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Abstract of Praxis
Most capital projects in New York City suffer from cost overruns and schedule delays, as
reported in the city’s capital dashboard as of 2023. Part of the problem in construction
projects is that costs are often underestimated. Overruns have contributed to a $54 million
budget overruns in New York since 2020. This study examines categorical and
continuous predictors and introduces the development of multiple linear regression
models to predict cost overruns: linear, Lasso, Ridge, and Bayesian. The cost
performance values (actual and predicted) are transformed into binary variables to
classify projects and to utilize classification metrics as part of the model’s evaluation.
The models were built using 71,233 records of cost estimates for the city’s capital
projects, utilizing a splitting dataset for model train, testing, and validation. The Lasso
regression model performed the best, with a coefficient of determination of 79.83% for
cost performance estimation and a project overrun classification rate of 81.73% area
under the curve. Understanding potential contributors to the cost overrun of capital
projects allows engineering managers to organize and strategically allocate resources
effectively to avoid waste and unused resources. This research confirms the correlation
between budget amount, prior actual amounts, current year estimated amount, and the
required completion cost. Additionally, the project’s location, managing agency, scope
type, project category type, delay descriptions, and current year project are significant

contributors to cost performance.
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Chapter 1 —Introduction
1.1 Introduction

The management of construction projects is centered around three major factors:
cost, schedule, and performance (Ahmed et al., 2022). The cost and schedule facets are
the primary focus of this research on improving capital management and supporting
project completion within budget. Recent reports from the Office of the New York State
Comptroller indicate that more than half of the capital projects were delayed due to
budgetary constraints, resulting in a 72.5% increase in costs (Lotridge, 2024). Improving
project cost estimation would impact project delays and cost overruns and, more
importantly, engineering managers’ willingness to comply with project requirements and
implementation plans.

Finding solutions to decrease overruns receives little attention, even though most
project managers have identified strategic misrepresentations and biases in cost
estimations (Love et al., 2022). By studying the automotive industry, Hammann (2024)
concluded that utilizing machine learning (ML) models outperformed cost estimations
from cost experts in highly complex projects in their early stage developments, and a
synthesis of various case studies indicated that ML models can reliably identify cost
drivers, affecting project performance. Thus, the proposed ML models herein aid in cost
estimations and have been designed to influence engineering managers to make rational
and data-driven decisions when handling project planning and expenses. It is crucial to
understand working capital management because the construction industry is financially

dynamic and depends on volatile capital cash flow requirements (Asare et al., 2023).



This research contributes to the body of knowledge relating to budget
underestimations. Datasets of capital projects from New York City were examined for
cost overruns. ML models were developed, tested, and verified for cost estimations. Each
ML algorithm has a different set of features and strengths. The aim of this research was
to find the algorithms most suitable for the data used.

1.2 Research Motivation

This research is motivated by four folds. First, the research contributes to the
accuracy of estimating project costs. Most of the 5,128 capital projects in New York City
analyzed have suffered from cost overruns and delays (Lotridge, 2024). Second, by
applying statistical analysis, critical variables that correlate to cost overruns were
identified to find innovative ways to tackle cost overruns.

Third, the researcher is motivated to support digital engineering transformation
initiatives across multiple organizations, so this research includes evaluating different
ML models to find the best and worst models for project cost estimations regarding
additional project variables. Lastly, this research aims to find an ML model that can
accommodate further data variable inputs to improve performance for future studies to
evaluate and possibly be applied to other types of projects, such as shipbuilding and the
digitalization of different industries (e.g., software updates). Construction management is
complex and generally accompanied by conflicts, low productivity, schedule delays, cost

overruns, and high fragmentation (Bajjou et al., 2019).



1.3 Problem Statement
Cost estimates for construction projects are underestimated (Stewart, 2023), contributing
to $54 million in budget overruns for New York City (Kuntzman, 2024).

For infrastructure construction, which includes schools, hospitals, roads, and
rails, more than half of the projects experience cost overrun to ineffective estimation,
even though there are existing project cost and duration estimation techniques
(Fitzsimmons et al., 2022).

1.4 Thesis Statement
Using machine learning, a cost overrun prediction model is needed to estimate capital
construction project costs more effectively and support decreased overruns.

Utilizing a cost estimation model developed with ML can aid management in
identifying cost overrun variables within capital projects. This tool would allow leaders
to accurately and realistically estimate project costs, aid in delivery schedule, and
accomplish project completion within budget.

1.5 Research Objectives

Regression and classification analyses were conducted and ML techniques
applied in this study to accomplish the following objectives:

e To further knowledge and understanding of capital projects and cost estimations

e To synthesize existing literature on these topics

e To acquire datasets and perform analyses of cost estimation and classification
model development

e To explore datasets, identify causes and impacts of cost overruns, and determine

the variables that significantly impact the project cost



e To build ML models that estimate cost overrun and utilize datasets to train, test,
and validate the models
e To identify the best-performing algorithm by assessing the models with developed

standards and test quality thresholds
1.6 Research Questions and Hypotheses

There are three research questions (RQs) and six hypotheses developed for this
investigation to seek enlightenment and validation:

RQ1: Is there any correlation between construction project variables and project
cost overruns, and if so, which variables are the most significant in cost performance?

RQ2: Among the evaluated models, which ML algorithm is the most useful in
predicting project cost overruns?

RQ3: Is the best ML algorithm able to estimate project cost overrun effectively?

H1: Capital variables are significant to project cost overruns, with p-values less
than .05.

H2: The ML model utilizing the linear regression algorithm has a coefficient of
determination (R?) and an AUC of at least 70%.

H3: The ML model utilizing the Ridge regression algorithm has an R?and AUC
of at least 70%.

H4: The ML model utilizing the Lasso regression algorithm has an R?and AUC
of at least 70%.

HS5: The ML model utilizing the Bayesian regression (BR) algorithm has an R?

and AUC of at least 70%.



H6: The selected validated ML prediction model can predict project cost overrun
using capital significant variables and has an R?and AUC of at least 70%.

1.7 Scope of Research

The scope of this research encompasses developing and evaluating different ML
models to estimate cost overruns by utilizing capital project budget information from
New York City. To achieve the research objectives, the scope included investigation and
synthesization of information from the literature to provide context about the problem
statement and enlightenment on the thesis. The scope also provides methodologies to
explore and analyze capital budget data and ML model development and evaluation. The
outcomes support answering the RQs and hypotheses related to the capital project
variables and ML model results.

The proposed suitable ML model can be used during capital project planning and
for cost estimation. The model can also be implemented and monitored throughout the
project timeline to detect variable changes and improve the implementation of project
deliverables under budget. This research is designed for engineering managers to help
them improve overall budget planning and project cost performance by reducing cost
overruns, satisfying organizational goals, and enhancing resource allocation and
management to support other work priorities and accomplish projects within budget.

1.8 Research Limitations

This investigation is limited to the dataset used, covering 2019-2024. The
researcher anticipated changes in cost and schedule variables during and after the
COVID-19 pandemic from 2020 to the present. Thus, a proportion of the dataset before

and after the pandemic is qualitatively different, with more data after the pandemic



(2021-2024). The datasets used for training consider appropriate mixing of 2019-2020
project records throughout to accurately represent current industry operations.

Since the dataset used is from before 2024, the ongoing impact of US economic
factors, such as inflation, on construction costs and schedules is not accounted for in this
study. The economic climate might affect the performance of the ML models. Lastly,
additional variables, such as schedule performance, social, safety, and environmental-
related variables, besides those used could be explored to increase the models’ accuracy.

Not all ML models were developed in this research. Based on the data analysis
and applicability, specific algorithms were selected. This research aimed for acceptable
test quality standards based on literature reviews. Increasing model accuracy for better
outcomes would require additional research.

1.9 Organization of Praxis

The research is organized into five chapters. Chapter 1 provides background
information about the capital construction industry, the research problem statement, the
thesis, the hypotheses, and the RQs. The chapter also includes the motivation for this
research and lists the objectives while detailing the scope and limitations of the
investigation.

Chapter 2 reviews existing literature, including on public capital projects, general
construction, schedule and cost studies, and ML development. The focus is on the impact
of project variables on improving the accuracy of estimating capital costs. This chapter
discusses and explains variables analyzed by citing relevant literature. Other studies that

have used predictive algorithms, specifically regression models, are also reviewed.



Chapter 3 explains research methodologies for data analyses and ML model
development. This chapter discusses the treatment and analysis of the dataset, which
involved identifying outliers and performing regression analyses to find statistical
relevancies to the predicted construction schedule. In developing the model, how the
model was trained, tested, and validated is described, as well as test requirements and
model acceptance criteria.

Chapter 4 presents the statistical results and findings. This chapter covers the
performance of four ML models that were developed. The dataset subsection covers the
regression of variables compared to the confidence level and includes the treatment
outcomes and the data values discarded due to statistical irrelevance. For the data
analyses, performances are illustrated with plot charts, figures, scorecards, and evaluation
tables—which include significant metrics associated with the models, such as the area
under the curve (AUC), confusion matrix elements, variances, and regression.

Chapter 5 discusses the results and model outputs, including a section on RQs and
hypotheses, conclusions, lessons learned, contributions to knowledge, and
recommendations. The discussion covers the performance of each model and provides
comparisons. The conclusion highlights the validations of the models, identifies the best
model, and compares the testing quality thresholds. Lastly, the recommendations for
future research include exploring the research limitations and further studies to fill the

gaps of this research and potentially increase cost estimation capability.



Chapter 2 —Literature Review
2.1 Introduction

Time, cost, and quality are the three main constraints in a construction project,
which are interrelated and contribute to delays (Ezeldin & El-Hakim, 2023). Therefore,
increasing awareness of capital projects’ budget performance could potentially increase
the effectiveness of resource allocation, the overall quality of projects, and operation
effectiveness. This chapter synthesizes empirical and theoretical literature in project
management and machine learning (ML) predictive applications. The review focuses on
papers relevant to improving the accuracy of capital project cost estimation and
predicting cost overruns.

This chapter is outlined as follows: In Section 2.2, success factors that contribute
to project delivery within budget, including operations and variables and how these align
with organizational goals and objectives, are identified. Section 2.3 presents the literature
on existing cost estimation methods and research to improve estimation accuracy.

Section 2.4 assesses the feasibility of ML facilitating cost estimation by reviewing
studies from other industries that could be adapted, while Section 2.5 discusses data
analysis methodologies and ML evaluations. Finally, in Section 2.6, based on the
literature review, key summaries are recognized and conclusions drawn.

2.2 Success Factors

Beleiu et al. (2015) conducted quantitative research to determine the main factors
influencing project success. Through a survey, the researchers identified seven factors:
clearly defined goals, clearly defined roles and responsibilities, a competent project team,

communication with stakeholders, compliance with the project’s planned budget,



performance criteria, and time frame. In determining a successful project, the project
criteria should consider project size, duration, type, complexity, and stakeholder
requirements (Beleiu et al., 2015). Aligning with this study, for cost variables in the
acquired dataset, it was necessary to consider determining variables and parameters for
research that reflect the project team and management’s reflection competency in
executing the project and awareness of their goals and responsibilities. Each project in the
dataset shows a different complexity level of project success since they differ in duration,
type, and size.

2.2.1 Capital Projects Phases

There are five phases of capital projects: identification, planning, design,
construction, and closeout (Yale Facilities Construction & Renovation, 2005). During the
identification phase, management prepares the memorandum of understanding to
determine the needs, goals, general scope, and funding sources (Yale Facilities
Construction & Renovation, 2005). The planning phase has two subphases: the feasibility
phase, where management obtains committee board approval, conducting zoning reviews,
and produce feasibility estimates, and programming, where a conceptual design,
guidelines, project scope, budget, and schedule confirmation are determined (Yale
Facilities Construction & Renovation, 2005).

The design phase has three subphases: preliminary design; design development,
which reconciles the project scope and schedule estimate (where management conducts
cost estimations, value management, and risk analysis); and construction documentation,
where technical drawings, specifications, and contracts prices and bids are developed

(Yale Facilities Construction & Renovation, 2005).



The construction phase is where management executes projects, obtains permits,
mockups, inspections and testing, commissions, and the issuance of substantial
completion certificates (Yale Facilities Construction & Renovation, 2005). The final
phase is closeout, where management develops a closeout report and occupants’ access to
the project, completes punch items, closeouts contracts, and conducts post project
evaluations (Yale Facilities Construction & Renovation, 2005).

The task of estimating costs occurs in all phases of the project’s life cycle,
regardless of the initial estimated cost. These factors align with this research thesis to
build an ML model to analyze historical datasets in order to contribute to improving cost
estimation accuracy and decrease the scale of overruns. To evaluate a cost estimation
model, a framework is needed. Applying ML to all phases ensures proper model
adaptation to the existing cost estimation process. The cost overrun estimation model
built is critical for project feasibility calculations during the planning phase. The model is
also usable during preliminary, design, and construction developments during the design
phase before executing project bids and updating datasets, especially during the
construction phase, to avoid any delays occur that could incur overruns.

This thesis aims not to change the existing cost estimation system but to use the ML
models to aid in improving cost estimation accuracy. For future studies, the adoption

framework is illustrated in Section 5.6 Recommendations for Future Research.
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2.2.2 Capital Projects Classification

There are three types of capital projects: preservation, programmatic, and grant
(Office of Financial Management Budget Division, 2014). Preservation capital projects
improve and maintain existing capital assets without program changes. Examples of this
type of project are building renovation, facility upgrades, and street repairs (Office of
Financial Management Budget Division, 2014). Programmatic capital projects improve
existing assets for new programs or create new capital assets through leases,
constructions, or acquisitions (Office of Financial Management Budget Division, 2014).
Lastly, grant capital projects establish statutes or legislative provisions to acquire capital
appropriations from local, state, or tribal communities for the capital assets. The grant
type of projects require managing agencies to submit a 10-year capital budget, together
with a strategic plan (Office of Financial Management Budget Division, 2014).

In evaluating datasets utilizing capital project cost records, data were transformed
and manipulated before feeding it to the model for output and valuation. The researcher
believes adapting project-type details can be used to interpret and evaluate open text data
(such as scope text and managers’ reviews) that could be helpful by potentially add
parameters to the model.

2.2.3 Capital Projects Financing

New York City uses long-term debt to fund some of its capital projects, and
there are five main financing options: General Obligation, the Transitional Finance
Authority, Conduit Debt, pay-as-you-go, and the Tobacco Settlement Asset Securitization
Corporation (TSASC) (New York City Independent Budget Office, 2013). The city

allocates 10% of the five-year total value of property tax revenues, determined by the
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state, to the General Obligation debt (New York City Independent Budget Office, 2013).
The Transitional Finance Authority is funded by the residents’ personal income tax
revenues and can finance up to half of the capital projects of the city (New York City
Independent Budget Office, 2013). Conduit debt is a long-term debt financing option
where the city enters into a lease agreement with another entity (a private company, state
agency, or public authority) to fund capital construction of the assets. The city makes
lease payments, and pay-as-you-go utilizes the capital surplus and city revenues to fund
capital projects (New York City Independent Budget Office, 2013). Lastly, created in
1999, TSASC allocates the city’s share of cost, and debt is secured from the settlement
revenues against tobacco companies (New York City Independent Budget Office, 2013).
2.2.4 Capital Cost Overrun

Abdenour (2021) reviewed the literature on the contributors to overruns and
identified factors such as technical issues, political-economic influences, and
psychological biases. He also reviewed technical problems such as scope changes and
rework, inappropriate forecasting methods, and poor project management, as well as
other external risk factors, such as the economy and societal sources. These findings
support using qualitative variables as part of the model inputs and not just quantitative
and continuous variables. The variables in this study were assessed to find correlations
between them and identify variance to determine significant differences for cost overruns.
The results of the correlations and analysis of variance (ANOVA) for cost performance

indicate the driving variables influencing cost overrun.
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2.3 Management Methods for Cost Estimation

Estimates are the quantified approximations of a project’s resources, duration, and
cost (Marks, 2012). The most applied techniques in project management are analytical
(bottom-up estimation), analogous (comparative estimation), statistical modeling
(parametric estimation), and top-down estimation (Marks, 2012). In conjunction with the
four estimation techniques, a three-point estimation procedure is also used to consider the
project’s most likely, midrange, and optimistic estimations (Marks, 2012). The accuracy
of an estimate changes throughout the project phases (Marks, 2012). As information is
produced, continually utilizing an ML model to assess cost estimate accuracy improves
the estimates’ effectiveness, and because data drive ML, an accurate cost estimate
assessment can be developed for management to use during strategic decision-making
stages.

Methods of managing cost estimates differ along the time perspective, and this
should be incorporated in project management plans and discussed during ongoing
project meetings. In assessing current performance, three main reporting techniques are
used in the industry: variance analysis, earned value analysis, and resource leveling
(Marks, 2012). Variance analysis is the difference between the plan’s value and actual
value (Marks, 2012). Earned value analysis is a performance measure of project scope,
schedule, and cost, while resource leveling is a means to optimize project costs and
schedules (Marks, 2012). These techniques, especially variance analysis, are used during
data processing to identify additional variables not explicitly included in the dataset. For
example, cost variance is the difference between the estimated and actual costs,

indicating if the project is under budget and what amount of cost overrun can be
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anticipated. Nevertheless, some researchers have attempted to predict the future cost of
projects based on current values of variables (Marks, 2012).

2.3.1 Regression Analysis

Predicting schedule performance in IT projects is a common practice. Reese
(2019) conducted a regression analysis to predict schedule variance by applying the
project manager's (PM) experience level, rated from 1 to 9, along with the proposed
project duration. Using stepwise regression, Reese's model achieved an acceptable
validation test accuracy rate of 84% through this data transformation methodology
(Reese, 2019). However, a critique of this research is that the explanation of PM ratings
requires further elaboration to develop an appropriate description for non-IT projects,
which differ from public school construction projects in the knowledge and skills
required.

Reese’s (2019) research is relevant as regression analysis was utilized for project
estimates. Evaluating this research relevancy, the differences are that the goal of this
praxis is to estimate cost and not duration and that the industry and datasets are related to
capital projects, not the IT industry. Reese’s research helps develop the methodology for
computing cost variance for additional cost variables in the model. It should also be noted
that regarding analysis of the linearity and normality of the present study’s dataset,
stepwise regression was considered suitable for the ML regression models created, which
helped to predict their performance and suitability.

