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Abstract: The construction industry is undergoing a transformative shift through au-
tomation, with advancements in Generative AI (GenAI) and prompt engineering enhanc-
ing safety and efficiency, particularly in high-risk fields like underground construction,
geotechnics, and mining. In underground construction, GenAI-powered prompts are revo-
lutionizing practices by enabling a shift from reactive to predictive approaches, leading
to advancements in design, project planning, and site management. This study explores
the use of Google Gemini, a recent advancement in GenAI, for the prediction of rockburst
intensity levels in underground construction. The Python programming language and
the Google Gemini tool are combined with prompt engineering to generate prompts that
incorporate essential variables related to rockburst. A comprehensive database of 93 docu-
mented rockburst cases is compiled. Subsequently, a systematic method is established that
involves the categorization of intensity levels through data visualization and factor analysis
in order to identify a reduced number of unobservable underlying factors. Furthermore,
K-means clustering is utilized to identify data patterns. The gradient boosting classifier
is then employed to predict the intensity levels of rockburst. The results demonstrate
that GenAI and prompt engineering offers an effective approach for accurately predicting
rockburst events, achieving an accuracy rate of 89 percent. Through predictive modeling
with GenAI, construction engineering experts can proactively evaluate the likelihood of
rockburst, allowing for improved risk management, optimized excavation strategies, and
enhanced safety protocols. This approach enables the automation of complex analyses and
provides a powerful tool for real-time decision-making and predictive insights, offering
significant benefits to industries reliant on underground construction. However, despite
the considerable potential of GenAI and prompt engineering in the construction sector,
challenges related to output accuracy, the dynamic nature of projects, and the need for
human oversight must be carefully addressed to ensure effective implementation.

Keywords: GenAI; prompt engineering; Python; construction; rockburst

1. Introduction
1.1. Generative AI (GenAI)

Tom Freston once stated, “Innovation is taking two things that exist and putting
them together in a new way”. This perspective is consistent with the transformative
role of artificial intelligence (AI) in construction engineering as AI technologies are now
performing functions previously exclusive to humans, including designing, planning, and
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optimizing construction processes. These accomplishments contest conventional beliefs
on human creativity and craftsmanship, illustrating that AI can now be integrated with
human efforts to aid in the development and supervision of complex construction methods.

Generative AI (GenAI) is a type of AI that uses computational methods to create
novel, significant content—such as construction layouts, design blueprints, or architectural
sketches—derived from acquired data. Technologies such as Google Gemini, DALL-E 2,
GPT-4, and Copilot are pioneering advancements in the construction sector by automating
processes ranging from design drafting to project management. In addition to design
uses, GenAI can serve as an intelligent decision support system for construction activities,
including forecasting project schedules, producing cost estimates, and automating inter-
team communication. Industry assessments forecast that the emergence of GenAI may
elevate global GDP by 7% and potentially transform millions of occupations, including
construction management and skilled trades [1]. This potential presents both promising
prospects and significant obstacles, particularly in a domain where safety and accuracy
are essential.

Unimodal and multimodal generative models represent different approaches in
GenAI [2], principally differentiated by the type and variety of content they produce
or analyze. Unimodal generative models, such as GPT for text and StyleGAN for images,
focus on the production and understanding of data within a singular modality. In con-
trast, multimodal generative models like DALL-E and CLIP can process and integrate
various data types, such as text and images, facilitating cross-modal functionalities, such
as generating images from textual descriptions or comprehending relationships between
visual and textual content. Figure 1 presents a comprehensive examination of the distinct
methodologies employed in GenAI.
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A prime example of a multimodal GenAI model is Google Gemini. Google Gem-
ini is designed to understand and respond to a wide range of prompts, including text,
code, audio, image, and video [3]. This versatility enables it to perform tasks like translat-
ing languages, writing different kinds of creative content, and even assisting in complex
problem-solving. The multimodal characteristics of Google Gemini make it a potent instru-
ment for several applications, ranging from productivity enhancement to the advancement
of scientific research.

The swift advancement of tools such as Google Gemini and ChatGPT [4] exemplifies
the transformative characteristics of GenAI, which not only produces superior content but
also provides insight into the future of GenAI [5,6]. The dispute regarding AI’s sentience
persists; nonetheless, the incorporation of machine learning (ML) and deep learning (DL)
has enhanced AI’s functionalities in construction automation, yielding increased efficien-
cies in areas such as predictive maintenance and supply chain management. As GenAI
becomes more integrated into construction workflows, it facilitates intelligent collaboration
between human engineers and GenAI systems, optimizing project outcomes and improving
decision-making [7,8]. For example, GenAI can aid construction managers by proposing
effective solutions to problems, automating safety inspections, and facilitating real-time
data analysis [9].

The adoption of GenAI in construction automation stands at a pivotal juncture, offering
transformative potential across design, project planning, and site management. Although
corporations such as Microsoft persist in advancing more efficient and proficient GenAI
models [10], the scholarly discussion regarding its foundational concepts and socio-economic
implications remains insufficiently explored [11,12]. The integration of GenAI in construction
heralds substantial innovation, encompassing automated design, layout planning, and con-
struction site oversight. However, difficulties such as assuring transparency, mitigating biases
in prediction algorithms, and preventing misuse must be meticulously addressed to guarantee
successful implementation [13,14]. Consequently, a comprehensive ethical framework is es-
sential to direct the incorporation of GenAI into construction, guaranteeing its responsible and
sustainable application in the development of underground structures. This study utilizes the
capabilities of Google Gemini to transform rockburst prediction in underground construction.
By capitalizing on Google Gemini’s ability to analyze and integrate diverse data sources, the
research aims to develop a reliable prediction model.

