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Abstract

Accurately assigning metadata of RFIs plays an important
role in the analysis and management of RFI documents.
However, these metadata are manually entered in the RFI
management system, which results in loss of time and
incorrect entries. This study aims to demonstrate that
metadata of RFI documents can be extracted and assigned
automatically using natural language processing and
machine learning algorithms. To achieve this aim, the
performance of Naive Bayes and K-Nearest Neighbor
algorithms are evaluated and compared. The results show
that machine learning models perform well in
automatically extracting the metadata of RFIs and, the
performance of machine learning models for each label
varies. The findings of this study can be used to develop
an artificial intelligence based RFI management system
by integrating natural language processing and machine
learning models into the system.

Introduction

In construction projects, documents such as drawings and
specifications may not address all aspects of the
structures to be built or may contain deficiencies,
uncertainties, and overlaps. These issues need to be
clarified through Request For Information (RFI)
documents (Shim et al., 2016). Hanna et al., (2012)
defines RFI as “ a formal written procedure initiated by
the contractor seeking additional information or
clarification for issues related to design, construction ,
and other documents”. RFIs are a communication tool
between the design team and the construction team (Bhat,
2017). Even though it holds significance, RFI, as a
communication channel, is frequently perceived
negatively within the project (Aibinu et al., 2019). This is
due to the effort involved in initiating an RFI, as well as
the process of reviewing and generating responses (Afzal
et al.,, 2023). The response time for RFI can become
critical and have a negative impact on progress in the field
(Kelly and Llozor, 2020). Moreover, a delay in
responding to the RFI, or the absence of a response
altogether, can lead to a sense of frustration and mistrust
among project team members (Philips-Ryder et al., 2012;
Afzal et al., 2023).

Utilizing common data environments, such as Aconex
and Procure, assists in overcoming the challenges
associated with Request for Information (RFI)
management. These platforms facilitate online
communication and provide a means to track
information effectively (Das, Tao and Cheng 2020;
Afzal et al., 2023). However, metadata, which is a

classification output, is typically entered manually into
common data environments and the users are reluctant
to fill out the related metadata, since this process
requires additional time and effort. This results in
inaccurate or incomplete metadata, which is
problematic because metadata holds significant
importance when analysing the unstructured RFI text
data to obtain valuable insights and lessons learned to
manage future projects in a more effective way. The
erroneous metadata entry directly impacts the data
quality, consequently influencing the outcomes of
analysis studies.

This paper proposes to use Natural Language
Processing (NLP) and machine learning models to
automatically extract discipline code, which is one of
the RFI metadata. To achieve this, NLP processes were
applied to the RFI documents and Naive Bayes (NB),
K-Nearest Neighbor (KNN) algorithms were used to
classify the RFI documents according to their
disciplines. This approach enables extraction of the
metadata of RFIs in an automated way. It reduces the
time required for filling out the metadata of RFIs and
results in effective management and analysis of RFIs by
reducing erroneous or incomplete metadata.

Literature Review

Automatic extraction of metadata from documents is
associated with the automatic classification of
documents. Documents can be classified according to
their metadata by using NLP and machine learning
models. In the early 2000s, studies were conducted on the
automatic extraction of metadata from texts in different
domains, such as marketing, information-document
management, educational sciences (Paik et al., 2001; Han
et al.,, 2003; Yilmazel and Finneran, 2004). In these
studies, rule-based methods were combined with NLP.
Later, with the increase in the processing power of
computers, machine learning models have been
integrated with NLP instead of rule-based approach to
automatically extract metadata.

Valdez et al. (2016) developed a natural language
processing-based ontology for extracting metadata from
texts in the biomedical domain. In addition, a natural
language processing-based ProvCaRe-NLP tool was
developed to perform clinical text analysis and
information extraction. Some other studies used NLP and
ML on metadata stored in a computerized maintenance
management system (CMMS). Zhang et al. (2020)
employed the information contained in failure
notifications to forecast failure codes and assess the



precision of the labels. Texts are converted into word
counts after NLP preprocessing. The SMOTE (Synthetic
Minority Oversampling Technique) algorithm is utilized
to balance the classes. In the final stage, one of the eight
supervised machine learning models that are used in the
classification problem, such as Support Vector Machine
(SVM), NB, or Logistic Regression (LR), was applied.

Arif-Uz-Zaman et al. (2017) sought to enrich the
metadata in a Computerized Maintenance Management
System (CMMS) by classifying downtime notifications
as either resulting from a failure or indicating no failure.
In this study, the vectors obtained after applying NLP
operations to the text data are used as input for SVM and
NB algorithms. The SVM algorithm is noted to achieve
the highest performance.

Tanguy et al. (2020) applied the SVM algorithm to
categorize fault notifications in their study. The study
demonstrated that incorporating all 3-character substrings
along with word stems resulted in a slight enhancement
compared to using only words. This improvement is
likely attributed to the inclusion of abbreviations,
compound terms, and alternative writing forms.

