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Abstract: Construction companies usually record customer complaints as unstructured texts, result-
ing in unsuitable information to understand defect occurrences. Moreover, complaint databases are
often manually classified, which is time-consuming and error-prone. However, previous studies have
not provided guidance on how to improve customer complaint data collection and analysis. This
research aims to devise an information management model for customer complaints in residential
projects. Using Design Science Research, a study was undertaken at a Brazilian residential building
company. Multiple sources of evidence were used, including interviews, participant observations,
and analysis of an existing database. Natural language processing (NLP) was used to build a word
menu for customers to lodge a complaint. Moreover, a recommendation system was proposed based
on machine learning (ML) and hierarchical defect classification. The system was designed to indicate
which defects should be investigated during inspections. The main outcome of this investigation
is an information management model that provides an effective classification system for customer
complaints, supported by artificial intelligence (AI) applications that improve data collection, and
introduce some degree of automation to warranty services. The main theoretical contribution of the
study is the use of advanced data management approaches for managing complaints in residential
building projects, resulting in the combination of inputs from technical and customer perspectives to
support decision-making.

Keywords: complaint; defect; Natural Language Processing; residential building; machine learning

1. Introduction

The high incidence of defects is a recurring problem in residential building projects,
causing rework, cost overruns [1–3], and customer complaints [4,5]. One way of reducing
building defects is to produce useful information about their occurrence and causes [4].
In fact, customer complaint data collected by residential building companies during the
defect liability period (DLP) represent a rich and inexpensive source of information [6].
The DLP is the period during which the companies are accountable for product defects [7].
This period varies according to the laws of each country, e.g., between 12 and 24 months in
the UK [8], and 6 months and 6 years in Australia [9]. In Brazil, the Consumer Protection
Code [10] and the Building Performance Standard [11] have established a legal framework
that supports the lodgment of customer complaints about quality concerns during the DLP.
As a result, Brazilian customers have become more aware of their rights in demanding
repairs from residential buildings companies. Within this framework, the DLP depends on
the building component involved, but it is usually limited to five years after the handover
to occupants [11]. Despite the differences in legislation, the negative effect of building
defects on the residential building market is similar: such defects damage a company’s
reputation if not rectified properly and timeously [3].
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Most studies on the use of complaint data have been developed in connection with
facilities management systems, usually for non-residential buildings, such as commercial,
hospital, or educational buildings. In general, such buildings are managed by a facili-
ties management company [12], and sometimes computerized maintenance management
systems are used to capture problems regarding building malfunctions [13,14].

However, studies on customer complaints related to residential buildings are relatively
scarce in the international literature. The use phase of residential building projects is
often managed by the dwellers themselves or by a manager chosen by them, and not
by an organization that has expertise in managing maintenance activities [6]. In general,
customer complaints are usually reported directly to residential building companies, and
after that an inspection is conducted to investigate the problem [15]. Repairs are carried
out if the liability period covers the defect. Afterwards, data on the repair service should
be collected and feedback should be given to different stakeholders, such as designers,
construction managers, and supply chain managers [6]. A major problem in this process is
that customer complaint data are usually stored as unstructured text, and manual input
performed by people without a technical background often results in low-quality databases.
Another consequence is that problem investigation can take a long time as poor information
is available.

Some previous studies on customer complaints have explored manual or computerized
categorization and analysis of complaints from large databases. However, knowledge gen-
eration from those studies was limited by the existing data [5]. For instance, Peng et al. [16]
used 5000 complaint records related to an airport, but only half of them were considered
valid for analysis. This data problem is also recurrent in complaints recorded by residential
building companies during DLP [6,15,17]. Brito et al. [6] analyzed 6,956 customer complaint
data from low-income housing projects in Brazil, but data limitations did not allow the
causes of the most frequent problems to be fully investigated.

Considering that data-driven decision-making has become essential in most indus-
tries, including construction [18,19], it is necessary to improve data collection by adopting
new methods and advanced approaches for data management. Natural language process-
ing (NLP) and Machine Learning (ML) algorithms are examples of Artificial Intelligence
(AI) solutions that can bring benefits for problems related to customer complaint data.
NLP and ML can extract and interpret valuable information from unstructured texts at a
speed not achieved by human analysis [20], reducing the processing and categorizing of
complaint data.

Some previous studies have attempted to use these technologies to support facilities
management [12,14,21–23]. For instance, Bortolini and Forcada [14] and Gunay et al. [22]
have used NLP to evaluate building conditions. McArthur et al. [21] adopted ML to classify
maintenance work orders of university buildings. Nevertheless, none of those studies
explored NLP and ML to improve data collection. Thus, the focus of previous studies has
been on generating metrics by applying AI solutions to process and analyze data from
existing building defect databases.

The aim of this study is to develop an information management model of customer
complaints for residential building projects. This information model includes a hierarchical
defect classification system, AI applications for devising word menus to improve data
collection from customers, and for defect recommendation. The purpose of the model is to
introduce some degree of automation and improve the quality of customer complaint data
collection and structuring. Such improvements could improve customer satisfaction with
warranty services and knowledge generation for quality management systems.

Regarding AI applications, an NLP tool was devised to input complaints by customers.
This tool has a set of words from which customers can choose to make a complaint so
that a structured and comprehensive record can be produced. Moreover, ML algorithms
were trained to classify the records and recommend to warranty service teams the type of
problem that needs to be investigated. However, the main contribution of this investigation
is not to the development of AI applications, as these are well known, but rather to the
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application of these technologies to an information model for receiving and processing
customer complaint data in the residential building sector.

