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Abstract

Extracting shareable knowledge concerning design-re-
lated issues from construction project documentation en-
ables the assessment of design quality and, more broadly,
improvement across the industry. This study proposes a
solution to automate information extraction from inspec-
tion reports in construction industry processes, with a fo-
cus on those produced by design reviews often conducted
before the tendering phase. The approach is based on
LLMs, prompt engineering, and few-shot learning. We
evaluated three LLMs (GPT-40, Mistral, and Llama 3)
across four-shot scenarios, assessing their performance,
computational cost, and time. Results show that GPT-40
achieved the highest performance while ranking second in
computational cost and time.

Introduction

Although it is widely acknowledged that design is a criti-
cal phase, especially for complex projects, the Architec-
ture, Engineering, and Construction (AEC) industry often
fails to implement the simplest preventive actions that
would enable clients, designers, contractors, and even us-
ers to learn from errors, particularly those related to de-
sign. Design documentation may be incomplete or incon-
sistent. In addition, it may describe projects that are not
buildable (within the specified timeframes or expected
costs), do not comply with objectives and constraints, or
suffer from anticipated performance losses, thus requiring
maintenance sooner than expected. Addressing these is-
sues during the construction phase often requires design
changes or rework, resulting in project delays, cost over-
runs, disputes among stakeholders (Tilley and McFallan,
2000), and limited utilization or retrofit works. This leads
to low productivity rates, negatively affecting the whole
construction industry, a sector considered a catalyst for
economic growth in all countries (Buckley ef al., 2016).

Existing studies on design quality issues in the AEC sec-
tor are mainly based on interviews and questionnaires an-
swered by experts from different perspectives (e.g., de-
signers, owners, contractors, and sub-contractors). These
studies have helped identify the most frequent quality is-
sues (Tilley and McFallan, 2000), proposed indicators
(Philips-Ryder ef al., 2013), and their rankings. Although

this information is reasonable, it is often biased, lacks de-
tail, and is not always valuable, making it difficult to de-
rive actionable insights for improving design. On the
other hand, a vast quantity of documents and detailed in-
formation is generated during the design and construction
phases (e.g., inspection reports, change orders, commis-
sioning notes, and claims). However, these documents are
not easily exploited from one project to another, or even
within the same project, to identify to-do and not-to-do
actions.

Our objectives are twofold: first, to extract reliable infor-
mation from a specific category of documents, design in-
spection reports, which are a potentially rich source of in-
formation currently disregarded and inaccessible due to
confidentiality constraints. These documents have been
produced in the validation process of every Italian public
project since 1994, while similar review processes are
commonly carried out in many other countries. Second, to
extract knowledge from this information, promoting
learning from errors as a practice in the AEC sector. To
this end, we initiated research to investigate how this in-
formation can be processed and used to transfer preven-
tion-related knowledge among stakeholders in the field.
Artificial intelligence (AI) was also employed to avoid
time-consuming and costly manual mining, as structured
in the research framework illustrated in Figure 1.
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Figure 1: Research framework (steps)

In this paper, we address the information extraction step
of the framework by developing a methodology in three
steps: (1) data preparation, (2) identification of infor-
mation entities, and (3) information extraction automation



using Natural Language Processing (NLP) and Large
Language Models (LLMs).

This paper is structured as follows: an introductory State
of the Art section, a Methodology section outlining the
proposed approach, an Experiments section, and finally,
the Conclusion and References.

State of the Art

Design documentation functions and quality

Design is a “set of processes that transforms requirements
for an object into more detailed requirements for that ob-
ject” (ISO 9000:2015). It serves three main aims: to in-
form stakeholders about design choices, demonstrate their
validity against design input requirements, and specify the
obligations the selected contractor is expected to fulfill.
The design, as an activity, produces a model of the objects
to be realized (in written, graphical, or digital formats)
and a series of reports to demonstrate the validity of the
design choices. Therefore, design quality (or conversely,
design defects) is not only the ability of these documents
“to provide the contractor with all the information needed
to enable construction to be carried out as required, effi-
ciently and without hindrance” (Tilley et al., 1997), that
is their completeness, consistency, and buildability. It is
also reflected in the compliance of the realized object with
its requirements, the accountability of the general descrip-
tion, and the clarity and correctness of the reports that
demonstrate the feasibility of achieving the specified re-
quirements.

