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ABSTRACT

Prediction is very difficult, especidly if it's about the future.
(-Nils Bohr, Nobel laureate in Physics)

Forecasting is an integral part of decision making, and we often make decisions for future
events. The future events are based on severa factors which make it difficult to exactly caste
these situations but if we carefully study the pattern of changes of relevant factors then it is
possible that one may predict the future outcomes and take better decisions. To analyze and
study the pattern visualization is one of the best techniques. This research work discussed
BIModels-based data visualization, data collection, data selection, and a data mining
technique in construction industry to predict the construction progress datasets. A framework
has been developed in this research work to bridge a data mining tool with a functioning BIM
tool in the host company. The flow of data stream has been exploited between the two tools
(i.e. a BIM tool and a data mining tool). Several survey reports have also been included in
this article along with results, obtained from several prediction models. Such as: decision

tree, support vector method, boosting model and neural network.

This thesis discusses an implementation of these models on atwo common type of structures,
such as. a building project and an infrastructure project. An HTML5 based project
visualization dashboard has been developed for a building project, which includes graphical
representation for the results obtained from data mining models. Furthermore, eventual
research in the field of data mining and data visualization for construction projects has been
exploited. Additionally, a need of amodel based notifier to predict the statuses of an element

and customize events within a construction project has been discussed.
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CHAPTER NO. 1

INTRODUCTION

1.1 Introduction

“In North America... the total pool of BIM users has expanded from 49% to 71% between
2009 and 2012...”
(-McGraw Hill Construction, 2012) [ 13]

Nowadays, large numbers of construction companies are using building information
modeling & management tools and consequently packing, 3D models with a pile of
distinctive data, including: (a) planning data; (b) quality data; (c) cost-calculation data
and so on. Most of these data are descriptive (textual form) or numeric (integer/ numbers)
in nature. The prime purpose of this attached information is to support the execution of
activities on a construction site as well as to improve the communication among the
players (A/E/C) of the construction project. These information are not only effective and
widely used during the execution phase, but can also be used in facility management or
during the operational phase of the construction project. Albeit, it has been recorded by
many researchers that most of the time this information are kept aside and not been mined

or analyzed to make decisions for future projects.

M. Zhiliang has claimed that these information can be helpful in different circumstances
such as: (a) in taking better decision on the basis of pervious projects [1]; (b) confirming
obvious links e.g., dependencies of progress on certain attributes variables [1]; (C)
discovering the interesting pattern that domain expert might not already know [2]; (d)
identifying the attribute/ situation which has closer connection with the number of injuries
or mishaps on a construction site [3]; (e) discovering the variables which influence the
highest number of delays on the construction site [4]; and so on. The above mentioned
cases are some of the many possibilities that one may perform by analyzing the datasets
of the construction project.

The above mentioned claims are much too daring and concluding that the large datasets
may contain the patterns of the preceding activities. It means, of discovering this pattern

one may explore the knowledge of untold value and improve the decison making

1



capabilities. By contemplating that it can also mean that if the data sets are of poor quality
(i.e.,, incomplete, missing, or dummy) then it leads to a wrong or even an adverse
conclusion. Therefore, it is essential to exploit high quality data in order to acquire a
valuable knowledge from the data mining [4]. The other parallel necessity is the
constituent of datasets, i.e., it should possess afew too many logical attributes which links
to the question that we are trying to answer. Keeping in mind, the two essentia
requirements, this research work adopts the popular technique of the data preparation and
dataanalysis as described by Soibelman et al. [4].

This research work will demonstrate an approach of statistical and machine learning
technique to perform data mining in the field of construction. The data-mining is
performed on datasets which contain variables relevant to: (a) identity of the building
elements (e.g., column, dslab); (b) dimensions (e.g., area, volume); (c) locations (e.g.,
ground storey); (d) planned schedule (e.g., planned finish date); (e) actual schedule (e.g.,
actual duration for an activity linked to the structura element); (f) site performance (e.g.,
issues collected on the construction site) and others. Data mining technique has been
implemented in both building and infrastructure project. At first, the results obtained from
the data mining of the building project will be explained in details. Afterwards, a
comparison between two types of project has been exposed. This master thesis can be an
instrument of motivation for a civil engineer to learn data mining techniques and revea
the potential connection in the datasets related to a unique situation of the construction

project.

" WHAT Toprovidea
- web-based bi-directional .
e interactive and u,
y- prodictive visualization. i .

HOW — By performing \\
Modcl-bascd data !
mining and data
visualization [7] j

WHY — f,r
Visualization
technigues have Y
hetter explanation 4
of data g v and e
processes [11.

Figure. 1.1. Golden circle: Uniqueness and importance of this research work [16].
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1.2 Motivation:

In 2012, the turnover of the construction industry in Germany reaches to 211.3 billion
euro despite of economical crises in Europe [10]. According to estimates of 2012, the
construction industry is ranked as a second largest industry in Germany, providing jobs to
1.9 million of people and ever since it’s expanding with 4.6% per annum [11]. With the
construction project amounting to multi-billion Euros, the construction industry has
become a very complex, high-risk, multi-party business [12]. Along with the construction
industry, construction projects are also expanding in size and complexity. At present, the
contractors have high liabilities for maintaining high quality and on-time delivery. Here
come the data mining techniques to identify the crucial factors that are traditionally not so
obvious and cannot be figured out with manual methods. Hence, data mining can be
helpful in taking better preventive decisions and can help in minimizing the delays and

cost overruns in the construction project.

1.3 Construction Industry needs BIM and Data Mining

You can have data without information, but you cannot have information without data.

(-Daniel Keys Moran, American computer programmer and science fiction writer)

As mentioned earlier the size and complexity of construction projects are escalating. The
need for a cost efficient and a precise method is in high demand. BIM is one of the latest
approaches that help to manage construction projects by allowing:

1. Visualization of building elements digitally.

2. Merging models from different domains (e.g., Architecture, Structures, MEP,

and others) into asingle integrated model.

3. Provides a common platform to share requirements and the knowledge of the
related domains and so on.

Bringing al these advantages together, BIM provides a better possibility to make a
reliable and competent decision [5]. Albeit there is still one element missing, that can
improve the ability of taking a superior and an adequate decision, i.e., data mining. Since
data mining allows to interpret the pattern of existing attributes. Contemplating that data

mining can analyze existing datasets which contain observations of the earlier decision



and its impact on other elements. In this way, data mining can provide awider prospectus

of the computational analysis and helpsin capturing a better solution.

Fig. 1.2 sketches the application of two latest techniques which can provide numerous
advantages when applied to the construction industry. A few of them are listed below:

1. When only BIM applies to the Construction Industry: Integrated 3D models with
related domain (e.g., Architecture, Structure, MEP, etc), 4D models to n-D

models, digital drawings on handheld devices & on smart screen boards, and even

more than that BIM is now possiblein the cloud as well.

2. When both BIM and Data Mining applies to the Construction Industry: The results

can be beneficial and more understandable, since the outcome from data mining
can be analyzed aong with the 3D models and this feature makes it easier to
analyze evidence. Examples include, but not limited to a progress prediction,

success index prediction and so on.

3. Data Mining applies to the BIM-data: BIM approach is implemented in several

domains other than construction industry, which includes automotive industry,
textile industry and so on. Application of data mining techniques in these areas
can be performed. Examples are design change frequency of a product, data

mining of critical responses of components and so on.

Digital Models

1, Integrated 3D modsls, Digital
drewings on handheid devices,
alc

Predictive Modeis

2, Progress Evaluation,
Succass Index Evaluation, etc
3, Ovarall increase In Paymall
par annum, atc

4, Daslgn change frequency, eic

E Building o .

Information and Data el

Modeling Mining

Figure. 1.2. How BIM and Data Mining helping Construction Industry



4. When only Data mining applies to the Construction Industry: Data mining can be

applied to construction datasets which may or may not be part of BIModels. The
example includes the measure of factors causing increment in overall payroll of
employees, factor influencing the safety incident occurrence on the construction

site.

1.4 A brief about Statistics and Data Mining

Data is a precious thing and will last longer than the systems themsel ves.

(-Tim Berners-Lee, inventor of worldwide web)

The Statistics has been traditionally divided into two major branches, i.e., descriptive
statistics, and inferential statistics [14]. Descriptive Statistics describe the data while
inferential statistics indicate the inferences and predicts the outcome. In statistics, the
prime purpose of the data collection is to describe the variables, and finding correlations
among them in order to create a model. The developed model will then help to describe
and/or forecast values of dependent variables when independent variables are known. In
brief, Statistics provide the rational basis to review the past, evaluate the present and
forecast the future. While data mining is a computational process of discovering patterns
in large datasets involving methods from the statistics, machine learning, artificia
intelligence, and database systems [9]. It is an interdisciplinary subfield of computer
science, [8]. Moreover, data mining is one of the analysis steps of the “Knowledge
Discovery from Databases” process, or KDD [7].

The primary goa is to extract information from a data-set and transform it into an
understandable structure for further use [9]. The actual data mining task is the automatic
or semi-automatic analysis of large quantities of data to extract previously unknown
interesting patterns such as groups of data records (cluster anaysis), unusua records
(anomaly detection) and dependencies (association rule mining). The aim is to discover
meaningful insights and knowledge from data. Discoveries are often expressed as models
and we often describe data mining as the process of model building. A model
encapsulated in some formulation, the essence of the discovered knowledge. Developed
models can be divided into two main streams, namely: descriptive models, and predictive
or inferential model. A descriptive model is used to understand the data pattern. And
predictive models help in making decisions.



1.5 Description of Research Problem

151 Objectives

The objectives of this research work encompass the:

1. Study of the principle and implementation techniques of statistical analysis in
order to discover the pattern of independent variables.

2. Analysisof the state-of-the-art in data analysis and model mining technique;

3. Validation of the mined model using visualization of the obtained results.

4. Developing a forecasting graph for a construction project schedule using W3C
DOM model based on the results obtained from the mining models.

5. Creating and designing a construction project dashboard based on the W3C DOM
model in order to provide a precise, interactive, dynamic and compacted project

controlling interface.

1.5.2 Research Approach

As noted in section 1.3, there are a few too many possibilities of implementing data
mining technique in the construction industry. Albeit, in construction industry only a few
examples has been produced till date. The scarcity of the research work in this direction
may be aresult of: (a) unsatisfactory quality of construction datasets; (b) a bulk amount
of the accumulated information that prevents user from extracting the right information
easily [1]; (c) no existing information about the relationship among various attributes
explicitly [1]. Therefore, this research was first established as an exploratory investigation
to study the value of data mining techniques. Thereafter, the project datasets has been
analyzed and a visualization of the datasets has been done in the form of graphical
representation. Through this exploratory study, the value of forecasting, modeling and
important metrics for assessing its effectiveness was identified and then it follows the

following footsteps:

1. Initialy, developed models are applied on a single project in order to evaluate the
best match for the datasets of an infrastructure project.

2. Next in order, a similar approach is applied to a building project to comprehend
the right model for the building project.

3. A comparison between an infrastructure and a building project is elaborated.

4. R console is used to record a model predicted values into csv file which can be
then visualized into an HTML based web-form in atypical dashboard format.



1.5.3 Research Scope

The research focuses on the statistical analysis of the progress construction datasets in
order to discover the pattern. An infrastructure project and two building projects are
considered has a case-study for this research project. Primarily, the data-set from different
domains have been extracted into a statistical tool and analysis has been performed.
Following that, a visualization of the spread of datasets and its central tendency has been
estimated and then the model is developed using data mining techniques. The outcome
obtained by implementing these models is then documented in the later chapter. The
scope of this study has been limited to:

1. The visudlization of the statistical analysis only on data mining software, R —
statistical software.

2. Aninfrastructure project (a bridge project), and two building projects (a shopping
mall project and a parking plaza project).

3. Prefabricated elements are considered for the parking lot project while mixed type
of structures, i.e., prefabricated as well as cast-in-situ for an infrastructure project
and building project.

4. Only attributes which are part of an existing models will be considered for the
purpose of analysis, moreover there are several parameters which are considered
as constant for those analysis including but not limiting to: optimum use of labor,
number of labors assigned to a task, skills of labors and similar one, which do
have very strong effect on the progress of the project but we are not encountering
these attributes in this study as there are already many studies has been done on

these factors.

1.6 Thesis Structure

Chap 1 states the problem in the construction industry and sets the context of data mining
application to predict the solution. Furthermore, this chapter proposes the research
objectives, its approach, and the scope of this study. Chap 2, then introduces data mining
in details, describing how data mining can be applied and in which field researchers have
performed studies. Furthermore, two research relevant domains (i.e., statistics, database)
involving in data mining are explained in detail. Moreover, R has been introduced as the
statistical programming environment of this research work. Additionally, the reason for

using Rand itslibrary Rattle to perform data mining has been introduced.

Chap 3 discusses implementation criteria of the data mining technique on construction
datasets, which exploits data quality, data cleaning, data transformation, and data content.
7



Moreover, examples and figures have been developed to provide clear vision and
frequently followed with basic codes. Additionaly, their outcomes have aso been
discussed. An analysis performed on a shopping complex project is explained in detail.
Besides that, results obtained for other two projects, i.e., a parking plaza and a concrete
bridge have been graphically demonstrated the exploration of the datasets for the said
project has been presented in this chapter. Chap 4 covers the design of HTML based web-
form for the BIM managing tool. Furthermore, the snippets are also explained in detail.
This chapter reveads the key mapping of a data flow from a BIM tool for the data mining
software and back. Furthermore, representation of arelational dataset has also mentioned
in this chapter. Common approaches such as. pixel-oriented technique, geometric
projection techniques, icon-based technique as well as graph-based techniques has been
discussed in detail. Subsequently, data visualization is categorized into three types of
graph, i.e., (a) basic, (b) bidirectional interactive, and (c) advance graph.

Chap5 summarizes this study and additionally, it introduces the contributions and
limitations of this research work. A possibility of future investigation in the field of data
mining and data visuaization in construction engineering is exposed. And finaly, a
research methodology for a model driven activity, anticipating notifier (MDAAN) has

been proposed.



CHAPTER NO. 2

LITERATURE REVIEW

Background

In this chapter, primarily, the reason for using data mining has been highlighted.
Afterwards, various divisions of data mining have been discussed in detail. Appropriate
examples related to construction industry for each part has been developed and supported
by meaningful fact and figure. Furthermore, R has been introduced as a programming
language and environment of this research work. In conclusion, the reason for using R

and its library Rattle to perform data mining has been introduced.
2.1 What is Data Mining?