Daraghmeh et al. (2023) conducted a study evaluating different regression analysis
machine learning models to predict the financial cost of cloud subscriptions. This research

is relevant to the present study because both share a common goal: building a cost
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estimation predictive ML model. This research also evaluated various ML regression
models based on key metrics, which included model error metrics and R? values for both
training and test sets (Daraghmeh et al., 2023). This study contributes to the development
of data analysis and machine learning methodologies, especially in setting evaluation
metrics to identify the most suitable regression model for the dataset. It also involved data
preparation phases such as encoding categorical variables for machine learning
interpretation and calculating project cost variance. Techniques like data instance grouping
for categorical feature aggregation and engineering can be adapted for this study to
transform open text data into categorical variables. Data splitting was also used to evaluate
ML model performance across different datasets rather than relying solely on training
performance, with a 10-fold cross-validation approach employed. The primary difference
between this study and Daraghmeh et al. (2023) is that the latter uses a separate validation
dataset for additional screening in evaluating four regression ML models, whereas this
study reviews 17 models.
2.3.2 Cluster Analysis

One of the objectives of this research is to leverage classification or clustering
models to predict cost overruns in projects. A relevant study in this area is Deng et al.
(2023), which used a K-means clustering analysis ML model to predict estimated arrival
times for flights. The study used Euclidean distance to calculate the distance between
data points, establishing clustering centers based on classification outputs. This study is
pertinent to the development of data analysis methodologies for data classification,
testing datasets to assess their suitability for ML classification algorithms, and identifying

the most and least significant variables contributing to cost overrun projects. However,
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the models crafted are primarily regression-focused; using clustering can still provide
insights into whether the data is appropriate for ML classification algorithms. Therefore,
clustering or classification analysis can assist in determining the model’s ability to make
predictive assessments.
2.3.3 Decision Trees

Ferreira and Vasilyev (2015) used logical decision tree analysis to identify
processes that contribute to business event log overruns. The classifiers were the
contributing delay variables, the validated two case studies, and real-world event logs.
Decision tree analysis can be used to identify which variables in the data are significant
and contribute to the project cost performance’s success. This approach can provide
insight into the ML models in this study using random tree analysis performance based
on the used data and can identify the most and least significant variables to be used for
the models.
2.4 Machine Learning and Strategic Decision Making

ML can use at least five tools for strategic decision-making: classification,
anomaly, regression, clustering, and reinforcement (Alzubi et al., 2018). Classification
problems organize data with fixed values, such as yes or no and true or false (Alzubi et
al., 2018). Anomaly detection involves processing data—identifying patterns within the
data, which can be used to detect changes or anomalies within the dataset (Alzubi et al.,
2018). Clustering is similar to classification, but the dataset is unsupervised or unlabeled,
which means the algorithm identifies usable classes in the dataset without any specified
labeling (Alzubi et al., 2018). Reinforcement utilizes trial-and-error scenarios to improve

a model’s decision-making (Alzubi et al., 2018).
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All five problem categories can be applied to cost estimates. However, for this
study, which involves the initial model building phase, anomaly detection and
reinforcement are considered at a later development phase, essentially once the model is
deployed and considered for improving operational adaptability and implementing
updates in the model or dataset. Hence, the three factors considered in this study are
classification, clustering, and regression. Once the dataset has been processed and
pertinent variables selected, one assessment is to classify data with regard to predicting
cost overrun (yes or no). Then clustering can be used in an unsupervised mode to
determine if the data is sufficient to be grouped into good and bad values to meet the
project budget targets. Lastly, regression is considered to indicate the cost variance of the
individual projects. Regression as a statistical model was used as a basis for the cost
overrun estimation model. The ML algorithms studied in this research employ regression
and classification models due to the nature of the work and dataset acquired.

2.4.1 Linear

Linear regression, a popular choice for predictive models, can lead to overfitting,
where the model is trained on one set of data but has little value as a predictive tool for
test data (Aarshay, 2024). Linearity minimizes the sum of squared differences between
the predicted and actual values by finding the best fit for the data in the hyperplane;
nevertheless, the model becomes unstable if the variables are highly correlated (msoczi,
2024). A regression model was chosen to serve as the baseline performance for a

comparison with other regularization regression models, such as Lasso and Ridge.
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2.4.2 Ridge

Ruichao (2022) used a Ridge regression model to identify construction variables
that influence fiscal revenue in an investigation in Beijing, China. One aspect of using
this approach was to reduce the multicollinearity of the construction variables. Ridge
regression is defined as improving the least square estimation by adding the sum squares
of the residuals as a disturbance to avoid the determinant being zero in the cost function
(Ruichao, 2022). This addition makes some of the least critical features into small value
coefficients (Aarshay, 2024). Ruichao developed a construction index table where the
variables’ basic statistical information is listed (minimum, maximum, mean, and median).
Then the researcher conducted a comparison with other regression models by
determining R, mean absolute error (MAE), mean squared error (MSE), and root mean
square error (RMSE; Ruichao, 2022). Later, based on the regression model equation,
Ruichao noted that the critical variables were influential to the fiscal revenue.
Performing a literature review, this research is relevant due to the use of the Ridge
regression model. However, since the industry of this research is in a foreign country, the
standard for the data could be different. However, the study supports the idea that using
Ridge might improve the feature selection process and increase cost estimation accuracy
compared to the usual linear regression model. Furthermore, metrics used to evaluate the
model and analysis results can be applied to this research, such as determining R°, MAE,
and RMSE. Utilizing the dataset acquired, a construction index system can be developed
for each variable in the present research (Chapter 3).

Due to having the least significant coefficient impact, the Ridge regression model

is useful during feature selection since it reduces the effects of less valued features
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(Aarshay, 2024). This applies to highly complex models, where many parameters are
included in the analysis (Aarshay, 2024). Interpretability-wise, since the coefficients
cannot be reduced to 0, the interpretability is lesser. Lastly, compared to other models,
Ridge regression is more robust and less sensitive to outliers (Aarshay, 2024). Using
Ridge regression could present an inherent tradeoff since it potentially increases variance
and decreases bias (msoczi, 2024).

2.4.3 Lasso

Lasso regression was selected for this study due to its advantages in reducing
overfitting by limiting excessively large regression coefficients. Lasso regression is
particularly useful in feature selection, as it removes the effects of less significant features
(Aarshay, 2024). The feature shrinkage in Lasso regression simplifies model building by
retaining only the optimal number of effective parameters (Aarshay, 2024). Additionally,
interpretability is enhanced because the coefficients of insignificant features can be reduced
to zero. However, compared to other models such as Ridge regression, Lasso regression is
more sensitive to outliers and is less robust due to the L1 penalty (Aarshay, 2024).

Chen and Wang (2024) developed a Lasso regression model to predict residential
project costs. This study is relevant not only due to the shared algorithm but also because
it aligns with this research's objective of developing a cost estimation model to predict cost
overruns. Their data analysis methodology included conducting a correlation analysis to
determine the significance of variables on project costs. However, the study also employed
grey relational analysis to rank variables from least to most significant, while this study
considers classification analysis using regression trees. Moreover, Chen and Wang’s

(2024) study did not include categorical data, so an analysis of variance was unnecessary.
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2.4.3 Bayesian

Bayesian Regression (BR) is a statistical technique that applies Bayes’ theorem
and is suitable for small datasets and training models for continuous rather than batch
learning (Simplilearn, 2024). Some disadvantages of BR are that the inference process
has a more extended time requirement, and the regular probability approach is more
effective in datasets with significant accessibility (Simplilearn, 2024).

In a study utilizing Bayesian Ridge regression (BRR) with a multiomics dataset,
the goal was to predict drug response time by identifying the best variables for feature
selection (Almutiri et al., 2023). The researchers utilized random forests, deep forests,
and convolution neural networks for the classification and optimization phases. The best
model utilized BRR—deep forest, which increased the R? baseline current model by 11%.

Almutiri et al. (2023) identified three limitations of their research:

e Models overfitted even after cross-validation, and the researchers considered
exploiting bootstrapping and ensemble techniques due to data quality and model
features.

e Chemical structures and target drugs were not part of the dataset.

e Using BRR, feature selection was done manually, and automation, such as the
voting-based method, was not utilized; hence, it was recommended for future
research.

Synthesizing the research summarized, BR is selected for a potential model for
this research that can be developed to perform better than linear regression, and its results
are comparable to those of Ridge and Lasso regression. This research utilizes a large

number of datasets, and based on the literature reviewed, the BR model is good for small
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datasets. This model was expected to perform adequately, but there was a high
probability of underfitting. Research reviewed demonstrates that overfitting occurs
regardless of cross-validation to correct discrepancies. The recommendation is to utilize
boosting techniques to improve accuracy; thus, this research considered that the model is
susceptible to overfitting.
2.5 Machine Learning Evaluation
During model creation, testing, and validation, the following items are required to
assess a model’s performance and should be considered for inclusion in ML scorecards.
2.5.1 Regression
Chervil (2023) conducted an investigation conducted to predict the overall system
performance of global warming potential refrigerants to reduce the system’s marketing
time, development, testing, and shorten maintenance share. Chervil built a regression
model utilizing continuous and categorical variables, with an R? test quality threshold of
70% as part of his hypotheses. He performed data transformation on qualitative variables
by assigning dummy variables and conducted ANOVA and Pearson correlation analysis
for the linear data. The following regression model assumptions were listed, together with
the test and solutions conducted (Chervil, 2023):
e Perform and inspect residuals vs. fits to check if residuals have constant variance,
are independent of each other, are typically distributed, and have any outliers.
e Perform correlation analysis to verify that data are not ill-conditioned and that
independent variables are not highly correlated to the dependent variable.
e Inspect residual plots for any heteroscedasticity and verify that the residuals

exhibit homoscedastic dispersion.

21



The relevance of this research is adopting regression models as an estimation for
system performance. The present research incorporated a test quality threshold of 70%.
Some aspects of the methods were adapted for this research, such as ANOVA and
Pearson correlations. The assumptions can also be adapted to this research—that is,
plotting the regression model’s residuals vs. fit to identify variance dependency and
homoscedastic dispersion. Conversely, the estimation model did not include classification
features, such as identifying and predicting equipment not performing within the set
standards based on the significant variables analyzed.

2.5.2 Classification

An ML classification—based decision support tool using an ensemble decision tree
algorithm was developed for a research study to predict business startups’ ability to
secure external funding (Alem, 2023). The researcher utilized a confusion matrix to
identify AUC as the primary validation of the model, with a threshold acceptable quality
of 70% and the 90%—100% range considered an outstanding result. Alem (2023) used
decision trees and considered boosted and bagging techniques to increase the model’s
accuracy. Although regression models were not considered for development due to the
nonlinearity of the dataset of the investor’s decision-making being assessed (Alem,
2023). Alem also performed Kruskal-Wallis feature selection and chi-squared analysis to
identify the most and least critical independent variables for the dependent variables. The
classification validation test quality threshold was adapted for the present study, using a
70% AUC standard. Alem’s study also supports the model selection process of the
present study—highlighting the selection of suitable nonlinear algorithms and techniques

such as decision trees and ensemble techniques. In Chapter 3, the predicted and actual
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values are transformed into binary variables to reflect whether project cost is overrun or
not. Evaluation metrics for classification are similar to research reported here, such as
determining the AUC, developing confusion matrices, and computing accuracy,
precision, and recall values.

2.6 Summary and Conclusions

This study aimed to explain how project time, cost, and quality contribute to
project cost performance. Identifying success factors in project completion, project types,
financing sources, and contributors to cost overruns is critical. Furthermore, regression,
cluster, and decision tree analyses were used for predictive analysis to forecast cost
performance, depending on the nature of the data: linear or nonlinear. The categories
suitable for ML to solve are classification, clustering, and regression. Lastly, in ML
valuation, confusion matrix metrics, AUC—receiver operating characteristic, model error
metrics, R?, and data-fitting errors are assessed.

In reviewing research on multiple regressions and ML models, there are
similarities. The first is the inclusion of correlation analysis and ANOVA to determine
the collinearity and significance of independent variables to one another and to the
dependent variables. Second, for regression models, assumptions need to be
acknowledged: the data distribution, residuals’ homoscedastic dispersion, and variance
independence. Third, R’ is the factor for regression model evaluation. For classification
research, confusion matrices are used in evaluation, which assesses the model’s AUC
with supporting metrics such as accuracy, precision, and recall.

Model selection and methodology development varies depending on data

linearity. Regression models are suitable for datasets where the variables display
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linearity. Some machine models identified in the literature, such as decision trees,
random forests, and bootstrapping techniques (e.g., bagging and boosting), are good
choices for nonlinear data. As shown in Figure 2-3, ML tools intended for the research
were identified since these vary for every study and could affect model algorithm
selection and data analysis.

This research contributes to the body of work by comparing linear and
regularization regressions, such as Lasso, Ridge, and Bayesian. The literature review
identified the pros and cons for each regression model. Evaluation of the models
developed, as well as research methodology performances, could validate the models’

advantages and disadvantages explained in this chapter.
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Chapter 3 —Methodology
3.1 Introduction

This work explores machine learning (ML) models for predicting project cost
performance. This chapter discusses the approach to answering the RQs and hypotheses
proposed in Section 1.6. This section also explains the data acquisition and data
transformations, the plan to implement analyses, and the proposed ML development and
operations. The ML evaluation metrics are also reported and discussed below.

Section 3.2 describes the data acquired and the analysis tools used in this study.
Section 3.3 discusses the data analysis methodologies for finding and illustrating
relationships between the project cost and the different project variables. Section 3.4
details the four models” ML methodologies: development, testing, training, and analysis.
Sections 3.5 and 3.6 explain the model validation technique and evaluation metrics used.
3.2 Data Collection

The dataset used in this research was collected from the New York City
OpenData database (Mayor’s Office of Management and Budget, 2024). The data
collected lists the capital projects’ budget information from 2019 to 2024 in Excel format.
There are 71,233 data records available in the spreadsheet for analysis. There are 30
parameters in the dataset: publication date, location, managing agency code, managing
agency, project ID, project description, type category name, community board, budget
line, delay descriptions, site descriptions, scope text, fiscal year plan, original budget
amount, city year 1 to 5, city requirement to complete (RTC), city plan total, noncity
prior actual, noncity year 1 to 5, noncity RTC, and noncity plan total. Exploratory data

analyses were conducted to identify which parameters contribute to cost overrun.
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3.2.1 Analysis Tools

Software used to analyze the data were Minitab and Microsoft Excel. Minitab
(Web Application Version 2024) was used to identify variable outliers and simulate data
for data analysis techniques. Minitab software is also used for correlation, variance
analysis, regression, and classification simulations. Microsoft Excel (version 16.89.1)
was used primarily for cleaning data and removing missing value entries. Google Colab
(Python version 3.10) was used to develop and analyze ML models.
3.3. Data Analysis Methodology
The data analysis consisted of different processes: data cleaning, data splitting,
performing ANOVA, regression, and classification and regression tree (CART; Figure 3-
1). For data validation, a test dataset, cross-validated in Minitab was used to determine an
optimal number of data variables recommended for the analysis, and Excel and validation

dataset are used to validate the regression models.
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Figure 3-1: Data Analysis Methodology

3.3.1 Data Cleaning, Computation, and Transformation
Data cleaning was conducted on the acquired dataset. Initially, the cost variance
was calculated by deducting the budgeted amount from the total project cost. Cost

overruns were identified. Then, utilizing exploratory data techniques such as boxplots,
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histograms, and pivot charts, the outliers were identified and removed from the dataset to
improve the analysis and perform variable significance of cost performance.

Table 3-1 shows the dataset for simulations and training, testing, and validation of
the developed models. Dataset splitting ranges from 60-80% for training, 10-20% for
testing, and 10-20% for validation (Buhl, 2024). Dummy numbers were assigned for non-
continuous variables. Transformed unique values for categorical variables are presented
for location (Table 3-2), descriptions for project delay (Table 3-3), and cost overruns
(Table 3-4). There were 150 unique project types identified. A complete list is provided
(Appendix A). Next, data analyses were performed as specified in Figure 3-1. Categorical
data variables are encoded into numerical values so that machine learning algorithm

models can interpret them.

Usable Dataw/o outliers
Train 70% 44714
Test 20% 12776
Validation 10% 6388
total 100% 63878

Table 3-1: Usable Data Sets

LOCATIONS Index
Bronx

Brooklyn
Citywide

Manhattan

Queens
Richmond

OO |bd |[WIN|-

Table 3-2:Location
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Delay Description Index
PROJECT DELAYED DUE TO BUDGETARY CONSTRAINTS| 1
PROJECT DELAYED DUE TO CHANGES IN SCOPE/DESIGN 2
PROJECTDELAYED DUE TO SCHEDULING OF UTILITY WORK 3
PROJECT DELAYED DUE TO UNAVAILABILITY OF PRODUCT 4
PROJECT DELAYED DUE TO UNFORESEEN HAZARDOUS CONDITION 5
PROJECT DELAYED DUE TO UNFORESEEN SITE/FIELD CONDITION 6
PROJECT DELAYED PENDING APPROVAL OF NECESSARY PERMITS 7
PROJECT DELAYED PENDING APPROVAL OF STATE REQ CONTRACT 8
PROJECT DELAYED PENDING NON-CITY GRANT APPROVAL 9
PROJECTDELAYED PENDING RELEASE OF NEW TECHNOLOGY 10
PROJECT DELAYED PENDING RESOLUTION OF LEGAL ISSUES 11
PROJECT DELAYED RESULTING FROM CONTRACTOR DEFAULT 12
No Data 13

Table 3-3: Project Delay Descriptions

Cost Overrun Index
Yes 1
NO 2

Table 3-4: Cost Overrun Projects

3.3.1.2 Scope Text Transformation

Due to open text information, the scope text data transformation involved several

steps, which require analyzing and summarizing each record. For 71,233 data records,

7,485 unique scope entries were identified. The methodology is shown in Figure 3-2, and

scope text treatment entries are shown in Appendix B. The addition of scope text in the

analysis assumes improved model performance and added value for this research

objective.
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1. Assign and

* For non-continuous e Summarized entries e Change the initial
data sets like Scope will listed beside each dummy number
Text will assign unique scope entry encoded into the
dummy numbers for * Tally and group each assigned scope group
each unique scope summarized entry into number
entry. applicable clusters * Update the working
* The scope entry per data set containing
the dummy number scope entry with
encoded will be applicable scope
summarized and group number to be
analyzed to identify used during
the project type, simulations and
activity, or actual machine learning
scope. applications.

Figure 3-2: Scope Text Transformation

3.3.2 ANOVA Analysis

To answer RQ1 and HI, ANOVA was conducted per variable concerning the
project cost performance. An alpha (o) value of .05, a 95% confidence level, is used
during the study to find if the variable was statistically significant. Suppose the p-values
obtained are less than the set a. In that case, the null hypothesis that the two population
means of the variables being compared are equal, and the variable is not significant to
this research (Minitab, n.d.-b).
3.3.3 Correlation Analysis

Correlation analysis was conducted for cost variables. The continuous type
variables are accessed with the cost variance, whether linear or monotonic. Based on the
findings or plots, a type of correlation analysis is chosen, either Pearson’s or Spearman’s

correlation. Pearson’s correlation measures the linear relationship of two variables, while
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Spearman’s correlation measures the monotonic relationship (Pires & Mascarenhas,
2023). Acceptable results have a nonzero value and are not too close to 1 or -1. The
correlation coefficient ranges from —1 to 1, where —1 shows a downward slope, an
upward slope has a positive value, and 0 indicates no relationship between the two
variables (Minitab, n.d.-a).

3.3.4 CART Analysis

Classification analysis is used in the CART analysis using Minitab. The
classification method also aims to group the dataset into projects that are cost overrun and
those that are not. The model utilized the entire dataset without outliers and configured
the analysis with only significant variables during ANOVA, terminal nodes into 2, and
with o = .05. Once the analysis is conducted, the training and testing result evaluations
are noted, such as true positive (TP), false positive (FP), false negative (FN), and true
negative (TN) rates.