Many research efforts have been conducted to investigate
design document quality issues, indicators, attributes, and
the causes of design defects, including the failures they
may lead to and their relative importance. It is worth not-
ing that most of these studies rely on expert opinions (e.g.,
questionnaires and interviews, which are not always the
most reliable sources), offer a low level of detail, and
leave a gap in eliciting actionable knowledge to enhance
design quality.

NLP-based text processing

In the AEC sector, vast amounts of information are rec-
orded in paper-based documents. Therefore, Natural Lan-
guage Processing (NLP), a branch of Artificial Intelli-
gence (Al) and linguistics, has emerged as a powerful ap-
proach to transforming unstructured textual data into
structured information, thereby enhancing decision-mak-
ing (Ding et al., 2022). Numerous research efforts have
explored various NLP-based methods for this process, in-
cluding rule-based approaches, Machine Learning (ML),
Deep Learning (DL), and, more recently, Large Language
Models (LLMs). Rule-based methods utilize predefined
patterns derived from document analysis and linguistic
rules crafted by experts, which the model then applies to
extract matching information from unstructured data. For
example, (Xu et al., 2021) proposed a rule-based NLP ap-
proach to extract information from Chinese subway acci-
dent reports. More recent ML-based methods learn from
training data to identify patterns and apply them when
processing unseen data. (Salama and El-Gohary, 2013)
proposed an ontology and Support Vector Machines

(SVM)-based approach to classify clauses and subclauses
within general conditions of construction contracts.

DL-based methods excel in understanding complex texts
by leveraging neural networks. (Moon et al., 2022) devel-
oped a Bidirectional Long Short-Term Memory with a
Conditional Random Field (Bi-LSTM-CRF)-based
Named Entity Recognition (NER) approach to extract in-
formation from road construction specifications. How-
ever, a significant limitation of these approaches lies in
the substantial manual effort required to create matching
patterns for rules-based methods or annotate training data
for ML and DL models.

Since the introduction of transformer architecture and the
self-attention mechanism (Vaswani et al., 2017), pre-
trained large language models (LLMs) such as the GPT
family by OpenAl (OpenAl et al., 2023) and LLaMA by
Meta Al (Touvron et al., 2023) have significantly ad-
vanced the field of NLP. These models adopt a prompt-
based paradigm, allowing them to perform tasks by inter-
preting contextual instructions provided in prompts. This
evolution has given rise to prompt engineering and in-
context learning techniques (Brown et al., 2020). Re-
cently, LLMs have been adopted in the construction sec-
tor. (He et al., 2024) proposed a BERT and GPT-based
approach to segment and classify constraints in onsite
meeting transcripts. (Elshaboury et al., 2024) developed a
transformer-based NER and Relation Extraction (RE)
model to extract information from design and construc-
tion-phase documents, supporting building management.
(Tran et al., 2024) integrated Mistral with a Retrieval-
Augmented Generation (RAG) system to interpret user
queries, retrieve relevant information, and generate re-
sponses, enhancing construction site safety. Similarly,
(Smetana et al., 2024) proposed a GPT-3.5-based model
to extract, summarize, and analyze injury reports, contrib-
uting to improved safety in highway construction.

Methodology

This section presents the proposed methodology, struc-
tured into three steps, as illustrated in Figure 2. The fol-
lowing subsections provide a detailed discussion of each
step.

Step 1: Data preparation

This step focuses on preparing the unstructured design in-
spection reports for the processing step. It includes both
data collection and preprocessing, as outlined below:

® Data collection: we collected a corpus of design in-
spection reports from Italian construction projects
with the support of one of the country's largest engi-
neering companies based in Milan. Each report con-
tains project metadata (e.g., name, location, area, bid
price, work scope, year), inspection process details
(e.g., inspection scope and verification checks), a list
of design documents submitted by the designer, and
identified design defect cases resulting from the ap-
plication of predefined verification checks. These
checks address defects such as inconsistencies, miss-
ing details, and inadequacies.



® Data preprocessing: we prepared the collected docu-
ments by applying a sequence of text-cleaning trans-
formations, including removing non-text elements
(e.g., figures, headers, and footers), deleting dupli-
cate cases, dividing complex cases, and replacing

document IDs with their corresponding names for
better understanding and association. Finally, the pre-
processed data was saved in plain text format for
LLM processing.
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Figure 2: Methodology workflow for Information Extraction (IE) automation

Step 2: Identification of information entities

Identifying target information is fundamental to determin-
ing which entity categories should be extracted from un-
structured texts describing design quality issues (i.e., de-
fects). This process was guided by two key questions: (1)
Which information is present in texts describing defects?
and (2) Why is this information useful?