This paper is organized into seven sections, including this introduction. The literature
review sections cover concepts about building defects, and present ML and NLP techniques.
Afterwards, the research method describes the methodological approach, and the steps
and sources of evidence used in the development of the model. The results section presents
existing customer complaint services and then describes the application of the proposed
model. Section 6 evaluates the solution, pointing out its potential benefits and limitations.
The final section summarizes the contributions of the investigation and presents suggestion
for further research.

2. Building Defects

As customer complaints recorded during the DPL may result from poor product
quality, it is important to point out concepts that can be used to devise a consistent building
defect classification system. Hence, a brief literature review of these concepts is presented
in this section.

Several terms are used to describe the lack of quality in buildings, such as failure,
defect, non-compliance, or building pathology. Non-compliance is a term used in the ISO
9000 standard [24] to define the non-fulfilment of a requirement related to an intended
or specified use. Atkinson [25] distinguishes between failure and defect: a failure is a
deviation from good practice, which may or may not be corrected before project delivery,
whereas a defect is a performance deficit that manifests itself once a building is in operation.
Finally, the term pathology is also commonly used, borrowed from the field of medicine:.
Building pathology is an area of study concerned with the causes and mechanisms of the
occurrence of defects [26]. In this study, the term “defect” will be adopted to describe
building quality problems.

During the use phase of building projects, defects may have several consequences,
being often perceived differently by distinct stakeholders. For instance, Forcada et al. [27]
point out that customers often pay attention to aesthetics-related defects, while construction
professionals are more directly concerned with a technical perspective of building defects,
including the investigation of their causes. Both perspectives need to be considered in the
management of customer complaints.

Previous studies on building defects indicate that there is a wide range of causes of
building defects, such as design failures, errors in production, the use of defective materials,
and a lack of maintenance [1,5,28–30]. According to Josephson and Hammarlund [31],
a cause can be defined as a proven reason for an undesired result, and can occur in
combination, involving different supply chain members. In fact, causes can propagate
from one building element to another, as there are many interdependences between them.
Therefore, poor performance of one element may lead to problems that may affect the
whole building [32].

When causes are systematically identified, stakeholders are able to prevent and detect
defects [33]. In this context, two terms concerning causes are particularly important in
quality management. Root causes describe the most fundamental reasons for the undesired
result, while direct causes are often associated with the individuals who are influenced
by these conditions [31]. Thus, complex mechanisms of defect occurrence often require a
broad understanding of several factors to mitigate the problem [33].

3. Natural Language Processing and Machine Learning

Text mining is the process of deriving information from free or unstructured text.
The information is not previously known and not easily revealed [34]. The text mining
process encompasses tasks such as text classification, clustering, entity, relation, and event
extraction. Natural language processing (NLP) is an attempt to extract a fuller meaning
from free text [35]. According to Liddy [20], NLP can be defined as a set of computational
techniques to analyze and represent texts that occur naturally at one or more levels of
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linguistic analysis, achieving human-like language processing. NLP is positioned as a
discipline within AI because it allows a machine to transform human languages into
numbers and use this code to learn about the world [35]. The choice of ML algorithms
used by NLP applications depends on the problems addressed, and each type has unique
advantages and disadvantages [36].

ML can be classified into four categories according to the type of supervision nec-
essary during training: supervised, unsupervised, semi-supervised, and reinforcement
learning [37]. Supervised learning is concerned with fitting a statistical model to estimate
or predict an outcome based on data input with previous categories. In contrast, the aim
of unsupervised learning is to discover hidden patterns or groups in data without such a
classification available [21]. A typical supervised learning task is text classification, which
is addressed in this paper. In text classification, ML techniques train an algorithm to ex-
tract features from a set of pre-labelled documents and classify new ones based on their
contents [21]. Naïve Bayes, methods based on decision trees, such as Random Forest (RF)
and Gradient Boosting, Support Vector Machine (SVM), K-Nearest Neighbour, and Neural
Networks are all types of algorithms used for supervised machine learning [37,38].

SVM is able deal with many attributes by using decision rules based on the fit of
hyperplanes. These hyperplanes separate observations by maximizing the margin between
data points [38]. Naïve Bayes is a probabilistic classifier that calculates the occurrence
probability of variables based on the presence or absence of others; however, it does not
consider the correlation between variables [37]. Despite this issue, this classifier often
outperforms other types of algorithms considered to be more sophisticated [39]. RF and
Gradient Boosting are methods that aggregate a set of trees, improving their predictive
performance [40,41]. These methods are adopted extensively as they are non-parametric
and robust to outliers [39]. Decision trees are independent of each other in RF, while for
Gradient Boosting, the construction of each tree is done sequentially using information
from predecessor trees. Thus, each new tree is adjusted based on the errors of the previous
tree [38].

Finally, Neural Networks used to support deep learning reproduce interconnected
nodes or neurons in a layered structure to learn, similarly to the human brain [37]. In NLP,
these models use some word representations, such as word embedding, in which words
with similar meanings have a vector with similar values [42].