The confusion matrix entails the performance information of the predictive ML
classification models with actual and predicted values (Bhattacharya & Datta, 2022).
Table 3-5 is the general format of a 2x2 matrix and contains four elements: TP, FP, FN,
and TN (Bhattacharya & Datta, 2022). In a quick overview, a value is TP when it is both
actual and predicted positive value; a value is FP when the real value is negative, and the
predicted value is positive; a value is FN when the real value is positive, and the
predicted value is negative; and a value is TN when actual and predicted value are both

negative (Bhattacharya & Datta, 2022).
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Predicted classes

Actual classes True positive False positive
False negative True negative

Table 3-5: Typical Confusion Matrix (Bhattacharya & Datta, 2022)

3.3.5 Regression Analysis

Regression identifies problems that require a continuous and numeric output
(Alzubi et al., 2018). Regression analysis was conducted for usable datasets with and
without outliers, and the significance variable was used to find the p and R’ values. The
p-value below .05, F-values greater than 0, and R’ of at least 70% will be set as threshold
test parameters. The goal is to run test data to see if it can predict cost variance and then
predict whether project cost performance is overrun or not. Once the highest R’ value is
acquired between variables, the dataset is used based on the analysis performance. The
test dataset runs into forward selection stepwise and partial least square regression
analysis. Residual plots are inspected for variance dependency and heteroscedasticity.
3.4 Machine Learning Methodology

A process flow diagram of the ML methodology is displayed in Figure 3-3. The
operation takes place after data analysis methodology. To answer RQs 2 and 3, the ML
models are developed, trained, tested, and validated to prove that the model can predict
project cost performance. Also, to answer H2—H6, model evaluations are implemented to
acquire validated R’, accuracy, precision, recall, and AUC values.

The analyzed and cleaned data are uploaded to the Google Colab platform to

develop the ML model to write Python codings and utilize algorithm library models. The
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dataset is divided into train, test, and validate. During training, the models were fit to the
training dataset. Subsequently, the model is tested. After testing, the model is run on the

validation dataset to acquire final evaluations for model performances.
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Figure 3-3: Process Flow Diagram of Machine Learning Development
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3.4.1 Linear Regression Machine Learning Model
The first model was developed in Google Colab using the linear regression
algorithm. Sample code for model import is shown in Figure 3-4 with hyperparameters

depicted in Table 3-6. The complete model code is available (Appendix D).

from sklearn.linear model import LinearRegression
LR = LinearRegression() .fit (X train, y train)

Figure 3-4: Linear Sample Code

Algorithm Linear Regression
fit_intercept bool, default=True
copy X bool, default=True
n_jobs int, default=None
positive bool, default=False

Table 3-6: Hyperparameters (scikit-learn, 2024c¢)

3.4.2 Ridge Regression Machine Learning Model

The second model was developed in Google Colab using the regression algorithm,
with an a of .05. Sample code for model import is shown in Figure 3-5 with
hyperparameters depicted in Table 3-7. The complete model code is available (Appendix
E). Ridge model functions to fit data into a model using all predictors and minimize
estimated coefficients to deal with overfitting (Nakatsu, 2023).

from sklearn.linear model import Ridge
RR = Ridge (alpha = 0.05)
RR.fit (X train, y train)

Figure 3-5: Ridge Sample Code
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Algorithm Ridge

Alpha 0.05

fit_intercept bool, default=True
copy X bool, default=True
max_iter int, default=None
tol float, default=1e-4

Table 3-7: Hyperparameters (scikit-learn, 2024e)

3.4.3 Lasso Regression Machine Learning Model

The third model was developed in Google Colab using the Lasso algorithm, with
an a of .05. Sample code for model import is shown in Figure 3-6 with hyperparameters
depicted in Table 3-8. The complete model code is available (Appendix F). Lasso
regression adds a penalty for loss to help avoid overfitting and reduce co-linearity

between the variables (D. Wang et al., 2021).

from sklearn.linear model import Lasso
L = Lasso(alpha=0.05)
L.fit (X train,y train)

Figure 3-6: Lasso Sample Code

Algorithm Lasso

alpha 0.05

fit_intercept bool, default=True
precompute default=False
copy X bool, default=True
max_iter int, default=1000
tol float, default=1e-4
warm_start bool, default=False
positive bool, default=False
random_state default=None
selection default="cyclic’

Table 3-8: Hyperparameters (scikit-learn, 2024b)
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3.4.4 Bayesian Regression Machine Learning Model
The final model was developed in Google Colab using the Bayesian Ridge (BR)
algorithm. Sample code for model import is shown in Figure 3-7 with hyperparameters
depicted in Table 3-9. The complete model code is available (Appendix G). Bayesian
Optimization selects appropriate hyperparameters by building a probability model of the
model’s objective function (W. Wang, 2022).
sklearn.linear model BayesianRidge

BR = BayesianRidge (alpha 1=0.05, alpha 2=0.05, lambda 1=0.05, lambda 2=0.05)
BR.fit (X train,y train)

Figure 3-7: Bayesian Sample Code

Algorithm BayesianRidge

max_iter int, default=300
tol float, default=1e-3
alpha 1 0.05

alpha 2 0.05

lambda 1 0.05

lambda 2 0.05

lambda init |float, default=None
compute score |bool, default=False
fit_intercept |bool, default=True
copy X bool, default=True
verbose bool, default=False

Table 3-9: Hyperparameters (scikit-learn, 2024a)

3.4.6 Machine Learning Model Functions Selection

In addition to the model selection algorithms, model functions are imported
libraries that are available: fast_ml.model_developement (PyPI, 2021), sklearn.metrics
(scikit-learn, 2024¢), sklearn.model_selection (scikit-learn, 2024d), and

sklearn.Inear_model (scikit-learn, 2024f).
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The following features in Figure 3-8, are imported into the Google Colab library
to split the data into training, testing, and validation and acquire the model’s metrics,
including R’, MAE, RMSE, cross-validation, AUC, and confusion matrix elements

#Importing necessary libraries
import pandas as pd

import numpy as np

import math

import operator

from fast ml.model development import train valid test split

from sklearn import metrics
from sklearn.metrics import mean absolute error

from sklearn.metrics import mean squared error
from sklearn.metrics import r2 score

from sklearn.metrics import roc curve, auc

from sklearn.model selection import cross val score
from sklearn.metrics import confusion matrix

from sklearn.model selection import train test split
from sklearn.metrics import roc auc score

Figure 3-8: Machine Learning Functions

3.4.7 Classification Machine Learning Development

Regression algorithms available in the pandas and NumPy libraries are used to
build the ML models to predict the cost variance and assigned values of 1 and 2 for
project overrun occurrence. As shown in Figure 3-9 for estimation value transformation
into two values, dividing the predicted output by the absolute value itself and adding
three will develop a group value of 1 and 2, similar to the assigned actual values of the

dataset.
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y pred train class y pred train/ (y pred train) +3)/2

y pred valid/ (y pred valid) +3)/2
y pred test class = ((y pred test/ (y pred test) ) +3)/2

y pred valid class

Figure 3-9: Classification Sample Code

3.5 Model Validation

All developed ML models utilized 10% of the dataset for validation, and the
remaining 90% was used to train and test the models. The train and test dataset used 10-
fold cross-validation to tune and validate the models. Subsequently, the model runs the
validation dataset. The results will be compared to the actual values. The performance
metrics are the basis for answering the RQs and hypotheses. Cross-validation is used to
continue assessing the model’s performance up to ten times (Gill et al., 2024). Figure 3-

10 shows a sample K-fold validation code.

# k-fold cross validation

scores = cross val score(LR, X valid, y valid, scoring='r2', cv=10)
scores

Figure 3-10: K-Fold Cross Validation Sample Code

3.6 Model Performance Metrics

The performance metrics are acquired for the training, testing, and validation
phases. Figure 3-11 shows the ML scorecard for the four applications built. The first
column includes the model name and variables used, the second column consists of the

number of predictions and testing phases, and the third column consists of the regression

and classification metrics.
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Data Set

Training Outcomes

Bayesian Regression Training: MAE RMSE R-Squared
Cost Variance Estimation Cost
Variables Accuracy | Precision Recall AUC
Independent Variables
Cost Overrun Classification (yes or no) N FP FN TP
Testing Testing Outcomes
Prediction
Accuracy | Precision Recall AUC
Cost Overrun Classification (yes or no)
N FP FN TP

Dependent Variables

Validation

Estimation

Cost Variance for Cost Variance

CO Yesor NO for Cost Overrun
Classification

Cost Overrun Classification (yes or no)

Accuracy

Validation Outcomes

Precision

Recall

AUC

TN

FP

FN

TP

3.6.1 Regression Metrics

Figure 3-11: Machine Learning Scorecard

Regression metrics, R?, and error metrics are determined. Sample code for the

models is shown in Figures 3-12. In evaluating the model’s performance, the mean

squared error (MSE) or the square root of the root mean squared error (RMSE) is

obtained for dimensioned error (Robeson & Willmott, 2023). Calculating the model’s

mean absolute error (MAE) is more explainable than quantifying the average error

(Robeson & Willmott, 2023). In this research, calculating MAE gives the average error

the model is performing, which is helpful, especially in regression-related items that

require quantitative output. The RMSE is the standard deviation of the errors and

provides insight into how far overrun errors are concerning MAE.
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#Validation

Mean Absolute Error valid = metrics.mean absolute error(y valid, y pred valid)

Root Mean Square Error valid = np.sqgrt(metrics.mean squared error(y valid, y pred valid))
R Squared Score valid = metrics.r2 score(y valid, y pred valid)

print ('Mean Absolute Error:', Mean Absolute Error valid)
print ('Root Mean Square Error:', Root Mean Square Error valid)
print ('Root Squared Score:', R Squared Score valid)

Figure 3-12: Regression Metrics Sample Code

3.6.2 Classification Metrics

Section 2.5 discusses using different performance metrics of various ML models:
accuracy, precision, recall, AUC, and model errors. In answering H2—H7, acquired
validation results for accuracy, precision, and recall are utilized to understand how well
the model is performing, the reliability and sensitivity of the model, and the prediction of
project cost performance. Then, acquiring R’, validation AUC ratings, mean errors, and
RMSE:s of the models can give the model’s overall performance and identify the most
suitable model for this project prediction application.

Utilizing Google Colab and writing Python coding to acquire a confusion matrix
to identify the classification of correctness, which are TP, FP, TN, and FN. Aligning it to
this research, each classification development would have confusion matrixes for
training, testing, and validation. The actual positive value is yes for overrun, and the
negative value is no overrun. Utilizing the four elements, accuracy, precision, and recall
is determined. Using Python, model train, test, and validate AUC scores and error ratings
are computed.

AUC can be found under the ROC plot (Carrington et al., 2021). Comparing it to
accuracy, the model’s accuracy is just a measure of a single decision or operating point of
the model’s ROC, while AUC measures all operating points (Carrington et al., 2021).
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AUC ratings range between 0 and 1. The best score of 1 means that the model can
classify and discriminate perfectly, and .5 is the worst score, meaning that the model
cannot classify nor differentiate the data (Carrington et al., 2021). In this research, the
AUC aim is between .5 to 1.0, and the ideal minimum is .7 AUC performance (Alem,
2023). If the developed model AUC has a value greater than .5, then the model has a
good prediction of the performance of the projects that will be overrun. If the AUC value
is .5, then the model has no distinguishing capability to determine if the project will be
overrun. Lastly, if the AUC value is less than .5, the predicting capability is reciprocated,

which means that the non-overrun projects will predict overrun and vice versa.

#check AUC of our model on the valid data
AUC valid class = roc_auc score(y valid class, y pred valid class)
print (AUC valid class)

#Confusion Matrix Validation
res valid class = confusion matrix(y valid class, y pred valid class)
tn, fp, fn, tp = confusion matrix(y valid class, y pred valid class) .ravel ()
( )
(res_valid class)
(f (y_ valid class) ")
( , tn, , fp, , fn, tp)

accuracy valid = (tp + tn) / (tp + tn + fp + fn)
precision valid = tp / ( tp + fp )
recall valid = tp / ( tp + fn )

Figure 3-13: Classification Sample Code
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3.6.3 Model Evaluations

Supporting and answering RQ3 and H6, Table 3-10 will evaluate model
performances in one table—validation metrics for regression and classification and
whether overfitting or underfitting occurred. The chosen ML model is primarily based on
this evaluation.

Accuracy is the fraction of the total match of the actual and predicted values of
the classifier’s total samples (Gao et al., 2022): (TP + TN) / (TP + TN + FN + FP). In this
research, acquiring the model’s accuracy is identifying matches that the model predicted
compared to the actual values compared to the total dataset number. The model’s
accuracy tells the model’s performance to predict if the project will or will not overrun in
the future.

Precision is the proportion of the total match of the real and predicted positive
values out of the total predicted values run by the classifier (Gao et al., 2022): (TP) / (TP
+ FP). In this research, the positive value is the model predicting projects that will be
overrun, and precision assesses the model’s reliability in predicting overrun projects.
More than acquiring the model’s accuracy is required if the model has higher accuracy.
Still, most scores are due to correctly predicting non-overrun projects, so capital project
management representatives will use an unreliable model to identify specific classes.
Furthermore, if negative values dominate the dataset more than positive values, precision
should be acquired in testing, training, and validation tests.

Recall is the proportion of the total match of the real and predicted positive values
out of the total positive values run by the classifier (Gao et al., 2022): (TP) / (TP + FN).

The recall will give an insight into whether the model has a bias toward projects that will
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be overrun and if the model developed tends to provide predictions on projects that will
not be overrun.

Once the models were developed and scorecards were generated. Two
assessments that could be considered are if the model is underfit or overfit. Underfitting
occurs when the developed model has a high error value on the training test, and
overfitting occurs when the developed model has a low training error but a high mistake
during the test set (Zhang et al., 2019). Possible factors of the underfitting problem are
the model being too simple, some hidden layers, the algorithm being used is not suitable
for the application purpose, and the need for more training dataset (Zhang et al., 2019).
On the other hand, possible factors of overfitting are the model being too complicated,
training data having too many characteristics, many specific features in the model, and
datasets between train and test having different characteristic distributions (Zhang et al.,
2019).

The test quality threshold is set to 70%, aligning with Sections 2.3 and 2.5. AUC
value of .7—-.8 is acceptable, .8—.9 is considered excellent, and .9—1 is outstanding (Alem,
2023). Moreover, the explanation of a regression model’s system performance variance,

or R?, should be at least 70% (Chervil, 2023).

Machine Learning CostO Clsshicat
Model — 05 verrun. .a55| cation Overfitting | Underfitting
R-Squared | K-fold Validation Score AUC Accuracy | Precision Recall

Linear Regression

Ridge Regression

Lasso Regression

Bayesian Regression

Table 3-10: Model Performance Evaluations Table
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Chapter 4 —Results
4.1 Introduction
Results from the data analysis and machine learning (ML) models are
presented in this section. The analysis includes exploratory testing, significance testing,
and presenting the four ML models, namely, linear, Ridge, Lasso, and Bayesian.

In Section 4.2, results from exploratory evaluation, significance testing, and
simulation utilizing the transformed regression and CART analysis to estimate and
classify cost overrun projects, corresponding to H1 are shown. Sections 4.3—4.6 present
results from the four ML models, corresponding to H2—H5. Scorecards of the models
provide accuracy, precision, recall, confusion matrix, and ROC curve. Section 4.7 reports
the models’ evaluation R’ and AUC for comparing each model’s performance and
usability, corresponding to H6.

4.2 Hypothesis 1 and Results
H1: Capital variables are significant to project cost overruns and have P-values less than
0.05 for variables analysis.
4.2.1 Exploratory Data Analysis Results
4.2.1.1 Scope Text
Texts from the reported scope of the projects reported in the dataset were extracted

and organized. The data groupings are identified in Table 4-1.
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Group Index

SCOPE GROUP

1 Health, dental, and Medical, fitness, pharmacy
2 Safety, Security, Facade, Gate/Barriers, CCTV, fire alarm, fencing, windows, doors
3 Elevators and escalator
4 Schools, college, library, lab improvements, children center, learning center, training
5 Parks, Plaza,Playground, Field, Malls, dogrun, zoos, theater, and Recreation, community center
Government Housing, Stadium, museum, site,municipal, farm, memorial, halls, Facilities development, Precinct,
6 trailers, Supreme Court, plants, headquarters, maintenance shop,
Transportation, bridge, subways,street, parking lot, bus, access, ramps, tunnel, signals, pedestrian, van, truck,
sidewalks,passengers information, terminal, greetings, signs, and exterior improvements, manholes, pavement,
7 traffic
8 Landscape, trees, garden, cleaning services, trash, environmental, deforestation, overhaul, odor control,
Administration, Acquisition, Contracts, relocation, lump sum, compliances, inspection, oversight, project,
requirements, zoning, installaion, testing, and Business services, relocation, cleaning, capital funds, grating, rent
9 payment, scope
HVAC, boilers, chillers, climate control, conduit, air monitoring, gas system, laundry, dry scrubber, pumping station,
10 utility, milling, engine, dam switchgear, blowers
Electrical, lighting, technological upgrade, fuel system, generator, solar, network, comm, substation, non standard
11 installs, concourse
Toilet, Kitchen, bathroom/comfort station, garage, warehouse, wall, vault, vending machines, Floor, pools, envelope,
12 structural, infrastructure, and interior renovations, office, desk, masonry
Building, avenue, blvd, exterior renovation and reconstruction, repair, redevelopment, beutification, storage,
replacement, rehabilitation, demolition, revitalization, construction, submetering, removal, development,
13 expansion, improvement,
Waterfront, shoreline,beach, pier, creek, plumbing, piping, dam, ferry, boardwalk, water distribution, chlorine
reduction, sanitary sewers, stormimprovements, emergency system, shelter, irrigation, flushing, trench restoration,
14 trunk
15 Roof
16 No data

Table 4-1: Scope Text Data Transformation Grouping

Histogram of SCOPE_Group_Variable
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Figure 4-1: Histogram of Occurrence of Text Scope Groups.
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A histogram of groupings of scope text examined frequency in dataset for the period
2009-2024 for the projects in New York City. The group with the highest project cost
overruns is Group 5, which consists of parks and recreational projects (see Figure 4-1).
Groups 3 and 4, which include elevators, schools, and children’s centers, had the least
occurrences. This is crucial information for engineering managers when estimating costs
for the districts to plan necessary adjustments.
4.2.1.2 Location

The location of the project cost overruns is displayed in Figure 4-2 as a dot plot. All
locations had project cost overruns. Manhattan (4) produced the highest overrun projects
(n=17,179). Richmond Borough (6) accounted for the least number of cost overruns with

2,704 projects.

Dotplot of LOCATION

= N0 00000000000 00000000000000000

N 9000000000000 0000000000000000000000000000
W 000000000000 0000000000

5000000000000 00000000000000000000000000000
Ul 0000000000000 0000000000000000000000000

O) 900000000 00000

LOCATION

Each symbol represents up to 149 observations

Figure 4-2: Location of Cost Overruns
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4.2.1.3 Cost Overrun

Box plot and probability plots were created to illustrate the distribution of cost
variance (Figures 4-3 and 4-4). Cost variances are negatively skewed, which means that
the median duration is greater than the average cost. The mean is $5883, including the
not overrun projects. Three outliers were identified in the box plot: 7618535, 7680535,

and 6619797. These outliers were removed from the dataset to build the ML model.

Boxplot of Cost Variance
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Figure 4-3: Boxplot for Cost Variance
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Probability Plot of Cost Variance
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Figure 4-4: Probability Plot of Cost Variance
4.2.1.4 Project Types

There are 150 unique project types. However, projects with less than 10 projects were

considered outliers for this analysis and would affect the accuracy of the models. They

are identified in Table 4-2 below.