To answer the first question, we conducted a content anal-
ysis of design inspection reports to examine both the tex-
tual content and the typical structure used by design re-
viewers to formulate non-conformity cases. The analysis
highlights that reviewers consistently mention document
names, building elements, and the nature of the design de-
fect, as illustrated in Figure 3. Based on these findings,
four key information entity categories were identified as
essential for effectively structuring defect information, as
summarized in Table 1.

Addressing the second question (why this information is
useful) helps clarify the purpose of extracting each entity
and the type of knowledge derived. The "Checked Docu-
ment" entity identifies which design documents are asso-
ciated with specific defects, highlighting those with a
higher frequency. The "Referenced Document” entity re-
veals relationships between design documents, enabling
the identification of inconsistencies and quality issues.
The "Defect" entity structures each reported issue, ena-
bling faster comprehension and tracking while supporting
analytical processes such as defect clustering. Lastly, the
"Object" entity links defects to specific building elements,
spaces, or systems, enabling designers and inspection
bodies to recognize defects related to each designed com-
ponent and systematically address them.

Plan of Ground Floor - Walls inside the room CNO.P0.021 are indicated
without the stoneware tiles (RI-CE-01-01)

Plan of Third Floor - The dimensions of the window F1 are not
consistent with the dimensions reported in the document -

Electrical and special systems calculation report - With reference to
Office 2 pax (type 1), it is noted that the calculated values of U0 do
not meet the minimum values required by the

Checked document Object

. Referenced document Defect

Figure 3: Examples of design defect texts from an inspection
report

Table 1: Information entity Categories

Entity Definition

Category

Checked The name of the document(s) under

document inspection in which the defect is
identified (e.g., structural calcula-
tion)

Referenced The name of the document(s) asso-

document ciated with the information incon-
sistency or non-compliance defect
(e.g., regulations)

Object The physical building element, sys-
tem, or space related to the defect
(e.g., wall, living room)

Defect A summary of the described design-

related issue pertaining to either an
object or document (e.g., missing
sections)




Step 3: LLM- based information extraction (IE)

We used Large Language Models (LLMs) as a means to
extract the information of interest due to their advanced
capabilities in comprehending and processing complex
texts. Prompt engineering and In-context learning (i.e.,
few-shot learning) techniques were employed to guide the
models in performing the extraction task without fine-tun-
ing. This step includes three sub-steps, as detailed below:

Step 3.1: Prompt development

This subsection outlines the process of prompt develop-
ment in four steps (Marvin et al., 2024), (Jeon et al., 2025)
as depicted in Figure 4:

® Define prompt schema: Outlines the main compo-
nents such as the persona of interest (LLM’s exper-
tise), task description (objective and required ac-
tions), task instructions (what to extract), output for-
mat (structure of the output), and additional notes (for
guidance or clarification).

e Develop task prompt: Creates a detailed prompt tai-
lored to the information extraction task, based on the
predefined schema, to guide the model.

® Evaluation: Tests the developed prompt by pro-
cessing sample inputs. The correctness and con-
sistency of the model’s responses are assessed
through human feedback, leading to prompt valida-
tion or refinement.

® Refine prompt: Analyzes any errors or inconsisten-
cies identified in the results and modifies the prompt
by rewording, adding more examples, or providing
further context.

- Define prompt
schema
i -»| Develop task prompt

'

Information .
Entity Extraction o2t YES Validated
Evaluation Prompt

REEEE Refine prompt

Figure 4. Prompt Development workflow

Step 3.2: Information extraction pipeline

Developing a robust pipeline for information extraction is
essential to ensure a seamless and logical flow of infor-
mation. As illustrated in Figure 5, the proposed pipeline
comprises two main functions:

e Function 1: Handles the extraction of predefined in-
formation entity categories from each defect text. It
establishes a connection with the LLM by preparing
the input, which includes a system message (model
persona and task description) to provide general task

guidance, task instructions, and few-shot examples to
provide contextual understanding, and finally, send-
ing the input to the model and receiving its response.

e Function 2: Processes the list of defect texts by in-
voking Function 1 for each defect text. Upon receiv-
ing the response from Function 1, it parses the re-
turned content to extract the relevant information en-
tity categories and appends them to a predefined re-
sults list. Once all defect texts have been processed,
the aggregated information is returned in JSON for-
mat.