Data Mining is the process of discovering advantageous patterns in data.
(—John) [33]

Data mining is a process of extracting useful information from the pre-existing databases
or datasets. This process of finding useful patterns in a data is also known by different
names such as knowledge extraction, information discovery, information harvesting, data
archeology, and data pattern processing [17]. The purpose of a data mining is to identify a
valid novel, potentially useful, and understandable correlations and patterns in existing
data [18]. The term “data mining” is primarily used by statisticians, database researchers,
and the MIS and business communities. Data mining helps in understanding the hidden

pattern and its essential for understanding.

Data mining has been proofed highly successful in business. And now, it is gaining high
importance in both world of engineering as well as in bioinformatics. In engineering, the
examples include improvement of project management, isolate software bugs, detect
software plagiarism, analyze programming fault. In bioinformatics, data mining can help
in predicting where the future outbreaks of a latest diseases such as where Ebola
epidemics might happen in Africa [43, 44], and the prediction of structure of gene by
studying data for the DNA [42]. In short, Data mining has application in business
intelligence, web search, bioinformatics, education, health, informatics, finance, digital
libraries and digital governments [20]. The reason of a far and wide application of data

mining is stated by Han et al. as the world is data rich but starving for information. He has



quoted the situation as “the world is data rich but information poor” as mentioned in the
fig.2.1 [20].

The question arises that how this pattern-determination technique can help us? The
answer lies in finding relevant patters from system datasets using “Knowledge discovery
in databases”. Knowledge discovery in databases as known as KDD which is defined as
the acquisition of a useful knowledge, derived from the data requires preprocessing which
involves data preparation, data selection, data cleaning, and proper interpretation of the
outcome [17, 19, and 20]. Data mining is one of the significant steps in the process of
knowledge discovery. The number of steps involve in the process of KDD is shown in the

fig. 2.2 as proposed by Han et al. [20]:

How can I analyze these data?

Figure. 2.1. The world is data rich but information poor [20].

a) Domain problem (Understanding a domain problem),
b) Data extraction (Extracting the data set),
c) Data cleaning (to remove the noise and inconsistent data),
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d) Data integration (where multiple data source may be combined),

e) Data selection (only data relevant to the analysis task are retrieved from the
database),

f) Data transformation (where data is transform and consolidated into forms
appropriate for mining by performing aggregation. Such as numerical variable to
the categorical variables),

g) Data Mining (an essential process where intelligent methods are applied to
extract data pattern),

h) Pattern evaluation (to identify the interesting patterns based on the knowledge
obtained by analysis),

i) Knowledge presentation (where visualization and knowledge representation
techniques used to present mined knowledge to users).
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Moreover, the process of data mining can be divided into further sub-phases. According
to Fayyad et al. [7], data mining has 6 explicit phases which will be discussed in detail in

section 2.5. Namely these stages are:

a) Classification (It is finding the models that analyze and classify a data item into
several predefined classes),

b) Regression (It is mapping of a data item to a real-valued prediction variable),

¢) Clustering (It is identifying of a finite set of categories or clusters to describe the
data),

d) Dependency Modeling or Association Rule Learning (It is finding a model
which describes a significant dependencies between variables),

e) Deviation Detection or Outlier Detection (It is discovering the most significant
changes in the data),

f) Summarization (It is finding a compact description for a subset of data).
2.2 Data Mining in Construction Industry?

Construction Industry is considerably behind in the field of data mining as compared to
other industries. This maybe because of a concept that the construction process is a
“temporary” and “specific” activity which means the data of one project can seldom be
used for another project. Is that always a true situation? Probably not, because although
construction products are “unique” but some similarities still exist between them and
construction processes and management skills are typically common to all projects [34].
Since Soibelman et al. has started in 2000s only few works has been published regarding
the implementation of data mining technique in construction industry. Soibelman et al. [4]
presents the method of data preparation for construction knowledge discovery. 21%
century brought latest technology and magnificent development in the field of databases
and artificial intelligence. This allows storing the large amount of data into our system
and providing high speed computers at affordable rates and that’s helping construction
industry to deploy BIM tools at their organization. However, only few construction

companies have used the digital information in order to perform data mining techniques.

Kim et al. [2] suggested a method to use KDD in order to sort out the attributes. The
article describes various statistical and a machine learning algorithm and make a
comparison between two. Authors have concluded that using only machine learning
algorithm may lead to the insignificant attribute. For this reason, it is important to include

statistical Techniques including but not limiting to Frequency charts, Correlation, Factor
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analysis, and Bayesian network. Moreover, author has highlighted the need of integration
and combining two or more model from different techniques could provide refined

results.

Kim et al. [21] manifest the implementation of data mining technique for energy efficient
buildings. Authors have argued that design of a building automation system (BAS)
requires analysis of great amount of data which is an application area for data mining.
The author has incorporated data mining tools Decision Tree, Case Based reasoning and
Factor Subset Selection and highlighted the positive impact of the data mining in
selecting the best model for the energy efficient building design. Xiao and Fan [22] has
also discussed the similar research work. The authors performed data mining techniques
on the BAS database of the Hong Kong’s tallest building. The author has evaluated over
hundreds of rule and extracted four meaningful rules out of it. Moreover, authors have
stated that a domain specialist could identify more reasonable from the reasoning set of

rules.

Cheng et al. [3] has employed data mining to explore factors contributing to occupational
injuries specifically in Taiwan’s construction industry. The authors employed descriptive
statistics and conduct statistical analysis using data mining. Eventually the analysis leads
to the combination of the factors which shows the highest possibilities of occurrence of
causalities and accident in the presence of certain attributes. M. Zhiliang [1] has
elaborated a BIM-based data mining approach to reuse construction firm’s management
information to improve the decision making. On the basis of the information discovered
through data mining on the enterprise-level database. T. P. Williams and J. Gong [23]
performed text data mining with two different algorithms and then combine the two
models together to obtain improve results. Additionally, authors have run the analysis

over the five models and described their outcome in details.

Currently, the implementation of data mining in construction industry is limited to certain
techniques mainly confined in research areas. There is an enormous possibility of
performing research at enterprise level (including client and contractors) to sort out the
pattern or trend in their databases. Since the advent of building information modeling
processes, AEC firms are motivated to attached large amount of data within their model
for better interoperability and collaboration among the stake holders. It is worth
mentioning the BIM is getting more and more popular and many companies are keeping a
lot of digital information from the start of the project to the end. This makes it possible to

use this available for the purpose of data mining and discover hidden patterns in the data-
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bases. However, in case of disagreement between the client and contractor on this issue,
the contractor may not be allowed to use model-based information for data mining
purposes. Even if, the contractor has created drawings and plans to execute the
construction works. Since the contractor does not possess the ownership of the project’s
item unless, it is clarified in contract documents. Nevertheless clients and architects
should encourage contractors to perform data analysis. Since the analysis will not only
escort the contractors to take preventive actions but may also predict the cost overruns for
the construction project. Many other possible advantages will be discussed in the below

section.
2.3 Why Data Mining?

To understand is to perceive patterns.

(-Sir lIsaiah Berlin)

One of the successful examples of data mining is the Google’s search engine. It receives
hundreds of millions of query each day. Each query can be viewed as a transaction where
the user describes her or his information need [24]. What novel and useful knowledge can
a search engine learn from such a huge collection of queries collected from users over
time? Interestingly, some patterns found in user search queries can disclose invaluable
knowledge that cannot be obtained by reading individual data items alone. For example,
Google’s Flu Trends uses specific search terms as indicators of flu activity. It found a
close relationship between the number of people who search for flu-related information
and the number of people who actually have flu symptoms. A pattern emerges when the
entire search queries related to flu is aggregated. Using aggregated Google search data,
Flu Trends can estimate flu activity up to two weeks faster than traditional systems can
[25].

An example of data mining in construction is Fort Wayne project under US crop in
Indiana State. Kim et al. [2] found out that the actual reason for the delay in the project is
inaccurate and incomplete site survey before the execution of work on site. This
information was unknown before the deployment of data mining technique and the bad
weather condition was considered as a reason for the delay in the execution of the project.
But once the dataset has been analyzed using data mining technique, a key reason for
delaying of the project has been discovered i.e., the unknown underground facility
locations. A ground penetration radar (GPR) has been suggested to locate the existing

underground pipelines and construction structures which brought positive impact on the
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project. The total saving for the project by considering this recommendation is calculated
to be $582,391 USD.

Likewise construction management, data mining technique can be fruitful in other domain
of construction industry such as: (a) in designing a BAS — building automation system; (b)
in maintenance of highway bridges; (c) in knowledge-based information system; etc. It
has been noted by many researchers that construction firms who steps forward towards
the BIM technology may initially faces more difficulties in motivating employees but
those companies managed to raise their standards and keep getting large and complex
construction projects. In the same away, data mining in construction industry is a new
trend. However, their positive benefits have been noted in Business, computer science,

bioinformatics and others.

Fort Wayne, — pipeline project for flood control is one of the example of successful data
mining implementation in construction industry. But still much more research work is
needed to be executed in order to bring the attention of the construction industry towards
the benefits of data mining. Unfortunately, it cannot be estimated at the moment that how
much digital data construction industry possesses at the moment. Still, one may conclude
that it will go to increase in near future. Since the current growth rate of deployment of
BIM tools in a construction project is higher therefore, the amount of digital content

attached to them wills also going to increase.
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Figure. 2.3. Growth of the global data acquisition and the growth of the BIM in North
America, sources: [13, 26].
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As mentioned earlier, that there is no survey report regarding the amount of digit data
acquired by construction industry in recent years. Therefore, a graph has been generated
for the current growth of BIM and worldwide digital acquisition. The data has been
collected from the EMC report [26] for worldwide digital acquisition. On the other hand,
McGraw hill report has been considered for estimation of current growth of BIM in North
America [13]. The graph can be viewed in the fig. 2.3. It is estimated that in the year
2012, the world wide data acquisition was 2.80 Zettabyte (1 ZB = 1 x 10%%), while the
usage of BIM in North America was 71% of total construction industry.

2.4 What kinds of Data can be mined?

As a young and emerging technology, data mining can be applied to multiple kind of data
sources including: (a) databases data (Relational Databases RDBMS, Object-Oriented
Databases OODBMS); (b) data warehouse data, transactional data as well as time-related
application data (e.g., historic records, stock exchange data, and time-series and
biological sequence data); (c) data streams (e.g., video surveillance and sensor data,
which are continuously transmitted); (d) spatial data (e.g., maps); (e) engineering design
data (e.g., the design of building, system components, or integrated circuits); (f) hypertext
and multimedia data (including text, image, video, and audio data); (g) graph and
networked data (e.g., social and information networks) and; (h) the Web (a huge, widely
distributed information repository made available by the Internet). These applications
bring about new challenges, like how to handle data carrying special structures (e.g.,

sequences, trees, graphs, and networks) and integrated model deployment technique [20].

Therefore, it means that we can mine numeric and text values along with video and audio
data. For example, studying a football match video can detect the sequences
corresponding to goals. Web mining on the other hand can help to read data from the
worldwide web. In general, we can scrutinize page ranking, web dynamics, and the
association and other relationships among the different web pages, users, communities,
linked URLs, and linked download programs, and other web-based activities. Moreover,
the quality of data is essentially important to draw valuable conclusions therefore, data
scarcity should be dealt properly otherwise the obtained results may not be of any

precision [27].

Application: In order to perform the analysis for this research project, two types of
datasets has been considered simultaneously such as; database data (SqLite) and data file

(comma separated file). Database is embedded in the Model managing program (desite
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MD) containing all the manual entry data i.e. the actual dates. Data files (CSV) contains
attributes values of the elements of the Model and the schedule attributes containing
planned start and finish dates. The data of the relevant elements are extracted using the
script in the desite MD. The snapshot of the exported data is shown in the below fig.2.4.

Figure. 2.4. Snapshot of the CSV file exported from the model containing program (desite
MD)

Example 2.1: Suppose that you are a manager at construction firm, and wanted to find out
which of two activities related to completion of element is more delayed then the planned
date, i.e., either steel works are more delaying than the concrete works or is the situation

is vice versa. The model equation for the first condition will be appeared as below:

Delay(X, “Concrete”) > Delay(X, “Steel”) [support = 2%.Confidence
= 50%] —eq(2.1)

2.5 Stages of Data Mining

As mentioned earlier that the process of data mining can be divided into six sub-phases.
Each of these phase deals with the specific tasks, however all of these task or some part of
it may need to run several time in order to analyze different types of model such as

decision tree, and/or neural network etc. The details of these phases are as follows.
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25.1 Classification:

Classification of data helps in describing the data in the form of certain model or
equation. In order to perform a valid classification, the data set has to be divided into 3
parts, such as: (a) Training data; (b) Testing data and; (c) Validating data. While training
data contains large amount of data since it is meant for grouping the data into identical
classes or model. The derived model can be presented in the form of classification rules
such as decision trees, neural networks, or Adapting Boosting Model. For instance, the
simple decision tree model separates the data on the bases of their class changes. It
consists of root node, internal node and leaf nodes. Leaf nodes are representing the
classes of data sets derived by analyzing training data. To classify the datasets into
different groups’ number of algorithm are available such as Hunt’s algorithm which is the
basis of many existing decision tree induction algorithms including 1D3, C4.5, and CART
[28]. For sake of simplicity a very small part of a construction progress datasets as

mentioned in table 2.1.

Categorical  Binary Continuous Continuous Target Risk
S. Site Site Manager on No. of No. of Delay  Delayed
No  Temperature site Machine Labors Status  days
1 Cold No 10 29 Yes 1
2 Avg. Cold Yes 12 31 No 0
3 Cold Yes 10 26 Yes 2
4 Cold No 10 27 Yes 2
5 Avg. Cold No 12 32 No 0
6 Avg. Cold Yes 10 30 Yes 1
7 Cold Yes 10 32 Yes 1

Table. 2.1. Training data set for predicting delay statuses.

The initial tree for the classification problem contains a single node with class label Delay
Status = Yes (see fig. 2.5(a)) which means that most of the Delay Status is yes. The tree
however needs to be refined since the root node contains records from both classes. The
algorithm then checks for the consistency of the Yes (condition of delay status) with all
other variables. The variable which shows highest percentage of consistency will be
chosen as the first intermediate node. In above example it is Site Temperature which has
the best match i.e. all cold days causes delay on site. Therefore records are subsequently
divided into smaller subsets based on the outcomes of the Site Temperature test condition,
as shown in fig. 2.5(b). Hunt’s algorithm is applied on the each training dataset, which is
provided in table. 2.1. Notice that all cold days have delays. The left child of the root is
therefore a lead node labeled Delay Status = Yes (fig. 2.5(b)). For the right child, we

need to continue applying the recursive step of Hunt’s algorithm until all the records
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belong to the same class. The trees resulting from each recursive step are shown in fig.