Project Types Count of PROJECT_ID

13- BRIDGE VEHICLES 6

25- COMMUNICATIONS, SURVEILLANCE EQUIPMENT

30 - CONVEYANCE

33 - CULTURAL DEVELOPMENT

45 - EQUIPMENT AND VEHICLES

58 - IFATRACKWORKPROJECT FOR NEW YORK CITY TRANSIT

82 - MISCELLANEOUS PROGRAMS

85 - MISCELLANEOUS TRANSIT IMPROVEMENT PROJECTS

89 - NEIGHBORHOOD-BASED HOUSING INITIATIVES

92 - NEW HOUSING CONSTRUCTION

112 - RECONSTRUCTION OF SECURE DETENTION FACILITIES
115 - REHABILITATION AND RELOCATION OF BRANCH LIBRARIES
128 - ROUTINE RECONSTRUCTION

142 - UTILITY RELOCATION FOR SE AND WM PROJECTS

144 - WASTE DISPOSAL

150 - No data

wlo|lrkr|r|lo|lkr|kr|lo|lo|r |, ]|lw]|kr ]|~

Table 4-2: Project Types that have Less than 10 Entries
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4.2.1.5 Budget and RTC
The probability plot of budget amount (Figures 4-5) and city requirement to complete

(RTC) (Figures 4-6) are shown below. The mean budgeted amount is $15,634, and mean

RTC is $4,905.
Probability Plot of ORIG_BUD_AMT
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Figure 4-5: Probability Plot of Project Budget
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Figure 4-6: Probability Plot of City RTC
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4.2.1.6 Significance Data Analysis Results

Pairwise Pearson Correlations are used to find correlations of the different variables
for cost overrun occurrences. The analysis was chosen to identify the linear relationship
of each variable to the dependent variables. Regarding Table 4-3, all variables show
correlations to each other since none has zero value for the table, and there are negative
correlations into cost variance. The p-value was also identified with a = .05 to ensure that
the correlated variables are significant to the analyzed dependent variable. All
correlations of the independent variables are less than 90%, so the variables used are not

highly correlated with the dependent variable.

Pairwise Pearson Correlations

Sample 1 Sample 2 N Correlation 95% CI for p P-Value

ORIG_BUD_AMT Cost Variance 72437 -0.016 (-0.023, -0.009) 0
CITY_PRIOR_ACTUAL Cost Variance 72437 -0.31 (-0.317, -0.304) 0
CITY_YR1_PLAN Cost Variance 72437 -0.253 (-0.260, -0.247) 0
CITY_RTC Cost Variance 72437 -0.679 (-0.683, -0.675) 0
CITY_PRIOR_ACTUAL ORIG_BUD_AMT 72437 0.49 (0.485, 0.496) 0
CITY_YR1_PLAN ORIG_BUD_AMT 72437 0.244 (0.237, 0.251) 0
CITY_RTC ORIG_BUD_AMT 72437 0.315 (0.308, 0.321) 0
CITY_YR1_PLAN CITY_PRIOR_ACTUAL 72437 0.109 (0.102, 0.117) 0
CITY_RTC CITY_PRIOR_ACTUAL 72437 0.098 (0.090, 0.105) 0
CITY_RTC CITY_YR1_PLAN 72437 0.097 (0.090, 0.104) 0

Table 4-3: Pairwise Pearson Correlations Analysis

Using Minitab, a one-way ANOVA was also conducted to compare the means of each
independent categorical variable to the dependent variable, cost overruns, to verify the
variables’ significance. The same a of .05 was used for all variables’ significant means to
the cost overrun occurrences. The null hypothesis for these variables was rejected, so
each means for each group of the variables is statistically different in cost variance.

Figure. 4-7 depicts the interval plots of overrun descriptions’ cost variance. Analysis of
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the plot, groups 8, 10, and 12 produce high-cost overruns, which are project overrun due

to the state requirement contract, release of new technology, and contractor default.

One-Way ANOVA Analysis
Using AllUsable Data Points

Dependent Variable Independent Variables P<0.05
Location 0

Managing Agency

Project Type

Scope

Cost Variance -
Community Board

Delay Description
Estimated Cost
FY_Yr1_Plan 0.

o|olo|o|o|o

o
e
@

Table 4-4: One-Way ANOVA Data for Classification Data Set

Interval Plot of Cost Variance vs DELAY_DESC
95% CI for the Mean
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Figure 4-7: Interval Plot for Delay Description — Cost Variance

4.2.1.7 CART Analysis
CART analysis was applied to the dataset. Training and testing of cost overrun

projects classification (yes or no) yielded AUC scores of 94.31% and 91.1%, above the
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70% acceptable performance (see Table 4-5). Relative variables’ performances are
plotted in Figure 4.8. The city prior actual has the most critical value, and the current year

when overrun occurs has the least in this classification simulation analysis.

Model Summary

Total predictors 10

Important predictors 10

Number of terminal nodes 598

Minimum terminal node size 3

Statistics Training Test

Average -loglikelihood 0.2884 0.7218
-Area under ROC curve 0.9431 09111
95% ClI (0.8996, 0.9866 (0.8526, 0.9695)
Lift 1.7395 1.6628
Misclassification cost 0.2384 0.3038

Table 4-5: CART Analysis Model Summary

Relative Variable Importance

CITY_PRIOR_AC...
ORIG_BUD_AMT
Project_Type
MANAGING_AG...
CITY_YR1_PLAN
SCOPE_Group D...
DELAY_DESC
LOCATION

CITY_RTC

FY_YRI_PLAN

T T T T 1

0 20 40 60 80 100
Relative Importance (%)

Variable importance measures model improvement when splits are made on a predictor. Relative importance is defined as % improven
respect to the top predictor.

Figure 4-8: CART — Relative Variable Importance

4.2.1.8 Regression Data Analysis Results
Using Minitab, regression analyses utilizing stepwise forward selection and partial
least squares were used to simulate the dataset to estimate the cost overrun for the next

53



year if the developed ML models estimate the projects for overrun occurrence. Stepwise
regression produces an estimate with an R? of 80.93% (o = .05; Table 4-6). Focusing on
F-values, all variables were more than 0, which denotes that the coefficient of each
independent variable provides expandability of the dependent variables, which is the cost
variance. With p-values less than .05, the variables can be concluded significant to the
analysis.

Forward Selection of Terms

a to enter = 0.05

Model Summary
S R-sq R-sqg(adj) R-sq(pred)
30034.1 80.93% 80.87% 80.08%

Analysis of Variance

Source DF Adj SS AdjMS  F-Value P-Value
Regression 186 2.44E+14 1.31E+12  1452.76 0
ORIG_BUD_AMT 1 117E+14 1.17E+14 129158.6 0
CITY_PRIOR_ACTU 1 7.65E+13 7.65E+13 84764.77 0
CITY_YR1_PLAN 1 210E+13 2.10E+13 23277.12 0
CITY_RTC 1 1.08E+14 1.08E+14 1198134 0
LOCATION 5 1.01E+10 2.02E+09 224 0.048
MANAGING_AGCY. 24 1.86E+11 7.74E+09 8.58 0
Project_Type 126 3.43E+13 2.72E+11 302.07 0
DELAY_DESC 12 5.91E+10 4.92E+09 5.46 0
SCOPE_Group Dumr 15 9.99E+10 6.66E+09 7.38 0
Error 63691 5.75E+13 9.02E+08

Lack-of-Fit 39931 5.73E+13 1.43E+09 218.69 0
Pure Error 23760 1.56E+11 6561361

Total 63877 3.01E+14

Table 4-6: Regression Analysis: Forward Stepwise

For Partial Least Squares (PLS), Table 4-7 makes an R of 69.16%, and the
corresponding coefficients are for the regression formula. With the focus of the residual
plots in Figure 4-9, specifically the Versus Fits plot, the residuals are randomly

distributed and have no clear cone patterns, which denotes consistent variance and
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homoscedasticity. For inspection of the Versus Order plot, there are no patterns or trends

identified, which implies that the residuals are independent to each other.

Analysis of Variance for Cost Variance

Source DF SS MS F P
Regression 9 2.08E+14 2.31E+13 15913.48
Residual Error 63868 9.29E+13  1.45E+09
Total 63877 3.01E+14
Model Selection and Validation for Cost Variance
Components X Variance Error R-Sq

1 0.144114 1.74E+14  0.423463

2 0.234275 1.03E+14 0.657693

3 0.31589 9.30E+13  0.691341

4 0.407538 9.29E+13  0.69159

5 0.514216 9.29E+13  0.691592

6 0.626988 9.29E+13  0.691592

7 0.726491 9.29E+13  0.691592

8 0.814877 9.29E+13  0.691592

9 0.906011 9.29E+13  0.691592

Coefficients

Cost Varianc Cost Variance standardized

Constant 393596
LOCATION -158
MANAGING_AGCY_CD -2
Project_Type -1
DELAY_DESC -77
SCOPE_Group Dummy Variable 53
FY_YR1_PLAN -194
ORIG_BUD_AMT 1
CITY_PRIOR_ACTUAL -1
CITY_YR1_PLAN -2

CITY_RTC

0
0.003536
0.007279
0.000705
0.006128
0.003184
0.003955
0.759641
0.579936
0.339328

-0.72565

Table 4-7: Regression Analysis: Partial Least Square

Residual Plots for Cost Variance
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4.3 Hypothesis 2 and Results
H2: The machine learning model utilizing the linear regression algorithm has a model
validation R-squared and an AUC of at least 70%.

This section covers the performance of the linear ML model in the training, testing,
and validation evaluation phases utilizing the dataset, as shown in Table 4-8. The first
column lists the independent variables. Column 2 has the number of predictions and the
portioning of the datasets into three parts: test, train, and validate. Column 3 has the
outcomes per each evaluation phase, including accuracy, precision, recall, AUC,

confusion matrix, and errors.

Data Set Training Outcomes
Linear Regression Training (44714 Predictions) MAE RMSE R-Squared
Cost Variance Estimation Cost 8088.02 38436.62 69.26%
Variables Accuracy | Precision Recall AUC
Independent Variables 86.16% 93.21% 81.67% 86.89%
LOCATION Cost Overrun Classification (yes or no) N FP FN P
MANAGING_AGCY_CD 17700 1516 4673 20825
Scope
TYP_CATEGORY_NAME Testing Testing Outcomes
DELAY_DESC Prediction 12776
FY_YR1 Plan
ORIG_BUD_AMT Accuracy | Precision Recall AUC
CITY_PRIOR_ACTUAL T 86.74% 92.79% 82.92% 87.30%
Cost Overrun Classification (yes or no)
CITY_YR1 _PLAN N FP FN TP
CITY_RTC 51170 464 1230 5972
Dependent Variables Validation Validation Outcomes

Cost Variance for Cost
Variance Estimation

COYesor NO for Cost
Overrun Classification
Accuracy | Precision Recall AUC
Cost Overrun Classification (yes or no) Sossy P ) 7029
N FP FN P
2567 214 659 2948

Table 4-8: Linear Machine Learning Scorecard
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4.4 Hypothesis 3 and Results
H3: The machine learning model utilizing the Ridge regression algorithm has a model
validation R-squared and an AUC of at least 70%.

This section covers the performance of the Ridge ML model in the training, testing,
and validation evaluation phases utilizing the dataset, as shown in Table 4-9. The first
column lists the independent variables. Column 2 has the number of predictions and the
portioning of the datasets into three parts: testing, training, and validation. Column 3 has
the outcomes per each evaluation phase, including accuracy, precision, recall, AUC,

confusion matrix, and errors.

Data Set Training Outcomes
Ridge Regression (Alpha = 0.05) Training (44714 Predictions) MAE RMSE R-Squared
Cost Variance Estimation Cost 8000 38419.03 69.78%
Variables Accuracy | Precision Recall AUC
Independent Variables 83.96% 93.25% 77.22% 84.97%
LOCATION Cost Overrun Classification (yes or no) N FP FN P
MANAGING_AGCY_CD 18005 1413 5761 19535
Scope
TYP_CATEGORY_NAME Testing Testing Outcomes
DELAY_DESC Prediction 12776
FY_YR1_Plan
ORIG_BUD_AMT Accuracy | Precision Recall AUC
CITY_PRIOR_ACTUAL e 84.03% 93.41% 77.67% 85.14%
Cost Overrun Classification (yes or no)
CITY_YR1_PLAN N FP FN TP
CITY_RTC 5037 402 1638 5699
Dependent Variables Validation Validation Outcomes
Cost Variance for Cost Variance
Estimation

CO Yesor NO for Cost Overrun
Classification

Accuracy | Precision Recall AUC
0, 0, 0, 0,
Cost Overrun Classification (yes or no) S0 elES UUERD Sy
TN FP FN TP
2521 193 827 2847

Table 4-9: Ridge Machine Learning Scorecard
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4.5 Hypothesis 4 and Results
H4: The machine learning model utilizing the Lasso regression algorithm has a model
validation R-squared and an AUC of at least 70%.

This section covers the performance of the Lasso ML model in the training, testing,
and validation evaluation phases utilizing the dataset, as shown in Table 4-10. The first
column lists the independent variables. Column 2 has the number of predictions and the
portioning of the datasets into three parts: testing, training, and validation. Column 3 has
the outcomes per each evaluation phase, including accuracy, precision, recall, AUC,

confusion matrix, and errors.

Data Set Training Outcomes
Lasso Regression (Alpha = 0.05) Training (44714 Predictions) MAE RMSE R-Squared
Cost Variance Estimation Cost 7754.17 36278.55 70.49%
Variables Accuracy | Precision Recall AUC
Independent Variables 80.66% 92.52% 71.79% 82.07%
LOCATION Cost Overrun Classification (yes or no) N FP FN P
MANAGING_AGCY_CD 17821 1475 7170 18248
Scope
TYP_CATEGORY_NAME Testing Testing Outcomes
DELAY_DESC Prediction 12776
FY_YR1_Plan
ORIG_BUD_AMT Accuracy | Precision Recall AUC
CITY_PRIOR_ACTUAL Cost Overrun Classification (yes or no) 80.83% 92.34% 72.21% 82.18%
CITY_YR1_PLAN N FP FN P
CITY_RTC 5090 434 2015 5237
Dependent Variables Validation Validation Outcomes
Cost Variance for Cost Variance
Estimation

CO Yesor NO for Cost Overrun
Classification

Accuracy | Precision Recall AUC
() 0, 0, 0,
Cost Overrun Classification (yes or no) 80.26% 92.46% 71.13% 81.73%
TN FP FN TP
2540 211 1050 2587

Table 4-10: Lasso Machine Learning Scorecard
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4.6 Hypothesis 5 and Results
HS5: The machine learning model utilizing the Bayesian regression algorithm has a model
validation R-squared and an AUC of at least 70%.

This section covers the performance of the Bayesian ML model in the training,
testing, and validation evaluation phases utilizing the dataset, as shown in Table 4-11.
The first column lists the independent variables. Column 2 has the number of predictions
and the portioning of the datasets into three parts: testing, training, and validation.

Column 3 has the outcomes per each evaluation phase, including accuracy, precision,

recall, AUC, confusion matrix, and errors.

. . Data Set Training Outcomes
Bayesian Regression — —
(Alpha=0.05) Tralnlng (44714 P-redlt.:tlons) MAE RMSE R-Squared
Cost Variance Estimation Cost 7472.56 39620.89 66.84%
Variables Accuracy | Precision Recall AUC
Independent Variables 56.25% 72.77% 36.69% 59.32%
LOCATION Cost Overrun Classification (yes or no) N FP FN P
MANAGING_AGCY_CD 15840 3486 16072 9316
Scope
TYP_CATEGORY_NAME Testing Testing Outcomes
DELAY_DESC Prediction 12776
FY_YR1_Plan
ORIG_BUD_AMT Accuracy | Precision Recall AUC
CITY_PRIOR_ACTUAL Cost Overrun Classification (yes or no) 57.08% 74.46% 37.54% 60.25%
CITY_YR1_PLAN N FP FN TP
CITY_RTC 4560 937 4546 2733
Dependent Variables Validation Validation Outcomes

Cost Variance for Cost
Variance Estimation

CO Yesor NO for Cost Overrun
Classification

Accuracy | Precision Recall AUC
0, 0, 0, 0,
Cost Overrun Classification (yes or no) I LR EHERD R
TN FP FN TP
2269 479 2279 1361

Table 4-11: Bayesian Machine Learning Scorecard
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4.7 Hypothesis 6 and Results
H6: The selected machine learning prediction validation model can predict most project

overruns using capital significant variables and has a model validation R-squared and an

AUC of at least 70%.
Validation Results Cost Variance Estimation Cost Overrun Classification
Machine Learning Models R-Squared >70% AUC>70%
Linear Regression 74.66 87.02
Ridge Regression 56.97 85.19
Lasso Regression 79.83 81.73
Bayesian Regression 76.19 59.97

Table 4-12: Validation Results
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Chapter 5 —Discussion and Conclusions
5.1 Research Questions
The results of the study are discussed below.
5.1.1 Question 1: Is there any correlation between construction project variables and
project cost overruns, and if so, which variables are the most significant in cost
performance?

Correlation and one-way ANOV A analyses were conducted to answer RQ1. The
variables Project Budget, City Requirement to Complete (RTC), Year-1 Plan cost, and
City Prior Year produced more than 0 values, which concludes the correlation to the
project cost overrun. The variables Scope, Location, Managing Agency, Project
Category, Schedule Delay Description, and Year-1 also produced p-values less than the
set a of .05, which denotes that their means are significant for analyzing project cost
variances.

5.1.2 Question 2: Among the evaluated models, what machine learning algorithm and
regression is the most useful in predicting project cost overruns?

The machine learning (ML) models were chosen based on the data’s linearity and
utility of the regression models. Linear and Lasso ML algorithms effectively estimate
cost overruns. Bayesian and Ridge underperformed and produced R’ and AUC below the
set standard of 70%.

5.1.3 Question 3: Is the machine learning algorithm that has the best accuracy able to
estimate project cost overruns effectively, which is closer to the actual value?

According to Table 4-12, the linear, Lasso, and Bayesian models produced

acceptable validation scores, and the Ridge ml was unsatisfactory for R. For
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classification, the AUC for Bayesian underperformed. Based on R?and AUC, the Lasso
regression ML model produced the highest metric value cost estimation of 79.83%.

5.2 Research Hypotheses

The results are discussed in this section:

5.2.1 Hypothesis 1: Capital variables are significant to project cost overruns and have
P-values less than 0.05 for variables analysis.

In support of RQ1, analyses were conducted to determine whether certain
variables significantly contribute to deciding cost overruns. Exploratory data analyses
were performed to see the relationship of categorical variables for cost variance, and
results identified that project delay due to state requirement contract projects produce the
highest number of cost overrun instances. Manhattan has the most overrun projects, and
Richmond occurs the least. Data preparation and transformation were conducted before
analysis to prepare data for the ML model and interpret results effectively. Scope text
entries were individually analyzed and grouped into different variables, and Park and
Recreational project groups occur most overruns. This research confirms the correlation
between budget amount, prior actual amounts, current year estimated amount, and the
required completion cost. Both budget and RTC parameters are positively skewed, and
the p-values are less than .05, indicating that these variables refute the null hypothesis.
Also, it concluded that the project’s location, managing agency, scope type, project
category type, delay descriptions, and current year project have significant contributors to
cost performance, and this is proven by having p-values of .000 and therefore rejecting
the one-way ANOVA’s null hypothesis that cost overrun means, and the population

means of each categorical predictor are equal.
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Result: Hypothesis Confirmed.
5.2.2 Hypothesis 2: The machine learning model utilizing the linear regression
algorithm has a model validation R-squared and AUC of at least 70%.