DEFINE Function 1 to extract information using LLM:
GET text, few-shot examples
ADD prompt to messages as system message and instructions
ADD few-shot examples to messages
ADD text to messages
CALL LLM chat completion APl and upload messages
RETURN response content

DEFINE Function 2 to process defect texts list:

GET defect texts list, few-shot examples

SET results list

FOR each text in defect_texts_list:
CALL Function 1 with text and few-shot examples
PARSE response content from LLM for information entities
APPEND information entities to results list
PRINT current processing status

RETURN results_list

CALL Function 2 to start the extraction process
Figure 5: Pseudocode of IE pipeline

Step 3.3: Evaluation metrics

In this study, five metrics were used to assess the IE re-
sults robustly: Exact Match, BLEU, ROUGE-N,
BERTScore, and SBERT. Exact Match is a binary metric
that assigns a value of 1 if the predicted output exactly
matches the ground truth and 0 otherwise. BLEU (Pap-
ineni et al., 2002) and ROUGE-N (Lin, 2004) are n-gram-
based metrics measuring word overlap between the pre-
dicted text and the ground truth. BLEU focuses on preci-
sion, evaluating how much of the predicted text accurately
matches the reference, with a brevity penalty applied to
short generated text, as simplified in Eq. 1. In contrast,
ROUGE-N measures the F1 score, calculated as the har-
monic mean of precision and recall, as shown in Eq. 2.
Both BERTScore (Zhang et al., 2019) and SBERT
(Reimers and Gurevych, 2019) are semantic similarity
metrics that utilize embeddings to measure the similarity
between the predicted text (C) and the ground truth (R),
as shown in Eq. 3. While BERTScore calculates word-
level semantic similarity, making it more suitable for
short texts, SBERT uses sentence-level embeddings,
making it more effective for large-scale text comparison.

(D

overlap n—-gram

BLEU =

total n—gram in predicted text

ROUGE — N = 2 (overlap n—gram) (2)

~ total n—gram in ground truth
and predicted text

BERTScore = %Z?’zlmax (cos (C,R)) (3)



Experiments

In this section, the proposed methodology is evaluated us-
ing a real-world dataset. This process comprises data
preparation, implementation, and results evaluation.

Data preparation

A set of design defect texts was collected from design in-
spection reports to create the reference dataset (i.e.,
ground truth) for LLM evaluation and few-shot learning
preparation. Following the procedure described in Step 1,
a reference dataset was developed, comprising 276 design
defect cases. In each case, the predefined information en-
tity categories listed in Table 1 were manually extracted
and structured in an Excel file. From the reference dataset,
15 cases were selected based on defect types to prepare
the few-shot learning scenarios, while the remaining 261
cases were used for the evaluation process.

Implementation

To process the design defect texts following the proposed
methodology, three LLMs were employed: GPT-40 from
(Open Al), Mistral Large from (Mistral Al), and Llama 3
from (Meta Al). All models were accessed via a cloud-
based API. The temperature parameter was set to 0 to en-
sure consistent responses, promoting deterministic output
and minimizing variation in the results. For few-shot
learning, four scenarios were used: zero-shot, five-shot,
ten-shot, and fifteen-shot, to evaluate the models' perfor-
mance. The examples for each scenario were prepared in
JSON format. For evaluation, the predefined metrics were
executed using the Evaluate library from Hugging Face.

Evaluation results and discussion

The models were evaluated from three perspectives: per-
formance, computational cost, and time, as detailed be-
low.