2.5 (c) and fig. 2.5 (d).
Site
Temperature
All cold days are

(a) delaved days Delay Status= Yes Delay Status= Yes

Delay Status= Yes

Cold Average

(b)

Average

Delay Status= Yes

Cold Average =10
Delay Status= Yes No. of Delay Status= Yes
Machine

>10 =30

Delay Status= Yes Delay Status= No Delay Status= Yes Delay Status= No

(c)
Figure. 2.5. Hunt’s algorithm for inducing decision trees.

The above algorithmic solution can be quotes as a set of equation which can be termed as

a derived model. Following are the example of set of rules for the Delay Status = Yes.

Site Temperature(X, “Cold”) 2 Delay Status (X, “Yes”) — eq(2.2)
Site Temperature(X, “Average”)AND No.of Machine(X,
= 10) 2 Delay Status(X, “Yes”) —eq(2.3)
Site Temperature(X, “Average”)AND No.of Machine(X,
> 10)AND No.of Labours (X,= 30) 2 Delay Status(X, “Yes”)
—eq(2.4)

A neural network, when used for classification, is typically a collection of neuron-like
processing units with weighted connections between the units. There are many other
methods for constructing classification models, such as naive Bayesian classification,
support vector machines, and k-nearest-neighbor classification. The application of the

testing data comes into play when we determine the strength of the derived model [20].
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2.5.2 Regression

Whereas a classification predicts categorical (discrete, unordered) labels, regression
models predict continuous-valued functions. That is, regression is used to predict missing
or unavailable numerical data values rather than (discrete) class labels. The term
prediction refers to both numeric prediction and class label prediction. Regression
analysis is a statistical methodology that is most often used for numeric prediction,
although other methods exist as well. Regression also encompasses the identification of
distribution trends based on the available data. Regression models, on the other hand, are
generally models that predict a numeric outcome [29]. Consider the example in the table.
2.1, where regression model might predict the amount of days delayed on the following
day rather than whether it will or won't delay. Regression models are often expressed as a
mathematical formula that captures the relationship between a collection of input
variables and the numeric target variable. This formula can then be applied to new

observations to predict a numeric outcome.

Another example is related to the data samples collected from one of the construction
sites at the host construction company leads to the finding that the number of planned
days and days delayed for activities have direct relationship. i.e., if one quanity increases
other also show increment. Note, that there is a positive relationship when the regression
line has a positive slope, upward from left to right. The regression line, the line of best fit
through the data points uses the criteria of least square. Square vertical distance of each
data point from the regression line both magnifies error and remove the possible
canceling effects of (+) and (-) distances. A regression line is used for estimation i.e.,
there will be errors between the line and the actual realized data points. A scatter plot

along with the regression line is mentioned in the below fig. 2.6.

Scatter plot for delayed days vs Planned days for
an activity
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Figure. 2.6. Scatter plot along with regression line for planned days verses number days
delayed for each activity.
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2.5.3 Clustering

It is a process of partitioning datasets into a set of meaningful sub-classes which can be
termed as clusters. Unlike classification and regression, clustering analyzes a class-
labeled target dataset. Clustering analyzes data points without consulting class labels. In
many cases, class labeled data may simply do not exist at the beginning. It can be used to
generate the class labels for a group of data. The clustering can be done on the basis of a
measure of the distance between observations. The aim of clustering is to identify groups
of observations that are closer to each other as compared to the observations which are far
away from each other. It allows to maximize the interclass similarity or to minimize the
intraclass similarities. Consider the above example in table. 2.1, we may cluster our data
on the basis of we might have a dataset that is made up of construction delays along with
the number of delayed days and other resources available on site. Depending on what is
needed to solve the problem at hand, we might wish to group the delays into smaller,
more definable groups and then compare different variables common to all groupings.
Each group may have different ranges, minimums and maximums, and so on that

represents that group.

Continuing from fig. 2.6, the data points can be cluster in to 2 to 3 groups. At first, we set
our limit of observing data by discarding out the outliers. Outliers are the data points
which are far apart from the rest of data points. Outliers are discussed in the section 2.5.5.
Afterward data points are cluster on the basis of planned days into three categories. Such

as:

Category A: consists of activities having initial planned days lies 10-12 day;
Category B: consists of activities having initial planned days lies 22-31 days;
Category C: consists of activities having initial planned days lies 38-45 days.

After grouping data, we can analyze each dataset into further details such as what kind of
activities these are? What are the reasons behind their delay? Is there any delay in the
entire schedule because of these individual delays? And so on. Moreover, it’s depending
on the data mining team which one type they select in order to cluster large datasets into
smaller datasets. It is very important to discuss with domain expert about the clustering of
datasets in order to distribute the datasets in consistency with existing knowledge and to

discover useful insights from the datasets.
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Figure. 2.7. Clustering of data for delay statuses on the basis of planned days.
2.5.4 Dependency Modeling or Association Rule Learning

Association analysis identifies relationships or correlations between observations between
variables in datasets. These relationships are then expressed as a collection of so-called
association rules. The approach has been particularly successful in mining very large
transactional databases. For sake of explanation consider the above example illustrated in
table. 2.1, you may notice that whenever we have equipment more than 10 then the labors
are also more than 30. Algorithm can learn these associations and when needed then it
can estimate the number of labors or vice versa. Association analysis is one of the core

techniques of data mining (see fig. 2.8).

The two primary measures used in association analysis are the support and the
confidence. The minimum support is expressed as a percentage of the total number of
transactions in the dataset. Informally, it is simply how often the items appear together
from amongst all of the transactions. Formally, we define support for a collection of
items, | as the proportion of all transactions in which all items in | appear and express the

support for an association rule as:
support(X 2Z) = P(XU Z) — eq(2.5)

Typically, we use small values for the support, since overall the items that appear together
frequently enough that are of interest generally won't be the obvious ones that regularly

appear together.
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The minimum confidence is also expressed as the proportion of the total number of
transactions in the dataset. Informally, it is a measure of how often the items Z appear

whenever the items X appear in a transaction. Formally, it is a conditional probability:
confidence(X 2Z) = P(Z|X) = P(ZU X) /P(X) —eq(2.6)
It can also be expressed in terms of the support:

confidence(X 2 Z) = support(X 2Z) / support(X) — eq(2.7)

= + I
§\.\\\} 0 equipments

| e 5

+30 workers

Figure. 2.8. Possible Association rule that algorithm can learn during data mining,
Sources: <http://www.kwik-staff.co.uk/ESW/Images/construction20workers.jpg>

<http://www.al-ameen.com.sa/images/hardware/construction-equipment2.jpg>.

Typically, this measure will have larger values since we are looking for the association
rules that are quite strong, so that if find the items in X in a transaction then there is quite

good chance of also finding Z in the transaction.

There are a collection of other measures that are used with association rule analysis. The
lift is the increased likelihood of Z being in a transaction if X is included in the

transaction. It is calculated as:
lift(X 2Z) = confidence(X 2Z) / support(Z) — eq(2.8)

Another measure is the leverage, which captures the fact, that a higher frequency of X

and Z with a lower lift may be interesting:
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leverage(X 2 Z) = support(X 2 Z) — support(X) X support(Z) —eq(2.9)
2.5.5 Deviation Detection or Outlier Detection

An outlier is an observation that has a value for the variable that is quite different form
the most of observation. Typically, an outlier appears at the maximum or minimum end of
a variable and is so large or small that it skews or otherwise distorts the distribution. It is
not uncommon to have a single instance or a very small number of these outlier values,
when compared to the frequency of other values of the variable. When summarizing our
data, or performing tests on the data, and/ or in building models, outliers can have an
adverse impact on the quality of the results. Hawkins [30] captures the concept of an

outliers as:

“An observation that deviates so much from other observations, as to arouse suspicion

that it was generated by a different mechanism is termed as an outlier. ”

Outliers can be thought of as exceptional cases. Examples might include extreme weather
conditions on a particular day, amount of days delayed for an activity with respect to all
other similar activity, a very wealthy person who financially is very different from the
rest of the population, and so on. Often, an outlier may be interesting but not really a key
observation for our analysis. Sometimes outliers are the rare events that we are

specifically interested in.
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Figure. 2.9. Number of days delayed for several activities in a construction project.
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General outlier detection algorithms include those that are based on distance, density,
projections, or distributions. The distance-based approaches are common in data mining,
where an outlier is identified based on an observation's distance from nearby
observations. The number of nearby observations and the minimum distance are two
parameters. Another common approach is to assume a known distribution for the data.

And it is then consider by how much an observation deviates from the distribution.

The popular technique to visualize outliers is a scatter plot or box plot. A box plot picks a
more vibrant approach of classifying the outliers. A common rule of thumb for
identifying suspected outliers is to single out values falling at least 1.5 x Interquartile
range (IQR). IQR is the length of a range of the data between 75% percentile and 25%
percentile value. One of the solutions to Outliers is to remove them from the datasets
altogether or ignore them. The method adopts in this project work to tangle with the

outliers are discussed and reasoned in chapter 3.
2.5.6 Summarization

Summarization is a crucial concept which involves techniques for finding a compact
description of a dataset. Simple summarization methods such as tabulating the mean and
standard deviations are often applied for data analysis, data visualization and automated
report generation. Data summarization can also be defined as the abstract of data
characterization and features of a target class. In general, the summarization has the
potential to reduce the size of the data by several orders of magnitude. Summarization can
be viewed as compressing a given set of datasets into a smaller set of patterns while
retaining the maximum possible information [31]. Consider the example descried in table.
2.1., the datasets can be summarize for two major with respect to delay on site and no-
delay on a construction site. The summary of the data set is tabularizing in the table. 2.2.

Avg. site Avg. site manager Avg. no. of  Avg. no. Avg. delay Avg. delayed

temp. availability on site  machine of labors status days
Cold No 10 29 Yes 1
Avg. Cold Yes 11 32 No 0

Table. 2.2. Data summarization for predicting delay statuses.

The advantage of a summary is that the analyst can visualize large set of data. Usually, a
domain specialist cannot go through each observation of a large datasets due to time
limitations. The quick solution is to go through the summary of unique conditions of a
target class and the quartiles (Q1, Q2, and Q3) of variables. In this way, data
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summarization is simplifying the data analysis. A summary of a large dataset can be
created using a similar code as mentioned in eq. 2.10. An example of summary can be
viewed in table. 2.2. In eq. 2.10, a fictitious name has been considered. The source code
mentioned in this equation is merely produced for the purpose of an example.

use Big Construction Database

mine comparison as “Yes_vs_No”

in relevance to Site Temperature, Site Manager on site, No.of Machine,
No.of Labours, Delayed days,

for “Delay Status”

where status in “Yes”

versus “Delay Status”

where status in “No”

from project delay status — eq(2.10)
2.6 Which technologies are used?

Since, data mining is a highly application-driven domain. It has incorporated many
techniques from other domains such as statistics, machine learning, pattern recognition,
database system, information retrieval, visualization, algorithms, high-performance
computing, machine learning, Neurocomputing, artificial intelligence and many
application domains as mentioned in fig. 2.10 [20, 32]. The interdisciplinary nature of
data mining research and development contributes significantly to the success of data
mining and its extensive applications. In this section, short introduction of only two
domains are mentioned, i.e., Statistics and database along with their contribution to add
value to the data mining technique.
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Figure. 2.10. Various Techniques that are applied to Data Mining
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2.6.1 Statistics

Statistics is the science of collecting, analyzing, interpreting or explaining, and presenting

of large datasets. Data mining has an inherent connection with statistics.

A statistical model is a set of mathematical functions that describe the behavior of the
objects in a target class in terms of random variables and their associated probability
distributions [35]. Statistical models are widely used to model data and data classes. For
example, in data mining tasks like data characterization and classification, statistical
model of target classes can be built.

Statistical methods can also be used to verify data mining results. For example, after a
classification or prediction model is mined, the model should be verified by statistical
hypothesis testing. A statistical hypothesis test also termed as confirmatory data analysis
which makes statistical decisions using experimental data. A result is called statistically
significant if it is unlikely to have occurred by chance. If the classification or prediction
model holds true, then the descriptive statistics of the model increases the soundness of
the model [35].

Implementing statistical methods in data mining technique is far from trivial. Often, a
serious challenge is how to scale up a statistical method over a large data set. Many
statistical methods have high complexity in computation. When such methods are applied
on large data sets that are also distributed on multiple logical or physical sites, algorithms
should be carefully designed and tuned to reduce the computational cost. This challenge
becomes even tougher for online applications, such as online query suggestions in search
engines, where data mining is required to continuously handle fast, real-time data streams
[20].

2.6.2 Database System

Database systems research focuses on the creation, maintenance, and use of databases for
organizations and end-users. Particularly, database systems researchers have established
highly recognized principles in data models, data storage, and accessing methods.
Moreover, database systems are often well known for their high scalability in processing

very large, relatively structured data sets [37].

Many data mining tasks need to handle large data sets or even real-time, fast streaming

data. Therefore, data mining can make a good use of scalable database technologies to
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achieve high efficiency and scalability on large data sets. Moreover, data mining tasks
can be used to extend the capability of existing database systems to satisfy advanced
users’ sophisticated data analysis requirements. Recent database systems have built
systematic data analysis capabilities on database data using data warehousing and data
mining facilities. A data warehouse integrates data originating from multiple sources and
various timeframes. It consolidates data in multidimensional space to form partially

materialized data cubes [37].
2.7 The Data Mining Team

Many data mining projects start with ill-defined and ambiguous goals. Whilst the first
reaction to such an observation is that one should become better at understanding the
system and comprehensively understand the problem. But the reality is that often the
problem to be solved is identified and redefined as the data mining project progresses.
And that's natural.

It has been argued in several papers that there should be a joint-meeting of an entire team
of data mining project [39, 40]. Particularly, often involves data miners, domain experts,
and data experts. The data miners bring the statistical and algorithmic understanding,
programming skills, and key investigative ability that underlie any analysis. The domain
experts know about the actual problem being tackled, and are often the business experts
who have been working in the area for many years. The data experts know about the data,
how it has been collected, where it has been stored, how to access and combine the data

required for the analysis, and any idiosyncrasies and data traps that await the data miner.

Generally, neither the domain expert nor the data expert understands the needs of the data
miner. In particular, as a data miner often find himself encouraging the data experts to
provide (or to provide access to) all of the data, and not just the data the data expert thinks
might be useful. As data miners often think of themselves as “greedy" consumers of all

the data can be gotten from the database our hands on.

