Downloaded from ascelibrary.org by American University Of Beirut on 04/16/24. Copyright ASCE. For personal use only; all rights reserved.

L)

Check for

e ASCE

Data-Driven Machine Learning Approach to Integrate Field
Submittals in Project Scheduling

Mohamad Awada'; F. Jordan Srour, Ph.D.?; and Issam M. Srour, Ph.D., A.M.ASCE?

Abstract: Construction projects are data-rich environments. However, those data are usually captured for site-specific reasons, e.g., the filing
and approval of inspection requests, with little regard to how they can be leveraged for improved project management. Typically, scheduling
techniques rely on general probability estimates, which do not capture the details of the site processes causing schedule deviations. This paper
illustrates how machine learning techniques can mine project data to forecast delay in the midst of the project. The proposed method uses
concrete pouring requests as an example of a site data stream and implements a random forest predictive model to forecast the likelihood of
acceptance for these requests. Embedded in the proposed approach is an analysis that allows for the addition of probabilistic time delays
associated with the forecast of rejected requests. The methodology was tested on a real-world case study, allowing for the comparison
between a project duration estimate based on critical path method (CPM) with static buffers and a project duration obtained using the pro-
posed method. The results show a difference of 10% between the two durations. The paper shows how using data streams from a construction
site with machine learning techniques can enhance project duration estimates in execution. DOI: 10.1061/(ASCE)ME.1943-5479.0000873.
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Introduction

Modern construction sites have an abundant amount of data includ-
ing engineering data from the planning and design stages, account-
ing and job progress data, and field data collected by wearables,
mobile devices, and sensors on equipment/materials (Bilal et al.
2016). However, it is postulated that 96% of the data collected dur-
ing construction goes unused (Snyder et al. 2018). Furthermore,
despite the large effort invested in construction scheduling to re-
duce delays, construction projects are still experiencing an average
schedule overrun of 42.7% (Ansar et al. 2016), which necessitates
the search for novel tools to strengthen construction managers’ de-
cision making and improve the accuracy of schedule estimates.
Data analytics has the potential to change that reality (Wu et al.
2014).

Various techniques have been developed to help project manag-
ers schedule the required project work according to the prescribed
timeline. In the construction field, the critical path method (CPM)
has been widely accepted as the main project planning technique.
Typically, the CPM relies on network techniques to ascertain the
project duration on the basis of task early and late start dates
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derived as the result of logical constraints, task durations, and vari-
ous other activity characteristics that dictate the project’s critical
path (Lu and Li 2003). Despite numerous advantages for using
the CPM, one of its main pitfalls is the assumption of preset task
durations, which are fixed based on engineering judgments and pre-
vious experience (Alves and Tommelein 2004), thus neglecting the
variability found on constructions sites.

Some project planning tools merge probabilistic scheduling
techniques with the CPM to account for the variability associated
with construction work (Wang 2005). The program evaluation and
review technique (PERT) strategy works by using a distribution of
task completion times rather than a point estimate. However, using
PERT can lead to an optimistic estimation of the project duration if
all noncritical paths are ignored and the critical path is the focus of
analysis (Lee and Arditi 2006). Another probabilistic strategy is
that of Monte Carlo simulation, which recognizes the duration
of each activity as a probability distribution from which potential
task durations are drawn during extensive simulation, yielding a
cumulative probabilistic curve of the total project duration (Khedr
2006; Dawood 1998). Fuzzy models of task duration offer another
method to incorporate variability in task duration estimations (Balta
et al 2018; Marin Ruiz et al 2018). A major drawback of these
probabilistic techniques is the effort required to estimate the nec-
essary distribution parameters, which require calibration through
previous experience and archived data. This process generally
yields domain- or context-specific estimates with limited general-
izability to other projects (McCabe 2003).

Closer to the domain of machine learning, the case-based rea-
soning (CBR) technique is another scheduling technique that works
by archiving data on past projects. The distance between a new
project and a collection of past projects is then calculated. The clos-
est or most similar past cases then serve to inform the cost or sched-
ule duration estimate for the novel case (Li et al. 2017). Users of
this method usually rely on the subjective assessment of experts to
assign weights for the features describing the cases (Zhao et al.
2019). Because these methods focus on the case level, they are bet-
ter suited for estimating the cost or schedule of a project a priori.
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Once a project is underway, the project features evolve, yielding a
novel partial case with novel causes of delay, thus hindering the
application of this method for in-execution updates.

Multiple authors have sought to develop reliable and generaliz-
able estimates of task duration variation by studying the causes of
delay. Wambeke et al. (2011) organized the causes of task duration
variation into eight categories: (1) prerequisite work; (2) detailed
design/working method; (3) labor force; (4) tools and equipment;
(5) material and components; (6) work/jobsite conditions; (7) man-
agement/supervision/information flow; and (8) weather or external
conditions. Subsequent to the aforementioned study, other re-
searchers focused on specific root causes such as interruptions in
the supply of materials or equipment, design errors irregular financ-
ing, and equipment downtime (Rachid et al. 2019; Zidane and
Andersen 2018; Durdyev et al. 2017). In general, for contractors
to accommodate all of these uncertainties in the project schedule,
a time reserve or buffer is added (Russell et al. 2013). In order to
make the buffer as accurate as possible, a recent study by Gondia
et al (2020) related nine root causes (owner, consultant, contractor,
design, labor, material, equipment, project, and external aspects) to
the severity of task overrun via two machine learning techniques—
decision trees and naive Bayesian classification algorithms. Given a
general lack of electronic data in the location of their research
(Egypt), they measured the root causes in terms of risk scores,
which were solicited from project managers based on lower-order
risk factors yielding a data set with 51 records. In contrast, this
study examines actual site data taken from 1,001 concrete pour re-
quests (CPRs) of a large residential project.

A CPR is an inspection request for various structural elements
prior to pouring concrete to ensure that all work has been properly
completed. It is important to have the supervising engineer, repre-
senting the project owner, check for any defects (e.g., steel reinforce-
ment diameter/spacing and coating, formwork and staging, and
spacing between other imbedded items) before pouring. Once con-
crete has been poured, there is no way to know what issues exist in
the structure (Jenkins and Lew 2003). Typically, contractors file the
CPR and propose a date for pouring; however, they cannot proceed
with the pouring activity until they receive the approval from the site
personnel representing the owner. In this way, the acceptance or re-
jection of a CPR represents a tangible outcome of many of the afore-
mentioned root causes identified, while at the same time providing a
measure of delay through the need for rework following a rejection
decision.