Deloose et al. (2023) have made a recent contribution to
the study of CMMS metadata, in which natural language
processing techniques and artificial models are utilized to
forecast and rectify CMMS metadata. The performance
of shallow machine learning models and deep machine
learning models using multiple labels were compared.
Random forest algorithm (RF), which is a shallow
machine learning model, and Recurrent Neural Networks
(RNN), which are deep learning methods, gave better
results than other algorithms. It was also identified that
the RNN algorithm performed slightly better than the RF
algorithm.

In the field of construction management, studies on
automatic classification of documents focuses on the
accident analysis/occupational safety management,
contract management, building information modeling
(BIM), and facility management. In the studies related to
the accident analysis and occupational safety
management, accident reports were analyzed and the
performances of machine learning models in the
automatic classification of accident reports were
compared. Tixier et al. (2016) used Stochastic Gradient
Tree Boosting (SGTB) and Random Forest (RF)
algorithms. The SGTB algorithm performed better than
the RF algorithm. In Goh and Ubeynarayana (2017), the
performances of six different machine learning models
were compared, and the SVM algorithm showed the best
performance.

In the area of contract management, studies involving
automatic classification were conducted using NLP and
ML (Yilmaz and Dikbas, 2013; Yilmaz, 2013; Candas,
2022; Eken, 2022). In Yilmaz and Dikbas (2013), dispute
decision documents were classified using four machine
learning algorithms. The algorithm with the highest
accuracy was decision tree (DT). Eken (2022) conducted

classification work to automatically review construction
contracts. Five different machine learning algorithms are
combined with different vectorization techniques.
Models that perform well were selected and combined
with ensemble learning. Candas (2022) conducted
research on the multi-obejctive semantic analysis of
construction contracts. NLP and machine learning
algorithms were applied for the purposes of the automatic
classification of contract clauses according to
departmental relevance and accurately predicting the
presence of ambiguity in contract clauses. The SVM and
DT algorithms demonstrated the best performance.

The classification studies were also carried out for
analysis of RFIs, but these classification studies were
mostly performed manually (Tilley et al.,1997; Morales
et al., 2022). In their studies on the analysis of RFIs, the
researchers manually classified RFI documents under
three main headings according to type, cause, discipline.

The manual classification of texts is acknowledged as
time-consuming and error-prone. The process of
manually categorizing thousands of RFI documents
inevitably prolongs the time required to finalize the
analysis. Additionally, misclassifications significantly
impact the accuracy and reliability of the analysis
outcomes concerning RFI documents. Consequently, the
adoption of an NLP-based approach to analyze RFI
documents offers potential benefits, such as shorter
analysis times and more precise analysis results.

Methodology

Python programming language, Natural Language
Toolkit and Scikit-learn library were used for natural
language processing and machine learning methods
applied to RFI documents. The original dataset is the RFI
documents extracted from the common data environment
of a project. In order to improve the quality of the original
dataset, RFI documents with a lot of noise and very short
descriptions were excluded. The metadata to be
automatically retrieved from the RFIs was the selected as
discipline (i.e., architectural, electrical, mechanical, and
structural). The dataset comprises 25 RFI documents for
each discipline. In total, 100 RFI text documents were
analyzed. The RFI documents retrieved in .pdf format and
each RFI document was turned into .txt format.

Implementation workflow for automatic extraction of
RFI discipline metadata is shown in Figure 1. It has three
main steps: Label assignment, NLP and machine
learning. In the first step, each RFI document was labeled
in terms of discipline. In the second step, NLP techniques
were applied. NLP techniques were performed using the
Natural Language Toolkit (NLTK) in Python. These
blocks, also known as modules in NLTK, aid in tasks
such as tokenization, stemming, lemmatization, and data
classification. First, RFI documents were tokenized.
Tokenization involves breaking a sequence of text into
smaller units, referred to as tokens. These tokens can vary
in size, ranging from individual characters to entire words



(Manning et. al., 2009). Second, punctuation marks and
stop words were removed from each RFI document.
Punctuation removal is often performed to diminish the
dimensionality of the data and to eliminate elements that
may not carry significant semantic meaning for certain
NLP tasks. Thirdly, stop word removal was performed. It
is a common preprocessing step in NLP where frequently
occurring words, known as stop words, are removed from
a text corpus. These words are often common (i.e., ‘the’,
‘a’, and ‘in’) and do not contribute significantly to the
understanding of the content. Finally, RFI text data was
converted into vectors via vectorization process.
Vectorization techniques transform text data into a form
that a computer can make sense of. In this study, Bag of
Words (BOW) vectorization technique, one of the mostly
used vectorization techniques (Qader et al., 2019), was
used. BoW was utilized to represent text based on the
number of word occurences, using a fixed-length vector
created from a vocabulary. The BoW technique was
implemented using the Scikit Learn Python library.
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Figure 1: Implementation workflow for automatic extraction of
RFI discipline metadata

In the third step, machine learning algorithms were
applied. The automatic extraction of metadata from RFI
documents is a classification problem. Therefore,
supervised machine learning models need to be trained,
and two classification algorithms, Naive Bayes and K-
Nearest Neighbor, were selected. Bayes’ rule is used to
calculate the probabilities of the classes. The NB
algorithm is based on Bayesian Decision Theory
(Alpaydin, 2014) and the NB model is the most widely
used Bayesian network model in machine learning. The
term “naive” is used because the NB algorithm is based
on the assumption that attributes are conditionally
independent of each other (Russell and Norvig, 2010). It
is extensively used in text categorization tasks, including
document classification and spam e-mail detection.