It is critical that all three experts come together to deliver a data mining project [40].
Their different understandings of the problem to be tackled all need to meld to deliver a
common pathway for the data mining project. In particular, the data miner needs to
understand the problem domain perspective and understand what data is available that
relates to the problem and how to get that data, and identify what data processing is
required prior to modeling.
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2.8 Documentation along with Data Mining

An important task whilst data mining is the recording of the process. He needs to be
vigilant to record all that is done. This is often best done through the code written to
perform the analysis rather than having to document the process separately. Having a
separate process to document the data mining will often mean that it is rarely completed.
An implication of this is that we often capture the process as transparent, executable code

rather than as a list of instructions for using a GUI.

There are many advantages to ensure that the documentation of a project contains the
script of the data analysis. There will be times when one data miner needs to hand over a
project to another data miner. Or one may cease work on a project for a period of time
and return to it at a later stage. Or one has performed a series of analyses and much the
same process, has to be repeated again in a year's time. For whatever reason, when one
returns to a project, he finds the documentation, throughout the coding, is essential for

being an efficient and effective data miner [41].

Various things should be documented, and most can be documented through a
combination of code and comments. The documentation includes the access to the source
data, how the data was transformed and cleaned, what new variables were constructed,
and what summaries were generated to understand the data. Then we also need to record
how we built models and what models were chosen and considered. Finally, it should be
documented that how to record the evaluation and collection of the data to support the

benefit that is proposed to be obtained from the model.

The ideal document contains the fully developed code snhippet along with necessary
comments that tells the story of the data mining project and the actual process of data
mining. The term process includes all the codes for the stages of how one can mine data.
The processes can be easily reviewed, improved, and automated. Data miner can
transparently stand behind the results of the data mining by having openly available the

process and the data that have led to the results.
2.9 Tools for Data Mining: Why R?

There are number of software available both open source like: Weka, R, RapidMiner, and,
etc and closed source like: IBM SPSS Modeler, SAS Data Mining, Microsoft Analysis
tool, and etc to perform data mining and knowledge discovery in databases. Since, it is a

common practice to adopt open source community software in an academic study due to
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the fact that the code is available for everyone to analyze and adopt it according to ones

need. The other key reason is that open source programs are free-of-cost and help the

entire community specially those who cannot afford closed source program. Therefore, R

being free and open source software has been chosen to perform the data mining analysis

[29]. Advantages and disadvantages of using R are listed below:

R/
L X4

R/
L X4

R is the most comprehensive statistical analysis package available. It incorporates

all of the standard statistical tests, models, and analyses, as well as providing a

comprehensive language for managing and manipulating data. New technology

and ideas often appear first in R.

R is a programming language and environment developed for statistical analysis

by practicing statisticians and researchers. It reflects well on a very competent

community of computational statisticians [47].

R is now maintained by a core team of some 21 developers, including some very

senior statisticians [46].

R promotes reproducible research. R commands provide an exact record of how an

analysis was done. Commands can be edited, rerun, commented, shared, etc.

The graphical capabilities of R are outstanding, providing a fully programmable

graphics language that surpasses the most of the other statistical and graphical

packages [47, 48].

The validity of the R software is ensured through openly validated and

comprehensive governance as documented for the US Food and Drug

Administration (R Foundation for Statistical Computing, 2008). Because R is open

source, unlike closed source software, it has been reviewed by many

internationally renowned statisticians and computational scientists.

R is free and open source software, allowing anyone to use and, importantly, to

modify it. R is licensed under the GNU General Public License, with copyright

held by The R Foundation for Statistical Computing [46, 47].

R has no license restrictions (other than ensuring our freedom to use it at our own

discretion), and so we can run it anywhere and at any time, and even sell it under

the conditions of the license.

Anyone is welcome to provide bug fixes, code enhancements, and new packages,

and the wealth of quality packages available for R is a testament to this approach

to software development and sharing.

R has over 6,000 packages available from multiple repositories specializing in

topics like econometrics, data mining, spatial analysis, and bio-informatics [45].
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R is cross-platform. R runs on many operating systems and different hardware. It
is popularly used on GNU/Linux, Macintosh, and Microsoft Windows, running on
both 32 and 64 bit processors.

R plays well with many other tools, importing data, for example, from CSV files,
SAS, and SPSS, or directly from Microsoft Excel, Microsoft Access, Oracle,
MySQL, and SqLite. It can also produce graphics output in PDF, JPG, PNG, and
SVG formats, and table output for LATEX and HTML [47].

R has active user groups where questions can be asked and are often quickly
responded to; often by the very people who developed the environment this
support is second to none. Have you ever tried getting support from the core
developers of a commercial vendor?

New books for R (the Springer Use R! series) are emerging, and there is now a

very good library of books for using R.

There are advantages and disadvantages in each programming language. The goal is

not to be perfect but to be competitive and to improve itself. Many times,

disadvantages leads to some new discoveries. But this is not the true case for R at the

moment for certain situation. These drawbacks include:

R has a steep learning curve - power of R, but no steeper than for other statistical
languages.

R is not so easy to use for the novice. There are several simple-to-use graphical
user interfaces (GUIs) for R that encompasses point-and-click interactions, but
they generally do not have the polish of the commercial offerings. Among them R-
studio is noteworthy to mention here which provides free of cost GUI for R.
Documentation is sometimes patchy and terse, and impenetrable to the non-
statistician. However, some very high-standard books are increasingly plugging
the documentation gaps.

The quality of some packages is less than perfect, although if a package is useful
to many people, it will quickly evolve into a very robust product through
collaborative efforts.

There is, in general, no one to complain to if something doesn't work. R is a
software application that many people freely devote their own time to developing.
Problems are usually dealt with quickly on the open mailing lists, and bugs
disappear with lightning speed. Users who do require it can purchase support from

a number of vendors internationally.
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+ Many R commands give little thought to memory management, and so R can very
quickly consume all available memory. This can be a restriction when doing data
mining. There are various solutions, including using 64 bit operating systems that

can access much more memory than 32 bit ones.
2.10 How R and Rattle works

R is a sophisticated statistical software package, easily installed, instructional, state-of-
the-art, and it is free and open source. It provides all of the common, most of the less
common, and all of the new approaches to data mining. R is a command line Interface and
that’s make it faster and consuming lesser CPU time. R can run under GNU/Linux,
Mac/OSX, and Microsoft Windows. There are many open source graphical user interface
such as R-studio as mentioned in fig. 2.11 and fig. 2.12.
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Figure. 2.11. Snapshot of the R-console, version 3.1.1, released on 10" July 2014.

The basic modus operandi in using R is to write scripts using the R language. After a
while you will want to do more than issue single simple commands and rather write
programs and systems for common tasks that suit your own data mining. Thus, saving

commands to an R script file (often with the .R filename extension) is important.
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Figure. 2.12. Snapshot of the R-Studio, version 0.98.1062, released on 18" Sept 2014.

One can then rerun these scripts to transform our source data, at will and automatically,
into information and knowledge. A paradigm that is encouraged throughout this research
work is that of “learning by example or programming by example” [29, 32]. The intention

is that anyone will be able to easily replicate the examples from the research work to

analyze the construction datasets and then fine-tune them to suit own needs.

It is argued by many that direct interaction with R has a steeper learning curve than using
GUI based systems [29], but once over the hurdle, performing operations over the same
or similar datasets becomes very easy using its programming language interface. Due to

time limitations a graphical interface of Rattle is used [fig. 2.13]. However, most of the

utilize code and name of all libraries are mentioned in the chapter 3.
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CHAPTER NO. 3

Implementation of Knowledge Discovery Techniques in Construction

Industry

Background

The aim of this chapter is to furnish a concept to execute data mining for any datasets in
general and for construction progress datasets in particular. Examples and figures have
been developed to provide clear vision and frequently followed with basic codes.
Moreover, their outcomes have also been discussed. An analysis performed on a shopping
complex project is explained in detail. Additionally, results obtained for other two

projects, i.e., a parking plaza and a concrete bridge have been graphically demonstrated.
3.1 Defining System

Prior to the implementation of knowledge discovery techniques or applying any tool to
extract knowledge from data, it is significant to recognize the system. In the construction
industry, a project is defined as “a temporary endeavor undertaken to create a unique
product or service [49]”. The complexity of these projects is increasing exponentially. In
present scenario, the progress tracking of a project is extremely important. Thus, delays
can be avoided and manager has more control on a budget of a project. Such control
enables timely corrective measures to be taken when needed and a reduction in damages
caused by the discrepancies. The longer it takes to identify discrepancies, the more
serious the potential damage is and the more complex and costly corrective measures will
be. Accurate data are needed not only to control current projects, but as well to update the
historical database. Such updates will allow serious planning of future projects in terms of
costs, schedules, labor allocation, etc. However, it should be considered that the sufficient
amount of time is allocated for data entry during an execution of the project. Time and
staff allocation for data entry will allow actually collecting the adequate amount of data
without encumbering an execution phase. An analysis of post-delay cases on several
projects has argued that improper data collection management is an obstacle to the
success of the system [50]. Thus, it is incredibly important to allot suitable resources for
data collection on large-scale projects.
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Figure. 3.1. Complex construction site equipped with technology to create, manage and
utilize project data

3.1.1 Data Quality
To analyze potential reasons of poor quality of construction data collection a survey has
been done with the domain experts [71]. The domain expert team includes BIM experts,

project managers, product life cycle managers and data analyst. Following are the five top

reasons for the poor quality of datasets:

1. Excessive amount of collection of data. Unnecessary data collection leads to less

time to work on it, and site managers have not enough time to verify the
correctness of entered data. Sometime, extraneous data are compiled to prepare
long reports. Nevertheless, site staff rarely goes through these reports.

2. Several manual steps, such as: moving figures, summing up, etc. between

different paper forms.

3. Ambiguous definitions for attributes, which does not convey the use-case of

attributes. It leads to two possible issues, either wrong interpretation of the fields
to be filled out or off beam use of the attribute.

4. Numerous missing out, project managers simply neglect to invest the considerable

effort that required them in updating project progress data because they derive no
immediate benefit from the system.

5. Fragmentation of information systems, a considerable number of site managers

keep a personal copy for making updates of a project. That’s lead them to work

twice and or more in order to update company management. Thus, fragmentation
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of information causing delays in the information updates or reporting, which

ultimately affect either on-site work or the quality of data.

Improving the data quality is a long-term task, and many of the measures are
organizational in nature. Considering the data quality seriously from the start of the
project will avoid rework and recollection of data and help in accumulating reusable data
for future projects. Recommended data quality improvement measures include:

1. Changes in data collection forms; harmonization of forms, such as: using similar

techniques and the same form to record the observations on site.

2. Promote information use at local level where data are collected. It raises the need

for accurate and more complete data collection and reduces the ambiguity among
the team members.

3. Develop routines on checking data quality, since it is very easy to make correction

part by part rather than to doing it from scratch.

4. Discuss data quality issues in periodic meetings to keep the track.

5. Enforce data quality checks with the data-visual tools, such as: bar plot,

histogram, box plots, and others.

6. Develop and share an essence of high quality data by performing statistical

analysis, examining, and sharing data distribution charts.

Fig. 3.2 and Fig. 3.3 present one of the examples how statistical analysis and examination

of graph examination could help in locating missing data within a system.
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Figure. 3.2. Conceptualization of data flow in desite MD to develop a graph: representing

missing data of a construction project.

37



Fig. 3.2 shows an abstract view how data can be visualized within desite MD. During
preliminary, data analysis, it is found that some datasets in particular volume values of
slab for 2" and 3™ floors are missing. Since, it is ambiguous because volume values for
columns are appeared in the same graph. This graph contemplating a clear picture of the
quality of data. A benefit of using desite MD is that the graphical values can bidirectional
linked with relevant elements. Following a routine check will avoid the accumulation of
data in some irrelevant variable. For instance, missing values of complete work volume
for slab mentioned in fig. 3.2 has been recovered during a routine check. It has been
found that the values were entered in another attribute. The lesson here is to assign such

name which avoids obvious confusion and proper naming convention is an essential

\

requirement for proper accumulation of the project data.
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Figure. 3.3. Conceptualization of data flow in desite MD and importance of data quality:

representing recovery of data of a construction project.
3.1.2 Data Type

Execution of a project brings together people from different discipline of engineering
such as Architects, Civil engineers, Mechanical engineers, Electrical engineers and many
others. Since they are working together in a team and have provided different knowledge
in order to execute the project. For a construction project, which is based on BIM
methodology, these knowledge are in the form of datasets along with the 3D model. The
Construction industry has the data from different disciplines and for different purposes.
For this master thesis a construction dataset has been divided into following group as

mentioned in the table. 3.1.
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S. No Use-Case

Division

Exemplary Attributes Description

1 General
2 Model

Standardization

3 Actual state —
Schedule

4 Planned state —
Schedule

5 Project Quality

6 Project
Estimation

Model Property

Processed
attributes  from
Model Property

Actual/Current
dates from 3rd

party attached
database
Planned  dates
from  Schedule
(e.0. MS
Project)

Text documents
in form of pdf,
word, txt (e.g.
MoM, Issues on
site, safety
issues) etc.

Excel/ csv sheets
(e.g. Quantities)

Tekla Allgemein
Jens\ASSEMBLY _N
AME, RevitID

DM_castType,
DM _floors

fiDB (abbreviated
name for dates of
finished element)

EarlyStart, Duration

safetylssue, siteSnap

estimatedCost,
currentOverRun

These attributes are
inherited by the
elements from its
creation by CAD tool.
These attributes are
which are created by
the 3rd party tool in
order to standardize

attribute  when a
model contains
elements from

different CAD tools.

These attributes are
created by the user
with a 3rd Party
software, in order to
make a 4D model or

perform live
modeling.

These attributes are
available in the 3rd
party tool when the
schedule is linked

with the 3D model.

It includes snap and
minutes of meeting
attached to  any
element in the model.

These the
attributes which
linked up with 3D
model.

are

Table. 3.1. General Description of several types of datasets attached to a 3D model of a

building project.

3.1.3 Data Collection for Quality Test

Fig 3.3 shows a code used to generate a test file for the data mining project as similar as

testShoppingMall_basic-01.csv. Several functions have been used to export the

mentioned attributes in table 3.2 to perform data mining task. DesiteAPI is a predefined

JavaScript object that contains all the properties and methods that enables the access to

the properties of model objects. Furthermore, a new property for a model object can be

created using a property provider module of desites MD. This property will become part
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of predefined object i.e. desiteAPl and then can be called as and when required.
Moreover, a list of desite MD’s API is available on the website of ceapoint

aectechnologies [15].