Regarding applications, NLP has been adopted for several purposes, including the
use of deep learning to classify user reviews of products [43] or to generate appropriate
responses to users’ emotions in a chat tool [44]. Despite the benefits of deep learning, this
method was not addressed in this study because the available complaints database was not
large enough. Moreover, the complaint texts have a specific vocabulary that is different
to the vocabularies in pre-trained models, based on reports found in the Portuguese
language. Some studies in the construction industry have also used NLP to classify clauses
of contracts [45], to examine construction specifications to support contractors in the
management of project risks [46], and to analyse causes of accidents [47].

In the field of facilities management, text mining has been used to examine building
operation documents to identify the words used most frequently about defects [14,22].
McArthur et al. [21] applied ML algorithms, such as Random Forest and Frequent Itemset
Analysis models, to classify maintenance work orders of university buildings in different
building service categories (e.g., electrical, plumbing, heating). However, other common
defects in residential contexts, such as cracks in walls, detachment of floors, and ceiling
defects, were not addressed. Despite the contribution of these studies to data management,
their main limitation is that they used ML simply to extract useful information from texts
or user’s inputs. However, they did not attempt to improve data collection with the aim of
improving the structure and completeness of the information produced, as is proposed in
this investigation.
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Finally, it is worth mentioning some concerns that have emerged about how ML tools
and humans affect each other [48]. For instance, cultural barriers aggravated by the possible
low performance of some applications can create resistance to their use. An example is
customer service chatbots that do not deliver the necessary information to the user in a
conversation [49]. One way of overcoming this barrier is by designing systems that closely
replicate human communication characteristics, such as those using NLP [39]. Another
issue is the loss of people’s skills as they are not involved in routine mental tasks anymore.
Such tasks have been taken over by technologies such as text processing tools that provide
intelligent corrections or spreadsheets that suggest graphs [50]. This can be regarded as a
negative effect, but there are also some benefits, such as mental capabilities that are freed up
for more relevant tasks [50]. Overall, it is necessary to be aware of the challenges associated
with ML tools and take steps to mitigate their negative impacts [48].

4. Research Method

Design Science Research is the methodological approach adopted in this investigation.
This approach supports disciplines concerned with problem-solving, such as management,
engineering, or information systems [51]. These disciplines develop and test solutions
rather than simply describing and understanding problems [52]. Therefore, the knowledge
generated in Design Science Research has a prescriptive and often multidisciplinary char-
acter; it seeks to solve classes of problems by devising a solution concept, known as an
artifact, and considers the context in which this solution can be applied [52]. Design Science
Research may have different types of outcomes, such as constructs, models, methods,
or instantiations [53]. Models are used to describe relationships between constructs, but
can also be regarded as abstract representations of tasks and processes [53]. Thus, the
artifact devised in this investigation is an information management model of customer
complaints for residential building projects. The target audience for this model is residential
building companies that need to devise information systems for receiving and processing
customer complaints.

This study was developed in collaboration with a large Brazilian building company,
named Company A in this paper. The company builds residential projects and has a
well-structured Warranty Service Department that deals with complaints, providing repair
services during the five-year product liability period. The set of projects considered in
this investigation was from the middle and higher-middle class market segment. Most
building technologies involved in these projects can be considered traditional, such as
cast-in-place concrete structure, external block walls, cement and lime plastering, internal
dry-wall partitions, and ceramic tiling.

This research project was divided into three phases (Figure 1), following the Design
Science Research steps proposed by Kasanen et al. [54]: (i) obtain a deep understanding
of the problem; (ii) develop an innovative solution concept for a class of problems; (iii)
implement and evaluate the solution. In the first phase, a process map of the customer
complaint service was developed to obtain an in-depth understanding of the problems faced
by the company in managing customer complaints. In the second phase, the proposed
model was devised. A defect classification system was initially developed. Then, the
word menu was created for customers to record their complaints. ML algorithms were
trained to automatically classify complaint texts and recommend potential problems to be
investigated by the warranty service team. Finally, in the third phase of the investigation,
the proposed solution was assessed in terms of utility and applicability, and a reflection on
the theoretical implications of this investigation was undertaken.
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Figure 1. Research design.

4.1. Process Mapping

The mapping of the warranty service was based on two sources of evidence: partici-
pant observations of some customer services and semi-structured interviews. The daily
routine of four technicians who carry out building inspections was followed for one month.
Twenty inspections in seven different building projects were followed. The interviews were
conducted to obtain additional information about the processes involved. The participants
were the head of the Warranty Service Department, a building maintenance engineer, and
three technicians from the same department. Table 1 presents their profiles.

Table 1. Warranty service team profile.

Company Position Educational Background Experience in the Construction
Industry (Years)

Experience in the Warranty
Service Department (Years)

Technician Building Technology 6 4
Head of Department Civil Engineering 4 2

Technician Building Technology 8 1
Technician Building Technology 6 6

Maintenance Manager Civil Engineering 17 2

The interviews were divided into four sections, focusing on the following topics:
(i) main role of each interviewee, (ii) existing limitations of data collection and processing,
(iii) existing limitations of feedback practices, and (iv) main barriers faced by the sector
to provide feedback. The interviews were carried out individually, and lasted for around
one hour.

Two data collection forms used by the teams during the service were also analyzed.
The first was used to collect data during the inspection and the other one during the repair
service. The structure of the information system used to store complaint and repair data
was also analyzed.