GenAI has transformed the landscape in a variety of construction domains, bridging
the gap between past lessons, present challenges, and future possibilities. Historically,
risk assessments relied on manual data analysis and reactive approaches [15–17]. Today,
GenAI enables predictive modeling, automates complex analyses, and supports real-time
decision-making, ensuring safer and more sustainable operations. Looking forward, this
technology holds the potential to transform industries by forecasting risks with unparalleled
precision, enhancing resilience against unforeseen events, and driving innovative solutions
for environmental sustainability in increasingly complex systems.

1.2. Prompt Engineering

Prompt engineering is an emerging field that entails the formulation and refinement
of input inquiries, or “prompts”, to elicit specific responses from Large Language Models
(LLMs). This technique is vital as it directs LLMs to produce relevant and useful outputs,
allowing both developers and users to enhance model performance and discover new
applications efficiently [18]. Well-structured prompts guide LLMs to generate more precise
and valuable results, helping users maximize the capabilities of these models. Effective
prompt engineering serves as a valuable tool, enabling the customization of outputs,
exploring innovative applications, and optimizing resources [19]. It offers consistent
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solutions to recurring issues encountered in generating accurate responses with LLMs,
supporting progress in AI research, especially within conversational AI.

In addition, prompt engineering delineates systematic methodologies for constructing
prompts applicable to diverse contexts, rendering it versatile across multiple disciplines. This
adaptability enables the integration of various prompt patterns to enhance outputs, promot-
ing knowledge exchange between LLM users and developers [20]. It enables developers
to comprehend model behavior more effectively, directs LLMs towards accurate and infor-
mative responses, and improves few-shot learning by integrating optimized prompts with
conventional in-context learning prompts. These methodologies facilitate the development of
effective chatbots, virtual assistants, and specialized tools, enhancing performance in NLP
tasks [21].

With the expansion of the area, rapid engineering is expected to have an increasingly
vital role in realizing the complete capabilities of LLMs. By empowering developers and
users to produce precise language outputs rapidly, it is poised to become an increasingly
significant resource for enhancing efficiency and advancing corporate operations across
all sectors. This nascent area may potentially create new employment opportunities for
individuals proficient in prompt engineering. Ongoing experimentation with enhanced
prompts may facilitate the creation of user-friendly interfaces for precise control over LLM
outputs, enabling the fine-tuning of generated content and broadening the scope of LLM
applications in previously unattainable ways [22,23]. Prompt engineering plays a vital
role in automating processes in construction, particularly in addressing challenges like
rockburst. By designing targeted prompts and leveraging automation tools, engineers can
streamline data analysis, predict rockburst occurrences, and implement safety measures
effectively. Automation enhances efficiency by reducing manual intervention, allowing for
more accurate assessments of construction sites prone to rockburst.

1.3. Google Gemini

Google Gemini, introduced on 6 December 2023, by Google DeepMind, is a fifth-
generation multimodal AI tool designed to compete with leading models in the field [3,24].
The Google Gemini lineup includes three versions—Gemini Nano, Gemini Pro, and Gemini
Ultra—each tailored to meet diverse user requirements and application needs.

Google Gemini’s primary advantage lies in its ability to handle and generate content
across multiple formats, including text, images, audio, PDFs, and video, making it highly
applicable for educational technology, where comprehensive responses are valuable [25,26].
It is particularly proficient in tasks such as text manipulation, programming computations,
question interpretation, and code generation, which distinguishes it from other AI models
and enhances its effectiveness in solving complex issues and producing a variety of content.

Google Gemini’s multimodal functionality, enabling it to work seamlessly with text,
images, audio files, PDFs, and videos, is crucial to our research as it supports the integration
of data from multiple formats for comprehensive analysis [27]. The model’s capabilities
in text analysis, programming assistance, logical reasoning, and code generation further
enhance its suitability for organizing queries by complexity and hierarchy. By evaluating
its performance across simple to complex environments, a broad understanding of its
strengths and limitations were gained, making Google Gemini an essential model [28].

The integration of GenAI and prompt engineering presents transformative possibili-
ties in construction engineering, where precision and adaptability are paramount. These
technologies offer powerful tools to analyze structural behavior, assess risks, and enhance
predictive capabilities, enabling more effective responses to complex geotechnical chal-
lenges. The combination of GenAI with prompt engineering offers significant potential
for improving rockburst assessment using advanced predictive models. This method is
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proficient at handling large datasets and intricate geotechnical situations, thereby providing
more reliable insights.

This study aims to enhance the comprehension of rockburst prediction in underground
structures by investigating the contributions of GenAI and prompt engineering techniques.
It utilizes Python programming, integrated within the Google Gemini platform, to create
prompts that incorporate significant variables affecting rockburst. This methodology seeks
to enhance the application of GenAI in construction engineering, offering more accurate
and efficient solutions for managing rockburst in underground engineering structures.

2. Recent Developments in Rockburst Assessment: Contemporary
Methods and Related Challenges

Contemporary societies rely significantly on intricate civil infrastructures that are
susceptible to numerous natural disasters, environmental influences, and excessive opera-
tional pressures [29–31]. Tunneling operations have historically faced technical challenges,
which become increasingly significant as tunnels are constructed at greater depths [32].
The instability of rock formations and the potential for rockburst present significant risks
to personnel and equipment [33]. Advanced solutions and best practices are essential for
mitigating these risks and reducing the severity of rockburst. Deep tunnels exhibit a high
vulnerability to rockburst, potentially leading to prolonged operational disruptions [34–36].
It is imperative to enhance the methods of risk assessment and to further comprehend
the factors that contribute to the occurrence of rockburst. This research examines the
applicability of GenAI and prompt engineering methods in tackling these issues.