Performance

Table 2 presents the average performance scores of the
three models across the evaluation metrics and the four-
shot scenarios. The results indicate that GPT-40 achieved
the highest performance across all evaluation metrics and
shot configurations. Specifically, GPT-40 outperformed
Mistral with an average improvement of 11%, 7%, 4%,
5%, and 2% in Exact Match, BLEU, ROUGE-N,
BERTScore, and SBERT, respectively. Compared to
Llama, GPT-40 showed improvements of 13%, 16%, 8%,
9%, and 5% across the same metrics. Meanwhile, Mistral
outperformed Llama by 2%, 8%, 3%, 4%, and 3%, re-
spectively. Regarding few-shot learning, the results
demonstrated that the performance of all three models im-
proved as the number of shots increased, albeit at different
rates. From 0 to 5 shots, GPT-40 improved by 9%, Mistral
by 13%, and Llama 3 by 10%. Between 5 and 10 shots,
GPT-40 showed minimal improvement (1.0%), while
Mistral and Llama 3 increased by 3.5% and 4%, respec-
tively. From 10 to 15 shots, GPT-40 and Llama 3 both
improved by approximately 3.5%, whereas Mistral
showed only 1.0%. Overall, Mistral achieved the highest
improvement score in performance across the few-shot
scenarios.

Comparing the values across different metrics, Exact
Match yielded the lowest scores, indicating that achieving
word-for-word alignment with the reference text was par-
ticularly challenging for specific information entity cate-
gories. For n-gram overlap metrics, BLEU and ROUGE-
N scored higher than Exact Match but remained below the
semantic similarity metrics. This suggests that while the
models often captured keywords aligned with the refer-
ence data, they did not consistently produce identical
matches. In contrast, BERTScore and SBERT achieved
the highest values among all models, indicating that the
extracted outputs were semantically close to the refer-
ence, even when vocabulary or syntax differed.

Table 2: Performance of LLMs for the IE Task

LLM E/E/eilrlil:non - NSo. of sh;)(t)s -
Exact Match 054 059 061 0.64
BLEU 0.61 066 0.67 0.71
GPT-40 ROUGE-N 069 075 0.75 0.77
BERTScore 071 0.80 0.80 0.82
SBERT 0.82 0.87 0.87 0.89
Exact Match 046 053 057 058
BLEU 054 062 0.66 0.66
Mistral ROUGE-N 065 072 073 0.74
BERTScore 0.66 0.77 0.78 0.78
SBERT 0.80 0.86 0.86 0.87
Exact Match 048 050 055 0.57
BLEU 0.51 056 059 0.63
Llama3  ROUGE-N 064 069 070 0.72

BERTScore 0.61 074 0.75 0.77
SBERT 078 0.83 0.84 0.85

Regarding the performance of LLMs in each information
entity category, Figure 6.a shows that GPT-40 and Llama
3 achieved good performance for entity "Checked docu-
ment", with scores above 0.90 across all metrics from 10
shots onward. At 15 shots, performance across all models
remained stable or slightly declined, except for Exact
Match, suggesting that 10 shots may be the optimal
threshold for extracting this entity.

For the "Referenced document" entity, Figure 6.b shows
that GPT-40 and Mistral achieved strong performance,
with scores ranging from 0.80 to 0.90 at both 5 and 10
shots across all metrics except BLEU. Additionally, both
models exhibited performance stabilization or a slight de-
cline at 15 shots, suggesting that 5 or 10 shots may be the
optimal setting for accurate extraction.

For the "Object" entity, Figure 6.c shows that GPT-40 and
Mistral followed a similar performance trend. Their
scores ranged from 0.70 to 0.75 at 5 and 15 shots accord-
ing to the ROUGE-N and BERTScore metrics and ex-
ceeded 0.8 based on the SBERT metric. The results from
Exact Match and BLEU suggest that these metrics are less
suitable for evaluating model performance for this entity.



For the "Defect" entity, as shown in Figure 6.d, the three
models exhibited a similar performance trend, with scores
closely aligned within each metric. BERTScore and
SBERT indicate that each model maintained consistent
performance from 5 shots onward, ranging from 0.57 to
0.62 for BERTScore and 0.75 to 0.80 for SBERT. In con-
trast, Exact Match, BLEU, and ROUGE-N demonstrated

limited effectiveness, reflecting the inherent nature of the
"Defect" entity. Since the models were required to sum-
marize the defect text, word order and syntax variations
occurred, making these metrics less suitable for evalua-
tion. Instead, semantic similarity metrics (i.e.,
BERTScore and SBERT) provide more reliable insights
into extraction quality for this entity.
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Figure 6: Performance of LLMs in Extracting Information Entity Categories



Computational cost

The computational cost is primarily influenced by the in-
put text length and the generated output, measured in to-
kens as defined by the model’s tokenizer. As illustrated in
Figure 7, the number of input tokens increased with the
number of shots, with Llama 3 producing the highest to-
ken count, followed by Mistral and GPT-40. Conversely,
the number of output tokens decreased as the shot count
increased, suggesting that models generated more concise
responses aligned with the ground truth when provided
with additional contextual examples. Regarding cost,
Llama 3 incurred the highest computational expense, fol-
lowed by GPT-40, while Mistral remained the most eco-
nomical. Although GPT-4o0 utilized the fewest tokens, its
higher per-token pricing than Mistral resulted in moderate
computational expenses.