4.2. Development of the Defect Classification System

The defect classification system was developed according to the definitions of building
systems, elements, and components adopted by the Building Performance International
Standard ISO 19208 [55] and the Brazilian Performance Standard NBR 15575 [9]. An existing
database devised by Berr [56] was used as a point of departure for the development of
the classification system, considering a wide range of defect types that may happen in
residential building projects in Brazil that adopt traditional building technologies.

Afterwards, Company A provided records from a database with 2,765 customer
complaints from 30 projects. These were manually categorized according to the proposed
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defect classification system. As the database contained only complaint texts, additional
data available about the projects were sought, such as notes made by technicians about the
status of the repair service. Based on that analysis, new types of defects were identified
and included in the database.

4.3. Development of Word Menu

The following steps were carried out to pre-process the complaint texts and develop
the word menu using R software [57]: (i) tokenization process, which splits the texts into
pieces called “tokens”, removes punctuation and accentuation, and transforms words into
lowercase letters [34]; (ii) correction of misspelled words; (iii) stemming process, which
removes word suffixes [58], e.g., “crack”, “cracking”, and “cracked” must be equal to
“crack”, and; (iv) removal of meaningless words, called “stop-words”, by using existing
dictionaries and technical analysis. Moreover, all remaining words were categorized
according to their meaning: element, component, defect, and location.

Pairs of words that occur together in the texts were used to create the menu. Figure 2
presents a schematic representation of the frequency of words, how often pairs of words
were connected (thickness of the arrow), and citation order (arrow direction). The word
“bathroom” is often mentioned before the word “suite”, which is cited together with “wall”.
In contrast, “wall” is mentioned before or after “fissure”. Thus, there is no pattern of how
customers mention words. For this reason, the word menu was built to establish a logical
order of word selection, adopting the hierarchical level of categories as criteria: location,
element, component, and defect. Those categories are represented by different colors in
Figure 2.
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Pairs of words with a frequency equal to 1 were not included in the menu due to
the large number of pairs found, around 5000. Finally, the most frequent word among
those with the same meaning was included; for example, “infiltration” was more common
in complaint texts than “leaks”. Generic words, such as apartment, unit, and problem,
were removed.
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4.4. Training of Algorithmic Classifiers

ML algorithms were trained to classify complaints according to building system
categories in eight stages. The first stage was the text pre-processing described previously.
The models were trained with and without stop-words to test improvements in classification
performance. These were the steps carried out using the R software [57]:

i. Data split into two sets: one was used to train the models and the other to test the
performance of fitted models. Three proportions were used for training and testing:
(i) 70% and 30%; (ii) 75% and 25%; and (iii) 80% and 20%.

ii. Text vectorization: the Document Feature Matrix which convert text documents into
a matrix was applied. The rows are the texts and the columns are the words in the
texts. “Bag of words” (BOW) and “Term frequency and inverse document frequency”
(TF-IDF) are very common Document Feature Matrix models in NLP. In BOW, word
frequency is used as a variable and word sorting is not considered, while TF-IDF
measures the importance of a term in a text by assigning a weight [34].

iii. Selection of models: Naïve Bayes, SVM, RF, and Gradient Boosting were used, as
suggested by literature to solve text classification problems [37,38]. All models were
trained by using the Quanteda [59] and Caret packages [60].

iv. Tuning of hyperparameters: a Random Search and cross-validation with five folds
was implemented to avoid overfitting and underfitting [37]. Five folds were chosen
to increase the probability that all categories would be included in the folds as the
database had categories with low frequency.

v. Evaluation of performance: accuracy, precision, recall, and F1 score were the measures
used to evaluate the performance of the models. Accuracy is the percentage of correct
predictions made by the model [37]. Precision measures the rate of true positives to all
positive predictions, while recall measures the rate between true positives and the sum
of true positive and false negative predictions [38]. Lastly, the F1 score is a harmonic
mean between precision and recall [38].

vi. Feature engineering: synthetic features (words) were added to the records to improve
performance. These were selected according to (i) bi-terms that appeared at least ten
times in the records (e.g., “bathroom suites” and “single bedroom”); (ii) most frequent
words in the low-frequency categories, and (iii) words indicated by the Keyness score.
The Keyness score is a word importance indicator calculated using the chi-squared
test, which evaluates whether a term occurs more often in a class than in the whole
database [61].

vii. Resampling to unbalanced classes: when there are large differences in class size,
the algorithms often result in biases in favor of high-frequency classes, treating low-
frequency classes as noise [62]. The complaint database contains some categories with
a low occurrence frequency but of great severity. Therefore, an oversampling approach
was used, randomly duplicating the data from the minority class until the data number
of the majority class was reached.

4.5. Evaluation of Artifacts

The solution was assessed according to utility and applicability constructs, as sug-
gested by March and Smith [53] and Peffers et al. [51]. These constructs were defined
using sets of criteria, as shown in Table 2. The applicability construct refers to the fea-
sibility of implementing the proposed model by companies considering the necessary
skills, the different contexts of organizations as well as project characteristics. The utility
construct is concerned with the degree to which the model helps solve customer complaint
management problems.
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Table 2. Criteria for evaluating the solution.

Constructs Criteria Guiding Questions

Applicability Ease of use
Is the model clear and easy to understand
by users? Which skill level do users need to

operate the model?
Possibility of using the model

in other contexts
How can different companies use the

model?

Utility

Improvements in data
collection

To what extent does the model increase the
reliability and completeness of the data?