Predicting rockburst is difficult due to the intricacy of their occurrence. In order to
produce a dependable tool that can accurately predict this event and consider all of the factors
that are influencing it, a significant amount of effort must be devoted [37]. For the development
of a predictive tool that is effective, it is essential to have a thorough comprehension of the
components that contribute to rockburst. The incidence of rockburst is affected by various
factors, some of which are extensively documented by several researchers. In [31,38,39] four
principal categories has delineated that contain the most significant factors: mining activities,
geology, seismic events, and geotechnical characteristics. Multiple researchers [40–43] have
investigated the influence of these factors on the rockburst phenomenon. Figure 2 presents
a schematic representation of factors contributing to rockburst events, organized into two
primary categories: rock mass characteristics and stress conditions.
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The effects of dynamic disturbances, such as earthquakes, vibrations, explosions, and
stress impacts from nearby rockburst, may exacerbate the damage caused by rockburst [45].
In addition, the excavation of underground structures can lead to rockburst situations
because it changes the stress field and the stiffness of the surrounding material [46]. The
geotechnical properties of rocks, including their strength and brittleness, cause strain energy
to build up and then be released; rocks that are harder and more brittle are more likely
to split or fail. Along with discontinuities and in situ stresses, other crucial geotechnical
elements are involved in the occurrence of rockburst [47]. Because they change the stress
distribution in the area and impact the loading system’s stiffness, faults and shears can
make rockburst severe [48].

Rockburst is a common occurrence in underground excavations near geological fea-
tures like dikes, faults, and wide fractures [49]. Rockburst is more likely to occur if there
are weak planes close to these structures. Jiang et al. [50] examined natural rockburst
and highlighted the significant role of weak planes. This phenomenon was studied in
deep tunnels by Zhou et al. [51] with the use of laboratory shear testing. This parameter
affects the probability of rockburst, according to Manouchehrian and Cai. [37], who used
numerical simulations to investigate structural plane features. Applying micro-seismic
monitoring, Feng et al [52] investigated how geological characteristics impact rockburst
events, finding that discontinuities can change micro-seismic patterns. The existence of
structural planes significantly increases the likelihood and severity of rockburst [53]. How-
ever, it has been observed that the frequency and intensity level of subsequent occurrences
frequently decrease after an initial rockburst. Su et al. [54] conducted rockburst testing
using real triaxial equipment and video monitoring, revealing that the spatial location of
structural plane dips has a substantial influence on the rockburst phenomenon and should
be carefully considered.

Physical, numerical, or empirical models are frequently used to predict rockburst
in deep tunnels, but this process is time-consuming and costly. Consequently, novel ap-
proaches and resources are highly sought after in order to overcome these limitations.
There has been a rise in the use of ML and DL techniques in several fields, such as rock
mechanics, soil mechanics, geotechnical engineering, and tunneling [55–58]. ML is useful
for making accurate predictions about key project features throughout the planning, de-
velopment, and completion stages. The ability of ML techniques to represent nonlinear
data interactions is a major strength that allows for the uncovering of intricate patterns
and correlations that would otherwise go unnoticed by more straightforward analytical or
empirical approaches. While ML does require a lot of processing power during training, it
makes rapid and accurate predictions in real-time applications once trained. In complex
scenarios, traditional approaches may not be as accurate or reliable as ML models, despite
the fact that they are more rapid and require less computing capacity for initial predictions.
Rockburst in underground constructions, including tunnels and mines, have been predicted
through the use of ML in numerous studies [39,59,60]. GenAI is a particular subfield of AI
that concentrates on the development of new content or simulations from existing data.
AI encompasses a broad spectrum of techniques for data analysis and decision-making.
Traditional AI methods employ historical data and pattern recognition to predict events in
the context of rockburst prediction, utilizing established models. In contrast, GenAI has
the ability to create innovative predictive scenarios, thereby providing a more dynamic
and adaptive approach to assessing and mitigating the risks associated with rockburst.
This distinction emphasizes the potential of GenAI to improve predictive accuracy and
offer more profound insights in comparison to traditional AI methodologies. This study
is entirely devoted to the prediction of rockburst through the application of GenAI and
prompt engineering in underground construction. The authors’ previous publication [61]
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is recommended for a comparative analysis of the most recent results from AI models with
existing rockburst prediction methods.

3. Methodology
This research focuses on utilizing GenAI and prompt engineering to predict rockburst

intensity level within a Python programming language, leveraging Google Gemini platform.
The study compiled a comprehensive database consisting of 93 documented rockburst
cases. The main steps of the research process are outlined as follows:

1. Rockburst intensity levels were categorized into four distinct classes;
2. Data visualization methods were employed to analyze the impact of input variables

on rockburst intensity levels;
3. Factor analysis (FA) was conducted to identify the most critical variables influenc-

ing rockburst;
4. K-means clustering was utilized to segment the dataset into four clusters, enabling

the identification of patterns within the data;
5. The gradient boosting classifier was applied to predict rockburst intensity levels;
6. Several performance criteria—including the confusion matrix, precision, recall, F1-

score, and accuracy—were used to assess the gradient boosting classifier’s perfor-
mance. Figure 3 provides a detailed flowchart, outlining the sequential steps and
methodology employed throughout the study.

3.1. Data Acquisition

To construct the database for this study, a total of 93 short-term rockburst events, each
characterized by six key variables, were gathered from the microseismic monitoring data
of the Jinping-II hydropower project in China [62]. These variables include: Cumulative
Number of Events (Z1) per unit, Event Rate (Z2) in events per day, the logarithm of the
Cumulative Release Energy (Z3) in joules (J), the logarithm of the Energy Rate (Z4) in
joules per day (J/day), the logarithm of the Cumulative Apparent Volume (Z5) in cubic
meters (m3), and the logarithm of the Apparent Volume Rate (Z6) in cubic meters per day
(m3/day). The dataset used in this analysis is sourced from [63], which is based on data
provided by [62]. The comprehensive description of the Jinping-2 Hydropower Project and
the preprocessing methods can be found in the authors’ previous publication [61].
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The rockburst intensity levels were categorized into four categories: Level 0, rep-
resenting no rockburst, where the rock specimen exhibits no significant fracture on the
free face; Level 1, indicating a slight rockburst, characterized by minor displacement of
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fragments and limited kinetic energy release; Level 2, describing a moderate rockburst,
where block spalling occurs in the rock mass along the tunnel and roadway walls; and
Level 3, corresponding to a violent rockburst, marked by massive spalling of the rock mass
and significant deformation of the surrounding rock.