For the linear regression model, training metrics produced 69.26%, and validation
datasets analysis produced an acceptable R’ of 74.66%, which means underfitting
occurred. No overfitting occurred since the K-fold cross-validation score was 85.35%,
which utilized training and testing datasets. The model’s classification performance to
identify cost overrun projects has an AUC of 83.02%, with a TP (Yes) of 2,948 out of
3,162 projects and a TN (No) of 2,567 out of 3,226. The confusion matrix results show
that accuracy, precision, and recall are above 70% in acceptable set standards.

Result: Hypothesis Confirmed.
5.2.3 Hypothesis 3: The machine learning model utilizing the Ridge regression algorithm
has a model validation R-squared and AUC of at least 70%.

For the Ridge regression model, training metrics produced 69.78%, and validation
datasets analysis produced an R’ of 56.97%, which means underfitting and overfitting
occurred. The K-fold cross-validation score is 78.39%, which utilized training and testing
datasets. The model’s classification performance to identify cost overrun projects has an
AUC of 85.19%, with a TP (Yes) of 2,847 out of 3,040 projects and a TN (No) of 2,521
out of 3,348. The confusion matrix results show that accuracy, precision, and recall are
above 70% in acceptable set standards.

Result: Hypothesis Not Confirmed
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5.2.4 Hypothesis 4: The machine learning model utilizing the Lasso regression algorithm
has a model validation R-squared and AUC of at least 70%.

For the Lasso regression model, training metrics produced 70.49%, and validation
datasets analysis produced an acceptable R of 79.83%, meaning no underfitting occurred.
No overfitting happened since the K-fold cross-validation score is 80.86%, which utilized
training and testing datasets. The model’s classification performance to identify cost
overrun projects has an AUC of 85.73%, with a TP (Yes) of 2,587 out of 2,798 projects
and a TN (No) of 2,540 out of 3,590. The confusion matrix results show that accuracy,
precision, and recall are above 70% in acceptable set standards.

Result: Hypothesis Confirmed
5.2.5 Hypothesis 5: The machine learning model utilizing the Bayesian regression
algorithm has a model validation R-squared and AUC of at least 70%.

For the BR model, training metrics produced only 66.85%, and validation dataset
analysis produced an R’ of 74.66%, which means underfitting occurred. Overfitting also
happened since the K-fold cross-validation score is 62.49%, which utilized training and
testing datasets. The model’s classification performance to identify cost overrun projects
has an AUC of 59.97%, with a TP (Yes) of 1361 out of 1,840 projects and a TN (No) of
2,269 out of 4,548. The confusion matrix results show precision is only above 70% in
acceptable set standards, and accuracy and recall are not. This means that the model
cannot produce the right amount of classification and also classify cost overrun projects.

Result: Hypothesis Not Confirmed
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5.2.6 Hypothesis 6: The selected machine learning prediction validation model can
predict most project overruns using capital significant variables and has a model
validation R-squared and AUC of at least 70%.

Table 5-1 listed the ML scores for regression estimation of cost overruns and the
classification of the projects if cost overruns occurred. Ridge regression scored lowest for
regression, and the Bayesian model for classification objectives. The linear and Lasso
models scored acceptable validation results for regression and classification. However,
the linear model produced a low training value, which denotes underfitting, and Lasso
does not have to overfit and underfit. Therefore, based on this research objectives and

thesis, the Lasso regression model is ideal for model development.

Machine Learning T R —
Model — 03 verrun. .a55| cation Overfitting | Underfitting
R-Squared | K-fold Validation Score AUC Accuracy | Precision Recall
Linear Regression 74.66% 85.35% 87.02% 86.33% 93.23% 81.73% No Yes
Ridge Regression 56.97% 78.39% 85.19% 84.03% 93.65% 77.49% Yes Yes
Lasso Regression 79.83% 89.86% 81.73% 80.26% 92.46% 71.13% No No
Bayesian Regression| 76.19% 62.49% 59.97% 56.82% 73.97% 37.39% Yes Yes

Table 5-1: Model Performance Metrics

Result: Hypothesis Confirmed
5.3 Lessons Learned
During this research, the following lessons learned were noted during data
preparation, model development, data analysis, and validation that could be useful for
overall ML research:
¢ Doing this research as a noncoding expert with limited ML experience,
conducting data analysis and preparation in the Google Colab platform utilizing
Python coding was a considerable challenge. Utilizing other statistical tools such

as Microsoft Excel and Minitab to perform data analysis, transformation,
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manipulation, and illustration made the research more feasible and optimized a
one-year timeframe. Minitab tool can be helpful in simulating data for regression
models and classification models using CART analysis. Excel can help transform
and manipulate data for Minitab and ML platforms.

Data transformation is also vital when doing ML models, especially if some data
points are missing or contain characters or elements the model could not identify.
This will reframe errors when running the model and ensure appropriate data
results are acquired.

Data transformation is valuable for exploring the dataset being used. Proper
documentation and traceability of transformation needs to be documented
appropriately for effectiveness, troubleshooting in later phases of research,
regrouping, and transparency purposes.

Exploratory data analysis plots, such as box plots, interval plots, histograms, etc.,
are essential, especially if the data distributions indicate outliers that would skew

the results of the built model.

5.4 Conclusions

The research concludes the following:

Conducting exploratory analysis on scope text treated data records, the parks and
recreation group produces cost overrun, followed by the waterfront, emergency,
sewers project group, and then the transportation projects group.

Utilizing correlation analysis, the project’s budget, actual previous year cost,
current year plan, and RTC negatively correlate the project cost performance and

contribute to cost overrun, particularly in capital projects. ANOVA analysis, the
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p-values of project scope, types, first-year fiscal year, delay descriptions, location,
and managing agency are below the set a of .05. This means that each population
for categorical variables is different and does not happen for chance about the
project cost performance or variance, which can help develop a cost overrun
estimation model.

e Forward selection regression and CART simulations were conducted on the
prepared and cleaned dataset that will be used to develop the ML models. The
regression analysis acquired an R of 80.93% and CART training and test AUCs
0f 94.31% and 91.11%. This builds confidence that an ML cost overrun
estimation and classification model can be developed for this research objective.

e Two of the four ML models built performed within the acceptable standard of
70% tolerance. The linear and Lasso models produced output with validation R’
and AUC above 70%. The Bayesian and Ridge models underperformed and were
concluded not to be helpful as regression models specifically for the dataset being
used.

5.5 Contributions to the Body of Knowledge
Conducting this research, the thesis of this paper, together with the objects
outlined in Chapter 1, the following contributions were able to present:
e ML models utilizing regression can be built and used to estimate and classify
cost overruns in capital projects—utilizing standard ML metrics, such as R?,

AUC, and confusion matrix elements.
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e The research explored data transformation and analysis of different project
variables, especially scope text inputs from multiple text inputs, and summarized
and grouped data that could be used for model development.

e The research utilized multiple regression ML algorithms: linear, Ridge, Lasso,
and Bayesian models, and compared output value.

¢ Finally, the methodology developed can be applied to regression and
classification in other industries and for capital project datasets from different
states and cities.

5.6 Recommendations for Future Research
Future research with similar problem statement, thesis, objectives, or hypotheses
should consider the following:

e Added datasets and variables could be used to improve cost estimation. For
illustration, acquiring bill of materials and quantities used for each project would
allow for more specific cost breakdowns and greater detail in cost estimation.

e To identify variables contributing to project delays and cost overruns, descriptions
of schedule delays would be extremely useful to mine for insight. Data on
mitigation actions for each scheduled delay would be an excellent source to
analyze for best practices.

e An operation model can be developed for the ML cost estimation model, and
engineering adaptation operational research can be acquired to prove its
effectiveness. A proposed framework, Figure 5-1, is illustrated below, adapting

the system engineering V-model principles.
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Acquiring datasets in Undate Database for additional actual val
the database: pdate Database tor aaditional actual values

End Project

Documentations
Assessmen.t of needs Quality control metrics and users’ feedback
and requirements /
/
\ Model Scoping and Design: ML Reassessment II
% \ Identifying project’s details: -———— = ———— -> e (7]
© type, manning, budget, Updating project scope and design e sl Iz ’g)
\ analysis
S schedule
\
%
O\ Processed Data set and Report preliminary ML deployment,
® \ Develop ML model and pre-eval changes Operation
\a. report preliminary integration:

evaluations monitoring

Test and Cross
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Model Evaluations Deploy ML

_____________________ ->

Caniguration Management Phase

Table 5-2: V-Model Machine Learning Adoption for Capital Projects
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Appendix A: Project Types

Type_Category_Name

ACCESS FOR THE HANDICAPPED

Administration

ANIMAL CARE

ATHLETIC FIELDS, GYMNASIUMS AND EQUIPMENT
AUGMENTATION OF WATER SUPPLY SYSTEMS
BEACHES AND BOARDWALKS

BIOLOGICAL NUTRIENT REMOVAL

BLUEBELT PROGRAM

BOARD OF ELECTIONS MODERNIZATION

BRIDGE FACILITIES

BRIDGE LIFE EXTENSION AND MISCELLANEOUS WORK
Bridge Painting

BRIDGE VEHICLES

BUILDING CONSTRUCTION, RECONSTRUCTION OR RETROFIT

BUILDING SYSTEMS AND INFRASTRUCTURE
CAPITAL EQUIPMENT

CHILD WELFARE FACILITIES

CITY TUNNEL NO. 1, RECONSTRUCTION

CITY TUNNEL NO. 3, STAGE 1

CITY TUNNEL NO. 3, STAGE 2

CLINIC RENOVATION AND REHABILITATION
COMMERCIAL DEVELOPMENT
COMMUNICATIONS

COMMUNICATIONS EQUIPMENT
COMMUNICATIONS, SURVEILLANCE EQUIPMENT
COMMUNITY DEVELOPMENT

CONSENT DECREE UPGRADING AND CONSTRUCTION
CONSERVATION FOR WATER METER REPLACEMENTS
CONSTRUCTION OF NEW COURT FACILITIES
CONVEYANCE

CORROSION PROTECTION SYSTEM

CROTON FILTER PROJECT

CULTURAL

DEVELOPMENT

DAM SAFETY PROGRAM

DATA PROCESSING AND OTHER EQUIPMENT
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33
34
35



DAY CARE FACILITIES

DEPARTMENT FOR THE AGING BUILDING RECONSTRUCTION
DISTRIBUTED GENERATION

EAST RIVER BRIDGES

ELECTRICAL, MECHANICAL AND HVAC SYSTEM UPGRADING
ELECTRONICS AND DATA PROCESSING

EMERGENCY, INSPECTION AND MISCELLANEOUS

EQUIPMENT

EQUIPMENT AND INTERAGENCY SERVICES

EQUIPMENT AND VEHICLES

ESSENTIAL RECONSTRUCTION OF FACILITIES

EXPANSION AND CONSTRUCTION OF FACILITIES

EXTENSIONS

EXTENSIONS TO ACCOMMODATE NEW DEVELOPMENT
FACILITY PURCHASES AND RECONSTRUCTION

FACILITY RECONSTRUCTION

FAIR BRIDGES

FERRY MAINTENANCE FACILITY CONSTRUCTION

FILTRATION AVOIDANCE DETERMINATION

FINANCING COSTS

GARAGES AND FACILITIES

GREEN INFRASTRUCTURE PROGRAM

IFATRACKWORK PROJECT FOR NEW YORK CITY TRANSIT
IMPROVEMENT AND EXPANSION OF COURT FACILITIES
IMPROVEMENTS TO EXISTING FACILITIES

INDUSTRIAL DEVELOPMENT

INSTALLATION OF LAMPPOSTS AND LUMINAIRES
INSTALLATION OF PAVEMENT MARKINGS

KENSICO-CITY TUNNEL

LABORATORIES

LAND ACQUISITION AND TREE PLANTING

LARGE, MAJOR AND REGIONAL PARK RECONSTRUCTION
LEGAL MANDATES AND CORRECTION OF UNSAFE CONDITIONS
LOCAL STREET RECONSTRUCTION

LOW TO MODERATE INCOME PUBLIC HOUSING CONSTRUCTION
LOW TO MODERATE INCOME PUBLIC HOUSING REHAB/RECONSTRUCTION
LOW TO MODERATE INCOME PUBLIC HOUSING UPGRADE
MAJOR MEDICAL EQUIPMENT

MAJOR OR PARTIAL HOSPITAL RECONSTRUCTION

MAJOR RECREATIONAL FACILITIES AND FACILITY RECONSTRUCTION
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36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75



MANAGEMENT INFORMATION SYSTEMS

MARKET DEVELOPMENT

MISCELLANEOUS

MISCELLANEOUS CONSTRUCTION

MISCELLANEOUS ENERGY EFFICIENCY AND SUSTAINABILITY
MISCELLANEOUS IMPROVEMENTS UPSTATE
MISCELLANEOUS PROGRAMS

MISCELLANEOUS PROJECTS FOR NEW YORK CITY TRANSIT
MISCELLANEOUS RECONSTRUCTION

MISCELLANEOUS TRANSIT IMPROVEMENT PROJECTS
MTABC RELATED CAPITAL PURCHASES

NEIGHBORHOOD PARKS AND PLAYGROUNDS
NEIGHBORHOOD REVITALIZATION
NEIGHBORHOOD-BASED HOUSING INITIATIVES

NEW FACILITIES

NEW FACILITIES AND RENOVATIONS

NEW HOUSING CONSTRUCTION

New Jail Facilities

NEW SCHOOL CONSTRUCTION

NEW TECHNOLOGY AND CONSTRUCTION

OCME

OTHER HOUSING SUPPORT INVESTMENT

Parking Meters, Lots, and Garages

PEDESTRIAN RAMP CONSTRUCTION

PLANT COMPONENT STABILIZATION

PLANT UPGRADING AND RECONSTRUCTION

POLICE FACILITIES

PORT DEVELOPMENT

PRIMARY STREET RECONSTRUCTION

PRIMARY STREET RESURFACING

PROGRAMMATIC REPLACEMENT AND RECONSTRUCTION
PROGRAMMATIC RESPONSE TO REGULATORY MANDATES
RECONSTRUCTION NECESSARY TO MAINTAIN FACILITIES
RECONSTRUCTION OF FERRY BOATS

RECONSTRUCTION OF FERRY TERMINAL FACILITIES
RECONSTRUCTION OF RETAINING WALLS
RECONSTRUCTION OF SECURE DETENTION FACILITIES
RECONSTRUCTION OF STEP STREETS
RECONSTRUCTION/RENOVATION OF COURT FACILITIES
REHABILITATION AND RELOCATION OF BRANCH LIBRARIES

81

76
7
78
79
80
81
82
83
84
85
86
87
88
89
90
91
92
93
94
95
96
97
98
99
100
101
102
103
104
105
106
107
108
109
110
111
112
113
114
115



REHABILITATION OF CITY-OWNED OFFICE SPACE
REHABILITATION OF COURT BUILDINGS
REHABILITATION OF NON-WATERFRONT PROPERTIES
REHABILITATION OF SCHOOL COMPONENTS
REHABILITATION OF WATERFRONT PROPERTIES
RENOVATION OF LEASED SPACE

RENOVATION OF OTHER CITY-OWNED FACILITIES
REPLACEMENT BRANCHES

REPLACEMENT OF CHRONICALLY FAILING COMPONENTS
REPLACEMENT OF ELECTRICAL DISTRIBUTION SYSTEMS
REPLACEMENT OR AUGMENTATION OF EXISTING SYSTEMS
ROUTINE RECONSTRUCTION

Security Systems

SHELTERS FOR HOMELESS FAMILIES

SHELTERS FOR HOMELESS INDIVIDUALS

SIDEWALK RECONSTRUCTION

SIGNAL INSTALLATION AND COMPUTERIZATION

SOCIAL SERVICE BUILDINGS

SOCIAL SERVICES BUILDINGS

SOLID WASTE MANAGEMENT

SUPPORT SERVICES IMPROVEMENTS

SUPPORT SPACE

TRAFFIC WORK IN CONJUNCTION WITH HIGHWAY RECONSTRUCTION
TRUNK AND DISTRIBUTION MAIN EXTENSION

TRUNK AND DISTRIBUTION MAIN REPLACEMENT
USEFUL LIFE EXTENSION

UTILITY RELOCATION FOR SE AND WM PROJECTS
VEHICLES AND EQUIPMENT

WASTE DISPOSAL

WATER FOR THE FUTURE

WATER QUALITY MANDATES

WATER QUALITY PRESERVATION

WATERFRONT DEVELOPMENT

Z00S

Unknown
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116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150



Appendix B: Project Scopes

Scope Text

SCOPE_Dummy Variable

Scope_Summary

ISCOPE_Group Dummy Variable

106 PRECINCT 1 106th Precinct 6
..$552K XFER TO P-107WHLN...$1.753M XFER TO P-311MGFI...$604K TRSFR TO 2 BOARDWALKS improvements 14
..$552K XFER TO P-107WHLN...$1.753M XFER TO P-311MGFI...$604K TRSFR TO 3 BOARDWALKS improvements 14
..$552K XFER TO P-107WHLN...$1.753M XFER TO P-311MGFI..$604K TRSFR TO 4 BOARDWALKS improvements 14
..$552K XFER TO P-107WHLN...$1.753M XFER TO P-311MGFI...$604K TRSFR TO 5 BOARDWALKS improvements 14
..$6.996M (FY16-18) XFER TO P-1BWPLGR...$9.207M (FY16-18) XFER TO P-2BWI 6 Contracts 9
..$6.996M (FY16-18) XFER TO P-1BWPLGR...$9.207M (FY16-18) XFER TO P-2BWI 7 Contracts 9
..$6.996M (FY16-18) XFER TO P-1BWPLGR...$9.207M (FY16-18) XFER TO P-2BWI 8 Contracts 9
"PARKS INSPECTIONS HAVE IDENTIFIED SAFETY CONDITIONS RELATED TO THE
RANAQUA STOREHOUSE AT THE DISPATCH OFFICE AND BATHROOM AREAS,
RESULTING IN CLOSURE OF BOTH THESE FACILITIES. THE CLOSURE OF THE
DISPATCH OFFICE HAS RELOCATED STAFF AWAY FROM THE CENTER OF THE 9 Ranaqua Facade Safety Repairs| 2
RECREATIUON CENTER 94 RECEIVED AN EMERGENCTY DECTARATION FRUTT
DOB ON 1/27/2020 (BACKUP ATTACHED) CALLING FOR THE EXPEDITED
INSTALLATION OF ASIDEWALK SHED DUE TO THE SEVERITY OF THE UNSAFE 10 Center 54 Exterior Masonry Rec| 5
"UNCLE" VITO F. MARANZANO GLENDALE PARK -- REPLACE PLAYGROUND MATS 11 playground 5
(CS-FC-SEW) PHASE 3A: H.L.S., STORM & COMBINED SEWERS, & WM WORK IN FH 12 SEWERS, & WM WORK IN FRES 14
(CS-FC-SEW) PHASE 3B: H.L.S., STORM, COMBINED & SANITARY SEWERS, AND 13 RY SEWERS, AND WM WORKS | 14
(HW007K03) REPLACEMENT OF WATER MAIN ALONG PARK AVENUE BETWEEN ( 14 NT OF WATER MAIN ALONG PA 13
(P0822) TO P-4PNYT26...FY 16 TRF $1.285M (P 0822) TO P-6PNYT22... TRF$1.32 15 Street Trees 8
(PB) DOT 169TH STREET CLAY AVENUE--DOT CAMERA INSTALLATION AT CLAY A 16 Street improvement 7
(SANDHWS) STORM SEWER EXTENSIONS IN HAROLD AVE FROM BAYVIEW TERRA 17 STORM SEWER EXTENSIONS 14
*NEW* -ELEVATOR REPLACEMENT - 3 STOP 18 Elevator Replacement 3
YUDPRY6 ST. CATHERINE'S PARK -- IMPROVEMENTS TO THE SPORTSCOATING | 19 Bround sportscoating improver| 5
VUNYCHAY6 STANLEY M. ISAACS NEIGHBORHOOD CENTER KITCHEN -- TO COl 20 Kitchen improvement 12
$1 CW ENVELOPE CONTRACT 21 Contracts 9
$1,008K TO P-3TRE20B;$848K TO P-3TRE20A;$551K TOP-2TRE20F; $2,546K TQ 22 TREES 8
$1,008K TO P-3TRE20B;$848K TO P-3TRE20A;$551K TOP-2TRE20F; $2,546K TQ 23 TREES 8
$1,008K TO P-3TRE20B;$848K TO P-3TRE20A;$551K TOP-2TRE20F; $2,546K TQ 24 TREES 8
$1.346M XFER TO ACEDPR405... FY17 JAN PLAN PROPOSAL - THE PARKS DEPAR 25 POOLS 12
XFERS FY17: $459K TO P-3CPIJAK, $644K TO P-3CPIJWJ, $666K TO P-2CPISBF, § 7475 park intiative 5
YANKEE STADIUM 7476 stadium 6
YANKEE STADIUM REQUIRMENTS 7477 Stadium 6
YC H+H/ NEPONSIT. DEMOLITION AND REMOVAL OF THE FACILITY TO ALLOW FOH 7478 the facility to allow for the con 5
YESHIVA UNIVERSITY AMSTERDAM AVENUE PUBLIC PLAZA 7479 Plaza 5
YORKVILLE - ADA ACCESSIBILITY 7480 access 7
YORKVILLE - NEW BOILER 7481 NEW BOILER 10
YOUTH TENNIS CENTER 7482 YOUTH TENNIS CENTER 5
YOUTH VILLAGE PLAYGROUND RECONSTRUCTION X242 7483 LAYGROUND RECONSTRUCTIC| 5
ZIMMERMAN PLAYGROUND BASKETBALL COURT RECON. 7484 IAYGROUND BASKETBALL COU| 5
No data 7485 Unknown 16
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Appendix C: Project Types and IDs