1 /4 created z0l4-11-03T15:53:38
2 /¢ by asyed
&

4 GUID Ident-
5 Element. Typ Input-
6 Cast.Typ Input-

7
g Aactual - approwal dates difference-Input
g Actual sStart Date

1u ACtual Finish Date- —-Risk--

12 Flanned Start Date- —-Input-

15 Planned Finish Date ——Input-

14 Flanned Duration---—--—-———-—-————— Input-----
15 Start delays--——----—--—————-—————— Input-----
17 Finish delays-——--————--——————————— Target----
18 =/

19
20 A/calculating execution duration
21 start = new rfatel).getTime);

23 Sirtake all wisible elements
24 war idlist = desiteAPL. getVvisible(). 5077 60" " 0;

25 Afwriting dnto C5W file
27 data = "GUID,Type.element, Type.cast,Days. actualDi fraprrowval ,Date. actualstart,

Date.actualFinish,Date. plannedstart,Date. plannedrFinish,Days. plannedburation,Days.startielay,Days. FinishDel aysn';
zg Tor (war i=0; i<idList.length-1; i++){

2a 1T [$$efementDpe(i) 1= undetined & ffefementTdpe(i) 1= "ELEMENTASSEMELY" && TdList[i]. fndexaf"176113"]) < 0 &a
idList[i]. Ffadexd A "Frojektname') < 0)

3El

data += iduist[i] + "," + $fefementTpe(i) + " + $ScastDype(i) + " + $factualpr fpprovalbays(il + M, +

$,GTL‘kMO.r:lt'l‘]YEEI'($$ECfUdefdr’fDdt‘E('l)] + ")+ fprchMonthveariifactualFinishbate(ill  + + ForckMontAvear($iplannedstartfateill + "L+
$pickMonthvear(33pTannedF inishbatel1)) + ©, + $$planncdburayF (1) + ', t 3Sstartbelaybays(i) + 1,0 + $377575hbe FavDays(i) + i

32

a3}

35 A7all writing has been completed now

36 var dir= desiteAPI. gerFrojectBirectary )+ /webtorms scestshoppingMall_basic-01.c5w"'y
37 desiteAaPI.wireryie(dir, data);

38

39 SAwriting functions;

41 A1

4z function $felfemeat@ype(id){return desiteAPI. gerPrc,oertyva}ueUdL'lst['ld], "1 fcType" , )<5 string"lil
43 function $$caseType(idi{return desiteAPL. getPropertyvalue(idlist[id], "M castType" "wsistring"lil
45 £-2 .
46 Tunction $factwallps FAapprovalpays(id){return desiteAPL. getFroperiyvialve(idlist[id], "OM_actual :I1fprpr‘ova1 UxErint"l1sl
47 Tunction $$actwalsrarrpare(id) {x=desiteAPI. gerFrapertyvalue(idlist[id], "OM_actualstartoare’, "ws:date"]; r‘etur‘n x—undefmed 7 UHA"ING )
4g Tunction $$actualFinisapare(id) {x=desiteAPI. gerFragpertyvalue(idlist[id], "fioB", "ws:date"); return x=undefined 7 "Na"
$dd recomverteri=l;
sn 743

51 //using property prowvider functions

gz function $fpfammedstartbate(id) {return desiteAPI. getPropertyyalue(idlisc[id], "OM_earlyStartElement-planned”, "xs:date"J;}
id], "DM_'\ateF1n'ishE'Iementfp'\anned" "xsrdate);}
'

53 function $$pfammedrinishpatelid){return desiteAPL. getrroperiyvalue(idList]
"OM_total :Iur‘at'ionE'Iement—p'\anned",

54 function $$pfannedburpayvs(idi{return desiteAPI.getFropertyvalue(idlistlid]
55

56 /-4

E7 Tunction $$5rareeelavravs(id){x = new pare($facruwalsrarroare(id)). gecrime()-new fare($spfannedgsrarcrare(id)). gerTime);

58 ¥ = Math. r"ﬂuﬂd[x/(lDDD‘?EDVSD*Z‘l]j

59 return ((Fsyany) = 131 7 "NA" yj,}

60 Tunction $$7nrsarelayvbavs(1dl{x = new Fate($$actvalrFinisarate(idl). getTime()-new rate($$ofamnedFinisapacreid)). getTimel);
61 ¥ = Math. rcund(x/(louo*so*so*z‘t)),

52 return ((FsdaMy) = 1) 7 "NA"iy);l

others
g; éﬂnctmn fdateCanverterix) {//for‘ {Tue Sep 02 2014 08:00:00} Lo ¥ MWADD0
g6 CETUrn [ x.getFullvear() +" /" =, getMonEA )+l < 10) 7 (0" + (. getMonthJ+1]0: (<. getMontaJ+1) ) + "/ + ([(x.getpate) <100 7 (0" +
(. getlate(])]: (x. getrate(]]] J,}
67 TUNCTion $o07ckmMantAvearix) f
&g /s Tar YYYY/MM/DD T MM
69 ¥ = (X.50l7e("/")];
?u return’ (y[11+ 0 wrtal i

?2 end = new fatel. getTimel];

73 war exeTime = end-start;
74 console. gopend(exeTime);

Figure. 3.4. Showing a snippet of code used to generate a basic csv file from desite MD.

Fig. 3.5 shows an extracted dataset of a shopping mall project in R-environment. Noted
that the file testShoppingMall_basic-00.csv exists in the working directory of R. This
figure shows two basic methods used in R i.e., read.csv( ) and summary( ) in order to read
the csv file and to summarize the read data frame. Summary( ) method illustrates the
attribute according to data type. For instance, Type.element has been treated as a Nominal
attribute and therefore the frequency of duplicating observations has been mentioned in
front of it. Date.actualStart has been treated as a Numeric attribute. This method computes
five number summary for Numeric attributes which is why a list of statistical terms has
been mentioned along with Numeric attributes. Furthermore, the term NA is used to

acknowledge the presence of missing attributes.
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> cgvEM _basic <- read.csv("testShoppingMall basic-00.csv™)
> summary{csvSM_basicj

=UID Type.element
1T5evaA00000pd4pETBoDpEo: 1 BEAM 121809
1T56vaA00001lpdpETBoDpEg: 1 COLUMN : 1025
1T56vA0000Zp4pEJBoDpOs: 1 FOOTING: 492
1T56vA00003p4pEJBoDpOs: 1 PLATE z
1I56vA0000Cpd4pEJB0ESC: 1 SLAB B4z
1I56vA00006pd4pETB0ESC: 1 WALL :1lg4s
(Cther) T B2T73
Type.cast Davs.actualbDiffaprroval Date.actualdtart
Fertigteil: 2682 Min. :—280.00 2014/10/22: 61
Ortbheton 3597 1=t Qu.: 44.00 2014/08/25: 58
Median 71.00 2014/08/12: 49
Mean 76,67 2014/11/05: 43
Zrd Qu.: 109.00 2014/10/2%: 41
Max. 209,00 (Other) :1A37
NAT= 12783 NAT= : 4390
Date.actualFinizh Date.plannedStart Date.plannedFinish
2014/06/24: 781 09/2014: 13448 10/2014: 1537
2014/07/09: 184 10/2014: 1110 09/2014: 1365
2014/08/01: 161 11/2014: 1077 11/2014: 1227
2014/07/16: 145 04/,2014: A9Z2 ng/2014: @AO2
2014/07/31: 129 n0a/2014: 493 04/2014: GaAA
(Cther) 12318 0e/f2014: 455 12/2014: 448
NATS 12561 (Other):1104 (Other): 534
Davs.plannedDuration Days.startDelay Days. finishDelay
Min. :  0.00 Min. :-131.00 Min. :-107.0
1=t oQu. : a. 00 l=t ou.: -50.00 l=t cu.: -20.0
Median 10.00 Median -z25.00 Median -1.0
Mean 15.07 Mean -27. 98 Mean : 5.7
Jrd oQu.: 12.00 3rd oQu. : -&. 00 Jrd Qu. : 12.0
Max. ;153,00 Max. 95,00 Max. 172.0
AT 14416 HWAT= 12571
Figure. 3.5. Showing a R-code and summary of the observation

testShoppingMall_basic-00.csv.

In fig. 3.5 under attributes, Date.actualStart and Date.actualFinish, which represents the
actual start and actual finish of the elements, mentioned in the model respectively. Noted
that NA'’s (representing missing values in R) of elements in Date.actualStart [4390 N4 ’s]
are greater than Date.actualFinish [2561 NA’s]. The missing observations in
Date.actualStart maybe because of two reasons: (a) the actual starting date of all In-Situ
(Ortbeton) elements are not entered in the database (information provided by data-expert
and domain-expert), (b) the other missing values are probably the elements, which have
not been started yet. For the elements, which have not been started on the construction,
site cannot be filled, while an approximate start date can be calculated for the finished

element on a construction site. For this reason, a JavaScript snippet has been written and
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deployed in desite MD in order to fill missing values as per case-b. Fig. 3.6 showing a

snapshot of a snippet of code deployed in the property provider module of a desite MD.

DM_actualStartDate

4 J/check the ex‘lst'lng actual date attribute "piDE" in the database (DE)
g walr newactualst =

g var thisElement = de51teTh15 iz

7 war editingActualst = desiteAPI. gerProperryvaIue[th'l5E1ement "pioe", "=s:date"]);
g 1T (exiti ngActua'ISt = undefined)

(] newactualst = $extactualst(thisElement];

ip }else {

11 newactualst = $dateconverter(exi tingactualstl;

121

13
14 S/new actual finish date
15 function fextactwalse(id) {

17 AACheck in the DB, if the actual finish date is entered or not?

18 war actualFinishDate = desiteAPL. getFropertyvaluve(id, "TiDE", "xs:idate");

19 AFIs this element Cast In-situ

20 war isOrtheton = desiteAPI. getFropertyValuwe(id, "DM_castType', "xs:string");

21

22 if [actualFinishDate != undefined && isOrtheton = "Ortheton") |

23

24 Jscheck elment's planned duration

25 war isTotalDuration = desiteAPI. getFropertyvalve(id, "OM_totaldurationElement-planned", "=xs:int'];
26

27 S/substract the number of planned days from the actual finish date

78 war tempDate = (actualFinishDate]).getTime() - (isTotalburation®(1000%60%&a0%2477;
20 tempDate = fdareconverter(new fare(tempbate)];

an return tempDate;

31 S/return actualFinishDate.getTime();

32 lelse {

33 return "NA";

34

R

36 1

7

3

38 S/others

39 function §darecanverter(=]q{

40 Affor {Tue Sep 02 z0l4 08'00'00} to VT /MMOD

41 return [ x. gerFu}}Year(j +1 CCx. getMonth I+l < 100 7 (0" + (x.getMontACI+1)): D, getMonntACI+10 0+ "+
((x getfate(] <107 7 ("0" + (. getDate(jjj (. getbate()1) ;

4z }

Figure. 3.6. Showing a use of APl embedded in the JavaScript snippet to create a new
attribute name DM _actualStartDate.

A new csv file has been generated using the property DM_actualStartDate, which has cut
the number of missing values by more than 55% of the original missing values of
Date.actualStart. Moreover, some missing observations of attribute Days.startDelay has
been also recovered by 55%.lt is through the attribute, Date.actualStart is literally used
for the calculation of Days.startDelay. Furthermore, in Fig. 3.4, a new function
$pickMonthYear(x) has been used to segregate the UTC date format of Date.actualStart
and Date.actualFinish into a month-date type. This process is usually termed as binning

method, which aids in smoothing data and normalizing the variation.

Regression can also be used for smoothing data, since regression is a technique that
conforms data values to a function. Linear regression uses the best line to fit two
attributes so that one attribute can be used to predict the other. For that reason, a linear
regression line cannot predict the outliers. Outliers might be true observations, which are
very much deviated from the mainstream, or there might be some error while entering
these values. In this research, two cases have been investigated to analyze the effect of
outliers. A set of analysis is performed on both datasets. Furthermore, the influence of

outliers on the obtained results has been documented in section 3.3.4.
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> cewiM basic <- read.csv("testShoppingMall basic-01.csv™)
> Summary(csvSM_basic)

GUID Tvpe.element Type.cast
1156yvA00000p4pETBoDpKe: 1 EEAM 12169 Fertigteil:Z2AA2
1I56vAl0001lp4pETBoDpEY: 1 COLUMN : 1025 Orthkheton 3597
1I156vAN000Z2p4pETBoDpOs: 1 FOOTING: 492
1I156yAD0N003p4pEJBoDpOs: 1 DLATE z
1I156yvA0000Ep4pETB0EIC: 1 SLAE : 94z
1I156vA00006p4pETB0EIC: 1 WALL :1p48
[(Other) H e
Days.actualDiffAprroval Date.actualftart Date.actualFinish
Min. :—-Z80.00 07/2014: £98 10/2014: 862
lst Qu.: 44.00 na/zZ014: &85 0&/2014: 849
Median : 71.00 N6/2014: 6A3 ne/2014: /91
Mean : T6.87 n9/2014: 653 ng/z2014: a57
3rd Qu.: 10%9.00 10/2014: &01 07/2014: 550
Mazx. 209,00 (Other):1010 (Other): 109
HNAT= 12783 HAT 1958 HNATs 12581
Date.plannedstart Date.plannedFinish Days.plannedDuration
ne/2014:1348 10/2014: 1537 Min. : 0D.00
10/2014:1110 09/2014: 1365 1=t Qu.: /.00
11/2014:1077 11/2014: 1227 Median : 10.00
04/2014: £92 ne/z2014: 602 Mean 19,07
ng/2014: 493 n4/2014: 5aa 3rd Qu.: 12.00
e/ 2014: 455 12/2014: 448 Max. :153.00
(Other):1104 (Other): 534
Days.startDelay Days.finizhDalay
Min. :—131.00 Min. :-107.0
1=t Qu.: -32.00 1=t Qu.: -20.0
Median : -7.00 Median : -1.0
Mearn : -5.51 Mean : 5.7
ard Qu.: 14.00 3rd Qu. : 19.0
Maz. : 173,00 Mazz. : 172.0
HAT= 11898 A= 12571

Figure. 3.7. Showing a R-code and summary of the observation for
testShoppingMall_basic-01.csv.