3.2. Factor Analysis

Factor analysis (FA) is a widely used statistical method in data preprocessing aimed
at reducing dimensionality. It is a complex technique that reduces a large volume of data
into a smaller set of factors by grouping related parameters into meaningful constructs [64].
In FA, factors represent a range of variables whose cross-correlation helps minimize the
overall variance. The rotation process in FA assumes that each factor could explain the
relationship between different sets of variables [65].

Principal Component Analysis (PCA), often employed in FA, transforms a set of
correlated input variables into a set of uncorrelated random variables. PCA reconfigures
the data by identifying the principal component as the direction of maximum variance,
with variables being represented along the new axes. This transformation may lead to some
loss of detailed information regarding the relationships between the original variables [66].
The rotation procedure in FA helps to clarify the underlying meaning of the principal
components, capturing most of the total variance in the dataset. During this process, the
data are rotated counterclockwise, with the first axis representing the largest variance, and
subsequent axes reflecting the remaining variance. The rotation can sometimes result in a
reduction in data closest to the origin, depending on the configuration of the dataset.

3.3. K-Means Clustering

Cluster analysis is a quantitative method used to categorize data into groups with
similar characteristics. It organizes observations into homogeneous subsets or divides
large datasets into smaller, meaningful groups. Among the various techniques available,
K-means clustering is a popular approach, offering flexibility to select a specific number
of clusters to best represent the data [67]. This method evaluates and separates data
into distinct groups by assessing the diversity in observed variables, which define the
characteristics of each cluster [68]. K-means clustering is widely used by researchers to
identify patterns and detect anomalies across datasets.

Determining the optimal number of clusters, k, is a critical step in the clustering
process [69], as the final clusters rely on the initial selection of cluster centers. This non-
hierarchical technique groups data based on distance, creating specialized clusters by
considering quantitative variables. However, it does not account for qualitative data ele-
ments. The performance of the K-means algorithm depends significantly on the quality and
distribution of the data, making it essential for researchers to ensure well-prepared datasets
for accurate clustering outcomes. The detailed description of the K-means clustering
algorithm can be found in the authors’ previous publications [29,70].

3.4. Gradient Boosting Classifier

The gradient boosting classifieris a ML technique designed to enhance predictive
performance by sequentially combining weak classifiers—models that perform slightly
better than random chance—into a single, robust framework [71]. Unlike bagging methods,
where base models are trained independently, boosting methods like gradient boosting
classifierconstruct models in a sequential manner, focusing on correcting the errors made
by earlier models. This iterative process prioritizes hard-to-classify instances, improving
the overall accuracy and robustness of the classifier.

The boosting mechanism adapts by refining the predictions of weaker models and
iteratively creating stronger learners. The concept was introduced through [72], addressing
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Kearns’ question on whether a combination of weak learners could create a strong learner.
Weak learners are algorithms that marginally outperform random guessing, while strong
learners offer significantly better predictive power. Schapire’s [72] findings showed that
combining several weak learners effectively results in a powerful, cohesive classification
model capable of addressing complex problems with higher accuracy. The detailed mathe-
matical description for the gradient boosting classifier can be found in the author’s previous
publication [73].

4. Results and Discussion
4.1. Problem-Solving Strategy Leveraging GenAI for Automated Code Creation

Figure 4 illustrates the systematic workflow adopted to address the problem using
GenAI for code generation. The procedure initiates with the formulation of a narrative
prompt, intentionally avoiding complex mathematical equations or formulations. This
approach allows Google Gemini model to autonomously interpret the problem and generate
the corresponding Python code. The code, once generated, is executed, and the resulting
outputs are subjected to a rigorous validation process by the users. During this validation
phase, any discrepancies or issues identified in the initial output are addressed by the
users, who then issue iterative prompts to further refine the code. This process of providing
feedback and optimizing the prompts continues, with each iteration aiming to correct any
errors and enhance the precision of the generated code.

Through repeated refinement and adjustment of the prompts, the GenAI model is
trained to produce outputs that align more closely with the desired results. This iterative
loop of prompt optimization and code validation ensures that the final output is both
accurate and robust, meeting the predefined objectives and criteria set by the users. The
continuous cycle of refinement facilitates the development of error-free code, with each
prompt improving upon the last, ultimately ensuring that the output generated by Google
Gemini meets the expected standards of performance and accuracy.

4.2. User Prompts, Responses by Google Gemini, and Generated Results

This section provides a detailed explanation of the process for generating Python
code to perform rockburst analysis using GenAI. The procedure begins with loading the
relevant dataset into Python, where integration with Google Gemini is used to facilitate
the generation of the code. It is important to emphasize that while the user prompt clearly
instructs Google Gemini to generate code, it refrains from specifying the exact mathematical
formulas or underlying principles behind the chosen method. As a result, Google Gemini
autonomously interprets the task, applying its GenAI-driven capabilities to create the
necessary code.

The Python code produced by Google Gemini is organized in a structured manner,
ensuring readability and coherence. Each section of the code corresponds to specific user
prompts, and these sections are presented here in distinct indices to highlight the process
of code generation. This ensures a clear understanding of how the prompts align with
the AI-generated outputs. The following subsections will elaborate on the individual
components of the Python code, providing insights into the AI’s ability to autonomously
generate functional code for complex computational tasks, such as rockburst assessment,
while maintaining clarity and precision throughout the workflow.
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Prompt 1. I have provided the ’Rockburst data.xlsx’ file in the directory. Could you
kindly load it and show me the first five rows of the dataset?

Responses by Google Gemini: In response to Prompt 1, Google Gemini first used the
panda’s library to import the Excel file into a DataFrame (see Index 1). The df.head() func-
tion is then applied, which by default shows the first five rows of the dataset (see Table 1).
This method allows for a quick overview of the dataset’s structure and initial content.

