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Abstract

Construction projects are influenced by interrelated issues that may result in cost and/or time
overruns, thus affecting the overall project performance. Therefore, a need to develop predictive
models is widely highlighted, to aid in decision-making and offer guidance for corrective actions —
especially when preparing for the production phase. Predictive models can utilize certain key
performance indicators (KPIs). This study aims at investigating possible applications of machine
learning (ML) for the development of such predictive models in construction projects, and the way
these can impact project performance. Initially, a literature review about ML in the construction
context is conducted. Following, two cases of developed ML predictive systems for construction
project performance appraisal are presented. The first case is drawing on a productivity survey of 580
construction projects in Sweden, in which the most influential project performance factors are
analyzed. The data encompasses project attributes, external influencing factors, and project
organization. Statistical correlation is used to find the features that are strongly correlated with four
KPIs: cost and time variance, and client and contractor satisfaction. Then, a regression analysis is
performed to develop the prediction model. Technical complexity, like the level of prefabrication, are
among the features affecting project performance. Moreover, human-related factors (e.g. client role,
architect performance, and collaboration level), end up being highly impactful; it derives that they are
the most suitable factors for predicting project success. The second case appraises a project’s
constructability combined with risk analysis, via a ML model utilizing a restricted dataset of 30
diverse civil engineering projects from several different countries and with very different character; a
town square, a biogas plant, road bridges and sub projects from an airport. The development built on a
literature study, expert interviews, and unsupervised and supervised ML. The ML-enabled strengths
of this model lie more in the novel derivation of construction project risk sources from the related
body of literature, as well as the computational and not just conceptual integration of constructability
and risk analysis, rather than the system’s coverage of the full corresponding context. It can be
concluded that the human touch is still needed in preparing future construction projects — and even
more so after the introduction of ML solutions. While ML includes human aspects, such as
satisfaction and risk perception translated into concepts and variables, there is also a need for
strengthening the human touch of qualified thinking for the related decision-making in construction
project processes.
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1. Introduction

Machine learning (ML) has become part of the recurrent wave of digital transformation technologies
in research and a series of industry sectors (Kaplan and Haenlein 2019). Within the construction
engineering sector, surprisingly Vinnova, a Swedish national funding body supporting innovation,
concluded in the spring of 2018 that there was a wide implementation of ML solutions (Vinnova
2018). Yet, ML is also exposed to renewed skepticism regarding its potential and the challenges it
faces. A prominent challenge of the new uses of ML is probably a lack of recognition of the
differences between the potential of earlier applications, such as expert systems, and the present
potential, which is mainly related to the ability of processing big data and complex attribute
association rules. This challenge may also be a symptom of the “Al effect”, which points to the fact
that Al has a moving target of what machines have not been able to do yet. The outset of this
contribution is therefore a more practical observation of the many aspects of construction project
performance that could be improved by using ML techniques. We simply ask: what are the possible
applications of ML in construction projects, and how could such applications impact on their
performance? A literature review of recently proposed ML solutions for construction projects is
carried out. Then, two cases are explored: a ML-based system for predicting construction project
success, and a ML-based system for the evaluation of a project’s constructability. This material is
used to draw out some implications of the present developments, note their impact for construction
engineering, and serve as the main basis for the discussion and conclusions sections of this paper.

2. Literature review

The specific application of ML within the construction context is rapidly developing, yet still draws
on technologies and methods that come from more general ML research and practice. The literature
review is therefore structured over the general ML categorizations available (Jordan and Mitchell
2015, Portugal et al 2018), simultaneously illustrated with recent construction examples. The latter
include many promising systems for application the construction process (Cheng-Yang and El-Gohary
2018, Jebelli et al 2018, Le et al 2018, Petrova et al 2018, Siddula et al 2016, Wang and El-Gohary
2018).

2.1 Definition

ML systems are “computer systems that automatically improve through experience” (Jordan and
Mitchell 2015: 255, see also Frank et al 2016, Portugal et al 2018, Sarkar et al 2013). A central
challenge for the ML field is to identify and verify any fundamental statistical, computational, and
information-theoretic laws that govern the learning systems in question (Jordan and Mitchell 2015). In
trying to answer this question, ML scholars have adopted and mobilized tools from data mining,
statistics (forms of regression analysis), and optimization theory among others (Jones and Mitchell
2015). The delimitation between artificial intelligence (Al) and ML is not clear. Some regard ML as a
sub-discipline to Al (Jones and Mitchell 2015, Portugal et al 2018), while others as adjacent and
overlapping. If one inspects a recent definition of Al namely “a system’s ability to correctly interpret
external data, to learn from such data, and to use those learnings to achieve specific goals and tasks
through flexible adaptation” (Kaplan and Haenlein 2019), it is difficult to see the difference between
Al and ML. Moreover the use of artificial neural networks, fuzzy logic, and genetic algorithms, that
probably previously constituted the core of Al, in contrast to ML, are today approaches also widely
adopted within ML. Neural networks are indeed used in some ML cases below (such as Jebelli et al
2018). The further implication of this blurred delimitation is not further discussed here.
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2.2 Types of machine learning