3.2 Data Extraction
Garbage in, Garbage out. (-English idiom)

What data utilized in the process of data mining is of high importance. For this reason,
proper datasets are required. Data extraction is the process of acquiring a temporary
subset of data for analysis or for migrating data from one database to another database in
batches. Data extraction helps in obtaining information to assess more objectively the risk
or bias in and applicability of studies. Data extraction summarizes study in a common
format to facilitate synthesis and coherent presentation of data. Extracted data should
remain in a form close to the original reporting, so that disputes can be easily resolved
and provide sufficient information to understand the issue and to perform analyses. Most
of the time only data which are needed for a particular study is extracted since it is a
laborious task and can be costly and error prone. Therefore, data extraction only
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performed for those attributes, which bear some theoretical connection with a on-site
progress of a project. Data extraction highly depends on the type of question should be
accosted. There are two common formats used in data extraction, namely evidence tables

and summary tables.

Evidence table is a very comprehensive table. Many researches argued that the
organization of information in an evidence table should follow the PICOTS — pattern
(population, intervention, comparator, outcome, timing, and setting) for better results
[51]. It implies that attributes in the extracted datasets abide by rules of PICOTS. PICOTS
pattern is independent of an inquiry one tries to answer through data mining. A common
problem encountered when creating an evidence table is the lack of uniformity among
outside reviewers. The solution is to develop an evidence table guidance document, i.e.,
instructions on how to prepare data prior to data mining. Moreover, it is also
recommended to limit the number of core members handling the evidence tables to avoid
discrepancies in presentation [51]. Evidence tables are typically study specific and usually

not included in the report.

S. No Division Examples Descriptions

1 Population GUID, It represent the dataset and some
attributes which define the
observations.

2 Intervention  element Type, (Beam, Those attributes which are interfering
Column) other attribute and may be important
to the composition of datasets.

3 Comparator  Cast Type Those attributes which can be used to

(Fertigteilung/ precast) compare  other  attributes  are
comparator.

4 Outcome Delay_Start, Delay Those attributes which are the outcome

finish or results or target.

5 Timing Data collection time Attributes which are representing the
timing at which data has been
extracted.

6 Setting Plan position, Axis Those attributes which represents the
conditions of data collection or data set
up.

Table. 3.2. PICOTS data extraction for considering valuable variable for the analysis.

The summary tables are used in the main report facilitating the presentation of synthesis
of a research. Typically, a summary table contains context-relevant pieces of the
information included in study-specific evidence tables. There is no particular pattern to
follow in this form; rather it just boils down to attributes, which are directly connected to

the research quest.
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S.No Aittribute Description

1 GUID, Unique ID

2 Type.element, Such as Slab, Column

3 Type.cast, Such as Ortbeton, Fertigteilung

4 Days.actualDiffAprroval, fiDB - pfpriDB

5 Date.actualStart, piDB

6 Date.actualFinish, fiDB

7 Date.plannedStart, Based on the Start-data type from schedule
8 Date.plannedFinish, Based on the Finish-date type from schedule
9 Days.plannedDuration, Based on the Duration from schedule

10 Days.startDelay, Actual start — planned start

11 Days.finishDelay Actual finish — planned finish

Table. 3.3. Example of a summary table for the progress datasets at basic level.

Term Definition Example

Correct Accurate & valid Information Curing days for a structure:
7000 days

Compliant Consistent formatting according to 20 days vs. 20 Tage

specific standards
Consolidated A single accurate representation of QS for Quality Standards

the truth (Golden Record) or Quantity Surveyor
Complete Data enrichment Missing current status of
the elements in the model
Interpreatability Data understability Plan st date vs. planning
start date

Table. 3.4. Type of incompetency of a dataset along with this research related examples.

3.3 Data Cleaning

When collecting data, it is not possible to ensure it is perfectly collected, except in trivial
cases. There will always be error in the collection, despite how carefully it might have
been collected, it cannot be stressed enough that we always be errors in the collection
despite how carefully it might have been collected. Data cleaning routines work to
“clean” the data by filling in missing values, smoothing noisy data, identifying or
removing outliers, and resolving inconsistencies. If users believe the data are dirty, they
are unlikely to trust the results of any data mining that has been applied. Furthermore,
dirty data can cause confusion for the mining procedure, resulting in unreliable output.
Although most mining routines have some procedures for dealing with incomplete or
noisy data, these are not always robust. Alternatively, one should avoid over fitting
useable data to the function being modeled. Real-world data tend to be incomplete, noisy,
and inconsistent. Data cleaning (or data cleansing) routines attempt to fill in missing

values, smooth out noise while identifying outliers, and correct inconsistencies in the
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data. The missing values issue can be solved by taking measures. Such as: (a) ignoring
the tuple, (b) filling in missing values manually, (c) using a global constant to fill in
missing values, (d) using a measure of central tendency for the attribute (e.g., the mean or
median), (e) via attribute mean or median for all samples belonging to the same belonging
to the same class as the given tuple, (f) inserting the most probable value to fill in the
missing value, etc. Alongside with missing values, noises also create disturbances by

changing the data characteristic values [52].
3.3.1 Binning

Noise is a random error or variance in a measured variable. There are several methods to
remove the noisy data, such as: binning, regression and by outlier analysis. Binning is an
interesting technique to smooth the sorted data value by consulting its neighborhood, that
is, the values around it. The sorted values are distributed into a number of bins. Binning
performs local smoothing because it analyzed the neighbor values. Consider an example

in fig 3.6 to understand how binning could help in smoothing of noises.

Sorted data for the duration of tasks (in days): 4, 8, 15, 21, 21, 24, 25, 28, 34

Partition into (equal-frequency) bins:
Bin1: 4,8, 15

Bin 2: 21,21,24

Bin 3: 25, 28, 34

Smooting by bin means:
Bin1:9,9,9

Bin 2: 22,22, 22

Bin 3: 29.29.29

Smoothing by bin boundaries:
Binl:4,4,15

Bin 2: 21, 21, 24

Bin 3: 25, 25, 34

Figure. 3.8. Binning methods for data smoothing.

3.3.2 Correlation Analysis

Continuing with the previous work in section 3.1.3, Fig. 3.9 shows the scatter plot
performed between Days.finishDelay and Days.startDelay from a data frame of the data

file named M_basic.csv. It shows the positive correlation between two attribute and this
can be easily seen by plotting a regression line refer to Fig. 3.10. Fig. 3.11 shows a source

46



code written in R, to generate the linear regression plot similar to Fig. 3.10 and the

summary of the linear regression line.

Relation between start delay and finish Delay

Finish Delay
50 50 100 150
! ! ! !

-100
|

T T T T T T
-100 -50 ) 50 100 150

Start Delay

Figure. 3.9. Scatter plot between Days.finishDelay and Days.startDelay from

M_basic.csv.
Relation between start delay and finish Delay
feul
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Figure. 3.10. Linear regression line between Days.finishDelay and Days.startDelay from

M_basic.csv.
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#draw a scatter plot between Days.finishDelay and Days.startDelay
plot (csvS8M_basicSDays.startDelay,

czvEM basicSDays. finishDelay,

main="Relation between start delay and finish Delay”,

#lab="8tart Delav",

vlab="Finizh Delay",

pch=20,

col="grey")

#making a linear regressicn model where y 1= predicted by x az (y-x)
modell <- lm(Days.finishDelay~Days.startDelay,
data=csv8M_basic)

#zketch a linear regressicn line on the plet
abline (modell, col="red")

#zummary of the linear regression model
summary (modell)

R A 2 R R s S S e S VY

Call:
Im (formula = Daye.finishDelay ~ Days.startDelay, data = csvEM_basic)

Re=ziduals:
Min 12 Median 30 Max
-79.375 -16.804 -5.765 7.4483 109,999

Coefficients:

Estimate Std. Error t wvalue Eri>|t])
(Intercept) 4.18796 0.51985 8.056 1.07e-15 ***
Days.startDelay 0.79673 0.01238 64,336 <« Ze-16 ***
Signif. codes: 0 ***f 0. 001 **=*¢ 0.01 *** Q.05 *.* 0.1 * 7 1

Reszidual standard error: 30.79 on 3507 degreezs of freedom
{2770 obszervations deleted dus to missingness)

Multiple R-squared: 0.5413, Adjusted R-squared: 0.5412

F-statistic: 4139 on 1 and 3507 DF, p-value: < 2.Ze-1a

Figure. 3.11. R-code to generate the linear regression line between Days.finishDelay and

Days.startDelay from M_basic.csv.

A symbol “$” is used to refer the variable inside a list or data frame in R. Since these two
variables are part of the data-frame of M_basic.csv. In addition, the syntax used to call a
variable inside a data frame or list is dataframName$variableName. A built-in function
Im(') is applied to determine the linear regression model between two variable. The same
function can also be used to generate a multiple regression model to evaluate the impact
of several variables on a dependable variable (target). An important built-in function
summary( ) is again used here, which described the model in this occasion. In Fig. 3.11, a
multiple regression is 0.5413, which means 54% of variation of finish Delay can be
explained by the model. While F-statistic and p-value is shown below, for the test
performed on the model. The null hypothesis test revealed that there is no similarity

between the selected variables.

Ho: By = B2 = =+ = P = 0—eq(3.1)

Here:

Hy: .BDays.startDelay =0-eq(3.2)
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Residual standard error gives an idea that how far is Days.finishDelay (dependent
observed values or y-values) is from the predicted or filled finish delay (fitted values or y-
hats).

e=y—9y—eq(3.3)
3.3.3 Results from Linear Regression

Along with that an estimated intercept represents the y-intercept which is around 4.18. It
means that the line passes through the y-axis at 4.18 where value of the x is 0. It can be
interpolated as, when Days.startDelay is 0 then Days.finishDelay is around 4 days. This
gives an interesting insight of the pattern of average delays in activities, i.e. even
activities are starting on time, there is a delay of around four (4) days. Having in mind
that this model is approximately true for at least 54% of the predictions. Furthermore, a
(1) unit day delay in Days.finishDelay is approximately caused by 0.8 unit delay in
Days.startDelay. A hypothesis test P.(>| t |) which is nearly equal to zero (0) illustrating
a very strong presumption against null hypothesis and it means that not all of the
coefficient of Days.startDelay are 0. Furthermore, Residuals in Fig. 3.11 shows the five
number summary obtained from the modeled linear regression line. As mentioned above,
two cases will be analyzed one with the outliers and other without outlier. Among several
techniques of cleaning a dataset outlier analysis is one of the important technique to deal
with the outliers. A popular practice to denounce any observation as a outlier is to plot a

box plot. Fig 3.10 shows the box plot for the Days.startDelay and Days.finishDelay.
3.3.4 Outliers Detection

In Fig. 3.12 it can be noticed that there are many observations which are outside the limit
of 1.5xIQR (Inter-quartile range). The observation, which is exceeding these range, have
been removed and the rest of the observations have been saved in another attribute. It is
highly recommended to keep original observations and make changes in a new subset and
so comparison between two can be made. Furthermore, keeping an original variable will
allow going back and analyzing outliers with other techniques as well. A similar source

code as eq. 3.1 is used to create a subset of the original superset.

x.without. outliers

= x[!'x %in% boxplot. stats(x)$out| #x(xq, x5, ..., x,); —eq(3.4)
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Another box plot has been created without outliers using attributes, namely:
sub_Days.startDelay and sub_Days.finishDelay as mentioned in Fig. 3.13. Using similar
steps all numeric data types have been cleaned and stored in a new attribute, such as:

sub_Days.startDelay for Days.startDelay.

Number of delayed days in starting
and finishing tasks

O Days startDelay
O Days finishDelay

I I T T I
-200 -100 8] 100 200

Mumber of delayed days
Figure. 3.12. Showing a box plot for the Days.startDelay and Days.finishDelay.

Similar analysis has been performed again in order to demonstrate the improvement of
the prediction capability of the model. A comparison between an analysis of two models
has been presented. One model represents the linear regression for the complete sets of
observation as performed and elaborated in fig 3.9. Second model has been created to
demonstrate the linear regression for the sub_Days.startDelay and sub_Days.finishDelay.
The differences between the two models has been encapsulated in a table. 3.5. The
removal of outlier does not guarantee the best solution, merely it is a popular choice
among practitioners assuming to reduce the size of a dataset. Nevertheless, the analysis
performed for the sub_Days.startDelay and sub_Days.finishDelay does not show any
improvement with respect to the performance or prediction of dependable variable i.e.

delay in finishing an activity by stating the delay in starting that activity.
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Number of delayed days in starting
and finishing tasks without outliers

O sub_ Days statDelay
O sub_ Days finishDelay

| | | | | | |
-150 -100 -50 0 50 100 150

Mumber of delayed days
Figure. 3.13. Showing a box plot for the sub_Days.startDelay and sub_Days.finishDelay.
Table. 3.5 uses terminologies as mentioned in the Fig. 3.11. Fig. 3.13 shows a box plot
between sub_Days.startDelay and sub_Days.finishDelay. Fig. 3.14 and fig. 3.15 showing
the scatter plot, including the linear regression line. While fig. 3.16 shows a normalized
scatter plot after removing the outliers.

S.No Parameters With Outliers W/o Outliers  W/o Outliers
01 Residual :
Minimum, -79.375, -75.057, -70.191,
Maximum 109.99 105.625 105.265
02 Coefficients :
Intercept Estimate (x=0), 4.188 0.311, -4.247,
Unit case impact 0.797 0.686 0.609
03 R-squared :
Multiple, 0.541, 0.411, 0.385,
Adjusted 0.541 0.411 0.385
04 P-value: ~0 ~0 ~0
05 Analyzed Datasets percentage  100% 95.1% 90.95%

(min. of 2 attributes)

Table. 3.5. Analysis of linear regression model with and without outliers.
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Figure. 3.14. Linear regression line between sub_Days.finishDelay and

sub_Days.startDelay.

Relation between start delay and finish Delay

Finish Delay
0 40
|

-40
|

-60

1 1 |
-50 0 S0

Start Delay
Figure. 3.15. Linear regression line Dbetween sub_Days.finishDelayl and

sub_Days.startDelayl.
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Relation between start delay and finish Delay

150
\

Finish Delay

-50
|

-100
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Start Delay
Figure. 3.16. Linear regression line between bins of finish Delay and start Delay.
Assumptions induced in table. 3.5, demand to find an appropriate method to resolve the
issue and develop an effective model. For this reason, a binning technique has been
implemented to reduce the number of unique values. Hundred(100) bin median set has
been created and then analyzed. Moreover, table. 3.6 shows the comparison of a simple

linear regression between an original dataset and a binned median data set.

S. No Parameters Original dataset Bin median dataset
01 Residual :
Minimum, -79.375, -2.161,
Maximum 109.99 2.023
02 Coefficients :
Intercept Estimate (x=0), 4.188 12.982,
Unit case impact 0.797 0.915
03 R-squared Multiple 0.541 0.998
04 Analyzed Datasets percentage (min.  100% 68%

of 2 attributes)
Table. 3.6. Comparison b/w linear regression model of original and bin median dataset.