Project Types
No. Count of PROJECT_ID
1 36
2 17
3 56
5 476
6 370
7 16
8 211
9 36
10 11
11 737
12 156
13 6
14 1831
15 702
16 30
17 60
18 12
19 22
20 16
21 239
22 148
23 23
24 10
25 1
26 37
27 105
28 21
29 34
30 5
31 14
32 74
33 1
34 45
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35 32
37 140
38 32
39 31
41 12
43 31
44 43
45 3
46 3519
47 32
48 23
49 206
50 219
51 303
52 917
53 32
54 141
55 31
56 909
57 625
58 1
59 16
60 113
61 703
62 491
63 35
64 14
65 13
66 1542
67 3567
68 338
69 24
70 144
71 27
72 3882
73 33
74 21
75 1496
/6 14
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77 144
78 1967
79 251
80 424
81 29
82 1
84 3575
85 5
87 10454
88 451
89 5
90 26
91 1249
92 1
93 50
94 11
95 25
96 49
97 35
98 66
99 846
100 84
101 1389
102 1448
103 62
104 2817
105 141
106 11
107 40
108 432
109 119
110 407
111 16
112 1
113 32
114 915
115 5
116 1301
117 26
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118 45
120 31
121 370
122 86
123 151
124 349
125 32
126 1017
127 2429
128 1
129 578
130 1030
131 330
132 363
133 31
134 180
135 136
136 92
137 59
138 88
139 47
140 447
141 67
142 1
143 104
144 8
145 74
146 247
147 775
148 260
149 272
150 3
Grand Total 63926
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117524, 8:49 PM

hitps:/fcolab h google

Appendix D: Linear ML Code

pip install fast_ml

3> Collecting fast_ml

1102 CastOverran_Regressicn_DENG Lincar Regression_with CO classitication_without cutliers - Colab

Deown loading 1;st_’ll-3.68-9y3-mne-my.ml.mtadata (12 kB)

Downloading fast_nl-3.68-py3-none-any.whl {42 k8)

Installing collected packages: fast _ml
Successfully installed fast _al-3.68

#Inporting necessary libraries
import pandas as pd

import nurpy as np

import math

import operator

from sklearn. linear_model iwport LinearRegression

42.1/42.1 kB 1,6 NB/s eta 8:00:80

from fast_nl.zodel_cdevelopaent import train_valid_test_split

from sklearn irport metrics
from sklearn.setrics import mean_absolute_error
from sklearn.zetrics import mean_squared error

from sklearn.zetrics import r2_score

from sklearn.zetrics import roc_curve, auc

from sklearn.sodel_selection import cross_val_score
from sklearn.zetrics import confusion_matrix

from sklearn.sodel_selection import train_test_split
from sklearn.wetrics import roc_auc_score

Loading Data Set

df = pd.read_csv('/content/DATA, csv')

df.head{)
E34 SCOPE_Group
ject_Type DELAY_DESC Dumsy FY_YRL_PLAN ORIG_BUD_AMT CITY_PRIOR_ACTUAL C
Variable
14 13 3 2020 300 0.0
14 2 6 2020 300 00
14 13 L] 2020 00 00
14 2 3 2021 300 0.0
14 2 3 2021 300 0.0
Nextsteps:  Generate code with df & View recommended plots New imeractive sheet

Setting X (independent Variables) and ¥ (independent Variables)

#split dataset into train and test data

X_train,y_train, X _valid, y_valid, X_test, y_test = train_valid_test_split(df, target='Cost Variance', train_size=08.7, valid_size

print(X_train,shape, y_train,shape)
print(X_test.shape, y_test.shape}
print(X_valid,shape, y_valid,shape)

S (aa714, 11) (44714,)
{12776, 11) (12776,)
{6328, 11) (e388,)

y. train_class = X_train["Cost_Overrun_Yes_ 1 or No_2'].values

y_test_class = X_test|['Cost_Overrun_Yes_1_or_No_2'].values

y.valid_class = X_valid['Cost_Overrun_Yes_1_or No_2'].values

X_train.dropicolumns=|"'Cost_Overrun_Yes_1_or_No_2']}
X_test.drop(colunns=['Cost_Overrun_Yes_1 or No 2']]

‘drive/ 1-x AdudOTpeDEMNu YesSUF-HCdam2¥scroll To=TVDC UGy rdE Vi priniMode=true
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11/3/24, 8:49 PM 11.03 CostOverrun_Regression_DENG Linear Regression_with CO classification_without outliers - Colab

X:valid . dr;:p (columns=[ 'Cos;_()verru;_Ye;_i_o;_Ng_Z '1)

0

SCOPE_Group

LOCATION MANAGING_AGCY_CD Project_Type DELAY_DESC Dummy FY_YR1_PLAN ORIG_BUD_AMT CITY_PRIOR_ACTUAL CITY_YF
Variable
14324 5 846 6 13 5 2020 491 0.00
40431 4 856 116 2 2 2021 308 324.00
45123 2 846 149 1 5 2022 180 0.00
34852 4 42 84 13 6 2021 1800 0.00
14528 4 846 87 1 5 2023 300 0.00
31478 3 806 72 2 10 2020 25000 3952.67
35781 5 846 87 2 5 2023 3500 0.00
7294 4 846 87 2 8 2023 400 1761.00
36584 1 850 104 6 5 2020 4488 7767.00
57647 5 850 46 13 13 2020 2485 0.00

6388 rows x 10 columns

R = LinearRegression().fit(X_train, y_train)
y_pred_train = LR.predict(X_train)
y_pred_valid = LR.predict(X_valid)
y_pred_test = LR.predict(X_test)

#Train

Mean_Absolute_Error_train = metrics.mean_absolute_error(y_train, y_pred_train)
Root_Mean_Square_Error_train = np.sqrt(metrics.mean_squared_error(y_train, y_pred_train))
R_Squared_Score_train = metrics.r2_score(y_train, y_pred_train)

print('Mean Absolute Error:', Mean_Absolute_Error_train)
print('Root Mean Square Error:', Root_Mean_Square_Error_train)
print('Root Squared Score:', R_Squared_Score_train)

5% Mean Absolute Error: 8088.022041956871
Root Mean Square Error: 38436.61537665542
Root Squared Score: 0.6926465626751792

#Test

Mean_Absolute_Error_test = metrics.mean_absolute_error(y_test, y_pred_test)
Root_Mean_Square_Error_test = np.sqrt(metrics.mean_squared_error(y_test, y_pred_test))
R_Squared_Score_test = metrics.r2_score(y_test, y_pred_test)

print('Mean Absolute Error:', Mean_Absolute_Error_test)
print('Root Mean Square Error:', Root_Mean_Square_Error_test)
print('Root Squared Score:', R_Squared_Score_test)

5% Mean Absolute Error: 7858.706382204792
Root Mean Square Error: 39119.50494204722
Root Squared Score: 0.6641346313043577

#Validation

Mean_Absolute_Error_valid = metrics.mean_absolute_error(y_valid, y_pred_valid)
Root_Mean_Square_Error_valid = np.sqrt(metrics.mean_squared_error(y_valid, y_pred_valid))
R_Squared_Score_valid = metrics.r2_score(y_valid, y_pred_valid)

print('Mean Absolute Error:', Mean_Absolute_Error_valid)
print('Root Mean Square Error:', Root_Mean_Square_Error_valid)
print('Root Squared Score:', R_Squared_Score_valid)

https://colab research.google.com/drive/1J-x AdudO7pzD6MNuu YeiStJF-H8Cdam2#scroll To=TVDCUGvr4HtV &printMode=true 2/4
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11/3/24, 8:49 PM 11.03 CostOverrun_Regression_DENG Linear Regression_with CO classification_without outliers - Colab

5% Mean Absolute Error: 7918.344219838906
Root Mean Square Error: 33357.231471331754
Root Squared Score: 0.7465852740304794

# k-fold cross validation
scores = cross_val_score(LR, X_valid, y_valid, scoring='r2', cv=10)
scores

5% array([-0.30378447, 0.8805584 , 0.72758932, -0.09913477, 0.30993269,
0.70613859, 0.95862804, 0.42611733, 0.74623882, 0.85353526])

v Classification Costoverrun

y_pred_train_class = ((y_pred_train/abs(y_pred_train))+3)/2
y_pred_valid_class = ((y_pred_valid/abs(y_pred_valid))+3)/2
y_pred_test_class = ((y_pred_test/abs(y_pred_test))+3)/2

#check AUC of our model on the train data
AUC_train_class = roc_auc_score(y_train_class, y_pred_train_class)
print (AUC_train_class)

5% 0.8689190672348043

#check AUC of our model on the test data
AUC_test_class = roc_auc_score(y_test_class, y_pred_test_class)
print (AUC_test_class)

5% 0.8729852380239234

#check AUC of our model on the Validation data
AUC_valid_class = roc_auc_score(y_valid_class, y_pred_valid_class)
print (AUC_valid_class)

5% 0.8701744789462578

#Confusion Matrix Train

res_train_class = confusion_matrix(y_train_class, y_pred_train_class)

tn, fp, fn, tp = confusion_matrix(y_train_class, y_pred_train_class).ravel()
print("Confusion Matrix")

print(res_train_class)

print("TN:", tn, ",FP:", fp, ",FN:", fn, ",TP:", tp)

accuracy_train = (tp + tn) / (tp + tn + fp + fn)
precision_train = tp / ( tp + fp )
recall_train = tp / ( tp + fn )

print('Accuracy:', accuracy_train)
print('Precision:', precision_train)
print('Recall:', recall_train)

5% Confusion Matrix
[[17700 1516]
[ 4673 20825]]
TN: 17700 ,FP: 1516 ,FN: 4673 ,TP: 20825
Accuracy: 0.8615869749966454
Precision: 0.9321426972830222
Recall: 0.8167307239783512

https://colab research.google.com/drive/1J-x AdudO7pzD6MNuu YeiStJF-H8Cdam2#scroll To=TVDCUGvr4HtV &printMode=true

90



11/3/24, 8:49 PM 11.03 CostOverrun_Regression_DENG Linear Regression_with CO classification_without outliers - Colab
#Confusion Matrix Test

res_test_class = confusion_matrix(y_test_class, y_pred_test_class)

tn, fp, fn, tp = confusion_matrix(y_test_class, y_pred_test_class).ravel()
print("Confusion Matrix")

print(res_test_class)

print("TN:", tn, ",FP:", fp, ",FN:", fn, ",TP:", tp)

accuracy_test = (tp + tn) / (tp + tn + fp + fn)
precision_test = tp / ( tp + fp )
recall_test = tp / ( tp + fn )

print('Accuracy:', accuracy_test)
print('Precision:', precision_test)
print('Recall:', recall_test)

2> Confusion Matrix

[[5110 464]

[1230 5972]]

TN: 5110 ,FP: 464 ,FN: 1230 ,TP: 5972
Accuracy: 0.867407639323732
Precision: 0.927905531385954

Recall: 0.8292141071924466

#Confusion Matrix Validation

res_valid_class = confusion_matrix(y_valid_class, y_pred_valid_class)

tn, fp, fn, tp = confusion_matrix(y_valid_class, y_pred_valid_class).ravel()
print("Confusion Matrix")

print(res_valid_class)

print("TN:", tn, ",FP:", fp, ",FN:", fn, ",TP:", tp)

accuracy_valid = (tp + tn) / (tp + tn + fp + fn)
precision_valid = tp / ( tp + fp )
recall_valid = tp / ( tp + fn )

print('Accuracy:', accuracy_valid)
print('Precision:', precision_valid)
print('Recall:', recall_valid)

5

Confusion Matrix

[[2567 214]

[ 659 2948]]

TN: 2567 ,FP: 214 ,FN: 659 ,TP: 2948
Accuracy: 0.863337507827176
Precision: 0.9323213156230234
Recall: 0.8172996950374273

https://colab research.google.com/drive/1J-x AdudO7pzD6MNuu YeiStJF-H8Cdam2#scroll To=TVDCUGvr4HtV &printMode=true
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Appendix E: Ridge ML Code

11/3/24,8:55 PM 11.03 CostOverrun_Regression_DENG Ridge Regressor_with CO classification_without outliers - Colab

pip install fast_ml

5% Collecting fast_ml
Downloading fast_ml-3.68-py3-none-any.whl.metadata (12 kB)
Downloading fast_ml-3.68-py3-none-any.whl (42 kB)
42.1/42.1 kB 1.1 MB/s eta 0:00:00

Installing collected packages: fast_ml
Successfully installed fast_ml-3.68

#Importing necessary libraries
import pandas as pd

import numpy as np

import math

import operator

from sklearn.linear_model import Ridge

from fast_ml.model_development import train_valid_test_split
from sklearn import metrics

from sklearn.metrics import mean_absolute_error

from sklearn.metrics import mean_squared_error

from sklearn.metrics import r2_score

from sklearn.metrics import roc_curve, auc

from sklearn.model_selection import cross_val_score

from sklearn.metrics import confusion_matrix

from sklearn.model_selection import train_test_split
from sklearn.metrics import roc_auc_score

Loading Data Set

df = pd.read_csv('/content/DATA.csv")

df.head()
= SCOPE_Group
LOCATION MANAGING_AGCY_CD Project_Type DELAY_DESC Dummy FY_YR1_PLAN ORIG_BUD_AMT CITY_PRIOR_ACTUAL CITY_YRL_P|
Variable
0 5 856 14 13 6 2020 300 0.0
1 5 856 14 2 6 2020 300 0.0
2 5 856 14 13 6 2020 300 0.0
3 5 856 14 2 6 2021 300 0.0
4 5 856 14 2 6 2021 300 0.0
Nextsteps:  Generate code with df @ View recommended plots New interactive sheet

Setting X (independent Variables) and Y (independent Variables)

#split dataset into train and test data
X_train,y_train, X_valid, y_valid, X_test, y_test = train_valid_test_split(df, target='Cost Variance', train_size=0.7, valid_siz

print(X_train.shape, y_train.shape)
print(X_test.shape, y_test.shape)
print(X_valid.shape, y_valid.shape)

5% (44714, 11) (44714,)
(12776, 11) (12776,)
(6388, 11) (6388,)

y_train_class = X_train['Cost_Overrun_Yes_1_or_No_2'].values
y_test_class = X_test['Cost_Overrun_Yes_1_or_No_2'].values
y_valid_class = X_valid['Cost_Overrun_Yes_1_or_No_2'].values

X_train.drop(columns=['Cost_Overrun_Yes_1_or_No_2'l)
https://colab.research.google.com/drive/1yw4OsJAd8i200vz5huK2d7D-wiR2xdo-#scroll To=TVDCUGvr4HtV &printMode=true 1/4
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11/3/24,8:55 PM

X:test .d rop.( columns=[" Cost_averrun_;es_I_Er_ﬁo_E' 1)
X_valid.drop(columns=['Cost_Overrun_Yes_1_or_No_2'])

5

SCOPE_Group

11.03 CostOverrun_Regression_DENG Ridge Regressor_with CO classification_without outliers - Colab

LOCATION MANAGING_AGCY_CD Project_Type DELAY_DESC Dummy FY_YR1_PLAN ORIG_BUD_AMT CITY_PRIOR_ACTUAL CITY_YF
Variable
3313 4 856 80 13 5 2023 700 0.0
12755 2 846 67 13 14 2023 114558 0.0
7043 5 39 46 13 2 2020 16156 0.0
47167 4 846 87 13 12 2020 1710 233.0
35468 1 801 88 2 13 2023 27800 494.0
22563 4 850 46 1 2 2021 362 620.0
61251 2 42 84 2 1 2020 750 0.0
28877 5 846 87 13 12 2022 1820 0.0
37782 4 846 87 13 6 2021 250 0.0
9884 4 846 87 13 5 2019 943 0.0

6388 rows x 10 columns

R = Ridge(alpha = 0.05)
RR.fit(X_train, y_train)

=

v Ridge *
Ridge(alpha=0.05)

y_pred_train = RR.predict(X_train)

y_pred_valid = RR.predict(X_valid)

y_pred_test = RR.predict(X_test)

#Train

Mean_Absolute_Error_train = metrics.mean_absolute_error(y_train, y_pred_train)
Root_Mean_Square_Error_train = np.sqrt(metrics.mean_squared_error(y_train, y_pred_train))
R_Squared_Score_train = metrics.r2_score(y_train, y_pred_train)

print('Mean Absolute Error:', Mean_Absolute_Error_train)
print('Root Mean Square Error:', Root_Mean_Square_Error_train)
print('Root Squared Score:', R_Squared_Score_train)

5% Mean Absolute Error: 8000.781277131643
Root Mean Square Error: 38419.0309656173
Root Squared Score: 0.6978216345130042

#Test

Mean_Absolute_Error_test = metrics.mean_absolute_error(y_test, y_pred_test)
Root_Mean_Square_Error_test = np.sqrt(metrics.mean_squared_error(y_test, y_pred_test))
R_Squared_Score_test = metrics.r2_score(y_test, y_pred_test)

print('Mean Absolute Error:', Mean_Absolute_Error_test)
print('Root Mean Square Error:', Root_Mean_Square_Error_test)
print('Root Squared Score:', R_Squared_Score_test)