Several studies have investigated the effect of inspection request
submittal rejection on construction schedules. In a questionnaire
delivered to 52 companies asking about the main causes of delays
on construction sites, 74% of the respondents considered that late
approval and rejection of submittals was a major factor of delay
caused by the consultant onsite (Ren et al. 2008). Ko and Li (2014)
showed, using conventional review/inspection systems, that a 50%
approval rate of submittals on construction sites can result in a 6%
delay in construction schedules.

Given that the contractor cannot anticipate if an inspection re-
quest will be rejected or accepted, there is an embedded uncertainty
associated with these inspections, and thus the flow of successor
activities depends heavily on the acceptance of every inspection.
This uncertainty can be eliminated by using data analytics to extract
insights from construction data to increase the reliability of the
project schedule (Han and Pan 2011). Contractors and project man-
agers are flooded with data and information but do not generally
have the necessary analytical tools to explain and analyze the ac-
quired data in ways that enhance the decision-making process dur-
ing construction. Data analytics is a solution for the problem of
accurate project duration estimation (Cho et al. 2013).
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This paper proposes a data analytics—based methodology that
leverages site-level data in predicting the remaining project dura-
tion during the construction phase. The proposed methodology fo-
cuses on the use of inspection requests as a data artefact from a
construction project in Beirut, Lebanon. Based on archived CPRs,
a machine learning (ML) model predicts whether a CPR filed by the
contractor will be rejected or accepted by the supervising engineer.
The model, equipped with robust data analysis, will help the con-
tractor plan for the lost time associated with the requests for which
rejection has been forecasted, and as such obtain an accurate project
duration estimation.

Literature Review

Data analytics is broadly defined as a process by which important
questions are framed and answered through the discovery, interpre-
tation, and communication of meaningful patterns in data. These
patterns in the data can simply be described as in descriptive ana-
Iytics, can be used for forecasting as in predictive analytics, and
ultimately to inform decision making as in prescriptive analytics.
In this work, the focus is on predictive analytics because the strat-
egy introduced predicts the acceptance/rejection of a CPR and then
predicts the impact of the outcome on the project schedule.

The implementation of data analytics methods such as simula-
tions, optimization, statistical analysis, and so on, gives the contrac-
tor the chance to produce more accurate schedules. For example,
Okmen and Oztas (2008) presented a simulation tool to evaluate
construction activity networks under uncertainty. The authors
speculated that the larger and more accurate the data introduced
into the simulation are, the greater the reduction in project schedule
risks is through better decision making. Focusing on decision mak-
ing to achieve project duration targets, Jun and El-Rayes (2009)
presented a multiobjective optimization model to simultaneously
optimize resource allocation and leveling. The proposed model
uses a genetic algorithm framework to minimize the project dura-
tion and maximize resource utilization efficiency. Konig et al.
(2012) integrated building information modeling and discrete event
simulation to automatically define valid interdependencies among
construction activities and as such create a robust estimation of the
construction project schedule.

Esmaeili and Matthew (2013) integrated safety risk data with
project schedules. The proposed framework can give contractors
an improved understanding of all high-risk construction activities,
thus avoiding future safety risks and their implied delays to proj-
ects. More recently, De Andrade et al. (2019) used documented
data from 125 construction projects to improve the accuracy of
project duration estimation through the application of a forecasting
framework. Similarly, Gondia et al. (2020) used two machine learn-
ing techniques to predict task overruns based on stated risk scores
across multiple areas on 51 construction projects. The strategy rec-
ommended in this paper also depends on machine learning as a
predictive analytics tool.

Machine Learning and Random Forest Algorithm

Machine learning refers to a set of algorithmic structures designed
to provide computer systems with the ability to learn and improve
their performance via the discovery of patterns in data. In this way,
ML techniques can perform decision-making tasks with minimal
human interference (Alpaydin 2009). At the broadest level, ML
methods are designated as supervised, unsupervised, or reinforce-
ment (Burkov 2019). Supervised machine learning algorithms are
designated as such because the user specifies the target for the al-
gorithm. Thus, the algorithm focuses on modeling the relationship
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between a set of input variables (predictors) and the specified tar-
get. Supervised learning is useful for problems including regression
and classification. In contrast, unsupervised learning algorithms are
not given a target variable, but are trained with unlabeled data and
use mathematical techniques to mine for rules and group instances,
thereby revealing hidden patterns. In this paper, supervised learning
techniques are invoked to predict CPR acceptance or rejection on
the basis of a set of predictor variables—both the target and pre-
dictor variables are fed to the model from past data.

Within supervised learning, methods include (1) classification,
(2) regression, (3) clustering, and (4) association (Witten et al.
2016). In general, both classification and regression analysis dis-
cover predictive patterns; however, classification predicts categori-
cal or nominal features whereas regression predicts real number
features. Cluster analysis is the process of segmenting a data set
into subsets or clusters so that the data points within a cluster
are like each other more than those in other clusters. Association
rule learning is a rule-based technique that reveals hidden relations
between variables in a large data set.

A major supervised algorithm falling within the classification
and regression category of learning algorithms is the random forest
(RF) algorithm. The RF algorithm is a flexible and easy to use en-
sembling ML algorithm that yields highly accurate results for clas-
sification problems. Ensembling is a supervised ML method that
merges multiple base models to produce a single optimal predictive
model (Zhang and Ma 2012). A RF algorithm creates multiple clas-
sification and regression trees (CARTSs), also known as decision
trees, and then combines their individual output to derive the
outcome.

Decision tree algorithms are defined as classification models,
which behave on the idea of information gain at all nodes
(Zhang and Ma 2012). In this procedure, all the variables (or fea-
tures) are considered and various split points are tested using a pre-
defined cost function. The split scoring the lowest cost is selected as
the best model. Decision trees are very simple, straightforward, and
easy to understand; however, they have relatively poor predictive
power and are considered weak learners (Appel et al. 2013).