This is important to note that these methods can also be used for data discretization (a
form of data transformation). For example, the binning techniques described before
reducing the number of distinct values per attribute. This acts as a form of data reduction

for logic based data mining methods, such as decision tree induction, which constantly
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makes assessment of values while sorting data. Concept hierarchies are a form of data

discretization that can also be used for data smoothing [52].
3.4 Data Integration

Data mining often requires data integration—the merging of data from multiple data-
stores. The essence of data integration lies in appropriately linking the identical attributes.
In most database tables or files, there is a primary key known as a GUID, or UID and one
or more secondary key as well. However, in a case of different type of data, then the
problem may arise how to match the schema and objects from different sources. This
problem is defined as an entity identification problem. Furthermore, there could be a
problem that all or any of the data has tuple/ row duplication, which may also cause either

a loss of data or any other malfunctioning of the processes.

A domain of data integration also involves the detection and resolution of data value
conflicts. For example, for the same real-world entity, attribute values from different
sources may differ. This may be due to differences in representation, scaling, or encoding.
For instance, a temperature attributes may be stored in Celsius units in one system and
American Fahrenheit units in another. For an international construction company, the
project running in different countries may involve not only different currencies but also
different types (e.g., infrastructure, building projects) and taxes. When exchanging
information between different construction domains, for example, a building construction

facility has different measuring standards as compared to the infrastructure domain.

For this research project, one of the integration is performed to analyze the impact of a
rain and an average temperature of the status completion of each element. For this reason
a weather dataset has been acquired from the weather underground, which has
collaborated with several private and government weather stations. These weather
stations are equipped with standard measuring equipments and so obtained data can be
reliable [53]. This weather station is known as IBAYERNN7 by the wunderground.com
[54]. Data collected from the weather station is for the period of one year i.e. from 18"
Nov 2013 to 19™ Nov 2014. Since the actual construction site ran from 5" Feb 2014 and
the analyzed data is till the second week of Nov 2014 i.e. 7" Nov. The weather station is
located near the on-going construction site. The weather station is located at a elevation
of 452 m having northing 49.28 and easting /1.47. This integration is performed within R
by writing a function and using a library named zoo [55]. This package is a part of CRAN
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(Comprehensive R Archive Network). The function picks an actual starting date and an
actual finish date for each element and then goes to the weather data frame and calculate
the mean rainfall for this period. Afterward the average temperature is also calculated in
the same way. Both of these attributes are then saved into another data frame to analyze

the datasets.

> summary (weather)

Date TemperatureHighC TemperatureAvgl TemperatureLowC DewpointHighc DewpolntAvgd
2013/11/18: 1 Min. : 0.00 Min. :=-3.00 Min. :=7.000 Min. :-4.000 Min. :-8.000
2013/11/19: 1 lst Qu.: 9.00 1st Qu.: 5.00 1=t Qu.: Z.000 lst Qu.: 3.000 1=t Qu.: 1.000
2013/11/20: 1 Median :16.00 Madian :12.00 Median : 7.000 Median : §.000 Median : &.000
2013/11/21: 1 Mean :15.38 Mean :1l0.69 Mean : 7.0%96 Mean : 8,285 Mean : 6.077
2013/11/22: 1 3rd Qu.:21.00 3rd Qu.:16.00 3rd Qu.:12.000 3rd Qu.:13.000 3rd Qu.:11.000
2013/11/23: 1 Max. :34.00 Max. 126,00 Max. :20.000 Max. 20,000 Max. :168.000
(Other) : 350

Dewpolnt Lowd HumidityHigh HumiditvAvg HumidityLow PressureMaxhPa PressursMinhPa WindSpeedMaxKMH
Min. :-11.000 Min. 147 Min. 35, 0O Min. rE@E. 0O Min. ;1000 Min. : 909 Min. : 0.00
1zt gQu.: -1.000 1=t Qu.: 80 1zt Qu.:64.00 1zt Qu.:45.00 1=zt Qu.:1014 1=t Qu.:1009 1=t Qu.: B.00
Median : 4.000 Madian :91 Median :78.00 Median :59.00 Median :1018 Median :1014 Madian :10.00
Mean 8 3.986 Mean : 87 Mean 74,87 Mean 8 5%, B3 Mean 1019 Mean 1014 Mean 10,584
3rd Qu.: 9.000 3rd Qu.:96 3rd Qu.:87.00 3rd Qu.:76.00 3rd Qu.:1023 3rd Qu.:1019 3rd Qu.:13.00
Max. : 17.000 Max. 399 Max. :87.00 Max. :85.00 Max. :1l42 Max. $ 1033 Max. 30,00

WindSpeedAvgKMH GustSpeedMaxzKMH PrecipitationSumCM
Min. :0.000 Min. : 0.00 Min. :0.0000

lst Qu.:1.000 lst pQu.:14.00 lst pQu.:0.0000
Median :2.000 Median :18.00 Median :0.0000
Mean 33, 195 Mean :18.05 Mean :0.1744
3rd Qu.:3.000 3rd Qu.:21.00 3rd Qu.:0.1000
Max. :7.000 Max. :60.00 Max. $4.3700

Figure. 3.17. Summary of an imported dataset of a yearly weather from the
wunderground.com [54] in R.

Attributes may also differ on the abstraction level. For instance, one attribute may use a
lower abstraction level than the “same” attribute in another system. During large data
combination discrepancies may cause large errors and must be detected and rectified. For
this research purpose, since incorporation has been done under control and from a newly

designed database. Therefore, an issue of discrepancy does not arise at all.
3.5 Data Selection

Datasets for analysis may contain hundreds of attributes, many of which may be
irrelevant to the mining task or redundant. For example, if the task is to classify evening
shifts based on whether or not these are likely to be more productive than the average day
shifts particular in a construction project when a weather condition is notified, attribute
such as axes are likely to be irrelevant unlike attributes. Such as: floor, unit cast, type of
material etc. Although it can be very difficult for the domain expert to pick out some of
the useful attributes, this can be a difficult and time-consuming task. Especially when the
data behavior is not well known. Leaving out relevant attributes or keeping an extraneous
may be detrimental, causing confusion for the mining algorithm employed. This can
result in discovering patterns of poor quality. In addition, the added volume of extraneous
or insignificant attributes can slow down the mining process. A brief survey within the

host company has been performed to weigh views of domain experts against data mining
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algorithms [59, 60, and 70]. The prime check to depend on the subset of the dataset is if
the results obtained from the smaller datasets are comparable with the results forecasted

from the larger datasets. Table. 3.7 enlists all the possible attribute a survey has been

conducted containing all the attributes in the tabular form.

S.No Division All Attributes Selected Attribute
1 Model Property  Axes, Width, ifcType, Selected are GUID, IfcType
ifcName, Tekla Allgemein
Jens\ASSEMBLY_NAME,
RevitlD, and 98 others,
2 Processed DM castType, DM _floors Selected are DM castType,
attributes from and 48 others, DM _floors
Model Property
3 Actual/Current  fiDB  (short form  for Selected are fiDB, piDB,
dates from 3rd Fertigteilung i.e. finished difference between fiDb and
party attached item), PiDB, pfpriDB and 7 pfpriDB (days took between
database others, design approval and element
completion)
4 Planned  dates earlyStart, Duration and 15 or Selected are planned start,
from Schedule more attributes, planned finisher, total
(e.g. MS duration. Furthermore start
Project) and  finish  delays are
calculated.
5 Text documents safetylssue, siteSnap and 17 Not considered
in form of pdf, or more attributes,
word, txt (e.g.
MoM, Issues on
site, safety
issues) etc.
6 Excel/ csv Such as:  estimatedCost, Not considered
sheets (e.g. currentOverRun and 33
Quantities) attributes.

Table. 3.7. Total number of attributes in the database and the selected attributes for data
analysis and data mining.

As argued by J. Han et al. [52] that it is difficult to leave out many attribute and still get
the correct outcome. A precise result cannot be obtained unless some classification and
elimination methods are not applied. One may find attribute subset selection reduces the
data set size by removing irrelevant or extraneous attributes (or dimensions). As stated
above, the goal of attribute subset selection is to find a minimum set of attributes such
that the resulting probability distribution of the data classes is as close as possible to the

original distribution obtained using all attributes.
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Data mining on a reduced set of attributes has an additional benefit. It reduces the number
of attributes appearing in the discovered patterns, helping to make the patterns easier to
understand. Nevertheless, an exhaustive search for the optimal subset of attributes can be
prohibitively expensive, especially when the number of attributes increases. Thus,
heuristic methods that explore a reduced search space are commonly used for attribute
subset selection. These methods are typically greedy in that, while searching through
attribute space, they always make what looked to be the best choice at the time. The
strategy is to make a locally optimal choice in the hope that this will lead to a globally
optimal solution. Such greedy methods are effective in practice and may come close to
estimating an optimal solution. J. Han et al. [52] describes four methods in order to select

the meaningful attributes, such as:

1. Stepwise forward selection: The procedure starts with an empty set of attributes as the

reduced set. The best of the original attributes is determined and added to the reduced set.
At each subsequent iteration or step, the best of the remaining original attributes is added

to the set.

2. Stepwise backward elimination: The procedure starts with the full set of attributes. At

each step, it removes the worst attribute remaining in the set.

3. Combination of forward selection and backward elimination: The stepwise forward

selection and backward elimination methods can be combined so that, at each step, the
procedure selects the best attribute and removes the worst from among the remaining

attributes.

4. Decision tree induction: Decision tree algorithms (e.g., ID3, C4.5, and CART) were

originally intended for classification. Decision tree induction constructs a flowchart like
structure where each internal (non-leaf) node denotes a test on an attribute, each branch
corresponds to an outcome of the test, and each external (leaf) node denotes a class
prediction. At each node, the algorithm chooses the best attribute to partition the data into

individual classes.

For this research project a stepwise backward elimination has been adopted. Initially, all
existing attributes are considered and then in the first phase duplicates are ignored, project
oriented attributes have also been defined. Data analysis is performed on the data
obtained from a survey report moreover, a larger dataset has been evaluated considering

the unique attributes and ignoring duplicate attributes (which has similar data but
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different nomenclature) in order to analyze the significance of an outcome of the survey
report. The attributes favored in the survey are included for data mining. Fig. 3.18 enlists
these attributes along with the count of maximum replication of observations within
certain variables in a prepared dataset. A list of few observations is included in Appendix

Al, under a title of testShoppingMall_basic-all(f-25).csv.
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Figure. 3.18. Representing a frequency of observations in different attributes.
3.6 Data Transformation

“I probably spend more time turning messy source data into something usable than I do

on the rest of the data analysis process combined”. —Pete Warden

In building models, one often looks to improve the performance. Though, the truth lies in
improving data. This might entail sourcing some additional data, cleaning up the data,
dealing with missing values in the data, transforming the data, and analyzing the data.
With the abundance of issues that one finds in data, there is quite a collection of
approaches for transforming data to improve the ability to discover knowledge. One of
the popular techniques is to clean a dataset and create manipulated attributes by
combining two or more attributes of a dataset. However, these processes consume a large
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amount of time. To make ease, R provides support for most of the myriad of approaches

which make it a good option for a statistical analysis.

R provides many options for transforming datasets using many of the more common
transformations. This includes normalizing our data, filling in missing values, turning
numeric variables into categorical variables and vice versa, dealing with outliers, and
removing variables or observations with missing values. For the more complex
transformations, one can revert to an original attribute. Data transformation includes
creation of new attributes and that can help in the mining process. Generally, the process

includes in data transformation includes:

1. Data smoothing, which works to remove noise from the data and it is quite

similar to the process discussed in section 3.3 under data cleaning.
2. Attribute construction, it is a method of constructing new attribute and

added from the given set of attributes to help the mining process.

3. Aaggregation, where summary or aggregation operations are applied to the
data. For example, daily rain can be segregated to the weekly or certain
span of time, while particular element was under construction to see the
impact.

4. Normalization, where the attribute data are scaled to fall within a smaller
range, such as: -1.0 to 1.0 or 0.0 to 1.0.

5. Discretization, where the raw values of a numeric attribute (e.g., delays in
days) are replaced by interval labels (e.g., 2-5, 6-10, etc.) or conceptual
labels (e.g., on time, late, very late).

6. Concept hierarchy generation for nominal data, where attributes such as

parts of composite can be generalized to higher-level concepts, like

composites or building frames.

Many of the above techniques have been discussed in details, such as: data smoothing,
discretization and binning. Therefore, in this section, other transformation methods such
as: attribute construction, normalization and concept hierarchy is discussed. Since the
measurement unit used can affect the data analysis. For example, changing measurement
units from meters to inches in height, or from kilograms to pounds in weight, may lead to
very different results. In general, expressing an attribute in smaller units will lead to a
larger range for that attribute, and thus tend to give such an attribute greater effect or

weight. To help avoid dependence on the choice of measurement units, the data should be
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normalized or standardized. This involves transforming the data to fall within a smaller or
a common range such as [-1, 1] or [0.0, 1.0]. There are a number of methods for
normalizing a dataset, such as: min-max normalization, z-score normalization and by

decimal scaling.

A normalization has been made for numeric attributes such as Days.actualDiffAprroval
and Days.startDelay. A library named reshape is used in order to shorten the
implementation. A documentation of reshape library is available on CRAN [56]. The
source code is similar as mentioned below for rescaling two attributes, namely:
Days.actualDiffAprroval and Days.startDelay from 0 to 1. Furthermore, below equation

also describes a method to create a new attribute, which is as follows:

require (reshape)
#loading the reshape library
csvSMbaSthOlDayS. actualDif f Approval

< —¢sUSMpgsicspays- actualDif fApproval — eq(3.5)
csvSM_basic$R01_Days .startDelay < —csvSMpqsicspays- StartDelay — eq(3.6)

#saving data in another attribute within the dataframe incase, one needs to work
original datasets.

It is highly recommended to keep original attribute in a usable dataset to analyze it with
other techniques and make comparison between different techniques. In order to analyze
the impact of the scaling, one has to verify the impact on the model. For this reason,
without making any changes two models have been developed (such as: decision tree and
a Neural Network) and the results of pre and post scaling are mentioned in the table. 3.8.
The refurbished datasets used for the development of the model are mentioned in the
section 3.7 under data mining. Moreover, the details of choosing a model and relevant

description are mentioned in the next section.