5% Mean Absolute Error: 8018.852931316644
Root Mean Square Error: 40258.24096962002
Root Squared Score: 0.6998451506503063

https://colab.research.google.com/drive/1yw40OsJAd8i200vz5huK2d7D-wiR2xdo-#scroll To=TVDCUGvr4HtV &printMode=true
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11/3/24,8:55 PM 11.03 CostOverrun_Regression_DENG Ridge Regressor_with CO classification_without outliers - Colab
#Validation
Mean_Absolute_Error_valid = metrics.mean_absolute_error(y_valid, y_pred_valid)
Root_Mean_Square_Error_valid = np.sqrt(metrics.mean_squared_error(y_valid, y_pred_valid))
R_Squared_Score_valid = metrics.r2_score(y_valid, y_pred_valid)

print('Mean Absolute Error:', Mean_Absolute_Error_valid)
print('Root Mean Square Error:', Root_Mean_Square_Error_valid)
print('Root Squared Score:', R_Squared_Score_valid)

5% Mean Absolute Error: 7260.168891643135
Root Mean Square Error: 30475.37921057736
Root Squared Score: 0.5697459620331542

# k-fold cross validation
scores = cross_val_score(RR, X_valid, y_valid, scoring='r2', cv=10)
scores

5% array([ 0.53880465, 0.70433195, 0.68993951, 0.5441324 , -0.20495313,
0.86524955, 0.68625836, 0.12829599, 0.42368278, 0.78390596])

v Classification Costoverrun

import numpy as np

y_pred_train_class = ((y_pred_train/abs(y_pred_train))+3)/2
y_pred_valid_class = ((y_pred_valid/abs(y_pred_valid))+3)/2
y_pred_test_class = ((y_pred_test/abs(y_pred_test))+3)/2

#check AUC of our model on the train data
AUC_train_class = roc_auc_score(y_train_class, y_pred_train_class)
print (AUC_train_class)

v 0.8497444739809545

#check AUC of our model on the test data
AUC_test_class = roc_auc_score(y_test_class, y_pred_test_class)
print (AUC_test_class)

5% 0.851418672151163

#check AUC of our model on the train data
AUC_valid_class = roc_auc_score(y_valid_class, y_pred_valid_class)
print (AUC_valid_class)

5% 0.8518959936360949

#Confusion Matrix Train

res_train_class = confusion_matrix(y_train_class, y_pred_train_class)

tn, fp, fn, tp = confusion_matrix(y_train_class, y_pred_train_class).ravel()
print("Confusion Matrix")

print(res_train_class)

print(f"Train Set: {len(y_train_class)}")

print("TN:", tn, ",FP:", fp, ",FN:", fn, ",TP:", tp)

accuracy_train = (tp + tn) / (tp + tn + fp + fn)
precision_train = tp / ( tp + fp )
recall_train = tp / ( tp + fn )

print('Accuracy:', accuracy_train)
print('Precision:', precision_train)
print('Recall:', recall_train)

Confusion Matrix

[[18005 1413]

[ 5761 19535]]

Train Set: 44714

TN: 18005 ,FP: 1413 ,FN: 5761 ,TP: 19535
Accuracy: 0.8395580802433242

0

https://colab.research.google.com/drive/1yw40OsJAd8i200vz5huK2d7D-wiR2xdo-#scroll To=TVDCUGvr4HtV &printMode=true
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Precision: 0.9325472598816116
Recall: 0.7722564832384566

#Confusion Matrix Test

res_test_class = confusion_matrix(y_test_class, y_pred_test_class)

tn, fp, fn, tp = confusion_matrix(y_test_class, y_pred_test_class).ravel()
print("Confusion Matrix")

print(res_test_class)

print(f"Train Set: {len(y_test_class)}")

print(“TN:", tn, "“,FP:", fp, ",FN:", fn, ",TP:", tp)

accuracy_test = (tp + tn) / (tp + tn + fp + fn)
precision_test = tp / ( tp + fp )
recall_test = tp / ( tp + fn )

print('Accuracy:', accuracy_test)
print('Precision:', precision_test)
print('Recall:', recall_test)

5% Confusion Matrix
[[5037 402]
[1638 5699]]
Train Set: 12776
TN: 5037 ,FP: 402 ,FN: 1638 ,TP: 5699
Accuracy: 0.8403256105197244
Precision: 0.9341091624323882
Recall: 0.7767479896415429

#Confusion Matrix Validation

res_valid_class = confusion_matrix(y_valid_class, y_pred_valid_class)

tn, fp, fn, tp = confusion_matrix(y_valid_class, y_pred_valid_class).ravel()
print("Confusion Matrix")

print(res_valid_class)

print(f"Train Set: {len(y_valid_class)}")

print("TN:", tn, “,FP:", fp, ",FN:", fn, ", TP:", tp)

accuracy_valid = (tp + tn) / (tp + tn + fp + fn)
precision_valid = tp / ( tp + fp )
recall_valid = tp / ( tp + fn )

print('Accuracy:', accuracy_valid)
print('Precision:', precision_valid)
print('Recall:', recall_valid)

5% Confusion Matrix

[[2521 193]
[ 827 2847]]

Train Set: 6388
TN: 2521 ,FP: 193 ,FN: 827 ,TP: 2847
Accuracy: 0.8403256105197244
Precision: 0.9365131578947369
Recall: 0.7749047359825803

https://colab.research.google.com/drive/1yw40OsJAd8i200vz5huK2d7D-wiR2xdo-#scroll To=TVDCUGvr4HtV &printMode=true
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Appendix F: Lasso ML Code

11/3/24,9:05 PM 11.03 CostOverrun_Regression_DENG Lasso Reg;

pip install fast_ml

5% Collecting fast_ml

_with CO cl

ion_without outliers - Colab

Downloading fast_ml-3.68-py3-none-any.whl.metadata (12 kB)

Downloading fast_ml-3.68-py3-none-any.whl (42 kB)

Installing collected packages: fast_ml
Successfully installed fast_ml-3.68

#Importing necessary libraries
import pandas as pd

import numpy as np

import math

import operator

from sklearn.linear_model import Lasso

from fast_ml.model_development import train_valid_test_split

from sklearn import metrics

from sklearn.metrics import mean_absolute_error
from sklearn.metrics import mean_squared_error

from sklearn.metrics import r2_score

from sklearn.metrics import roc_curve, auc

42.1/42.1 kB 1.5 MB/s eta 0:00:00

from sklearn.model_selection import cross_val_score

from sklearn.metrics import confusion_matrix
from sklearn.model_selection import train_test_split

from sklearn.metrics import roc_auc_score

Loading Data Set

df = pd.read_csv('/content/DATA.csv')
df.head()

5

LOCATION MANAGING_AGCY_CD Project_Type

0 5 856
1 5 856
2 5 856
3 5 856
4 5 856

Setting X (independent Variables) and Y (independent Variables)

#split dataset into train and test data

14

14

14

DELAY_DESC

13
2

13

SCOPE_Group

Dummy FY_YRL_PLAN ORIG_BUD_AMT CI

Variable
6
6

2020
2020
2020
2021

2021

300
300
300
300
300

X_train,y_train, X_valid, y_valid, X_test, y_test = train_valid_test_split(df, target='Cost Variance'

https://colab research.google.com/drive/1QQcty9hCRg7-AGDe5Ivxdi3MAFTzeiTl#scrollTo=eale VhCljy2r&printMode=true
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~_with CO classi ion_without outliers - Colab

11/3/24,9:05 PM 11.03 CostOverrun_Regression_DENG Lasso R
print(X_train.shape, y_train.shape)
print(X_test.shape, y_test.shape)
print(X_valid.shape, y_valid.shape)

&

o (44714, 11) (44714,)
(12776, 11) (12776,)
(6388, 11) (6388,)

y_train_class = X_train['Cost_Overrun_Yes_1_or_No_2'].values
y_test_class = X_test['Cost_Overrun_Yes_1_or_No_2'].values
y_valid_class = X_valid['Cost_Overrun_Yes_1_or_No_2'].values

X_train.drop(columns=['Cost_Overrun_Yes_1_or_No_2'])
X_test.drop(columns=['Cost_Overrun_Yes_1_or_No_2'])
X_valid.drop(columns=['Cost_Overrun_Yes_1_or_No_2'])

5

SCOPE_Group

LOCATION MANAGING_AGCY CD Project_Type DELAY_DESC Dummy FY_YR1_PLAN ORIG_BUD_AMI
Variable

48656 4 71 130 13 2 2022 104(C
3568 1 42 84 1 14 2021 25(
4431 5 42 84 2 4 2023 467
58257 4 42 84 2 7 2020 20(
46573 5 850 46 1 6 2023 231¢
36874 6 42 84 1 14 2023 51(C
34531 1 816 2 13 13 2021 200(
24260 3 850 68 13 14 2020 2750(
41087 5 806 72 2 6 2022 150(
43625 3 841 99 1 9 2022 7507¢

6388 rows x 10 columns

L = Lasso(alpha=0.05)
L.fit(X_train,y_train)

v

Lasso !
asso(alpha=0.05) !

y_pred_train = L.predict(X_train)
y_pred_valid = L.predict(X_valid)

y_pred_test = L.predict(X_test)

https://colab research.google.com/drive/1QQcty9hCRg7-AGDe5Ivxdi3MAFTzeiTl#scrollTo=eale VhCljy2r&printMode=true 2/5
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#Train

Mean_Absolute_Error_train = metrics.mean_absolute_error(y_train, y_pred_train)
Root_Mean_Square_Error_train = np.sqrt(metrics.mean_squared_error(y_train, y_pred_train))
R_Squared_Score_train = metrics.r2_score(y_train, y_pred_train)

print('Mean Absolute Error:', Mean_Absolute_Error_train)
print('Root Mean Square Error:', Root_Mean_Square_Error_train)
print('Root Squared Score:', R_Squared_Score_train)

5% Mean Absolute Error: 7754.16905799637
Root Mean Square Error: 36278.55271603682
Root Squared Score: 0.7049092971899791

#Test

Mean_Absolute_Error_test = metrics.mean_absolute_error(y_test, y_pred_test)
Root_Mean_Square_Error_test = np.sqrt(metrics.mean_squared_error(y_test, y_pred_test))
R_Squared_Score_test = metrics.r2_score(y_test, y_pred_test)

print('Mean Absolute Error:', Mean_Absolute_Error_test)
print('Root Mean Square Error:', Root_Mean_Square_Error_test)
print('Root Squared Score:', R_Squared_Score_test)

5% Mean Absolute Error: 8181.958957746085
Root Mean Square Error: 45233.090521214835
Root Squared Score: 0.5545805617789157

#Validation

Mean_Absolute_Error_valid = metrics.mean_absolute_error(y_valid, y_pred_valid)
Root_Mean_Square_Error_valid = np.sqrt(metrics.mean_squared_error(y_valid, y_pred_valid))
R_Squared_Score_valid = metrics.r2_score(y_valid, y_pred_valid)

print('Mean Absolute Error:', Mean_Absolute_Error_valid)

print('Root Mean Square Error:', Root_Mean_Square_Error_valid)
print('Root Squared Score:', R_Squared_Score_valid)

5% Mean Absolute Error: 7749.91653951701
Root Mean Square Error: 36868.36707260898
Root Squared Score: 0.7983394021316952

# k-fold cross validation
scores = cross_val_score(L, X_valid, y_valid, scoring='r2', cv=10)
scores

5% array([0.6315301 , 0.84874073, 0.8273865 , ©.92357746, 0.92339108,
0.44489091, 0.73176705, 0.65067087, 0.89695242, 0.89857837])

v Classification Costoverrun

import numpy as np

y_pred_train_class = ((y_pred_train/abs(y_pred_train))+3)/2
y_pred_valid_class = ((y_pred_valid/abs(y_pred_valid))+3)/2
y_pred_test_class = ((y_pred_test/abs(y_pred_test))+3)/2

https://colab.research.google.com/drive/1QQcty9hCRg7-AGDe5Ivxdi3MAFTzeiTl#scroll To=eale VhCIjy2r&printMode=true
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#check AUC of our model on the train data
AUC_train_class = roc_auc_score(y_train_class, y_pred_train_class)
print (AUC_train_class)

5% 0.8207378620346741

#check AUC of our model on the test data
AUC_test_class = roc_auc_score(y_test_class, y_pred_test_class)
print (AUC_test_class)

5% 0.8217896793333846

#check AUC of our model on the valid data
AUC_valid_class = roc_auc_score(y_valid_class, y_pred_valid_class)
print (AUC_valid_class)

5% 0.8173005701828426

#Confusion Matrix Train

res_train_class = confusion_matrix(y_train_class, y_pred_train_class)

tn, fp, fn, tp = confusion_matrix(y_train_class, y_pred_train_class).ravel(
print("Confusion Matrix")

print(res_train_class)

print(f"Train Set: {len(y_train_class)}")

print("TN:", tn, ",FP:", fp, ",FN:", fn, ",TP:", tp)

accuracy_train = (tp + tn) / (tp + tn + fp + fn)
precision_train = tp / ( tp + fp )
recall_train = tp / ( tp + fn )

print('Accuracy:', accuracy_train)
print('Precision:', precision_train)
print('Recall:', recall_train)

5% Confusion Matrix
[[17821 1475]
[ 7170 18248]]
Train Set: 44714
TN: 17821 ,FP: 1475 ,FN: 7170 ,TP: 18248
Accuracy: 0.8066601064543544
Precision: ©0.9252142169041221
Recall: 0.7179164371705091

https://colab.research.google.com/drive/1QQcty9hCRg7-AGDe5Ivxdi3MAFTzeiTl#scroll To=eale VhCIjy2r&printMode=true
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#Confusion Matrix Test

res_test_class = confusion_matrix(y_test_class, y_pred_test_class)

tn, fp, fn, tp = confusion_matrix(y_test_class, y_pred_test_class).ravel()
print("Confusion Matrix")

print(res_test_class)

print(f"Train Set: {len(y_test_class)}")

print("TN:", tn, ",FP:", fp, ",FN:", fn, ",TP:", tp)

arriracy toct — [+n L +n) / [(+n L +n L Fn 1 fn)

#Confusion Matrix Validation

res_valid_class = confusion_matrix(y_valid_class, y_pred_valid_class)

tn, fp, fn, tp = confusion_matrix(y_valid_class, y_pred_valid_class).ravel(
print("Confusion Matrix")

print(res_valid_class)

print(f"Train Set: {len(y_valid_class)}")

print("TN:", tn, ",FP:", fp, ",FN:", fn, ",TP:", tp)

accuracy_valid = (tp + tn) / (tp + tn + fp + fn)
precision_valid = tp / ( tp + fp )
recall_valid = tp / ( tp + fn )

print('Accuracy:', accuracy_valid)
print('Precision:', precision_valid)
print('Recall:', recall_valid)

0

Confusion Matrix
[[2540 211]
[1050 2587]]
Train Set: 6388
TN: 2540 ,FP: 211 ,FN: 1050 ,TP: 2587
Accuracy: 0.802598622417032
Precision: ©.9245889921372409
Recall: 0.7113005224085786

https://colab.research.google.com/drive/1QQcty9hCRg7-AGDe5Ivxdi3MAFTzeiTl#scroll To=eale VhCIjy2r&printMode=true
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Appendix G: Bayesian ML Code

11/3/24,9:02 PM 11.03 CostOverrun_Regression_DENG Bayesian Ridge_with CO classification_without outliers - Colab

pip install fast_ml

5% Collecting fast_ml
Downloading fast_ml-3.68-py3-none-any.whl.metadata (12 kB)
Downloading fast_ml-3.68-py3-none-any.whl (42 kB)
42.1/42.1 kB 1.4 MB/s eta 0:00:00

Installing collected packages: fast_ml
Successfully installed fast_ml-3.68

#Importing necessary libraries
import pandas as pd

import numpy as np

import math

import operator

from sklearn.linear_model import BayesianRidge

from fast_ml.model_development import train_valid_test_split
from sklearn import metrics

from sklearn.metrics import mean_absolute_error

from sklearn.metrics import mean_squared_error

from sklearn.metrics import r2_score

from sklearn.metrics import roc_curve, auc

from sklearn.model_selection import cross_val_score

from sklearn.metrics import confusion_matrix

from sklearn.model_selection import train_test_split
from sklearn.metrics import roc_auc_score

Loading Data Set

df = pd.read_csv('/content/DATA.csv")

df.head()
3 SCOPE_Group
ct_Type DELAY_DESC Dummy FY_YR1_PLAN ORIG_BUD_AMT CITY_PRIOR_ACTUAL CITY_YRL_PLAN CITY_RTC Variaz:; Cost_Overrun,
Variable

14 13 6 2020 300 0.0 300 0 0.0
14 2 6 2020 300 0.0 0 0 0.0
14 13 6 2020 300 0.0 300 0 0.0
14 2 6 2021 300 0.0 0 0 0.0
14 2 6 2021 300 0.0 0 0 0.0

Nextsteps:  Generate code with df @ View recommended plots New interactive sheet

Setting X (independent Variables) and Y (independent Variables)

#split dataset into train and test data
X_train,y_train, X_valid, y_valid, X_test, y_test = train_valid_test_split(df, target='Cost Variance', train_size=0.7, valid_siz

print(X_train.shape, y_train.shape)
print(X_test.shape, y_test.shape)
print(X_valid.shape, y_valid.shape)

5% (44714, 11) (44714,)
(12776, 11) (12776,)
(6388, 11) (6388,)

y_train_class = X_train['Cost_Overrun_Yes_1_or_No_2'].values
y_test_class = X_test['Cost_Overrun_Yes_1_or_No_2'].values
y_valid_class = X_valid['Cost_Overrun_Yes_1_or_No_2'].values

X_train.drop(columns=['Cost_Overrun_Yes_1_or_No_2'l)
https://colab research.google.com/drive/10-4n-kXb33iI12CsXsZaowW20PgClUTuo#scroll To=TVDCUGvr4HtV &printMode=true 1/4
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X:test .d rop.( columns=[" Cost_averrun_;es_I_Er_ﬁo_E' 1)
X_valid.drop(columns=['Cost_Overrun_Yes_1_or_No_2'])

0

SCOPE_Group

LOCATION MANAGING_AGCY_CD Project_Type DELAY_DESC Dummy FY_YR1_PLAN ORIG_BUD_AMT CITY_PRIOR_ACTUAL CITY_YRL_
Variable
2219 5 42 84 2 6 2021 1326 0.0
3822 5 846 67 1 13 2021 1403 981.0
5036 4 37 60 1 2 2023 715 0.0
7587 2 42 84 2 1 2020 1000 0.0
3165 1 827 56 13 12 2024 44594 3324.0
9495 2 846 87 13 5 2021 2600 200.0
828 5 850 140 2 10 2021 60985 10498.0
7068 5 841 52 13 7 2020 67102 7666.0
2629 4 846 67 2 12 2021 250 1169.0
1734 5 42 84 1 1 2023 500 0.0

88 rows x 10 columns

R = BayesianRidge(alpha_1=0.05, alpha_2=0.05, lambda_1=0.05, lambda_2=0.05)
BR.fit(X_train,y_train)

0

v BayesianRidge i
BayesianRidge(alpha_1=0.05, alpha_2=0.05, lambda_1=0.05, lambda_2=0.05)

y_pred_train = BR.predict(X_train)
y_pred_valid = BR.predict(X_valid)
y_pred_test = BR.predict(X_test)