Table 1. Machine learning applications in construction management

A RF represents a collection of decision trees, but it does not
select all the data points and features in every single tree. The al-
gorithm samples random data points and variables to shape multi-
ple decision trees and then assembles their predicted outcome much
like a committee voting—the outcome with the majority vote is put
forth as the predicted outcome. A RF was selected over other ML
algorithms because of its ability to reduce overfitting, overcome
bias issues and achieve good predictive poser. Also, a RF algorithm
helps the user identify the most important features in a data set af-
fecting the target variable through the application of robust feature
selection (Zhang and Ma 2012).

Machine Learning in Construction Scheduling

Statistical inference techniques have been widely used in the liter-
ature to understand the drivers for construction schedule duration
(Abu Hammad et al. 2010). ML applications have proven to out-
perform existing techniques, methods, and human decision making
on construction sites (Hammad et al. 2014). Table 1 presents differ-
ent studies that implement ML approaches in different construction
management areas.

Among the studies included in Table 1, several investigated ma-
chine learning applications to reduce the uncertainty associated
with task durations. At the macro level of project management,
Hammad et al. (2014) used the expectation maximization clustering
algorithm on data extracted from a real-world construction project
to improve current resource management practices and as such re-
duce project delays. Furthermore, Soibelman and Kim (2002) em-
ployed different machine learning algorithms (decision tree and
neural networks) to understand the major causes of delays in con-
struction activities. Similarly, Asadi et al. (2015) presented a ma-
chine learning classification approach to predict whether a certain
project will be delayed given a set of construction conditions
(weather, poor communication, and equipment unavailability,
among others) In a related vein, Lee et al. (2017) used the k-means
clustering technique under a larger framework to retrieve similar
projects and identify the schedule performance ratios associated

Machine Construction
References learning type Algorithm management area Application
Sakhakarmi et al. (2019) Classification Support vector machine Safety Scaffolding safety
Golparvar-Fard et al. (2013) Classification Support vector machine Control and monitoring Action recognition of
earthmoving equipment
Tixier et al. (2016) Classification Random forest Safety Construction injury prediction
Williams and Gong (2014) Classification Neural networks Cost Predicting construction cost overruns
Ryu et al. (2019) Classification Multilayer perceptron Control and monitoring Worker action recognition
Iyer et al. (2012) Classification Neural networks Inspection Detection of defects in concrete pipes
Mabhfouz et al. (2010) Classification Support vector machine Organization Document classification
Soibelman and Kim (2002) Classification Decision tree, neural networks Scheduling Schedule delays
Asadi et al. (2015) Classification Decision tree, Naive Bayes Scheduling Schedule delays
Gondia et al. (2020) Classification Decision tree, Naive Bayes Scheduling Schedule delays
Desai and Joshi (2010) Regression Decision trees Control and monitoring Labor productivity
Yip et al. (2014) Regression Neural networks Cost Maintenance cost of
construction equipment
Dursun and Stoy (2016) Regression Neural networks Cost Estimation of construction costs
Ma and Wu (2019) Regression Neural networks Scheduling control Risk analysis
Cheng et al. (2019) Regression Neural networks Scheduling Estimate schedule to completion
Al Qady and Kandil (2014) Clustering Single pass Organization Document classification
Brilakis et al. (2005) Clustering k-means Control and monitoring Material recognition
Hammad et al. (2014) Clustering Expectation maximization Scheduling Optimal labor allocation
Lee et al. (2017) Clustering k-means Scheduling control Risk analysis
Wang et al. (2018) Association Equivalence class transformation Safety Workplace hazard identification
Cheng et al. (2015) Association A priori Inspection Defect analysis
© ASCE 04020104-3 J. Manage. Eng.
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with their case studies. More recently, Gondia et al (2020) used a
set of project risk scores to predict the extent of overruns on a set of
construction projects.

Turning to uses of machine learning for schedule updates in ex-
ecution, Cheng et al. (2019) proposed a recurrent neural network
based model to forecast reliable scheduling estimates for the project
completion date at any time during construction. In another study,
Ma and Wu (2019) evaluated construction-scheduling control by
applying artificial neural network techniques. In both of these stud-
ies, however, the predictors fed into the neural network structure
included project features (such as size and budget) as well as ex-
ternal factors (such as weather and labor market), none of which are
controlled by the project manager. Thus, although these models
provide insight, they cannot support decision making onsite.

In summary, most of the studies using machine learning ap-
proaches in construction scheduling predict the overall duration
of the project schedule based on historical data from previous proj-
ects. The primary predictors are macroscopic-level project features
or external factors beyond the control of the project manager. Ac-
tivities onsite are generally overlooked despite playing a major role
in determining the overall project duration. In this study, the focus
is on field data generated on a continuous basis during the project’s
execution in order to predict and subsequently account for the un-
certainty associated with quality assurance/quality control (QA/QC)
activities (e.g., CPR inspection).

This paper offers a unique contribution because it presents a novel
approach for contractors to leverage field data (e.g., acceptance/
rejection decisions of submittals) to estimate the delays associated
with the inherent uncertainty in the inspection decision outcome.
A classification random forest algorithm is used to predict the out-
come of an inspection request filed by the contractor. The algorithm
is tested on data collected from an ongoing construction project. Stat-
istical analysis is then applied to the data in order to fit probabilistic
delay distributions to determine the extent of delay whenever the
RF-algorithm-generated model predicts a rejected request. Finally, the
obtained delay distributions are merged into the schedule to acquire
an accurate updated schedule for the remaining part of the project.

Methodology

The methodology depicted in Fig. 1 includes four steps: (1) collect
data regarding CPRs for an ongoing construction project, (2) imple-
ment a random forest algorithm on the collected data to develop a
model to predict whether a CPR filed by the contractor will be re-
jected or accepted by the supervising engineer, (3) perform statis-
tical analysis on the collected data to determine the time related
impact of a rejected CPR, and finally (4) conduct a schedule sim-
ulation to accurately estimate the timeframe for the remaining por-
tion of the project.

Machine Learning
[
Application
Data Collection
e g Statistical Analysis

Fig. 1. Overall proposed methodology.