Process automation How much effort is necessary to collect and
process complaint data?

Contributions to quality
management

Which type of information can be
generated to provide feedback?

A one-hour seminar with Company A representatives was conducted to discuss the
research results and obtain contributions for the proposed model. Two maintenance team
managers and two project management specialists participated in the seminar. First, the
proposed model was presented to the participants, and then an open discussion among the
participants was undertaken, considering the criteria described in Table 2.

5. Results
5.1. Assessment of the Existing Customer Complaint Service

The existing customer complaint service had four stages, as shown in Figure 3:

i. Receipt of complaints: the sector named Customer Relationship Unit received cus-
tomer complaints by phone or through the company website. The complaint was
recorded in a descriptive text. Then, the sector checked whether the defect type was
still covered by the warranty period, and a technical inspection was scheduled. Staff
from the Customer Relationship Unit did not have any technical background in con-
struction, and errors in complaint analysis often occurred, such as sending problems
to the warranty service team that were no longer covered by the period. This issue
overloaded the technical staff from the Warranty Service Department who were in-
volved in building inspections. Another problem was that records were incomplete
and had inconsistent descriptions of defects, making it difficult for the technical staff
to clearly understand the problem before the visit.

ii. Technical inspection: the initial investigation of the defect causes was carried out
during a visit by a technician with general knowledge about building technologies.
A paper form was used during this inspection to describe the defect type and its
origin (e.g., design, construction, use phase). As this form had descriptive fields,
the information collected was often incomplete. For instance, no information was
collected about the lack of preventive maintenance or improper product use, which
could provide relevant feedback to the quality system. During the visits, customers
often took the opportunity to report other quality problems. If the causes of the
defect could not be identified, a new inspection was scheduled to carry out other tests,
frequently held by a specialist (e.g., electrician or plumber). Finally, the person or crew
in charge of carrying out the repair service was identified and the repair service was
scheduled.

iii. Repair service: After the repair, additional data were collected and recorded in the
company’s information system, such as defect classification, team name, and number
of work hours. The company classified the defects according to 58 categories of
building parts, such as plumbing system and brick wall, and 477 categories of defect
types. The criteria adopted in those classifications were ambiguous and not detailed
enough to enable a clear understanding of the causes. Moreover, only 51.36% of
the defect categories had been used to classify complaints in the database. Finally,
other defects reported verbally by the customer during the inspection were usually
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not recorded by the company, and other data collected often required manual pre-
processing and categorizing to allow systematic analysis for feedback purposes.

iv. Feedback process: The quality problems identified by the Warranty Service Depart-
ment were reported to other sectors (e.g., design, production, material supply, etc.).
This process was not based on the complaint database due to its limitations, but
according to the maintenance team’s perceptions of the most frequently reported
quality problems.
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5.2. Proposed Model

An overview of the proposed model is presented in Figure 4, which is divided into
three stages:

i. Receipt of complaint: the customer can choose between a set of words that best
describe the existing problem. The words chosen are classified automatically by a ma-
chine learning algorithm according to a defect classification system. Thus, the system
recommends to the warranty service team which defect type should be investigated
during the inspection, which can lead to a reduction in service lead time. If the menu
does not include the problem perceived by the customer, a complementary text field
is provided to specify the complaint. These texts can be further incorporated into
the word menu as new options, increasing the amount of information available in
the system.

ii. Inspection and repair: the technical staff is in charge of confirming the classifications
suggested by the system and collecting additional data on the defect during the
inspection. More than one cause can be identified for a single defect. If the proposed
category is considered wrong, the technician must choose another category or suggest
a new one. A critical review of additional causes of defects must be conducted so that
unnecessary categories are not stored in the system.
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iii. Feedback process: the data collected must be processed and analyzed, generating
quality indicators and knowledge for the company, such as indicators on the fre-
quency of claims for different building elements, and the causes of building defects.
This information can be used to support decision-making and provide feedback for
future projects.
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All data are stored in a cloud database, which is regarded as an enabling technology
for the model. It makes information available to different stakeholders, such as individuals
involved in planning corrective or preventive actions. The database must have access
control so that data integrity, security, and privacy are not compromised. This is because
the company’s issues with quality and customers’ personal data are stored on the database.

5.2.1. Defect Classification System

Figure 5 shows the proposed defect classification system with five levels: system,
element, component, defect type, and cause. Six categories of systems were identified in
Company A: “building service”, “horizontal partitions”, “vertical partitions”, “openings”,
“structural”, and “miscellaneous”. The last category refers to elements that do not fit in
other categories, such as furniture or equipment.

Figure 5 presents some examples of defects included in the database. For instance,
defects in the building service system, plumbing service elements are described in the black
sections. A water service pipe component had a leakage caused by the lack of adhesive
and anchoring. In that example, some causes cannot be identified by visual inspection
but must be included in the database to establish a line of investigation of the root causes.
For example, leakages in pipes may also occur due to early use of the system before the
adhesive curing time has elapsed. Further investigation of the company’s production
procedures should be conducted to confirm the possible cause.