The K-Nearest Neighbor classifier categorizes the input
into the class with the highest frequency among the k
neighbors of the input. Each neighbor holds an equivalent
vote, and the class with the highest count of votes among
the k neighbors is chosen. Ties are resolved arbitrarily or
through a weighted vote. Typically, k is chosen as an odd
number to reduce ties, especially when confusion occurs
between two adjacent classes (Alpaydin, 2014).

First, the data was split into 80/20, where the first
percentage represented the proportion of data allocated to
the training set, and the second percentage represented
the testing set. Validation was performed before testing
the model within training set. The selected algorithms are
trained to automatically extract RFI discipline metadata.
Then the KNN and NB algorithms were trained and tested
by using the output of the vectorization process.

Traditionally, two metrics are commonly used for
measuring the performance of machine learning models:
Precision and Recall. Precision measures the proportion
of truly relevant documents in the result test. Recall
measures the ratio of all relevant documents in the corpus
that are included in the result set. It is possible to achieve
a balance between precision and recall by adjusting the
size of the returned result set. The F1-Score is the
harmonic mean of sensitivity and recall (Russell and
Norvig, 2010).

Precision, recall and F1Score values are calculated by
substituting the parameters shown in Table 1 into the
equations (1) to (3).

TP

Precision = 0
(TP+FP)
Recall = —=% o
(TP+FN)
F1Score = 2% Precision x Recall .

Precision+Recall

Table 1: True and false positives and negatives

Relevant Irrelevant
Retrieved True Positives False Positives
(TP) (FP)
Not retrieved False Negatives True Negatives

(FN) (TN)
Findings

In the BoW vectorization process, word counts were
performed for each discipline and they are used as input
when applying the BoW technique. Twenty most
common words related to the architectural discipline
were determined and used in the vectorization process.
The first five most repeated words out of the 20 most
common words are given in Figure 2.
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Figure 2: First five most common words in RFI documents
related to the discipline of architecture

Similar to the architecture discipline, twenty most
common words related to structural, mechanical and
electrical disciplines were identified. The first five most
repeated words out of the 20 most common are reported
in Figure 3 to 5 for structural, electrical, and mechanical
disciplines respectively.
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Figure 3: First five most common words in RFI documents
related to structural discipline
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Figure 4: First five most common words in RFI documents
related to electrical discipline
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Figure 5: Some of the most common words in RFI documents
related to mechanical discipline

After the vectorization process, the NB and KNN models
were trained. %80 percent of the data was used for
training and %20 percent for testing. The content of the
eighty percent training set was changed ten times and
validation work was carried before the test phase. At
different iterations, the performance fluctuation of the
trained algorithm was checked. The performance result of
the trained NB algorithm is shown in Figure 6. After ten
iterations, the Average Precision, Recall, and F1 Score
values are approximately 85%, 82% and 82%
respectively. The NB algorithm proves to be highly
successful in automatically extracting the discipline
metadata of RFIs.
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Figure 6: Performance results of the NB algorithm

The tuning of the hyperparameter k corresponding to the
number of nearest neighbors is important for enhancing
the performance of the KNN algorithm.

The performance results for different k numbers are
determined and compared as shown in Figure 7. The
results illustrated that KNN demonstrated the best
performance when k was set to 5. Precision, Recall and
F1 Score values are approximately %75, %60 and %62,
respectively.
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Figure 7: Performance results of KNN algorithm for different
k values

Comparative performance results of NB and KNN
algorithms are given in Figure 8. NB algorithm showed
much better results than KNN algorithm according to
precision, recall and F1-Score criteria. Overall, the
findings have illustrated that one of the metadata of RFIs,
which is discipline, can be successfully extracted
automatically.
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Figure 8: Comparative performance results of the algorithms
Conclusion

In this study, an NLP and machine learning-based model
is developed to automatically extract the discipline,
which is one of the metadata of RFIs. The performances
of the two machine learning models, NB and KNN
algorithms, are compared. The average precision of the
NB algorithm is around 85%, while for the KNN
algorithm, it is approximately 75%. In the case of KNN,
it was demonstrated that the KNN algorithm gave better
results for k=5.

The model proposed in this study has the potential to
prevent time losses during the manual entry of metadata
for RFIs in the common data environments, and it can
contribute to a reduced number of incorrect entries.

An artificial intelligence based RFI management system
can be developed by integrating NLP and machine
learning models into the system. As a result, RFI
management systems will be more effectively used. The
utilization of emerging technologies and data-driven
analytics can be harnessed to augment the RFI analysis
process, leading to improvements in overall project
efficiency (Afzal et al., 2023).

In future studies, we plan to conduct a more
comprehensive analysis by expanding the dataset and
diversifying the algorithms. In addition to training
shallow machine learning models, it may be beneficial to
explore the development of deep learning models.
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