Accurate Estimation
of Project Duration

© ASCE

04020104-4

Data Collection

To illustrate the proposed methodology, CPR data were collected
from an ongoing mixed-use multitower construction project in
Beirut, Lebanon (Blocks A—F). The construction project follows
a standard organization scheme with a main contractor, subcontrac-
tors, a contract administrating firm referred to as the engineer, and
an owner representative. To keep track of the work progression, the
contractor submits daily site reports to the engineer; these submit-
tals include the CPRs.

The collected requests span over a duration of approximately
1.5 years and were acquired in Portable Document Format (PDF)
files. The data set had more than 1,000 records, each of which
includes the following information:

+ Volume: volume of concrete to be poured (m?).

* Duration: the pouring process expected duration (hours).

e Structure: the structural element to be cast [column, core wall,
shear wall, slab, nonstructural wall (NSW), stairs, and others].

* Block: location of the pouring activity.

* Compressive strength of the concrete: 40 or 55 MPa.

e Date on which the contractor files a CPR to the engineer

(request date).

* Proposed date by the contractor to start concrete pouring.
* Date of the engineer’s response to the CPR.
» Engineer’s response (accepted or rejected).

The data from the CPR were manually entered into a Microsoft
Excel sheet, with the number of rows equal to the number of in-
stances (1,001 rows), and a column for each of the aforementioned
variables (nine columns). The overall number of CPRs recorded
for the project was 2,148, but at the time the data were obtained
(i.e. midway the project), the number of completed CPRs was
1,001. Additionally, columns were added to capture the time be-
tween two variables: (1) the proposed date of pouring and the re-
quest date (P-R duration), and (2) the checking date by the engineer
and the proposed date of pouring (C-P duration).

Machine Learning Application

Fig. 2 presents a summary of the ML modeling framework adopted
for this study. The framework consists of four major steps: (1) data
cleaning, (2) feature selection, (3) data augmentation, and (4) algo-
rithm tuning. The original data set includes 11 columns (categorical
and continuous) and a binary target variable describing the outcome
of a submitted CPR (rejected/accepted).

The first step is to collect, process, and clean the field data by
removing outliers and missing data instances. Feature selection fol-
lows, with the aim of identifying the variables with the most promi-
nent effect on the outcome of a submitted CPR. Then, the cleaned
data set is divided into a training set and a testing set. Should the
training data set be unbalanced, which is the case in this study, data
augmentation is used to produce a balanced training data set. The
resulting data set, along with the testing data set, are then used to
tune a RF classification algorithm to reach the optimal classifier.

Data Cleaning
ML algorithms are typically very sensitive to the distribution of
data points in the input data set. Outliers in the training and test
data sets can result in less robust and less accurate ML algorithms.
This can mislead or skew the results of the training procedure. In
general, an outlier is defined as an observation that lies at an irregu-
lar distance from other points in a random sample from a popula-
tion (Witten et al. 2016).

Outliers can be detected through graphical means such as box-
plots or scatterplots. For continuous variables, outliers are the
points that lie outside the 1.5 x IQR margin, where IQR is defined
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Initial Data Set
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Removing Outliers

Remaving Missing
Instances
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Feature Selection
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Training Set

Optimizing for Optimizing for
ntree mtry

Optimal
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Fig. 2. Machine learning modeling framework.
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Fig. 3. Boxplot of the volume feature.

as the interquartile range, which is the difference between the 25th
and 75th quartiles. The boxplot for the volume category is shown in
Fig. 3, where the outliers are circled for emphasis.

Fig. 3 shows several outliers for the considered case study; how-
ever, due to the relatively small size of the data, values may be out-
lying not because these values are wrong but rather because the rest
of the data points are compacted.
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An exploratory data analysis was conducted revealing that 88%
of the volume values were less than 50 m?, which explains the low
values of the mean, 25th, and 75th quartiles. As for the remaining
12% of the data with volume values larger than 50 m?, the analysis
showed that 93% of these values were associated with slabs. Slabs
are major structural elements that cannot be overlooked and as such
were not removed from the analysis even though they were con-
sidered as outliers based on the boxplot. The extreme circled points
shown in the plot were removed because they are the only four
instances representing a foundation and no conclusion can be
drawn from four instances alone.

In addition, 64 data points were removed from the data set be-
cause of major missing entries. The final count of instances is equal
to 933. Thus, the final data set was composed of 72 rejected CPRs
and 861 accepted CPRs.

Feature Selection

The second step of the analytics process is the identification and
selection of features that are most significant in terms of their in-
fluence on the acceptance/rejection of CPRs. The process of feature
selection is vital for supervised ML problems. It is the process by
which a data analyst directs ML systems toward a determined tar-
get. Feature selection can dramatically reduce costs and data vol-
ume (curse of dimensionality) by eliminating the least relevant
features in a data set. Furthermore, building a model based on
the most precise feature set can help reduce the problem of over-
fitting (Domingos 2012).

A common technique for feature selection presented by the caret
R version 3.5.1 package is called recursive feature elimination
(Kuhn 2008). A recursive feature elimination algorithm serves
to evaluate the model and to explore the available feature subsets.
The pool of features submitted to the recursive feature elimination
algorithm includes volume, duration, structure, block, proposed
pouring time, concrete compressive strength, the difference be-
tween the contractor’s proposed date for pouring and the request
submission date, and finally the difference between the engineer’s
response date and the contractor’s proposed date for pouring. The
feature selection process revealed that the most relevant features are
the difference between the engineer’s response date and the con-
tractor’s proposed date for pouring (C-P duration), volume of con-
crete to be poured, type of the structure to be poured, block or
location of pouring, and concrete compressive strength.

The volume, type, location, and compressive strength of the
concrete to be poured make sense as predictors because a larger
volume will require a greater area to be inspected, thereby raising
the likelihood of defects. The type will influence the underlying
structures that must be inspected and thus alter the likelihood of
defects. The location will influence the ease of access and under-
lying flaws as a result of differential site conditions. Finally, the
compressive strength will impact the complexity of the pour, thus
influencing the inspection process of the site elements in the loca-
tion of the pour.

At first glance, the inclusion of the C-P duration may be surpris-
ing. However, this item is at the heart of how important it is to
capture microlevel processes in schedule forecasting. On many
sites, it is the practice of the site manager to request an inspection
prior to the completion of the work with the anticipation that by the
time the inspection comes, the preceding work will be complete.
The effect of this practice is captured in this variable whereby in-
spections that occur longer in advance of the requested pour date
tend to meet rejection. Thus, this variable reflects situations where
the site manager has requested an inspection expecting that it will
occur closer to the requested pour date, but is then caught unprepared
when the inspection occurs earlier than anticipated. This variable
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Fig. 4. One-hot encoding example.

also represents a point of control for the site manager when filing the
request.