As mentioned earlier, company A originally had 477 categories of defects. The imple-
mentation of the proposed defect classification system reduced this number to 53, i.e., a
reduction of 88%. Hence, the proposed defect classification system provides a consistent
and effective hierarchical organization of defect categories. In addition, it provides details
on defects essential to understanding the occurrence of problems.
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5.2.2. Word Menu

The database initially had 29,288 words, which were reduced to 17,724 (around 40%)
after pre-processing the texts. Figure 6 shows a cross-analysis of the frequency of words
organized by category, with the aim of providing an overview of building defects. Words
with the same meaning naturally show up, for example, “cracks” and “fissures” (Figure 6a).
Furthermore, some words make sense only when combined with others, such as the
words “no” with “close”, and “no” with “work”. Nevertheless, despite the limitations
shown in Figure 6, it provides some important insights. “Infiltration” is a defect that is
frequently mentioned in several locations, resulting in an approximately continuous line
on the graph. It is therefore a systemic problem in Company A. A similar situation occurs
with “bathroom”, whose location is mentioned with several defects, such as “infiltration”,
“loose”, and “leaks”.

In Figure 6b, “windows” and “walls” are the elements that are most frequently men-
tioned by customers. A wide range of defects is also cited, such as “infiltration” for
windows and “infiltration” and “fissure” for walls.

Figure 7 presents the word menu developed according to the terms used by Company
A’s customers, displaying possible ways to lodge a complaint. The menu has five levels:
Area, Location, Element, Component, and Defect Type. This figure shows the complete list
of areas, locations, and elements identified in the empirical study. However, only a sample
of components and defect types is presented due to size limitations. The “Area” category
was created due to different possible locations for the same defect. In the empirical study,
21 locations were mentioned by customers, such as bathroom, gym, or swimming pool.
This grouping reduces the time spent in choosing words to lodge a complaint.

As shown in Figure 7, the customer starts by choosing the area, followed by the lo-
cation, element, component, and type of defect observed in the dwelling. For example, a
customer can record a problem in a private area, in the living room, related to the electrical
installation whose circuit breaker disarms. For some complaint types, the component
category is impossible to define, such as the smell of gas (defect type) from the kitchen (lo-
cation). In this case, the customer can lodge a complaint without entering this information.
Finally, in the communal area, a customer can record a defect in the entrance hall, such as a
wall with peeling paint.
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Although Figure 7 shows all options, when an option is selected in a level, the next
level should present only the associated categories. For instance, the “single bedroom”
location usually does not have the “plumbing services” element. Consequently, this option
should not be offered to the customer.

5.2.3. Recommendation System

The customer complaint records were classified into six building system categories,
as shown in Figure 8. The most frequent category was building services, with 33.05% of
complaints, while the structural and miscellaneous systems had the lowest frequency of
complaints, at 1.84% and 2.42%, respectively.

Buildings 2023, 13, x FOR PEER REVIEW 14 of 22 
 

Although Figure 7 shows all options, when an option is selected in a level, the next 

level should present only the associated categories. For instance, the “single bedroom” 

location usually does not have the “plumbing services” element. Consequently, this op-

tion should not be offered to the customer.  

5.2.3. Recommendation System  

The customer complaint records were classified into six building system categories, 

as shown in Figure 8. The most frequent category was building services, with 33.05% of 

complaints, while the structural and miscellaneous systems had the lowest frequency of 

complaints, at 1.84% and 2.42%, respectively. 

 

Figure 8. Complaint frequency of the building systems. 

Cycles of ML algorithm adjustments were conducted with several combinations. The 

different proportions used to split the database resulted in models with similar perfor-

mance. However, 70% for training and 30% for testing were adopted, so the testing data-

base had enough data with low-frequency categories. The stop-words were maintained 

as they slightly improved the accuracy of the classifiers. Lastly, the BOW approach had 

better performance results than TF-IDF, and no synthetic feature was included in the rec-

ords because it caused overfitting.  

Figure 9 shows the Keyness results, so that the impact of the words in the categories 

can be understood. A rank of the five most important words and their frequencies for 

building services, vertical partitions, and opening systems is shown. These results indicate 

that the most frequent terms may not have much relevance for a given category. “Tile” 

has almost half of the frequency of “Wall” for vertical partitions, but it is in the first posi-

tion in the importance ranking. This is because the word “Wall” occurs many times in 

other categories, such as opening systems. 

Table 3 shows the performance of the models, indicating the runtime and accuracy. 

Gradient Boosting had the highest correct classification percentage (82.89%). However, it 

had a longer runtime than other models, resulting in 4.59 h of runtime. This high compu-

tational cost is caused by the high number of hyperparameters to be adjusted. Further-

more, Gradient Boosting learns from the errors of the previous trees, and the dependen-

cies between them make it impossible to process the trees in parallel. 

Figure 8. Complaint frequency of the building systems.

Cycles of ML algorithm adjustments were conducted with several combinations. The
different proportions used to split the database resulted in models with similar performance.
However, 70% for training and 30% for testing were adopted, so the testing database had
enough data with low-frequency categories. The stop-words were maintained as they
slightly improved the accuracy of the classifiers. Lastly, the BOW approach had better
performance results than TF-IDF, and no synthetic feature was included in the records
because it caused overfitting.

Figure 9 shows the Keyness results, so that the impact of the words in the categories
can be understood. A rank of the five most important words and their frequencies for
building services, vertical partitions, and opening systems is shown. These results indicate
that the most frequent terms may not have much relevance for a given category. “Tile” has
almost half of the frequency of “Wall” for vertical partitions, but it is in the first position
in the importance ranking. This is because the word “Wall” occurs many times in other
categories, such as opening systems.