Table 1. The initial five rows from the rockburst database.

Z1 Z2 Z3 Z4 Z5 Z6 Level

41 3.727 4.694 3.653 4.926 5.968 3
14 1.556 4.622 3.668 4.887 5.841 2
17 1.889 4.397 3.443 3.8 4.754 2
18 1.8 4.703 3.703 4.295 5.295 2
10 1.429 4.238 3.393 4.477 5.322 2

Index 1. Load the Excel file into a pandas DataFrame and display the first 5 rows:
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Prompt 2. Please provide the statistical summary of the dataset loaded earlier. 

import pandas as pd 

 

# Load the Excel file into a pandas DataFrame. 
try: 

  df = pd.read_excel('Rockburst data.xlsx') 

  # Display the first five rows of the DataFrame. 
  print(df.head()) 

except FileNotFoundError: 

  print("Error: 'Rockburst data.xlsx' not found in the current 
directory.") 

except Exception as e: 

  print(f"An error occurred: {e}") 

Prompt 2. Please provide the statistical summary of the dataset loaded earlier.
Responses by Google Gemini: To get a statistical summary of the rockburst dataset, the

df.describe() function has been used from the pandas library as depicted in Index 2. This
function provides key statistical measures for each numerical column in the DataFrame,
which are presented in Table 2.

Table 2. The statistical parameter of the rockburst dataset.

Z1 Z2 Z3 Z4 Z5 Z6 Level

count 93 93 93 93 93 93 93
mean 13.01075 1.735226 4.150409 3.333484 3.562011 4.389312 1.182796

std 13.76392 1.747702 0.663163 0.591343 1.33905 1.448699 1.082933
min 1 0.111 2.511 1.666 0.178 0.78 0
25% 4 0.75 3.728 2.964 2.882 3.882 0
50% 8 1.222 4.251 3.477 3.744 4.619 1
75% 17 2 4.681 3.758 4.602 5.322 2
max 70 12.25 5.168 4.393 5.89 7.094 3

Index 2. Compute the statistical summary data for the rockburst database.
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import pandas as pd 

 
# Load the Excel file into a pandas DataFrame. 

try: 

  df = pd.read_excel('Rockburst data.xlsx') 
  # Display the statistical summary of the DataFrame. 

  print(df.describe()) 

except FileNotFoundError: 
  print("Error: 'Rockburst data.xlsx' not found in the current directory.") 

except Exception as e: 

  print(f"An error occurred: {e}") 
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Prompt 3. Please create a pie chart to analyze the distribution of intensity levels in
the dataset. Replace the: “0” with “No rockburst”, “1” with “Light rockburst”, “2” with
“Moderate rockburst”, and “3” with “Violent rockburst” in the pie chart.

Responses by Google Gemini: To create a pie chart analyzing the distribution of rockburst
intensity levels, a data visualization library like Matplotlib has been utilized, as shown in
Index 3. This code creates a pie chart where each slice represents a rockburst level, and
the size of the slice corresponds to the proportion of instances in that level (see Figure 5).
The labels on the slices have been listed as “No Rockburst”, “Light Rockburst”, “Moderate
Rockburst”, and “Violent Rockburst”.
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Index 3. Distribution of rockburst intensity level. 

import pandas as pd 
import matplotlib.pyplot as plt 

 

try: 
    df = pd.read_excel('Rockburst data.xlsx') 

     

    # Assuming the last column is the target variable named 
'Level' 

    level_counts = df['Level'].value_counts() 

 
    # Create a dictionary to map numerical levels to 

descriptive labels 

    level_labels = { 
        0: "No rockburst", 

        1: "Light rockburst", 

        2: "Moderate rockburst", 
        3: "Violent rockburst" 

    } 

 
    # Replace numerical levels with labels in level_counts 

    level_counts.index = level_counts.index.map(level_labels) 

 
    # Create the pie chart 

    plt.figure(figsize=(8, 8)) 

    plt.pie(level_counts, labels=level_counts.index, 
autopct='%1.1f%%', startangle=90) 

    plt.title('Distribution of Rockburst Level') 

    plt.axis('equal')  # Equal aspect ratio ensures that pie 
is drawn as a circle. 

    plt.show() 

 
except FileNotFoundError: 

    print("Error: 'Rockburst data.xlsx' not found in the 

current directory.") 
except KeyError: 

    print("Error: 'Level' column not found in the dataset. 

Please check the column name.") 
except Exception as e: 

    print(f"An error occurred: {e}") 
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current directory.") 
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    print("Error: 'Level' column not found in the dataset. 
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Prompt 4. Please plot the pairwise relationships between the Z1, Z2, Z3, Z4, Z5, and Z6
and “Level”.

Responses by Google Gemini: To visualize the pairwise relationships between the Z1,
Z2, Z3, Z4, Z5, Z6, and “Level” columns, the scatter plots have been used (see Index 4).
This code creates a matrix of scatter plots, where each plot shows the relationship between
two variables. The diagonal line represents the distribution plots for the six parameters,
while the non-diagonal line displays the correlation scatter plots between the parameters
(see Figure 6). The differences in parameter distributions across the four rockburst intensity
levels were minimal, and no significant relationships were identified between the attributes.
As a result, it was difficult to classify the rockburst intensity level using a single attribute.
To improve accuracy, it would be more effective to consider the combined influence of
all parameters.
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import pandas as pd 

import matplotlib.pyplot as plt 

import seaborn as sns 
 

try: 

    df = pd.read_excel('Rockburst data.xlsx') 
     

    # Select the specified columns for the pairplot 

    columns_to_plot = ['Z1', 'Z2', 'Z3', 'Z4', 'Z5', 'Z6', 
'Level'] 

     

    # Create the pairplot 
    sns.pairplot(df[columns_to_plot], hue='Level') 

    plt.show() 

 
except FileNotFoundError: 

    print("Error: 'Rockburst data.xlsx' not found in the 

current directory.") 
except KeyError as e: 

    print(f"Error: Column '{e}' not found in the dataset. 