Therefore, the ML classification algorithm was built based on
these five features. The first two features are continuous variables,
whereas the last three features are categorical and require process-
ing before developing the model. The Type of Structure variable
has seven categories (NSW, core wall, shear wall, stairs, slab, col-
umn, and others), and the block feature contains four categories
(Block A, Block C, Block F, and other blocks). The category Others
was introduced into these variables because of the unequal distri-
bution of the data. Blocks B, D, and E did not include enough in-
stances to form a general hypothesis about them; therefore, these
categories were merged into a combined category termed Others.

In general, ML models do not deal directly with categorical
data. It is thus necessary to convert the categorical variables into
numerical data types. One-hot encoding is considered the standard
approach to complete this task and it works well especially if the
categorical values are not that many. The one-hot encoding method
generates new binary columns, signifying the presence of each pos-
sible value from the original data values (Bruce and Bruce 2017).
By implementing this method, the number of features increased
from 5 to 14 (two continuous variables, seven variables to represent
the structural elements, four variables to represent the pouring lo-
cation, and a single binary variable to represent the compressive
strength of concrete). Fig. 4 illustrates an example of the one-
hot encoding applied over the categorical variable Block.

The authors do not claim a causal relationship between the pro-
posed feature space and the acceptance/rejection of a CPR. How-
ever, because CPRs represent a tangible data artefact from the
project, they represent an important source of project information.
The proposed ML framework seeks to learn the hidden target func-
tion governing the relation between the stated CPR input and the
output (rejection/acceptance).

Data Augmentation
The RF algorithm is used to predict whether an inspection request
filed by the contractor will be accepted or rejected by the engineer.
The target variable is the final response of the engineer indicating
whether a given CPR will be accepted or rejected. The data set was
split randomly into a training set (75%) and a testing set (25%).
Upon examination, the training set was unbalanced. Unbalanced
data refers to a problem with classification ML models, where the
values of the target variable are not represented equally. For exam-
ple, a two-class (A and B) binary classification with 100 data points
may be susceptible to the problem of unbalanced data if a total of
85 points are labeled A and the remaining points are labeled B. As a
result, a model built on this training set will always favor the larger
class, neglect the minority, and achieve an 85% accuracy rate.
The training set included 646 (92%) accepted instances and
54 (8%) rejected instances. After training the model using RF and
testing it over the test set, the results emerging from the model re-
vealed a high accuracy of 93.3%, a perfect precision of 100% but a
very low recall of 11.1%. Table 2 presents the confusion matrix
corresponding to the trained classifier. A confusion matrix is used
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Instance | Block Instance | Block A | Block C | Block F | Others Table 2. Initial confusion matrix
1 Block A .
= L L 2 2 2 Actually rejected Actually accepted
2 Block F 2 0 0 1 0
3 Block C : 3 0 1 0 0 Predicted as rejected TP =2 FP =0
4 Block A a 1 0 0 0 Predicted as accepted FN = 16 TN = 215
5 Others 5 0 0 0 1

to describe the performance of a classification algorithm on a data
set for which the true values are known. True positives (TP) and
true negatives (TN) are observations correctly predicted, whereas
false negatives (FN) and false positives (FP) are observations pre-
dicted incorrectly. Naturally, a robust classifier minimizes the FN
and FP but maximizes the TP and TN.

Accuracy is defined as the number of all correct predictions (TP
and TN) divided by the total number of observations in the data set.
It is not a reliable measure for the actual performance of an algo-
rithm because it is misleading when the data set is unbalanced and
the model predicts the dominant class ignoring the minority, result-
ing in a paradoxical high accuracy. On the other hand, the precision
and recall metrics are very useful measures of the success of clas-
sification algorithms when dealing with unbalanced classes. Preci-
sion is defined as the fraction of correct positive predictions (TP) to
the total positive predicted observations (TP and FP). Recall is cal-
culated as the ratio of correct positive predictions (TP) over the TP
and FN observations (Yang and Liu 1999).

To overcome the problem of unbalanced classes, an oversam-
pling technique was applied to generate new synthetic samples
in the minority classes. Several systematic algorithms can be used
to create these synthetic data points. One of the most common algo-
rithms is the synthetic minority oversampling technique (SMOTE)
algorithm. The SMOTE algorithm generates pseudoinstances in the
neighborhoods of the minority group. It takes each data point in the
minority class and finds its corresponding k-nearest minority sam-
ples. Then, the algorithm randomly selects i of these nearest neigh-
bors and creates synthetic data points over the lines connecting the
minority instance and its i neighbors (Chawla et al. 2002).

In general, the SMOTE algorithm’s synthetic data points are a
linear combination of two existing instances from the minority
class (X and Y) (Chawla et al. 2002). Mathematically, a synthetic
sample (Z) is represented as follows:

Z=X+ux(Y-X) (1)

where u = real number between 0 and 1; X is selected randomly;
and Y is chosen randomly from the k& — nearest neighbors minority
instances of X.

After applying the SMOTE algorithm over the training set, a
balanced data set was created. The augmented training set con-
tained 50% accepted data points, 45% synthetic rejected instances,
and 5% real rejected samples.

Algorithm Tuning
In the field of ML, hyperparameter tuning is the process of select-
ing the optimal hyperparameters for a given learning algorithm that
maximizes its performance, where performance is defined as the
success of the resulting model in predicting the correct results
(Bergstra and Bengio 2012). A hyperparameter is a factor charac-
terizing an algorithm and whose value is defined before the learning
process starts. There are several hyperparameters corresponding to
the RF learning algorithm, but in this study only two are taken into
consideration because they have the largest effect on the results
(Brownlee 2016):
» ntree: the number of decision trees to grow within the RF algo-
rithm. The higher the number of trees, the more computationally
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Table 3. Baseline confusion matrix

Table 5. Comparative results between the optimal and baseline classifiers

Actually rejected Actually accepted

FP =20
TN = 195

Predicted as rejected TP =5
Predicted as accepted FN =13

expensive it is to build the RF classifier. The default value of

ntree in the RF implementation within R is 500.

e mtry: the number of variables randomly selected at a node split
in a certain decision tree. The default value of mtry in R is the
square root of the total number of features under study. In this
case, mtry = V14~ = 4,

When tuning a learning algorithm, it is vital to build a baseline
for comparison and evaluation by using the default values for each
parameter. Table 3 presents the baseline confusion matrix after
building the RF model over the augmented training data set with
the default parameters’ values.