Table 3 shows the performance of the models, indicating the runtime and accuracy.
Gradient Boosting had the highest correct classification percentage (82.89%). However,
it had a longer runtime than other models, resulting in 4.59 h of runtime. This high
computational cost is caused by the high number of hyperparameters to be adjusted.
Furthermore, Gradient Boosting learns from the errors of the previous trees, and the
dependencies between them make it impossible to process the trees in parallel.
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Table 3. Model performance.

Model Runtime in the Training Accuracy

Naïve Bayes 0.04 s 77.71%
SVM 5.24 m 77.95%
RF 47.32 m 81.68%

Gradient Boosting 4.59 h 82.89%

The model with the second best performance was RF. Although there was only a small
difference in accuracy (1.21%) between the two models, there was a substantial difference
in runtime (around 4 h), making the RF a better than option than the Gradient Boosting.
Lastly, Naïve Bayes and SVM had the lowest accuracy, 77.71% and 77.95%, respectively,
despite fast processing time.

Figure 10 shows the confusion matrices with the number of correct and incorrect
predictions for each class. The rows represent the observed data, while the columns show
the predicted data. The diagonal values are predictions that were made correctly by the
models. Lighter colors mean correct model classification. For example, in the rows of the
SVM confusion matrix, the model classified 94 records of horizontal partitions correctly.
However, the model classified 14 complaints as openings, 22 as building service, and 15
as vertical partitions when, in fact, they were not (False Negative). Therefore, the recall
score was 63.67%. Finally, the SVM classified 39 records as horizontal partition problems in
the column, but these claims referred to other categories (False Positive). As a result, the
precision score was 70.68%.

As shown in Figure 10, all models had similar prediction performance for all categories.
The worst performance was for miscellaneous and structural systems. The recall score for
structural systems ranged from 21.69% to 77.78%. This low performance was caused by the
small number of structural records, around 2%. Customers do not usually complain about
this type of defect because it is not easy to perceive. Additionally, there is usually rigorous
technological control of the structural system during construction. Consequently, the
complaint database typically has few records of structural problems, and it is challenging
for the trained models to have good prediction results.
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Although Naïve Bayes had lower accuracy than Gradient Boosting, its recall score
(77.78%) for the structural category was higher. High recall scores for structural systems are
preferable in relation to high precision scores as it is much less serious to detect structural
defects when they do not exist (false positive) than to classify defects into less severe
categories when the real defect is structural (false negative).

Similarly, quality problems in building services are also critical because they include
electrical and fire protection defects that can severely compromise customer safety. These
categories should also be analyzed by using the recall score. By contrast, as openings
and miscellaneous systems were less severe, both recall and precision measures can be
considered. Thus, the F1 score was a measure adopted for these systems, as shown in
Figure 11.
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Gradient Boosting again had the best performance for predicting the openings category
(F1 Score of 87.73%). However, the other algorithms also showed good performance at
around 85%. For miscellaneous systems, the F1 scores for SVM were the highest (71.12%),
proving this to be the best model to predict low-frequency categories.

6. Discussion
6.1. Solution Evaluation

The evaluation of the customer complaint management model was based on utility and
applicability constructs, as shown in Table 2. Two criteria were considered for applicability:

i. Ease of use: during the complaint receipt stage, the choice of words made by the
customer was easy to understand as the taxonomy used in the menu is based on
the language naturally spoken by customers. Moreover, the options were organized
logically, starting from macro (location) to micro level (defect type) information. Ac-
cordingly, the ease of lodging a complaint can reduce the negative effect of a repair
service on customers. From the point of view of the warranty service teams, the defect
classifications are also based on a logical and organized structure that allows ease
of use.

ii. Use the model in other contexts: the word menu and the recommendation system
had a wide range of defect types and were developed based on data from 30 projects.
This indicates that it is potentially applicable to other housing or building companies
and to a range of building elements. Nonetheless, the content of the database depends
on the design type and building technology adopted in each region. The algorithms
had high classification performance levels, and the hardware’s processing capacity did
not need to be high to classify quality problems effectively, according to the runtime
of the algorithms.

With regard to the utility of the artifacts, three criteria were considered (Table 2):

i. Improvements in data collection: the word menu improved data collection by avoid-
ing the loss of essential data to understand the problem, i.e., data that are often
forgotten or not provided by the user. The same occurs for the proposed defect clas-
sification system, which has five levels of information detail, including the cause of
building defects. The set of words covers many types of complaints due to the way
the database was built. However, the word menu and recommendation system need
to be updated periodically as new building technologies and other types of defects
emerge. Thus, new data must be used from time to time to train the ML algorithms.

ii. Process automation: the recommendation system automatically classifies problems
and indicates the type of defect claimed, eliminating the steps of complaint analysis
performed by the customer relationship service. Often, staff from that unit do not have
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much knowledge about building defects. Consequently, wrong data input overloads
warranty service teams. Moreover, there is the possibility of eliminating some steps
in warranty services. For instance, the first inspection is carried out by a building
technician who often requests specialized professionals to perform tests, such as
plumbers and electricians, resulting in long investigation times. This step can be
eliminated as the type of defect is identified more accurately. As a result, there is a
reduction of the negative impact of the repair service on customer satisfaction. These
benefits can also help reduce warranty service costs.

iii. Contributions to the feedback process: the enhanced database can be used to identify
the most important building defects, e.g., by associating problems with features of
projects. In addition, different levels of the classification system can be used according
to the type of assessment. For instance, metrics related to defects in the building
systems level are relevant for managers to identify the most critical ones. In contrast,
the analysis of “defect type” and “cause” can be directed to the operational levels in
which the origin of the defect can be eliminated. Therefore, the defect classification
system can be used to provide feedback and support decision-making in both product
design and production management. Consequently, building quality tends to improve,
which extends the service life of building components and reduces the occurrence of
quality problems at handover.