Please check the column names.") 
except Exception as e: 

    print(f"An error occurred: {e}") 
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Prompt 5. Please divide the dataset into features (X) and target (y), with the target
being the last column of the data.

Responses by Google Gemini: The code shown in Index 5 was generated in response to
Prompt 5. The features (X) are extracted from all columns except the last one, which is
assigned as the target (y).

Index 5. Partitioning the data into independent and dependent variables.
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except FileNotFoundError: 
    print("Error: 'Rockburst data.xlsx' not found in the current 

directory.") 
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Prompt 6. Please implement the factor analysis algorithm for dimensionality reduction
on the X data and plot the results in 3D.

Responses by Google Gemini: FA was implemented on the rockburst dataset to reduce
the dimensionality from high to low resolution, as shown in Index 6. The reduced data is
then visualized in a 3D plot (see Figure 7).



Buildings 2025, 15, 1281 16 of 27
Buildings 2025, 15, x FOR PEER REVIEW  19  of  30 
 

 

Figure 7. A three-dimensional plot using the FA-processed rockburst data. 

Prompt 7: Please implement the K-means clustering with 4 clusters on the factor anal-

ysis output data. 

Responses by Google Gemini: In response to Prompt 7, the FA-acquired data is grouped 

into four clusters using the K-means clustering, based on the four distinct rockburst in-

tensity levels (see Index 7). The resulting clusters are then visualized in a 3D plot, as de-

picted in Figure 8. 

Figure 7. A three-dimensional plot using the FA-processed rockburst data.

Index 6. Perform factor analysis on the given rockburst database.

Buildings 2025, 15, x FOR PEER REVIEW  18  of  30 
 

 

    import pandas as pd 

    from sklearn.decomposition import FactorAnalysis 
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    from mpl_toolkits.mplot3d import Axes3D 

     
    df = pd.read_excel('Rockburst data.xlsx') 

    X = df.iloc[:, :-1] 

 
    # Apply Factor Analysis 

    fa = FactorAnalysis(n_components=3, random_state=0) # Reduce 

to 3 components 
    X_transformed = fa.fit_transform(X) 

 

    # Create a 3D plot 
    fig = plt.figure(figsize=(10, 8)) 

    ax = fig.add_subplot(111, projection='3d') 

 
    ax.scatter(X_transformed[:, 0], X_transformed[:, 1], 

X_transformed[:, 2]) 

    ax.set_xlabel('Factor 1') 
    ax.set_ylabel('Factor 2') 

    ax.set_zlabel('Factor 3') 

    ax.set_title('Factor Analysis - 3D Plot') 
    plt.show() 

 

except FileNotFoundError: 
    print("Error: 'Rockburst data.xlsx' not found in the current 

directory.") 

except Exception as e: 
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sity levels (see Index 7). The resulting clusters are then visualized in a 3D plot, as depicted
in Figure 8.
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Index 7. Implement K-means clustering on data acquired from FA.
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    df = pd.read_excel('Rockburst data.xlsx') 

    X = df.iloc[:, :-1] 

 
    # Apply Factor Analysis 

    fa = FactorAnalysis(n_components=3, random_state=0) 

    X_transformed = fa.fit_transform(X) 
 

    # K-Means Clustering 

    from sklearn.cluster import KMeans 
    kmeans = KMeans(n_clusters=4, random_state=0) 

    kmeans.fit(X_transformed) 

    labels = kmeans.labels_ 
 

    # Add cluster labels to the transformed data 

    X_transformed_df = pd.DataFrame(X_transformed, 
columns=['Factor 1', 'Factor 2', 'Factor 3']) 

    X_transformed_df['Cluster'] = labels 

 
    # Visualize the clusters (3D scatter plot) 

    fig = plt.figure(figsize=(10, 8)) 

    ax = fig.add_subplot(111, projection='3d') 
    scatter = ax.scatter(X_transformed_df['Factor 1'], 

X_transformed_df['Factor 2'],  

                        X_transformed_df['Factor 3'], 
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Add legend 

    plt.show() 
 

except FileNotFoundError: 

    print("Error: 'Rockburst data.xlsx' not found in the current 
directory.") 

except Exception as e: 

    print(f"An error occurred: {e}") 
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Prompt 8. Please split the X_fa and labels data into training and testing sets using an
80:20 ratio.

Responses by Google Gemini: The FA data, along with the labels obtained from the
K-Means clustering, are divided into training and testing datasets to prepare the data for
the gradient boosting classifier. Eighty percent of the data is allocated for training, while
the remaining twenty percent is designated for testing (see Index 8).

Index 8. Partition the rockburst data into training and testing sets.
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from sklearn.model_selection import train_test_split 

 
try: 

    df = pd.read_excel('Rockburst data.xlsx') 

    X = df.iloc[:, :-1] 
 

    # Apply Factor Analysis 

    fa = FactorAnalysis(n_components=3, random_state=0) 
    X_fa = fa.fit_transform(X) 

     

    labels = df.iloc[:, -1] 
 

    # Split data into training and testing sets 

    X_train, X_test, y_train, y_test = train_test_split(X_fa, labels, 
test_size=0.2, random_state=42) 

 

    print("X_train shape:", X_train.shape) 
    print("X_test shape:", X_test.shape) 

    print("y_train shape:", y_train.shape) 

    print("y_test shape:", y_test.shape) 
 

except FileNotFoundError: 

    print("Error: 'Rockburst data.xlsx' not found in the current 
directory.") 

except Exception as e: 

    print(f"An error occurred: {e}") 

Prompt 9. Please apply and fit the gradient boosting classifier algorithm on the X_fa
and labels on the training data, and evaluate the results on the X_fa testing and labels data
using a classification report.