Computational time

As illustrated in Figure 8, Mistral achieved the lowest me-
dian response time across most shot counts, indicating a
high efficiency in handling increased in-context input.
GPT-4o0 recorded the lowest median time at zero shots and
showed competitive time at five shots, but its response
times were higher than those of Llama 3 at 10 and 15
shots. Regarding the Interquartile Range (IQR), GPT-40
demonstrated the most consistent performance, followed
by Mistral, while Llama 3 exhibited the broadest IQR
across all shot counts, indicating greater variability. In
terms of outliers, Mistral displayed the lowest number
across all shot counts, reflecting high-performance stabil-
ity, followed by GPT-40 and Llama 3. Overall, Mistral
Large achieved a well-balanced combination of effi-
ciency, performance stability, and consistency.

Error analysis

Error analysis was conducted on the results produced by
GPT-4o0 after 15 shots to investigate the sources of errors
and identify opportunities to improve performance. Two

Input

No. of Tokens
No. of Tokens.

Qu

—— GFTdo

-

main errors were identified. First, the model exhibited ex-
traction format errors when processing texts that con-
tained multiple document names, objects, or defects. For
example, the model extracted “doors of the WC cubicles
and shower cubicles” as a single object instead of “doors
of the WC cubicles, doors of the shower cubicles”. This
distinction is significant for downstream classification
and statistical analysis. Therefore, more explicit instruc-
tions will be added to the prompt to generate more con-
sistent and structured outputs, such as: <Separate all ex-
tracted document names, objects, defects by comma>, <If
the object includes more than one item with the same pre-
fix, repeat the prefix for each one>. Second, the model
showed extraction errors for the “Defect” and “Object”
information entities in complex cases, notably when the
few-shot examples did not include similar instances to the
input text. This suggests that increasing the number of
shots is required to improve model performance, although
this may be an ineffective solution from a cost perspec-
tive. To address this challenge effectively from both per-
formance and cost perspectives, future work will incorpo-
rate Retrieval-Augmented Generation (RAG) to support
the methodology through a dynamic few-shot approach.

Conclusions and future work

This paper proposed an LLM-based methodology inte-
grating prompt engineering and few-shot learning tech-
niques for Information Extraction (IE) automation from
design inspection reports, aiming to support improve-
ments in building design quality. The study identified and
utilized four information entity categories to effectively
structure and extract relevant design defect information.
The methodology was experimentally evaluated using
three LLMs (GPT-40, Mistral, and Llama 3) across four
shot scenarios, assessing performance, computational
cost, and time. GPT-4o ranked first in performance at fif-
teen shots, achieving Exact Match (0.64), BLEU (0.71),
ROUGE-N (0.77), BERTScore (0.82), and SBERT
(0.89), while ranking second in computational cost and
time after Mistral. Based on the results: (1) GPT-40 will
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be adopted as the base Information Extraction (IE) model
to process additional design inspection reports, and (2)
semantic similarity metrics (i.e., BERTScore and
SBERT) will be used to evaluate model performance for
extracting the “Object” and “Defect” entities, as they pro-
vide more reliable insights into extraction quality. In ad-
dition, based on the error analysis, two modifications to
the proposed methodology are planned: (1) a revised ver-
sion of the prompt will be developed with improved in-
structions, and (2) the Retrieval-Augmented Generation
(RAG) method will be used to enhance model perfor-
mance by supplying few-shot examples similar to the in-
put text, selected based on semantic similarity. In addition
to the above-mentioned improvements, future directions
of this research include (1) applying the proposed infor-
mation extraction procedure to a larger set of design in-
spection reports, (2) standardizing the extracted infor-
mation through a classification system, (3) developing a
relational database to store each project's metadata along-
side the extracted data, and (4) performing statistical anal-
yses to identify patterns and trends in design defects.
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