Participants were students without prior
exposure to construction or BIM-related topics; while
this controlled for differences in initial knowledge, it may
not reflect how domain-aware learners interact with
course-aligned Al tools. The assessment also focused on
basic conceptual understanding and brief explanatory
responses, leaving open the question of how the platform
supports  higher-order competencies. Finally, all
interactions occurred within the structured environment
of an online survey instrument, which differs from
classroom or project-based settings where review
behaviors may be more varied. These considerations
should be considered when interpreting the findings.

5.4  Future Research

Future work may advance the platform along several
directions. At the system level, extending retrieval and
explanation capabilities beyond lecture slides to
encompass drawings, BIM models, schedules, and
specifications would more fully reflect the multimodal
information landscape of construction education.
Incorporating mechanisms for cross-document reasoning
and multi-step explanation would also enable the
platform to support instructional tasks that require
synthesizing procedural and representational knowledge
across artifacts.

From an educational perspective, longer-term
classroom deployments are needed to examine how
course-aligned Al support influences learning when
integrated into recurring study routines, project work, or
module-level instruction. Studies involving learners with
prior exposure to construction or BIM would provide
additional insight into how domain knowledge shapes the
use and effectiveness of Al-driven review tools. Further
work could also investigate the platform's role in
supporting  higher-order competencies, such as
coordinating design intent, interpreting model-based
relationships, or evaluating alternative construction
strategies.

Methodologically, future studies may benefit from
incorporating process-level data, including interaction
logs, query patterns, and temporal measures of review
behavior. Such analyses would allow finer-grained
characterization of how students engage with Al-
generated explanations and how these behaviors relate to
performance outcomes. Comparative evaluations across
different configurations of generative Al, including
variations in retrieval granularity or explanation
constraints, may also help clarify which design features
most effectively promote reliable, transparent, and
pedagogically aligned learning support.
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6 Conclusion

This study explored how generative Al, supported by
a Retrieval-Augmented Generation framework, can be
integrated into construction management education to
improve the accessibility, relevance, and traceability of
learning resources. By combining domain-bounded
retrieval with transparent citation mechanisms, the
proposed approach offers a structured pathway through
which students can engage with course materials in
alignment with instructor-approved content while
supporting the active construction of knowledge,
consistent with constructivist perspectives, by helping
learners relate retrieved information to their developing
conceptual understanding.

The analysis of opportunities and challenges indicates
that the effective use of generative Al in educational
settings depends on appropriate model constraints,
reliable data sources, and thoughtful pedagogical
integration. When embedded within a controlled and
well-designed instructional environment, generative Al
has the potential to enrich learners’ engagement with
construction management concepts and to provide more
interpretable pathways for reviewing complex materials.
Future research may extend this work by examining the
framework  with  broader learner  populations,
incorporating additional instructional artifacts such as
drawings and models, and evaluating its influence on
higher-order learning outcomes across diverse curricular
contexts.
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