The following results suggest that the RF classifier was able to
overcome the problem of class unbalance after the synthetic crea-
tion of instances in the minority class:

Baseli TP + TN
seline accuracy =
a WY = TP T TN 1 FN + FP
54195
= 100 = 85.8% 2
51134195 +20 o ()
TP 5
Baseli ision = ——— = ——x 100 = 25.0% 3
aseline precision TP+FP 5120 X o (3)
. TP 5
Baseline recall = TPrFN 5713 % 100 =27.8% (4)

To determine the optimal values of the hyperparameters, a grid
search technique was implemented. Grid search or parameter sweep
is a common methodology to shape and evaluate a classifier for
every combination of algorithm parameter indicated in a manually
predefined grid (Bergstra and Bengio 2012).

The grid search analysis yields the values of accuracy, recall and
precision for every combination of ntree and mtry. The ntree grid
contains values between 1 and 500 inclusive, whereas the mtry grid
contains values between 4 and 14 inclusive. The optimal combina-
tion proposed by the grid search was to train the RF classifier in-
cluding 11 trees and 14 features. The accuracy was around 91%, the
recall value was equal to 61%, and the precision was approximately
44%. Table 4 presents the confusion matrix of this classifier.

The optimal classifier showed a drastic improvement in perfor-
mance compared with the baseline classifier. The accuracy in-
creased by 5.2%, the precision metric improved by 19.0%, and the
recall witnessed the highest enhancement by 33.3%. Some classi-
fiers witnessed higher accuracies whereas others had higher preci-
sion; however, the model with highest recall was chosen for two
main reasons:

* Recall is defined as the ability of a trained learning algorithm to
detect all relevant cases within a given data set. In this context,
rejections are the most relevant cases. Contractors onsite are in-
terested in predicting rejected CPRs, which would help them

Table 4. Optimal classifier’s confusion matrix

Actually rejected

Predicted as rejected TP =11
Predicted as accepted FN =7

Actually accepted

FP =14
TN = 201
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Accuracy Precision Recall F| score

ntree mtry (%) (%) (%) (%)
Baseline classifier 500 4 85.8 25 27.8 26.3
Optimal classifier 11 14 91.1 44 61.1 51

work proactively to prevent the likelihood of rejection or accom-
modate it in the schedule. Thus, the higher the recall value, the
better the model is from the contractor’s point of view.

e The F; score is another metric used by data analysts to capture
the trade-off between precision and recall when training a learn-
ing algorithm (Yang and Liu 1999). The F, score is the har-
monic mean of precision and recall. The following equation
presents the mathematical computation of the F; score:

2 x (Precision x Recall)
1 =

(5)

Precision + Recall

The F| score combines both metrics into one measure and gives
equal weight to both precision and recall. To create a balanced clas-
sifier, a data analyst should aim to maximize the F; score of the
built model. In the considered case study, the trained RF classifier
reached a maximum F; score of 0.51 when ntree and mtry were
equal to 11 and 14, respectively. An mitry value of 14 may seem
high; however, in light of the fact that a feature selection algorithm
was previously applied, it is expected that all variables will have
consistently significant predictive power.

To summarize, Table 5 presents the overall comparative results
between the optimal and the baseline classifiers in terms of ntree,
mtry, accuracy, precision, recall, and F score.

Statistical Analysis

In parallel to building the prediction model via machine learning, a
statistical analysis was conducted on the collected field data to de-
termine the timeline associated with CPRs on this site. Whenever a
CPR is submitted, the time spent is equal to the time elapsed be-
tween the submission of the request and the engineer’s check date.
More specifically, this includes two time spans: the duration be-
tween the contractor’s pouring request submission date and the pro-
posed date for pouring (P-R duration), and the duration between the
proposed date for pouring and the engineer’s check (C-P duration).

Figs. 5(a—f) present the probability distribution for both P-R and
C-P durations for slab, column, and NSW CPR submittals in one of
the blocks of the considered case study. These probability distribu-
tions change with different block locations. The durations of P-R
and C-P for the remainder of the project follow the built probabi-
listic distributions.

If a CPR is rejected, the process of submitting the CPR is re-
peated as in Fig. 6. However, the timing of the request, inspection
and pour events are altered.

In a typical scheduling scenario, contractors build a buffer to
account for the chance of delay due to rejection of submittals. They
typically allocate a deterministic buffer time span based on personal
experience (Park and Pefia-Mora 2004). The methodology pro-
posed in this paper attempts to investigate these delays based on
data acquired during construction and replaces the traditional deter-
ministic buffers with probabilistic distributions. In total, there were
72 rejected CPRs, but only 30 revised requests (resubmitted after
rejection) were used to obtain the probability distributions (the re-
maining 42 were missing in the data set). Given that the revised
data points are few (only 30), the probability distributions built
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in Fig. 7 were not categorized by the type of structure or the lo-
cation of concrete pouring. Based on these data, the chance of get-
ting another rejection after submitting a revised CPR is only 3%;
thus, the simulation assumes that all revised CPRs are directly
accepted.

Method Validation

The last step of the proposed methodology is to validate its use by
applying the results of the built RF model and probability distribu-
tions to forecast the duration of a segment of work on the case-
study site. The proposed methodology is illustrated in this section
for the case of an electrical room located in Block A of the con-
sidered case study. The room, which is used for storing electrical
supplies, has a footprint area of 10 x 10 m and a ceiling height of
3 m. The room contains two columns with radii equal to 0.2 m each.
The slab thickness for the floor and the ceiling of the room is equal
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Fig. 8. Construction schedule using CPM.

to 0.1 m. Two schedules were built for the construction of the elec-
trical room: one using the traditional CPM method and one using
the proposed methodology.

