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Abstract—- The construction industry in North
America is a dynamic and rapidly evolving sector
characterized by its fast-paced operations and
constantly shifting demands. Despite its significance,
the industry has been slow to adopt emerging
technologies compared to other fields. This lag
extends to the integration of artificial intelligence (Al),
where vast opportunities for innovation remain
underutilized. While large, well-funded firms have
begun leveraging Al to develop proprietary
applications capable of analyzing historical data to
predict patterns and trends, smaller firms often
encounter significant barriers, including limited
resources and technical expertise, which hinder their
ability to adopt such advanced tools.

This study introduces a robust, user-friendly
platform that integrates commonly employed
machine learning algorithms. The platform

empowers smaller firms by enabling them to train,
validate, and test their data effectively without
requiring extensive technical expertise. Beyond
addressing the immediate needs of the construction
sector, the platform is intentionally designed for
versatility and adaptability, making it applicable
across various industries. It supports tasks such as
pattern recognition and data visualization, providing
a reliable solution for non-experts to evaluate and
select the most suitable models for their unique
datasets and variables.
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1 Introduction

The construction industry in North America has become
a dynamic and rapidly growing sector, with its profits
soaring to an impressive $1.8 trillion in 2023 [1] and
contributing to 4.4% of the GDP in the United States in
2023 [1]. This remarkable growth highlights the
industry’s critical role in driving regional economic
development and infrastructure advancements. However,
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in an environment of increasing competition and
evolving market demands, every organization within the
industry must strive to carve out a distinctive edge that
sets it apart from its closest competitors. This
differentiation often hinges on how companies embrace
and integrate innovative technologies into their
operations. Technology adoption has emerged as a key
factor in determining which firms can stay ahead of the
curve, enhancing overall performance [2]. In an industry
where traditional methods and opinions can still hold
considerable sway in many areas, the construction
industry has often fallen behind in this area [3], and today,
the ability to leverage cutting-edge tools and systems can
be the most defining characteristic of successful
organizations.

Alongside automation, robotics, and drone technology, to
name a few, artificial intelligence or ‘AI” algorithms has
become a quickly growing technology across all
industries. Adopting it within the construction industry
can help improve efficiency, safety, and overall project
outcomes by streamlining project planning, resource
management, and real-time decision-making. Currently,
available Al tools can improve performance, make firms
more competitive, and thus give them an ‘edge’ [4]. As
more and more US construction companies invest in in-
house Al algorithms for their historical data to predict
project timelines and future issues, this paper aims to
streamline the process by creating a platform with
different ML algorithms. As it can be challenging to
determine which algorithm works best for different types
of data, the ‘Modelling and Prediction Platform ( ‘MAP’
platform) application can help determine the best-fit
model for the data. Users can run their data through MAP
and easily choose among six different machine learning
algorithms (a simple neural network, multi-layer
perceptron, support vector machine with five different
kernel options, random forest, ridge regression, and lasso
regression) to determine which model — with the least
amount of error — best fits the data and predicts a pattern
between the variables. Certain algorithms have additional
parameters that can be used to customize the users’
choices. This application can be used for datasets beyond
the construction industry, as its visualization, modeling,
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and predictive techniques are not limited to construction
datasets or project management.

2 Al and Construction

Although challenging, multiple attempts have been
made to define Al and its function. “A being concerned
with methods of achieving goals in situations in which the
information available has a certain complex character”
was used by McCarthy in a 1988 textbook as an attempt
to define artificial intelligence. Since then, its definition
has constantly evolved, and its functions have surpassed
expectations. Although it can still be termed a
comparatively modern form of technology [5], the
number of companies using Al technologies has
increased by 270% between 2014 and 2018, almost a
three-fold increase [6]. This begs the obvious question
today: if everyone is using it, how does it lend a
competitive edge? Mikalef and others, in their 2021 study,
argue that in-house tools, i.e., Al capabilities developed
by firms themselves, can enhance performance and give
companies an edge [4]. Such engineered solutions can
allow project managers to track project progress, resolve
conflicts and issues, and make informed decisions from
any location. A good example of such ‘in-house’ tools is
using historical data for predictions. Some of the
heavyweight construction firms in the country, such as
Turner Construction, Suffolk Construction, DPR
Construction, and AECOM, among others, routinely
train Al algorithms nowadays on their proprietary
company data from previous decades to predict future
scheduling timelines, delay causes, project performance,
etc. The idea is that such algorithms can quickly be
trained to analyze historical data to detect current issues
and predict potential issues in construction projects.
Many of the top 10 construction companies in the US (big
names in the industry such as Turner, AECOM, Suffolk,
etc.) have investing ‘wings’ within their firm that heavily
research these topics and then infuse capital into startups
focusing on specific tools that can improve their projects.
This can help enable proactive planning and resource
allocation within the company before such issues arise.
Due to budget constraints and lack of manpower, smaller
names often fall behind, and the tool described in this
study may help them compete.