S. No Model Method Pre-Scaling Outcome Post-Scaling Outcome Improvement
1 Decision Tree  Recall curve: 67.3% Recall curve: 67.3% Recall: 0%
Risk curve: 100% Risk curve: 76.0% Risk: -24%
2  Neural Recall curve: 12.1% Recall curve: 12.1% Recall: 0%
Network Risk curve: 12.1% Risk curve: 26.26% Risk: +117%

Table. 3.8. Outcomes of pre and post scaling process on 15% of validating data for the
datasets M_basic.csv.

A detail regarding the parameters of this model is explained in data mining. In addition,
the target variable in the model evaluation is none other than the Days.finishDelay which

is @ numeric attribute. Furthermore, other method, i.e., concept hierarchy is applied on the
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Days.plannedDuration, Days.actualDiffAprroval, and Days.startDelay; all of these
attributes are numeric in nature. With this change, the dataset now contains 3 additional
categorical attribute, such as: BE10_Days.startDelay, BE15_ Days.actualDiffApproval,
and BE7_Days.plannedDuration. However, a code is only mentioned as an exemplary

for BE7_Days.plannedDuration which is as under:

csvSM_basic$BE7_Days. plannedDuration

< — cut(csvSM_basic$Days. plannedDuration,
c(min(csvSM_basic$Days. plannedDuration,

na.rm = TRUE), 21.9,43.7,65.6,87.4,109,131,
max(csvSM_basic$Days.plannedDuration, na.rm = TRUE)), include. lowest =
TRUE) —eq(3.7)

Where BE7_Days.plannedDuration is a new attribute containing a categorical data
having equal width of each group. Essentially a binning method is used in the above

coding. Furthermore, BE7 is an abbreviation for 7-bins-of-equal-width.

S. No Model Method Pre-Categorizing Post-Categorizing Improvement
Outcome Outcome
1 Decision Tree Recall curve: 67.3% Recall curve: 67.3% Recall: 0%
2  Neural Recall curve: 42.1% Recall curve: 32.1% Recall: -24%
Network

Table. 3.9. Outcomes of pre and post scaling process on 15% of validating data for the
datasets M_basic.csv.

Mark that there is no change in the sensitivity of the model produced by decision tree in
the above table. 3.8 and table. 3.9. Thus, it can be concluded that for the give dataset the
sensitivity or recall will decrease by the use of this too many categorical variable and one
must be careful while using these techniques since it might destroy the ability of the

model to predict precise outcome.
3.7 Data Mining

Several methods that have been explained earlier, in order to prepare a clean and less
noisy and more classified observations too obtained sensible outcomes. Data mining is a
complex process, to determine insights from the data and steps involve in this domain is
quite similar to the methods applied above. It will not be an incorrect opinion to say that
the above process enables data miner about the trend in data and learning how datasets
are behaving. Essentially, above processes will act as a pilot test for data mining. Detailed
explanation is cited in chapter 2 about sequential steps involve in data mining. Here, it is

explained that which particular algorithm is adopted in order to create a model. Two
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models

are created for

four (4) different

subset of main dataset i.e,

testShoppingMall_basic-all.csv which contains round about 6,170 tuples of observations.

3.7.1 Description of Attributes

The description of four datasets is mentioned in below tables.

S No. List of Attribute Example

1 GUID Unique value,

2 Type.element e.g., beam, column etc.,

3 Assembly Name e.g., Unterzug etc.,

4 Class_Attr e.g., 123 etc,

5 Material e.g., Concrete/C30,

6 Type.cast e.g., Fertigteilung, Ortbeton,

7 AXis e.g., 11-12/1.G-1,

8 Part_of element e.g., betontraeger,

9 Width (unit in meters),

10 Weight (unit in ton),

11 Height (unit in meters),

12 Length (unit in meters),

13 Surface_area (unit in meter square),

14 plan_is_completed actual drawing status for precast material,

15 plan_will_complete drawing status for precast material

16 plan_is_approved actual drawing approval by authority,

17 plan_will_approved plan drawing approval by authority,

18 plan_position element position as per precast factory element
management,

19 \olume (unit in meter.cubic),

20 Floor e.g., 01-basement etc.,

21 Days.actualDiffAprroval  difference between actual finished element and
actual approved plan,

22 Date.actualStart actual starting date,

23 Date.actualFinish actual finished date,

24 Date.plannedStart planned starting date,

25 Date.plannedFinish planned finished date,

26 Days.plannedDuration planned duration,

27 Days.startDelay difference between actual start and planned start,

28 Days.finishDelay difference between actual finish and planned finish
[target attribute],

29 Status.Element Showing the status of the element, [delayed,

ahead]

Table. 3.10. Enlist the attribute in testShoppingMall_basic-all.csv, from here forward

termed as a dataset-1.
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S No. List of Attribute Example

1..29 .. Asabove .. As above

30 meanRain average rain during the span of element
construction

31 meanTemp average temperature during the span of element

construction
Table. 3.11. Enlist the attribute in testShoppingMall_basic-all-ref.csv, from here forward

termed as a dataset-2.

Table. 3.11 is an extended file of the dataset-1. Additionally, along the existing attributes,
new weather related weather attributes, such as: average daily mean temperature as well

as a daily mean for the duration of the element construction has been added.

In table. 3.12 preferred attributes collected from a survey performed during this master
thesis to compare the domain expert (in this case a BIM expert and a project planner)
significant attribute to the result obtained from the entire set of attributes using data-
mining algorithm. A survey report is attached in the appendix. Moreover, the survey can
be found in the following references [60, 70, and 71]. Furthermore, it has been found that
it is a subset of the dataset-1, since there is no addition of a new attribute prescribed by

experts, which was not included already for the analysis of collected dataset.

Unquestionably, table. 3.13 is a subset of the dataset-2, i.e. it contain all the similar
attributes from dataset-3 and additionally contains the average daily mean temperature as

well as average daily mean rain for the duration of the element construction.

S No. List of Attribute Example

1 GUID Unique value,

2 Type.element e.g., beam, column etc.,

3 Type.cast e.g., Fertigteilung, Ortbeton,

4 Days.actualDiffAprroval  difference between actual finished element and
actual approved plan,

5 Date.actualStart actual starting date,

6 Date.actualFinish actual finished date,

7 Date.plannedStart planned starting date,

8 Date.plannedFinish planned finished date,

9 Days.plannedDuration planned duration,

10 Days.startDelay difference between actual start and planned start,

11 Days.finishDelay difference between actual finish and planned finish
[target attribute],

12 Status.Element Showing the status of the element, [delayed, ahead]

Table. 3.12. Subset of dataset-1 and it will be termed as dataset-3.
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S No. List of Attribute Example

1..12 .. Asabove .. As above

13 meanRain average rain during the span of element
construction

14 meanTemp average temperature during the span of element

construction
Table. 3.13. Subset of dataset-2 and it will be termed as dataset-4.

3.7.2 Data Mining Tool

Consecutively to make analysis, simpler and agile, a graphical interface Rattle has been
used which accelerates the processes of data mining. Starting with loading data into Rattle
for dataset-1 as mentioned in Fig. 3.19. As soon as Rattle upload the dataset into Rattle it
will show some information about the data, which can be useful while transforming data
from numeric to categorical data and it also notifies the missing values. In Fig. 3.19, as it
is showing a couple of different options, rather than explaining how Rattle work, the
focus here will be an explanation of analysis and types of library it uses in order to
perform analysis. As mentioned in the Fig. 3.19, the dataset is partitioned into three (3)
sets, namely: training, validating and testing dataset with random selection of 70%, 15%
and 15% respectively for each set. Furthermore, a seed has been set with a default name
42 for reproducibility and regenerating the results. Most of the attributes are input while
plan_will_complete and plan_will_approved observations are not available in the model
and therefore, these two values are ignored. Furthermore, results obtained from the earlier
analysis regarding data cleaning and data transformation have been applied in Fig. 3.20.
Though, binning methods and methods to remove the outliers are not applied and these
change will be considered subsequently under this phase. Attributes shown from serial
number thirty (30) to thirty-nine (39) are transformed attributes. Moreover, original
attributes have been ignored during the process of data mining to avoid duplication and

dual dependencies.
3.7.3 Classification

In order to classify the dataset, other tabs such as: explore, test and transform function
provides several functionalities. For classification, one has to analyze the data or in other
words develop, analyze and test the model. Especially boosting or a decision tree model
works impressively in classifying the data. With Rattle, things can become much easier
though it is only applicable for limited size of dataset. For classification of a dataset-1, a

Boosting (Ada Boost Model) will be applied, which is a radio-option under Model tab. A
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package named as Ada is used, which is originally named as a Fitting Stochastic Boosting
Models [61].

Project Tools Settings Help U Fattle Version 3.3.0 togawars cont
& (] B = El =@l o]
Execute Mewr Qpen Sawe Report  Export Stop Quit

Date | Explorel Testl Transforml Clusterl Associatel Modell Eualuatel Log|
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1 [

Roles noted, 6279 observations and 24 inputwariables, The target is Status.element. Categoric 2, Classification models enabled.,
Figure. 3.19. Loading dataset-1 in Rattle representing attribute’s unique and missing
values.

A benefit of using this technique is that one can go with a number of trees the error is
kept decreasing and can save a sufficient amount of time. Since boosting and other
machine-learning algorithm has a common problem, which is known as over fitting in
simple, words know when to stop. Therefore, for this purpose thirty-two trees (32) has
been generated and the error of 0.014 has been allowed i.e. (1.4%) at training dataset. Fig.
3.21 expresses the correlation between the attributes. This tree diagram shows the
correlation between attributes used to predict the status of element either delayed or

ahead.
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Figure. 3.20. Loading dataset-1 along with the changes applied in result of learning from

above practices within Rattle.

Figure. 3.21.

Tree 1 of 32: data-set-1.csv $§ Status_element

Plan_position

B s
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package.
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3.7.4 Clustering

Applying hierarchical cluster using cluster method named as ward and measuring
distance between the numerical attribute using Euclidean method. This method is
provided under the Cluster tab in Rattle. A combine 2D figure is obtained using this

method, which is mentioned under Fig. 3.22.
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Figure. 3.22. 2D scatter plot between various attribute elements using hierachical cluster.

A list of attributes in Fig. 3.23 runs from top to bottom and left to right are:
RO1_Days.actualDiffApproval, R01_Days.plannedDuration, RO1_Days.startDelay and
RO1_Days.finishDelay, R01_Width, R01 Weight, ROl _Lenght, RO1_ Surface_area,
R0O1 Height, RO1_Volume. In Fig. 3.22 nearly no correlation between most of the
quantities. A Small correlation exists between R01 Weight & RO01 Volume &
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RO1_Surface_area, RO1_Height & RO1 Length as no correlation in between but both

have an obvious correlation with RO1_Surface area.
3.7.5 Association Rule Learning

A more interesting correlation exists between RO01_Days.startDelay and
RO1_Days.finishDelay, which is further investigated using simple KMeans Clustering
and the relationship can be seen in Fig. 3.23. A list of attributes in Fig. 3.23 runs from top
to bottom and left to right  are: RO1_Days.actualDiffApproval,
RO1_Days.plannedDuration, RO1_Days.startDelay and R01_Days.finishDelay.

The supplementary relation between the attributes are exploited using Associate tab in
Rattle. Approximately one hundred and seven (107) association rules has been created
using the apriori algorithm which is part of a rules package [62]. Association rules count
the frequency of observation, which are repeated more frequently along the presences of

some other attribute.
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Figure. 3.23. 2D scatter between selected attribute using KMean cluster.
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Outliers, are not removed since it has been considered during a creation of a model.
Several models have been generated in order to find a precise model. Mark that the
random forest cannot be run into rattle since the limit of categorical attribute is 32 and the
dataset contains more than 200 levels in some cases such as: R01_Days.startDelay. The

detail comparison of these models is mentioned under table. 3.14 which are as follows:
3.7.6 Data Modelling

In the table. 3.14 two models are not available. Due to limitation of rattle, neural network
cannot be investigated. While the analysis of linear model took an extremely large
amount of time (> 22 hours) to establish the model. For practical implementation behalf,
this model is not considered. Furthermore, similar analysis has been performed on the
remaining dataset-2, dataset-3 and dataset-4 though it is not published to avoid

duplication of similar analysis.

S.No Model Algorithm used Error No. of rules/
Method Significant Attributes
1 Decision  Recursive Root node error: AXis,
Tree Partitioning & 44.2% Date.actualFinish,
Regression Trees Date.actualStart  and
(from rpart) plan_position
2 Boosting  Fitting  Stochastic Train error: 1.4%  AXis: 32X,
model Boosting Models Out-of-bag error: plan_position: 32X,
(from Ada) 3.1% Date.actualStart:  14x,
Date.actualFinish: 8x
3 Radial Basis kernel Training  error: No. of support vector:
“Gaussian”  (from 1.2% 932
Support kernlab)
4 vector Polynomial  kernel Training  error: No. of support vector:
method (from kernlab) 0% 559
5 Anovadot ANOVA Training  error: No. of support vector:
RBF kernel 0% 559

Table. 3.14. Showing results obtained for the dataset-1 using Rattle’s model tab.

3.8 Evaluation

The valuation is performed on all four (4) dataset obtained for each type of project and
the results obtained during the analysis are encapsulated in three (3) different tables.
While, for the purpose of evaluation, library named ggpolt2 is being used. For the
analysis purpose 15% of the validating data is visually analyze. While the results
obtained from a remaining 15% of the testing data is mentioned in the below table.
Notice that area under the recall and risk has been presented while the appendix file
contain entire results obtained after the analysis of the dataset for a shopping complex
project.
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S.No Model Algorithm used Evaluation (on Testing data)
Method
1 Decision Recursive Area under the Recall (green) curve: 83%
Tree Partitioning & Area under the Risk (red) curve: 64%
Regression Trees
(from rpart)
2 Boosting Fitting  Stochastic Area under the Recall (green) curve:
model Boosting Models 90.5%
(from Ada) Area under the Risk (red) curve: 74%
3 Radial Basis kernel Area under the Recall (green) curve:
“Gaussian”  (from 100%
Support kernlab) Area under the Risk (red) curve: 77%
4 vector Polynomial  kernel Area under the Recall (green) curve: 99%
method (from kernlab) Area under the Risk (red) curve: 77%
5 Linear (from Area under the Recall (green) curve: 99%
kernlab) Area under the Risk (red) curve: 77%

Table. 3.15. Evaluation of the model obtained by the analysis performed using ggplot2 in

Rattle for dataset-1.

Figure. 3.24. Evaluation of sensitivity of four (4) datasets using Rattle for various
predictive models.
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