CPM Schedule with Built-In Deterministic Buffer

Fig. 8 shows the construction schedule using CPM. Table 6
presents each activity’s task ID along with its allocated duration.

it is that the request would be rejected. In practice, the manager
could then alter the timing of the request to influence the likelihood
of acceptance. In this simulation, it was assumed that the manager
does not intervene and the project proceeds as modeled incurring
the inspection related delays, if any. Furthermore, by running the

Table 6. Activity task ID and duration

The reported values came from the site engineers. Task ID Activity Duration (days)
As indicated in Table 6, c'oncrete pouring will be performed on Al Bottom slab steel >
top and bottom slabs, two circular columns, and four NSWs. For A2 Electrical and mechanical 2
each concrete pouring activity, the contractor files a CPR for the A3 Bottom slab formwork 1
engineer’s approval. As illustrated in the table, the contractor as- Ad Order concrete for bottom slab 2
signs a duration of 2 days for the approval of slab related CPRs, A5 Approve CPR-bottom slab 2
and 1 day for the NSW- and-column related CPRs. These durations A6 Pour concrete-bottom slab 0.5
are considered static buffers added by the contractor to accommo- AT Round columnl steel 2
date for unexpected rejections of these CPRs. The buffer added by A8 Round columnl formwork 1
the contractor varies with the type of structure: a slab is given 2 A9 Order concrete for columnl 2
buffer days because it has more design specifications, but a column A0 Approve CPR-columnl !
.. . . All Pour concrete-columnl 0.1
or a NSW is given only 1 buffer day. Thus, if a slab related CPR is Al2 Round column? steel 2
rejected, more time is required to resolve the problem and file a new Al3 Round column? formwork 1
request than if a column- or NSW-related CPR is rejected. By ap- Ald Order concrete for column? 2
plying the CPM, the project duration was estimated to be 34.3 days. AlS Approve CPR-column2 1
Al6 Pour concrete-column2 0.1
Al7 NSWI1 block work 3
Schedule Using Proposed ML-Based Probabilistic AlS NSW1 embedded installation 2
Method A19 Order concrete for NSW1 2
The proposed method was adopted to derive a schedule for the A20 Approve CPR-NSW1 !
. . A21 Pour concrete-NSW 1 0.1
scope of the same electrical room using the RF model and prob- A2 NSW2 block work 3
ability distributions and fit in the “Methodology” section. A23 NSW2 embedded installation 2
To apply the proposed method, two adjustments to the activity A24 Order concrete for NSW2 2
task listing were necessary: A25 Approve CPR-NSW2 1
* As opposed to having a single node for CPR approval, two no- A26 Pour concrete-NSW2 0.2
des are placed instead: the first one is the P-R duration, and the A27 NSW3 block work 3
second one is the C-P duration, as shown in Fig. 9. For example, A28 NSW3 embedded installation 2
consider Activity A5 in the initial schedule (Fig. 8). In the re- A29 Order concrete for NSW3 2
vised schedule, A5 is divided into activities A5’ and A5” (Fig. 9). A30 Approve CPR-NSW3 1
Activity A5’ corresponds to the P-R duration, whereas Activity 22; ngvszn;{ete'NSW3 0.1
” . ock work 3
AS" represents the C-P duration. _ A33 NSW4 embedded installation 2
* Asshown in Fig. 8, if a CPR is rejected, the process of submit- A34 Order concrete NSW4 2
ting a new CPR is required; this is indicated by the backflowing A35 Approve CPR NSW 1
arrows labeled Rejection. A36 Pour concrete NSW4 0.2
A Monte Carlo simulation was conducted on the built schedule. A37 Top slab steel 2
A simulation was selected to apply the RF model and duration es- A38 Electrical and mechanical 2
timates because applying the model in practice was not possible. A39 Top slab formwork 2
However, if one were to use the proposed strategy onsite, the RF A40 Order concrete for top slab 2
model would be applied at each moment of request submission—in Adl Approve CPR top slab 2
this way the site manager filing the request would know how likely Ad2 Pour concrete top slab 05
© ASCE 04020104-9 J. Manage. Eng.
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Fig. 9. Construction schedule using the proposed methodology.

Table 7. Prediction made by the ML algorithm based on input data

Input Output
Compressive Duration between proposed
Block Structure Volume (m?) strength (MPa) pouring date and engineer’s check (days) Rejected/accepted
A Slab 10 55 0 Accepted
A Slab 10 55 1 Accepted
A Slab 10 55 2 Accepted
A Slab 10 55 3 Rejected
A Slab 10 55 4 Rejected
A Column 1 55 0 Accepted
A Column 1 55 1 Accepted
A Column 1 55 2 Accepted
A Column 1 55 3 Rejected
A Column 1 55 4 Rejected
A NSW 1 40 0 Rejected
A NSW 1 40 1 Accepted
A NSW 1 40 2 Accepted
A NSW 1 40 3 Accepted
A NSW 1 40 4 Accepted
A NSW 2 40 0 Accepted
A NSW 2 40 1 Accepted
A NSW 2 40 2 Accepted
A NSW 2 40 3 Accepted
A NSW 2 40 4 Accepted

simulation with no assumed intervention, the results of the CPM

and the proposed method can be more fairly compared.

The schedule starts with Activity Al until it reaches Activity
AS5’, which is the CPR for a slab, at which point the simulation
determines the duration based on Fig. 7(a) (P-R). Then, the simu-
lation proceeds to Activity A5”, where it similarly determines the
duration based on Fig. 7(b) (C-P). At that point, the ML algorithm
predicts whether the CPR is accepted based on Table 7, which
presents the prediction made by the RF algorithm based on the in-
put data. For example, for the slab pouring requests in Block A
(10 m? in volume and 55 MPa compressive strength), when the
duration between the proposed pouring date and the engineer’s
check is between 0 and 2 days, the request is accepted. However,
when this duration exceeds 2 days, the request is rejected.

Once the acceptance/rejection prediction is made as per Table 7,
two possible scenarios arise:

* The request is rejected, leading to a resubmission of the CPR.
The simulation goes back to Activity A5, and then the whole
process is repeated based on new probability distributions of P-
R and C-P, as shown in Fig. 7.

* The request is accepted, and the simulation proceeds with the
proposed schedule.