2.1 Background on Al Adoption

Case studies can significantly help strengthen the
argument that incorporating Al techniques and tools
improve company performance and can reiterate the
importance of more compact firms having access to such
technology. A 2020 study including 150 firms of various
sizes investigated the use of eleven types of Al
capabilities (generic Al such as task and decision
automation, machine learning algorithms, deep learning
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algorithms, cognitive, cognitive cyber security, natural
language processing, robotic personal assistant, pattern
recognition, chatbots, neural networks, and virtual
companions). The study found that Al use within firms
had an incredibly positive result with increased
organizational performance at the company level, and
process-related variables also improved the company [7].
Professional readiness and Al technologies correlate as
well [8]. Another 2022 study investigated 299
Scandinavian countries and found that Al platforms
strongly impact organizational performance, whether in
the social aspect or financial performance [2]. A 2021
study among 530 employees across Indian
telecommunication companies (VVodafone, Idea Telecom,
Bharti Airtel, Reliance Jio, etc.) reported that using Al
applications and algorithms helps managerial employees
get real-time data on employee performance quite
effectively and that automated processes and other Al
tools can influence performance. Companies can
“overachieve”, “deliver sustainable results”, “optimize
resources better”, and “do the right thing” far more often
if they use Al tools to drive performance [9]. Another
empirical study from 2022 among 380 employees of
Dubai-based companies found that Al use had positive
relationships with organizational structure, process
innovation, and employee expertise/performance.

When combined with onsite tools/field work, Al
technologies can use technologies like tracking and
computer vision algorithms for remote inspection while
also maintaining quality assurance/quality control
(QA/QC) [10]. Construction robotics and automation
also transform how resources are used on construction
sites [11]. Robotic systems can perform repetitive or
dangerous tasks, such as bricklaying, concrete pouring,
or welding, with greater precision and speed than human
workers [10, 12, 13]. This increases productivity and
reduces the risk of human error and accidents. Today, a
combination of sensors and algorithms can be used for
cranes (e.g., versatile.ai), which connect to a local loT
system for easy tracking by all stakeholders in a project.
Currently, versatile.ai is almost unanimously favored by
the top construction companies in the US for site work
and remote supervision.

Al technologies, thus, show promise when used for a
myriad of onsite and offsite work in construction. It is no
surprise that large firms across North America are
spending millions of dollars on Al tools for all kinds of
construction-related variables — from office productivity
to onsite safety and PP1 use. As discussed earlier, not all
firms are large enough to fund decades of Al research,
and the platform discussed in this paper can help smaller
firms overcome the labor of building complex tools for
their historical project data — a platform like MAP can
help them determine which algorithms can help predict
and highlight any existing patterns in their datasets.
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3  The ‘MAP’ Platform

Six algorithms were chosen for this platform due to
their already well-established status in data analysis —
they are well-documented in literature and can work for
varying data types. The application, named ‘Modelling &
Prediction Platform’ or ‘MAP,” displays an error
histogram and a graph between the actual data and
predicted data alongside the Mean Squared Error and R-
squared coefficient values. This can be used to predict
future technology adoption within the industry. The
findings can help offer a new appreciation for the
challenges and opportunities that may be analogous to
adopting Al in construction. The application is currently
in its testing phase, and a case study conducted with MAP
and real construction data is ongoing and thus is beyond
the scope of the current discussion.

3.1 Algorithms in MAP

Keeping in mind the dynamic needs of the
construction industry, the following six algorithms have
since been encoded into the MAP Ul (written in Python
ver3.12.6, with sci-kit-learn and Matplotlib — discussed
later in this section):

e Simple Neural Network

e  Multi-layer Perceptron

e Support Vector Machine (with five kernel
functions the user can choose from — linear,
polynomial, sigmoid, precomputed, and
radial basis function or rbf)

e Random Forest

e Ridge Regression

e Lasso Regression.