Responses by Google Gemini: The gradient boosting classifier algorithm is employed to
predict the four distinct intensity levels of rockburst in the dataset. To evaluate the perfor-
mance of the classifier, various performance metrics such as the confusion matrix, precision,
recall, F1-score, and accuracy were utilized, as referenced in our previous studies [29,70].
This evaluation method is also applied in this study (see Index 9). Table 3 presents the
classification report for the four different rockburst intensity levels: “No Rockburst”, “Light
Rockburst”, “Moderate Rockburst”, and “Violent Rockburst”. The results indicate that the
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integration of GenAI and prompt engineering offers a powerful approach for accurately
predicting rockburst events, achieving an impressive accuracy rate of 89%.

Table 3. Classification report for predicted rockburst intensity levels.

Precision Recall f1-Score Support

0 1 1 1 7
1 0.6 1 0.75 3
2 1 0.6 0.75 5
3 1 1 1 4

accuracy 0.894737 0.894737 0.894737 0.894737
macro avg 0.9 0.9 0.875 19

weighted avg 0.936842 0.894737 0.894737 19

Index 9. Prediction of rockburst intensity level by gradient boosting classifier.
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with “Light rockburst”, “2” with “Moderate rockburst”, and “3” with “Violent rockburst”. 

# prompt: Please apply and fit the gradientboosting Classifier 

algorithm on the X_fa and labels training data with n_neighbors=4 and 

evaluate the results on the X_fa testing and labels data using a 
classification report.  

 

from sklearn.ensemble import GradientBoostingClassifier 
from sklearn.metrics import classification_report 

 

try: 
    # Assuming X_fa, X_train, X_test, y_train, y_test are defined from 

previous code 

    # Initialize and train the GradientBoostingClassifier 
    gbc = GradientBoostingClassifier(n_estimators=100, 

random_state=42) # You can adjust parameters here 

    gbc.fit(X_train, y_train) 
 

    # Make predictions on the test set 

    y_pred = gbc.predict(X_test) 
 

    # Evaluate the model 

    print(classification_report(y_test, y_pred)) 
 

except NameError: 

    print("Error: X_train, X_test, y_train, or y_test not defined. 
Please ensure the previous code block has run successfully.") 

except Exception as e: 

    print(f"An error occurred: {e}") 
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Prompt 10. Please plot a confusion matrix. Replace the “0” with “No rockburst”, “1”
with “Light rockburst”, “2” with “Moderate rockburst”, and “3” with “Violent rockburst”.

Responses by Google Gemini: A confusion matrix is generated to assess the performance
of the proposed algorithm, as shown in Index 10. Figure 9 displays the confusion matrix
for the rockburst dataset, with the labels “0” replaced by “No rockburst”, “1” by “Light
rockburst”, “2” by “Moderate rockburst”, and “3” by “Violent rockburst”.

Buildings 2025, 15, x FOR PEER REVIEW  25  of  30 
 

 

Figure 9. Confusion matrix to assess predictions in the rockburst dataset. 

Hence, it has been demonstrated that GenAI and prompt engineering have the po-

tential to transform the predictive modeling of rockburst  in underground construction. 

With  the use of cutting-edge GenAI capabilities, engineers can now produce real-time, 

more accurate predictive models that offer vital information about probable rockburst in-

cidents. This novel model  improves safety and efficiency  in underground construction 

while initiating a new phase of proactive risk management. By utilizing optimal prompts 

and GenAI  insights,  the  sector may  transition  from  reactive  to predictive  techniques, 

thereby enhancing safety and sustainability in construction processes. 

4.3. Obstacles in the Strategic Execution of GenAI and Prompt Engineering 

GenAI and prompt engineering offer significant potential in construction industry, 

but they come with notable limitations that must be carefully addressed. One key chal-

lenge is the accuracy and reliability of outputs. Construction projects demand precise and 

context-specific solutions, especially in safety-critical areas like structural design or rock-

burst risk assessment. However, GenAI models may produce generalized or inaccurate 

results due to their dependence on input prompts and training data, which often lack the 

domain-specific depth  required  for  complex  construction  tasks. This  reliance on high-

quality data is another limitation, as construction data are frequently incomplete or incon-

sistent, impacting the effectiveness of GenAI-driven insights. 

Another significant limitation lies in the inability of GenAI to fully grasp the dynamic 

and site-specific nature of construction projects. Factors such as geological variability, lo-

cal regulations, and project constraints require a nuanced understanding, which AI cannot 

always provide. Furthermore, while GenAI can generate outputs, it struggles with creat-

ing  detailed  visualizations  designs  necessary  for  implementation.  Integration  with 

Figure 9. Confusion matrix to assess predictions in the rockburst dataset.

Index 10. Generate a confusion matrix to interpret the rockburst database.

Buildings 2025, 15, x FOR PEER REVIEW  24  of  30 
 

Responses by Google Gemini: A confusion matrix is generated to assess the performance 

of the proposed algorithm, as shown in Index 10. Figure 9 displays the confusion matrix 

for the rockburst dataset, with the labels “0” replaced by “No rockburst”, “1” by “Light 

rockburst”, “2” by “Moderate rockburst”, and “3” by “Violent rockburst”. 

Index 10. Generate a confusion matrix to interpret the rockburst database. 

from sklearn.metrics import confusion_matrix 

import numpy as np 
 

try: 

    # Assuming y_test and y_pred are defined from the previous 
code block 
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Hence, it has been demonstrated that GenAI and prompt engineering have the po-
tential to transform the predictive modeling of rockburst in underground construction.
With the use of cutting-edge GenAI capabilities, engineers can now produce real-time,
more accurate predictive models that offer vital information about probable rockburst inci-
dents. This novel model improves safety and efficiency in underground construction while
initiating a new phase of proactive risk management. By utilizing optimal prompts and
GenAI insights, the sector may transition from reactive to predictive techniques, thereby
enhancing safety and sustainability in construction processes.