After obtaining acceptance of a CPR, the simulation proceeds in
a similar manner for all CPRs in the schedule until it reaches the last
activity. Finally, the overall project duration is computed for a sin-
gle simulation.
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The Monte Carlo simulation was conducted 5,000 times, and a
lognormal distribution was fitted as shown in Fig. 10. The Monte
Carlo simulation resulted in an average project duration of
37.2 days with a standard deviation of 3.2 days. This duration is
approximately 10% higher than the duration obtained using the
CPM-based schedule with a deterministic buffer. This result indi-
cates that the deterministic buffer was optimistic or insufficient to
account for the uncertainty inherent in the outcome of CPR inspec-
tions. This is not a surprising result. Most construction projects end
up overrunning their target or baseline schedules, even when float
is built into the baseline schedule. Based on this finding, the meth-
odology outlined here shows significant promise for the use of ML
techniques on construction sites. Specifically, by relating microle-
vel site data to schedule effects, the project manager can gain con-
trol over the schedule by (1) consciously selecting the concrete
pour date—and understanding the impact of that selection when
filing requests, and (2) keep all parties informed about potential
schedule overruns during execution.

Conclusions

One of the most important implications of this study is the signifi-
cance of machine learning to synthesize unique site features
and procedures through their data artefacts into a forecast of in-
spection request outcomes and their impact on project schedule.
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Fig. 10. Lognormal distribution for the Monte Carlo simulation 25.

Specifically, this paper illustrates how a RF learning algorithm can
be employed to produce a method for forecasting CPR decisions
and enhance the accuracy in determining project durations.

The proposed methodology was applied on a real-world case
study. The applied RF algorithm presented a 91% accuracy in pre-
dicting the CPR decisions, along with a recall and precision of 61%
and 44%, respectively. The project schedule obtained using the pro-
posed methodology is probabilistic and has an average duration of
37.2 days as opposed to 34.3 days obtained from a deterministic
CPM schedule.

Managerial Implications

With regards to this particular application of machine learning to
microlevel site data, two managerial implications emerge. The first
implication is that by collecting and modeling the relationship
among the time of request filing, the time of inspection, the requested
pour date, and the success of the request, the project manager can
gain insight into how site practices of gaming the inspection process
influence rejection rates and the project schedule. This insight is
sorely needed as mentioned by Pestana et al (2014), who stated that
“that durations used to manage the submittal process are unreliable
and often do not match what is indicated in schedules and contractual
requirements.”

To elaborate on this site phenomenon, Table 8 indicates that the
contractor may decide to submit a CPR upon the completion of
work (e.g., after finishing the steel reinforcement diameter/spacing
and coating), thereby reducing the chances that the CPR will be
rejected by the supervising engineer. However, this outcome comes
at the expense of schedule performance—there will be at least 1 day
between the filing of the request and the execution of the inspec-
tion. To speed up the process, contractors often decide to submit
their CPRs several days prior to the completion of field work with

the aim of having the remaining work completed by the time the
supervising engineer visits the site. The trade-off in this case is an
increase in the chance of rejection, resulting in delays due to rework
and submittal of a revised CPR with corrective work. Researchers
have observed that the late approval and rejection of submittals is a
major factor of delay (Ren et al. 2008; Ko and Li 2014). By pre-
dicting the acceptance/rejection of submittals and associating any
rejection with the appropriate schedule delay, the proposed ML
model can be used by site engineers and managers to inform their
decisions on whether, and when, to submit their CPRs with respect
to the expected time of work completion.

However, the proposed ML model is built on past site data and
thus will inherently include the past behavior of contractors relative
to request filing. For this reason, it is important to refresh the model
throughout the project because the use of the model will invariably
impact request filing behavior. This, in turn, points to the second
managerial implication of this work. The contractor’s project man-
ager, with the help of project control personnel, can use the pro-
posed ML model to update the project’s schedule in real-time.

With the submission of every new submittal at any stage in con-
struction, the model can be retrained, and predictions for future
submissions are updated along with the projected delays. Delays
and discrepancies between actual and planned project schedules are
among the most prevalent problems on construction sites (Bagaya
and Song 2016). Although the proposed methodology does not
cover all the problems that can affect the project schedule, it sets
aroadmap for construction professionals to invest in data generated
from their construction projects and employ it to improve the pre-
diction of construction delays.

Limitations and Future Research

The proposed methodology was validated theoretically; therefore,
the generalizability of the findings to other construction sites
should be validated through use in the field. In addition, ML mod-
els should never be used in isolation of experts’ judgment; the RF
model did not present perfect accuracy, precision, and recall, mean-
ing that some CPR decisions may be predicted wrongly. Another
limitation of this research work is that the data-entry process (con-
version to Excel from PDF files) was manual. In order to fully lev-
erage construction site data streams, the use of automation with
optical character recognition or the use of tablets onsite is highly
recommended.

This research work could also be expanded to cover the causes
behind the rejection of inspection requests on a construction
project. When rejecting a request, the engineer writes down the
cause behind the decision and delivers it to the contractor to fix
the problem when submitting the revised CPR. If enough instances
are collected, a statistical hypothesis could be built regarding the
major causes of rejections and their probability of occurrence. The
contractor can use this analysis proactively to reduce the likelihood
of rejection by making sure that the major causes of rejections are
dealt with before the engineer’s check date.

The method of mining site data and building predictive models
for microlevel site processes can also be generalized to other critical

Table 8. Outcomes and schedule impacts associated with inspection request submittals

Time of inspection request submittal Potential outcomes

Impact on schedule

At the completion of work Rejection (low probability)
Acceptance (high probability)
Rejection (high probability)

Acceptance (low probability)

Prior to the completion of work

Major delay due to rework

Delay due to time lost between the filing of request and arrival of inspector

Delay due to rework or need to complete work
No delay

© ASCE
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areas of project management. For example, by leveraging site data
on material deliveries and equipment reliability, estimates of project
schedule duration could be further enhanced. Similarly, the same
methodology proposed in this paper could be applied to predict
budget overruns based on field data. Forecasts of risk could be
made on the basis of data collected from wearable devices.
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Some data, models, or code generated or used during the study are
available from the corresponding author by request. These include
the aggregate level anonymized summaries of the CPR data set
along with the R code used in machine learning.
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