A Simple Neural Network is great for learning
patterns in data that traditional algorithms might miss. Its
main advantage is flexibility—it can adapt to many types
of data, like images, text, or numerical data [14] (in the
current version of the MAP Ul, however, only numerical
data can be used as input and/or training and/or test
variables). It is also quite robust to noise, meaning it can
handle data that is not perfectly clean (again, it is advised
to use cleaned data for the MAP platform for good
visualizations). With the right training, it can generalize
well to predict new, unseen data. The Multi-Layer
Perceptron can be considered a powerful extension of
simple neural networks. Its biggest benefit is its ability to
model complex relationships by using multiple layers of
interconnected nodes. MLPs can solve problems that are
not linearly separable, making them ideal for tasks like
image classification or natural language processing [15].
They also perform well with large and diverse datasets,
which can be helpful for construction companies.

Support Vector Machines, or SVMs, are highly
effective for classification and regression tasks. SVMs
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are particularly good with small to medium-sized
datasets and are less prone to overfitting. One of their
strengths is the flexibility provided by kernel functions,
which lets them work well with both linear and non-
linear data [16, 17]. Kernel functions help to convert
input data into the required hyperplane/ multidimensional
space, and the five kernels that are included in the current
version of the MAP model (that can be chosen with ease
by the user, depending on their dataset, variable types
and/or any modeling requirements) are:
e The linear kernel is an ideal option for simple,
linearly separable data,
e The Polynomial kernel excels at capturing
complex relationships,
e The sigmoid kernel mimics the activation
function in neural networks,
e The precomputed kernel allows customization
based on prior knowledge and
e The Radial Basis Function (RBF) is versatile for
non-linear patterns.

Random Forest is a versatile and reliable algorithm
with extensive uses in classification and regression. Its
primary benefit is robustness — it combines the
predictions of many decision trees to improve the overall
accuracy of the output and reduce overfitting. It also does
well at handling missing data and can work with
numerical and categorical variables [17]. Additionally,
Random Forest provides feature importance scores,
helping identify which features matter most [17, 18].
Ridge Regression improves upon linear regression by
adding a penalty to large coefficients, and its key benefit
is reducing overfitting, which makes it ideal for datasets
with many correlated features [19]. This regularization
ensures that the model generalizes new data better. Ridge
Regression can be particularly useful when all input
features contribute to the outcome but need their
influence ‘moderated’ to a certain extent [20]. The final
algorithm, called ‘Lasso Regression,” is similar to Ridge
Regression but has an additional benefit: it can select
features by shrinking some coefficients to zero. This
makes it a great choice for simplifying models and
improving interpretability, especially when dealing with
datasets that have many irrelevant features [21]. Thus, the
model can be computationally efficient while excelling
in identifying the most important variables. All machine
learning models in MAP were encoded into the platform
using ‘sci-kit-learn’ (also referred to as ‘sklearn’), a
freely available and easy-to-use open-source machine
learning library kit for the Python programming language,
and all visualization techniques were incorporated into
the platform by using ‘Matplotlib’ (a blend of ‘MATLAB’
— the popular programming environment, ‘plot’, and
‘library”) which is another commonly used free, open-
source plotting library for the Python programming
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language. The user interface was built entirely with
Python (the code editor was Visual Studio Code). The
user interface (or ‘UI’) was built to import a comma-
separated values (csv) file, read and identify each
variable from each column, and then automatically
display them in a window for the user to choose input and
output variables. The following section discusses the Ul
in detail.

3.2 Methodology of MAP

The following sections outline the processes behind
the user interface design, each option in the application
window, the algorithms and their testing alongside the
function of each output window.

321 TheUl

The MAP platform is designed to take in a .csv file as
an entry (toggle 1. Select .csv file), parsing the variable
list and automatically identifying the variables. Once the
file is chosen, the window beneath this option will
display a complete list of all the variables. The user can
then choose which variables to choose as ‘input’ options
and which elements are to be displayed as ‘output’
options, and they appear in the next two terminals
(underneath the buttons ‘2. Choose input variables’ and
‘3. Choose output variables’). A list of algorithms is
provided on the right (4. Choose a model) from which the
user can select any option to train and validate data from
the .csv file of their choosing. The figure below shows
what the interface of the modeling platform looks like:

—_— S—
ene Modeling & Prediction Platform

1. Select csv file 2. Choose input variables 3 Choose output variables 4. Choose a model:

Multi-Layer Perceptron
Support Vector Machine

Random Forest

‘ Simple Meural Network

Ridge Regression
Training Spiit Terminal
08

Validation Spiit

02

Lasso Regresssion

1

1

No Test Data

Figure 1. The MAP Platform

As discussed earlier, certain algorithms require the
user to make further choices. Additional parameters
appear in windows like the one below (Figure 2 below
shows an example if the user chooses the Support Vector
Machine option):
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SVM Parameters

Enter kernel (Linear, Polynomial, RBF, or Sigmoid):

Cancel

Figure 2. Supplementary parameters for some
algorithms

The platform also provides a terminal window
(Figure 1) that displays the mean squared error and R-
squared values to the user. This can be particularly useful
to quickly check if the chosen model suits the user’s data
or if the parameters need to be customized to fit their
needs. Since values for both the training and validation
datasets are displayed, it can help the user understand if
a different modeling algorithm should be tested.