ML is frequently classified in three types: supervised ML, unsupervised ML, and hybrid ML.
Supervised ML (Kotsiantis, 2007; Zhang & Tsai, 2006) utilizes algorithms that are “trained” and
validated using labeled datasets, in a context where it is assumed that the reasoning of the application
domain is known. The task of the ML algorithm is to learn based on the real training data, and then,
after its validation, to apply the knowledge that was gained on new instances (Portugal 2018).
Algorithms used in supervised ML include decision trees, decision forests, logistic regression, support
vector machines, kernel methods, and Bayesian classifiers (Portugal 2018). More recently, deep
learning system have received attention. Deep learning systems make use of gradient-based
optimization algorithms to adjust parameters throughout sa multilayered network, based on errors at
its output (Jones & Mitchell 2015). Within the construction sector, one group of systems using
supervised ML intends to support the bidding process of contractors (Le et al 2018, Xu and Cai 2018,
Zhang and El-Gohary 2018). Le et al. (2018) present a system for analyzing construction contract
texts for relevant requirements. The system uses a supervised ML approach with Naive Bayes
algorithms, and a test with around 1100 statements showed a very high accuracy over 90%. in the
analysis (Le et al., 2018). Zhang and El-Gohary (2018) developed a ML system for compliance
checking using semantic role labeling of building code sentences. Their proposed method combined
multiple subsequent ML algorithms: (1) capturing the syntactic and semantic features of the building
code sentences with natural language processing techniques, (2) using external training data selected
by data similarity techniques for the ML system, and (3) performing semantic role labeling using a
conditional random field model (Zhang and El-Gohary (2018: 561). The proposed approach was
tested on a corpus of annotated text from the International Building Code encompassing 300
sentences, and achieved promising precision, (0.71) according to Zhang and El-Gohary (2018). Yet,
the use of an external dataset of linguistic origin appears problematic in a building code domain. Xu
and Cai (2018) present a study of a possible compliance code checker based on natural language
processing and ML. As their system is tested on one semantic frame only, it is far from being
generally applicable in bidding processes. Petrova et al. (2018), used data collected from sensors in a
building in operation to make the prediction of building design outcomes more accurate, by reducing
the occurrence of design errors; the data was processed through a combination of data mining and
semantic modelling techniques. Cheng-Yang and El-Gohary (2018) present a system based on web
image processing, for the detection surface cracks on roads. Their proposed method incrementally
retrieves and classify crack images; in it, a weak Convolutional Neural Network classifier first models
and sorts data from a limited set of Web images, and then acts as a ML annotator and further labels a
larger size of data. The proposed method was according to Cheng-Yang and El-Gohary (2018:553)
“able to retrieve and label a set of images with 95% labeling recall”. Unsupervised ML can be
understood as “the analysis of unlabeled data under assumptions about structural properties of the data”
(Jones & Mitchell 2015). In unsupervised ML, algorithms do not operate on a training set. The system
are presented with some data about a domain and have to develop models of relations from that data
“on their own”, by running internal procedures (Portugal et al 2018). Unsupervised ML algorithms are
mostly focused on finding hidden patterns in data. Counter to supervised ML, there are not preset
assumptions about internals laws of the dataset. Rather, the relative ML systems are supposed to find
these. In construction, examples of unsupervised ML implementation are few, but we provide an
example in the second case (constructability appraisal through risk sources).

Hybrid ML algorithm types involve mixing more than one approaches. These include semi-supervised
(Jordan and Mitchell 2015, Portugal et al 2018) and reinforcement learning (Jordan and Mitchell 2015,
Portugal et al 2018). Many studies and prototypes use a combination of machine learning algorithms
(Amasyali and El-Gohary 2018, Portugal et al 2018). Amasyali and El-Gohary (2018) test a series of
algorithms for developing energy performance prediction system, including the Gaussian process
regression, support vector regression, Artificial Neural Networks, and linear regression. It is not so
clearly described in these studies what are the implications of the hybridization regarding the validity
of the algorithms in an actual domain.
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2.3 Application areas

In the general literature on ML, a large and quickly growing number of applications are developing,
many of which are still not widely adopted in the construction context. Examples of those are: Smart
assistants (Bruss 2018) and recommender systems (Portugal et al 2018). Conversely, a case where a
system could indeed be considered as a smart assistant in the construction system, is BIMbot,
proposed by Mutis et al. (2018). BIMbot is intended to be a so-called cognitive assistant to a BIM
team (Mutis et al., 2018). Large-scale deep learning systems (Jones & Mitchell 2015: 258), which
have yielded, in recent years, large-scale major improvements in the performance of computer vision
and speech recognition, when compared to previous approaches.

However, other ML systems have indeed been applied in the construction context: Image recognizion
(Cheng-Yang and El-Gohary 2018, Siddula et al. 2016, Tixier et al. 2016). Tixier et al. (2016) review