6.2. Managerial Insights and Recommendations

Some recommendations regarding the implementation of the proposed model must
be pointed out. Companies may occasionally face barriers to using the word menu by
customers who cannot use digital tools, although digital technologies have become more
accessible to everyone. Alternative methods for lodging complaints could be offered to
customers, for example: (i) training the customer relationship service staff to use the word
menu and lodge the complaint in the system; and (ii) use audio transcription technology to
record the complaint as a text message.

Regarding the recommendation system, this study tested some ML algorithms with
different runtimes in training. It is important for companies to consider this metric in the
choice of ML techniques in order to avoid large investments in hardware. In addition,
the choice of algorithms must consider the need to achieve high performance for severe
problems, such as structural defects.

Finally, the proposed information management model for addressing customer com-
plaints demands a continuous effort to update and extend the database due to changes
in building technologies, which may lead to different types of defects and cause–effect
relationships.

6.3. Theoretical Contributions

While existing studies have focused on manual categorization and data analysis of
customer complaints, this investigation improves and automates complaints management
in residential building projects by using NLP and ML. Although the advantages of NLP
for assessing building conditions have already been pointed out by Gunay et al. [22] and
Bortolini and Forcada [14], this study used NLP methods also to improve data collection
and develop a word menu with the most common terms used by customers. Hence, this
study has not proposed a simple application of existing technologies but used them to
develop an information management model of customer complaints that considers the
specific context of residential building projects. Finally, the taxonomy of building defects
was organized into a hierarchical defect classification system, which can be considered a
secondary theoretical contribution of this study.

As the building product consists of many parts with interfaces and different functions,
the defect formation mechanisms are complex. The Keyness analysis indicated that cus-
tomers often cite walls to describe defects in both vertical partitions and opening systems.
These findings highlight the strong interaction between the different parts and the com-
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plexity involved in the building product. Furthermore, different technologies and quality
controls are adopted for each building system, and then the data will be naturally unbal-
anced according to the quality of each building part. These features can cause limitations
for the use of some ML algorithms. However, unlike McArthur et al. [21], this investigation
encompassed all building systems and revealed that a customer complaint management
model must consider the interactions between building interfaces.

Lastly, the proposed model includes data input from customers as an essential part of
the management system, and not only data collected in a technical evaluation by experts,
as addressed by some studies on building quality [6,15,36,63]. Both perspectives—- user
perception and technical assessment—-play important roles in building quality assessment.
In fact, the model does not work and learn without those two perspectives.

7. Conclusions

This study proposed improvements for customer complaint data collection and war-
ranty services. An information management model for customer complaints in residential
building projects was devised. The NLP approach was used to identify the most fre-
quent terms and build a word menu for customers to complain. ML algorithms were also
trained to classify the complaint texts and suggest the defect type to be investigated by
technical staff.

Some training scenarios of ML algorithms were tested, considering different text
vectorizations, database splits, feature engineer alternatives. In addition, a resampling
approach was adopted and was important as the complaint database had unbalanced
classes. Gradient Boosting had the best accuracy score, and the Naïve Bayes achieved better
results in low-frequency categories. The latter algorithm is preferable, especially when
complaints refer to problems with high severity, such as defects in structural systems.

The practical contributions of this investigation refer to the devised artifact. The model
provides data that can improve the understanding of building defects and provide some
degree of automation in warranty service processes. Regarding theoretical contributions,
this study has proposed advanced data management approaches in the context of residential
building projects, which has had little progress in data-driven decision-making. The
potential use of NLP and ML to manage customer complaint data has been demonstrated
in this study. Besides the taxonomies on building defects from technical and customer
perspectives, this study highlights and discusses the complexity of defect occurrence in
building products, which must be considered in the development of customer complaint
management models.

It is important to point out some overall impacts of this investigation on the residential
building sector. The proposed model can help improve both customer complaint services
and product quality, which may enhance the image of the industry in society, as well as
eliminating waste and reducing the environmental impact of construction activities.

Regarding the limitations of this investigation, although the recommendation system
should be applied at all levels of the defect classification system, the implementation was
carried out only for the building system level in this paper. Further studies can implement
the proposed recommendation system for other levels, such as element and component.
The complaint database size also had some limitations, for instance, for structural defects,
which have impacted the learning performance of ML algorithms. Further studies can
implement the proposed model based on more extensive databases. Moreover, the word
menu did not incorporate all possible defects as only the problems found in the context
of traditional Brazilian building technologies were considered. Therefore, other studies
should adapt the proposed models to be used in other contexts.

Lastly, other opportunities for further research have been proposed: (i) integrate
the proposed model with other technologies, such as Building Information Modelling,
to visualize the defects in digital models; (ii) apply audio transcription technology to
classify additional complaints made verbally by the customer during inspections, and (iii)
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investigate the defect types that generate higher levels of negative feelings in customers
than others by using sentiment analysis.
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