3.2.2  Model testing and validation

As seen in Figure 1, the platform allows each dataset
to be split into two sets for training and validation.
Depending on the user and the type of model they choose,
one can split the data into any ratios (they must add up to
1.0 to utilize the entire dataset — in the example figure
(Figure 1), the ratios are 0.8 and 0.2). For example,
historical project data can be used for training, while
current data can be used for the output.

3.2.3  Output windows

The final output is divided into two graphs, one for
the error histogram of the output variable and another for
the actual data vs predicted data for the chosen output
variable. In the actual output, the error histogram is
displayed toward the left of the final output window
instead of the top, and the graph of actual vs. predicted
values is displayed toward the right side of the output
window. Output images from a test training and
validation set (using a synthetic dataset for preliminary
work) are displayed below in Figures 3 and 4 for a
fictional variable from a test dataset:
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Histogram of Errors for K

Mean: -0.10
S0 Std Dev: 0.30

Frequency

0.0
Error

Figure 3. Test output showing an error histogram for a
fictional variable ‘K’ from a test dataset

Actual vs Predicted for K

o8

0.6

Value

0.4

0.2

—e— Actual

+— Predicted

0.0 4

0.0 2.5 5.0 75 10.0 125 15.0 17.5 200
sample Index

Figure 4. Test output showing the actual vs.
predicted data plot for a fictional variable ‘K’
from a test dataset

The test dataset shows a weak resemblance
between the actual and predicted values, as the
dummy dataset does not have identifiable
relationships between the variables and were used
purely for testing each algorithm. Data from the error
histogram was used as one of many identifiers of
whether the algorithm is a good choice for the dataset.
The values of standard deviation and mean squared
and R-squared error (pictured in the top left corner of
the error histogram — Figure 3 alongside the terminal
window — in Figure 1) also contribute to the user
being able to determine of the model is a good fit for
their chosen dataset.

4  Conclusion

In stark contrast to other industries, despite such clear
positives, stakeholders and investors in this industry are
still quite unsure of the potential benefits and overall
financial worth of the construction and Al team-up [22].
As the industry changes and adjusts, investigating and
investing in Al technologies will be crucial to
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maintaining competitiveness and meeting the increasing
demand for smarter and greener projects. The future of
construction lies in the successful adoption of Al, making
this an essential area of exploration for the industry.
Accurate information from real employees in the industry
is crucial for researchers to gain more perspective on the
usefulness of Al in construction.

While addressing the current needs of the
construction industry, the platform’s design is also
simple, versatile, customizable, and adaptable, allowing
it to be used in a wide range of other industries for tasks
such as pattern recognition and data visualization. The
platform’s customization options also enable users to
tailor its functionalities to suit their specific datasets and
variables. This flexibility makes it particularly appealing
for users who are not overly familiar with ML algorithms,
as it provides an accessible way to experiment with
different models and determine which one performs best
for their unique business needs. The simplicity of the
interface also ensures that using it requires little training
and can be mostly intuitive. By bridging the gap between
Al capabilities and practical usability, this platform
offers smaller firms an opportunity to compete on a level
playing field with their larger counterparts while
encouraging broader Al adoption across various
industries. Such algorithms hold immense potential to
revolutionize small construction companies, as they can
provide firms with evidence-based, data-driven insights
that were previously only accessible to larger firms. MAP
can help more compact companies optimize their project
timelines by using their historical data, similar to the
larger firms, and then predict any probable delays or
other issues. It can also help to improve estimation by
identifying patterns (if any) in past projects, helping
employees build more accurate and competitive bids.
Most importantly, platforms like MAP need not be
limited to any singular industry; the application can be
used to predict patterns in other firms looking for a
simple application to test out predictive algorithms for
their data. Future and ongoing work on MAP includes
testing and validating it on real-world construction data
from construction companies across the continent.
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