4.3. Obstacles in the Strategic Execution of GenAI and Prompt Engineering

GenAI and prompt engineering offer significant potential in construction industry, but
they come with notable limitations that must be carefully addressed. One key challenge is
the accuracy and reliability of outputs. Construction projects demand precise and context-
specific solutions, especially in safety-critical areas like structural design or rockburst risk
assessment. However, GenAI models may produce generalized or inaccurate results due to
their dependence on input prompts and training data, which often lack the domain-specific
depth required for complex construction tasks. This reliance on high-quality data is another
limitation, as construction data are frequently incomplete or inconsistent, impacting the
effectiveness of GenAI-driven insights.

Another significant limitation lies in the inability of GenAI to fully grasp the dynamic
and site-specific nature of construction projects. Factors such as geological variability,
local regulations, and project constraints require a nuanced understanding, which AI
cannot always provide. Furthermore, while GenAI can generate outputs, it struggles with
creating detailed visualizations designs necessary for implementation. Integration with
existing construction tools and workflows can also be challenging, requiring substantial
customization and expertise.

Moreover, GenAI and prompt engineering in construction still require human over-
sight. Professionals must validate and interpret GenAI outputs to ensure feasibility, com-
pliance, and safety. Ethical concerns, such as over-reliance on unverified GenAI decisions,
further underscore the need for cautious and responsible adoption of these technologies in
construction practices.
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5. Conclusions
The rapid advancement of automation in construction, particularly through the use

of GenAI and prompt engineering, is revolutionizing the way high-risk areas such as un-
derground construction, geotechnical, and mining fields are managed. These technologies
play an essential role in enhancing both safety and operational efficiency. The integration of
GenAI has enabled a shift from reactive approaches, which primarily focus on responding
to issues as they arise, to more proactive and predictive methodologies that anticipate
potential challenges and optimize workflows in advance. In particular, the application
of Google’ Gemini in underground construction represents a significant leap forward in
predictive modeling, enabling the prediction of complex phenomena such as rockburst,
which have long been difficult to predict and manage effectively. By automating com-
plex analyses, the integration of rapid engineering and GenAI enhances the theoretical
framework, case studies, and experimental research. This method has the potential to offer
substantial benefits to industries that depend on underground construction facilities.

This study presents a comprehensive database of 93 documented rockburst cases and
outlines a systematic approach to categorize rockburst intensity levels. Through data visu-
alization and factor analysis, a concise set of underlying factors is identified, while K-means
clustering uncovers significant data patterns. The gradient boosting classifier algorithm
is employed to predict rockburst intensity levels effectively. By integrating multimodal
data for robust activity recognition, the methodology facilitates enhanced data exploration
and visualization, incorporating both unsupervised and supervised ML techniques. The
results indicate that the integration of GenAI with prompt engineering offers a powerful
approach for accurately predicting rockburst events, achieving an impressive accuracy rate
of 89%. This work highlights the potential of advanced GenAI methodologies in improving
predictive modeling within the construction industry.

This research has highlighted the potential of using prompt engineering in conjunction
with GenAI tools to generate Python-based solutions tailored to specific challenges in
underground construction. By leveraging GenAI’s ability to synthesize data and automate
processes, it becomes possible to predict rockburst risk more accurately, incorporating
essential variables related to geological, seismic, and geotechnical factors. Through a
series of carefully crafted prompts, this study has demonstrated how GenAI can aid in the
analysis and prediction of rockburst, which are critical for ensuring the safety of workers
and the integrity of infrastructure.

Furthermore, the study has revealed how the combination of prompt engineering,
Python programming, and GenAI-driven insights can optimize the design, planning, and
site management processes in underground construction. This not only enhances efficiency
but also contributes to safer construction practices by enabling real-time risk assessments
and improving decision-making at every stage of a project.

As the capabilities of GenAI tools like Google Gemini continue to evolve, their role in
construction and engineering will only grow in significance. The findings of this research
underscore the importance of embracing these innovations to tackle some of the most
challenging issues faced by the construction industry. Moving forward, the continued
development and refinement of GenAI applications, along with the integration of more
sophisticated prompt engineering techniques, will further enhance the ability to predict
and mitigate risks in underground construction, ultimately leading to safer, more efficient,
and cost-effective practices.

In addition, robust and large data are essential for the proper training of GenAI in
the realm of rockburst prediction in the construction industry. These data allow the model
to provide precise simulations and superior assessments tailored to specific geological
conditions. Future developments in GenAI will depend on extensive, varied datasets that
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include different rockburst situations as well as construction, enabling the model to identify
subtle patterns and behaviors. This extensive data will augment the model’s capacity
to provide realistic and actionable insights, hence enhancing its flexibility for various
projects. Moreover, guaranteeing the quality and pertinence of this training data is crucial
to alleviate biases and mistakes in predicted results. With the rising need for advanced
GenAI applications in rockburst management, it is essential to engage in comprehensive
data collecting and curation techniques to promote innovation, sustainability, and improve
safety in the construction industry.

In spite of the substantial potential of GenAI and prompt engineering in the construc-
tion industry, there are numerous obstacles that must be resolved. These encompass the
critical role of the assurance of output accuracy, the dynamic nature of construction projects,
and human oversight in the decision-making process. The effective implementation and
reliability of GenAI solutions in real-world applications are contingent upon the resolution
of these challenges.

In conclusion, this study highlights the potential of GenAI for rockburst prediction
in underground construction and sets the stage for future exploration into how GenAI,
prompt engineering, and advancements in process safety and environmental protection
can further transform the construction and geotechnical industries. The ability to transition
from reactive to predictive methodologies offers exciting possibilities for improving the
safety, sustainability, and efficiency of construction projects in high-risk environments.
As these technologies mature, their widespread adoption will likely shape the future of
construction, paving the way for smarter, safer, and more resilient infrastructure.
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