#Train

Mean_Absolute_Error_train = metrics.mean_absolute_error(y_train, y_pred_train)
Root_Mean_Square_Error_train = np.sqrt(metrics.mean_squared_error(y_train, y_pred_train))
R_Squared_Score_train = metrics.r2_score(y_train, y_pred_train)

print('Mean Absolute Error:', Mean_Absolute_Error_train)
print('Root Mean Square Error:', Root_Mean_Square_Error_train)
print('Root Squared Score:', R_Squared_Score_train)

5% Mean Absolute Error: 7472.559844092891
Root Mean Square Error: 39620.88546935002
Root Squared Score: 0.668479921401876

#Test

Mean_Absolute_Error_test = metrics.mean_absolute_error(y_test, y_pred_test)
Root_Mean_Square_Error_test = np.sqrt(metrics.mean_squared_error(y_test, y_pred_test))
R_Squared_Score_test = metrics.r2_score(y_test, y_pred_test)

print('Mean Absolute Error:', Mean_Absolute_Error_test)
print('Root Mean Square Error:', Root_Mean_Square_Error_test)
print('Root Squared Score:', R_Squared_Score_test)

5% Mean Absolute Error: 6954.630060635376

Root Mean Square Error: 35553.797834715464
Root Squared Score: 0.7206295451210059

https://colab research.google.com/drive/10-4n-kXb33iI12CsXsZaowW20PgClUTuo#scroll To=TVDCUGvr4HtV &printMode=true 2/4
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#Validation
Mean_Absolute_Error_valid = metrics.mean_absolute_error(y_valid, y_pred_valid)
Root_Mean_Square_Error_valid = np.sqrt(metrics.mean_squared_error(y_valid, y_pred_valid))
R_Squared_Score_valid = metrics.r2_score(y_valid, y_pred_valid)

print('Mean Absolute Error:', Mean_Absolute_Error_valid)
print('Root Mean Square Error:', Root_Mean_Square_Error_valid)
print('Root Squared Score:', R_Squared_Score_valid)

5% Mean Absolute Error: 7214.795027679152
Root Mean Square Error: 34341.5866884545
Root Squared Score: 0.761928010304423

# k-fold cross validation
scores = cross_val_score(BR, X_valid, y_valid, scoring='r2', cv=10)
scores

5% array([0.81844778, 0.8281834 , 0.92372297, 0.49693781, 0.8051956 ,
0.82324068, 0.84169676, 0.89696487, 0.91463687, 0.62495527])

v Classification Costoverrun

y_pred_train_class = ((y_pred_train/abs(y_pred_train))+3)/2
y_pred_valid_class = ((y_pred_valid/abs(y_pred_valid))+3)/2
y_pred_test_class = ((y_pred_test/abs(y_pred_test))+3)/2

#check AUC of our model on the train data
AUC_train_class = roc_auc_score(y_train_class, y_pred_train_class)
print (AUC_train_class)

5% 0.5932831245166295

#check AUC of our model on the test data
AUC_test_class = roc_auc_score(y_test_class, y_pred_test_class)
print (AUC_test_class)

5% 0.60250352494659

#check AUC of our model on the valid data
AUC_valid_class = roc_auc_score(y_valid_class, y_pred_valid_class)
print (AUC_valid_class)

5% 0.5997962554185261

#Confusion Matrix Train

res_train_class = confusion_matrix(y_train_class, y_pred_train_class)

tn, fp, fn, tp = confusion_matrix(y_train_class, y_pred_train_class).ravel()
print("Confusion Matrix")

print(res_train_class)

print(f"Train Set: {len(y_train_class)}")

print("TN:", tn, ",FP:", fp, “,FN:", fn, ",TP:", tp)

accuracy_train = (tp + tn) / (tp + tn + fp + fn)
precision_train = tp / ( tp + fp )
recall_train = tp / ( tp + fn )

print('Accuracy:', accuracy_train)
print('Precision:', precision_train)
print('Recall:', recall_train)

5% Confusion Matrix
[[15840 3486]
(16072 9316]]
Train Set: 44714
TN: 15840 ,FP: 3486 ,FN: 16072 ,TP: 9316
Accuracy: 0.562597844075681
Precision: 0.7276987970629589
Recall: 0.3669450133921538

https://colab.research.google.com/drive/10-4n-kXb33i12Cs XsZaow W20PgClUTuo#scrollTo=TVDCUGvr4HtV &printMode=true
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#Confusion Matrix Test
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res_test_class = confusion_matrix(y_test_class, y_pred_test_class)

tn, fp, fn, tp = confusion_matrix(y_test_class, y_pred_test_class).ravel()
print("Confusion Matrix")

print(res_test_class)

print(f"Train Set: {len(y_test_class)}")

print("TN:", tn, ",FP:", fp, “,FN:", fn, ",TP:", tp)

accuracy_test = (tp + tn) / (tp + tn + fp + fn)
precision_test = tp / ( tp + fp )
recall_test = tp / ( tp + fn )

print('Accuracy:', accuracy_test)
print('Precision:', precision_test)
print('Recall:', recall_test)

5% Confusion Matrix
[[4560 937]
[4546 2733]]
Train Set: 12776
TN: 4560 ,FP: 937 ,FN: 4546 ,TP: 2733
Accuracy: 0.570835942391985
Precision: 0.7446866485013623
Recall: 0.37546366259101527

#Confusion Matrix Validation

res_valid_class = confusion_matrix(y_valid_class, y_pred_valid_class)

tn, fp, fn, tp = confusion_matrix(y_valid_class, y_pred_valid_class).ravel()
print("Confusion Matrix")

print(res_valid_class)

print(f"Train Set: {len(y_valid_class)}")

print("TN:", tn, ",FP:", fp, ",FN:", fn, ",TP:", tp)

accuracy_valid = (tp + tn) / (tp + tn + fp + fn)
precision_valid = tp / ( tp + fp )
recall_valid = tp / ( tp + fn )

print('Accuracy:', accuracy_valid)
print('Precision:', precision_valid)
print('Recall:', recall_valid)

Confusion Matrix

[[2269 479]

[2279 136111

Train Set: 6388

TN: 2269 ,FP: 479 ,FN: 2279 ,TP: 1361
Accuracy: 0.5682529743268628
Precision: 0.7396739130434783

Recall: 0.3739010989010989

©
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Appendix H: Regression Analysis: Forward Selection

Method
Categorical predicta (1, 0)

Forward Selection of Terms
a to enter =0.05

Regression Equation
Cost Variance = 337 + 0.75392 ORIG_BUD_AMT - 0.84715 CITY_PRIOR_ACTUAL -
1.6099 CITY_YR1_PLAN - 1.14957 CITY_RTC + 0.0 LOCATION_1
+ 362 LOCATION_2 + 963 LOCATION_3 + 103 LOCATION_4
+ 1168 LOCATION_5 + 265 LOCATION_6
+ 0.0 MANAGING_AGCY_CD_35 - 880 MANAGING_AGCY_CD_37 -
2600 MANAGING_AGCY_CD_38 - 1365 MANAGING_AGCY_CD_39
+ 1532 MANAGING_AGCY_CD_40 + 7893 MANAGING_AGCY_CD_42 -
687 MANAGING_AGCY_CD_56 + 8155 MANAGING_AGCY_CD_57
+ 47785 MANAGING_AGCY_CD_68 + 484 MANAGING_AGCY_CD_71
+ 5121 MANAGING_AGCY_CD_72
+ 13526 MANAGING_AGCY_CD_96
+ 2202 MANAGING_AGCY_CD_125 -

2889 MANAGING_AGCY_CD_126 + 280 MANAGING_AGCY_CD_801 -
319 MANAGING_AGCY_CD_806 + 2952 MANAGING_AGCY_CD_816
+ 2516 MANAGING_AGCY_CD_819 -

1350 MANAGING_AGCY_CD_826
+ 5906 MANAGING_AGCY_CD_827 -

1594 MANAGING_AGCY_CD_841
+ 4914 MANAGING_AGCY_CD_846 -

3679 MANAGING_AGCY_CD_850
+ 3747 MANAGING_AGCY_CD_856
+ 4633 MANAGING_AGCY_CD_858 + 0.0 Project_Type_1 -
2570 Project_Type 2 - 12381 Project_Type_3 - 3194 Project_Type_5 -
6993 Project_Type_6 - 10965 Project_Type_7 - 6696 Project_Type_8 -
2524 Project_Type_9 + 5091 Project_Type_10 - 3075 Project_Type_11
+ 954 Project_Type_12 - 3241 Project_Type_14 -

1704 Project_Type_15 + 2815 Project_Type_16 -

61199 Project_Type_17 + 4779 Project_Type_18 -

132293 Project_Type_19 - 170200 Project_Type 20 -

2611 Project_Type_21 - 2890 Project_Type_22 -

8567 Project_Type_23 - 1801 Project_Type_24 -

10288 Proiect Tvpe 26 + 117 Proiect Tvpe 27
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+ 2657 Project_Type_28 - 895 Project_Type_29 -
14291 Project_Type_31 + 5654 Project_Type_32 -
32906 Project_Type 34 - 8298 Project_Type_35 -
2721 Project_Type_37 - 2658 Project_Type_38 -
35448 Project_Type_39 - 8645 Project_Type_41 -
2752 Project_Type_43 - 3174 Project_Type_44 + 322 Project_Type_46
- 5956 Project_Type_47 + 2225 Project_Type_48
+ 1137 Project_Type_49 + 566 Project_Type 50 -
8926 Project_Type 51 - 12777 Project_Type_52
+ 2855 Project_Type_53 + 1907 Project_Type_54 -
7846 Project_Type_55 - 9342 Project_Type_56 -
2659 Project_Type_57 + 8370 Project_Type_59 + 930 Project_Type_60
- 3511 Project_Type_61 + 1234 Project_Type_62
+ 4041 Project_Type_63 - 456568 Project_Type_64 -
223159 Project_Type_65 - 5067 Project_Type_66 -
6337 Project_Type_67 - 5107 Project_Type_68 -
7809 Project_Type 69 + 1673 Project_Type 70 -
9656 Project_Type_71 + 794 Project_Type_72 - 2594 Project_Type_73
+ 10120 Project_Type_74 - 6450 Project_Type_75
+ 1264 Project_Type_76 - 2709 Project_Type_77 -
848 Project_Type_78 - 3464 Project_Type 79 -
29034 Project_Type_80 - 564 Project_Type_81 -
8697 Project_Type_84 - 6022 Project_Type_87
+ 3573 Project_Type_88 + 7219 Project_Type_90 -
9396 Project_Type 91 - 878783 Project_Type_93 -
60826 Project_Type 94 - 6752 Project_Type 95 -
4000 Project_Type_96 + 3856 Project_Type_97 + 944 Project_Type_98
- 5952 Project_Type_99 + 32466 Project_Type_100 -
3425 Project_Type_101 - 1581 Project_Type_102
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Coefficients
Term

Constant
ORIG_BUD_AMT

CITY_PRIOR_ACTU

CITY_YR1_PLAN
CITY_RTC
LOCATION

ok wWN

Coef

337
0.75392
-0.84715
-1.6099
-1.14957

362
963
103
1168
265

+ 3852 Project_Type_103 - 1271 Project_Type_104
+ 2135 Project_Type_105 - 4991 Project_Type_106 -
2677 Project_Type_107 + 218 Project_Type_108
+ 10686 Project_Type_109 + 1229 Project_Type_110 -
1488 Project_Type_111 - 1307 Project_Type_113 -
5061 Project_Type_114 - 4315 Project_Type_116 -
3842 Project_Type_117 - 2981 Project_Type_118 -
1192 Project_Type_120 - 3518 Project_Type_121 -
8091 Project_Type_122 - 3708 Project_Type_123 -
346 Project_Type_124 + 3784 Project_Type_125 -
3378 Project_Type_126 - 4739 Project_Type_127
+ 221 Project_Type_129 - 634 Project_Type_130
+ 2198 Project_Type_131 - 553 Project_Type_132 -
25334 Project_Type_133 - 13963 Project_Type_134 -
3279 Project_Type_135 - 2 Project_Type_136 -
27657 Project_Type_137 + 5625 Project_Type_138 -
1065 Project_Type_139 + 2617 Project_Type_140 -
22074 Project_Type_141 - 3911 Project_Type_143
+ 51190 Project_Type_145 - 24248 Project_Type_146 -
3888 Project_Type_147 - 3559 Project_Type_148 -
6144 Project_Type_149 + 0.0 DELAY_DESC_1

+ 1535 DELAY_DESC_2 + 908 DELAY_DESC_3 - 445 DELAY_DESC_4

+ 2383 DELAY_DESC_5 + 2930 DELAY_DESC_6

+ 2993 DELAY_DESC_7 + 1135 DELAY_DESC_8

+ 4589 DELAY_DESC_9 + 505 DELAY_DESC_10
+ 3024 DELAY_DESC_11 - 1233 DELAY_DESC_12 -

224 DELAY_DESC_13 + 0.0 SCOPE_Group Dummy Variable_1 -

SE Coef

10196
0.0021
0.00291
0.0106
0.00332

423
553
414
439
577

924 SCOPE_Group Dummy Variable_2
+ 347 SCOPE_Group Dummy Variable_3 -
1251 SCOPE_Group Dummy Variable_4 -
933 SCOPE_Group Dummy Variable_5 -
4709 SCOPE_Group Dummy Variable_6
+ 203 SCOPE_Group Dummy Variable 7 -
1015 SCOPE_Group Dummy Variable_8 -
1030 SCOPE_Group Dummy Variable_9 -
540 SCOPE_Group Dummy Variable_10
+ 33 SCOPE Group Dummv Variable 11

T-Value

0.03
359.39
-291.14
-152.57
-346.14

0.85
1.74
0.25
2.66
0.46
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P-Value VIF

0.974
0

0
0
0

0.393
0.082
0.803
0.008
0.646

22
1.69
1.3
1.33

2.19
2.27
2.22
2.16
1.53



MANAGING_AGCY_CD

Project_Type

37
38
39
40
42
56
57
68
71
72
96
125
126
801
806
816
819
826
827
841
846
850
856
858

O~NOOTWN

10
11
12
14
15
16
17
18
19
20
21
22

-880
-2600
-1365

1532

7893

-687

8155

47785
484

5121

13526

2202
-2889
280
-319
2952
2516
-1350

5906

-1594
4914
-3679
3747
4633

-2570
-12381
-3194
-6993
-10965
-6696
-2524
5091
-3075
954
-3241
-1704
2815
-61199
4779
-132293
-170200
-2611
-2890

8811
8853
8824
13314
9194
8888
9005
10870
8832
9464
9912
9995
8733
8756
9003
9191
9116
8777
9011
8754
8793
8711
8752
11821

9496
6697
5509
5642
9273
5728
7355
10548
5488
5901
5392
6444
7741
8334
10239
8409
9480
6045
5905

-0.1
-0.29
-0.15
0.12
0.86
-0.08
0.91
4.4
0.05
0.54
1.36
0.22
-0.33
0.03
-0.04
0.32
0.28
-0.15
0.66
-0.18
0.56
-0.42
0.43
0.39

-0.27
-1.85
-0.58
-1.24
-1.18
-1.17
-0.34
0.48
-0.56
0.16
-0.6
-0.26
0.36
-7.34
0.47

-15.73
-17.95
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-0.43
-0.49

0.92
0.769
0.877
0.908
0.391
0.938
0.365

0.956
0.588
0.172
0.826
0.741
0.975
0.972
0.748
0.783
0.878
0.512
0.856
0.576
0.673
0.669
0.695

0.787
0.065
0.562
0.215
0.237
0.242
0.732
0.629
0.575
0.872
0.548
0.791
0.716

0.641

0.666
0.625

38.8
26.29
48.34
1.77
328.94
98.63
117.59
8.9
94.07
71.36
12.72
9.4
81.76
348.3
346.88
24.99
230.28
334.52
80.57
431.02
1089.99
697.43
306.94

2.32

1.7
2.78
15.89
12.98
1.52
7.65
2.16
1.36
24.33
6.01
57.32
31.96
1.99
4.62
1.39
1.72
1.59
9.64
5.71



23
24
26
27
28
29
31
32
34
35
37
38
39
41
43
44
46
47
48
49
50
51
52
53
54
55
56
57
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75

-456568
-223159
-5067
-6337
-5107
-7809
1673
-9656
794
-2594
10120
-6450

8527
11014
7318
6138
8537
7458
9699
6566
7076
8182
6577
7529
7683
10520
8031
7107
5265
7499
8239
5709
5764
5608
5461
7560
6000
7627
5744
5469
9212
5888
5512
5548
7409
9990
10030
5516
5457
5565
8132
6221
8191
5781
8029
8865
5487

-1
-0.16
-1.41
0.02
0.31
-0.12
-1.47
0.86
-4.65
-1.01
-0.41
-0.35
-4.61
-0.82
-0.34
-0.45
0.06
-0.79
0.27
0.2
0.1
-1.59
-2.34
0.38
0.32
-1.03
-1.63
-0.49
0.91
0.16
-0.64
0.22
0.55
-457

-22.25
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-0.92
-1.16
-0.92
-0.96

0.27
-1.18

0.14
-0.32

1.14
-1.18

0.315
0.87
0.16

0.985

0.756

0.904

0.141

0.389

0.311
0.679
0.724

0.411
0.732
0.655
0.951
0.427
0.787
0.842
0.922
0.111
0.019
0.706
0.751
0.304
0.104
0.627
0.364
0.875
0.524
0.824
0.585

0.358
0.246
0.359
0.337
0.788
0.238
0.891
0.747
0.254

0.24

1.85
1.34
2.2
4.38
1.7
21
1.46
3.53
2.5
2.37
6.7
2.01
2.03
1.47
2.22
2.41
102.17
1.99
1.73
7.42
8.04
10.51
29.88
2.03
5.61

32.78
20.52
15
4.33
23.41
16.62
2.13
1.55
1.45
50.75
111.18
11.54
1.76
6.16
2.01
135.09
2.36
1.83
48.77



76
77
78
79
80
81
84
87
88
90
91
93
94
95
96
97
98
99
100
101
102
103
104
105
106
107
108
109
110
111
113
114
116
117
118
120
121
122
123
124
125
126
127
129
130

1264
-2709
-848
-3464
-29034
-564
-8697
-6022
3573
7219
-9396
-878783
-60826
-6752
-4000
3856
944
-5952
32466
-3425
-1581
3852
-1271
2135
-4991
-2677
218
10686
1229
-1488
-1307
-5061
-4315
-3842
-2981
-1192
-3518
-8091
-3708
-346
3784
-3378
-4739
221
-634

9705
5955
5427
5648
5536
7787
6083
5451
5538
8029
5790
7158
10783
8048
7082
7357
6508
5425
6358
5476
5533
6604
5353
5950
10513
7145
5533
6045
5556
9210
7534
5418
5418
7978
6972
7611
5605
6247
5846
5569
7566
5406
5964
5552
5473

0.13
-0.45
-0.16
-0.61
-5.24
-0.07
-1.43

-1.1

0.65

0.9
-1.62

-122.77
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-5.64
-0.84
-0.56
0.52
0.14
-1.1
5.11
-0.63
-0.29
0.58
-0.24
0.36
-0.47
-0.37
0.04
1.77
0.22
-0.16
-0.17
-0.93
-0.8
-0.48
-0.43
-0.16
-0.63
-1.3
-0.63
-0.06
0.5
-0.62
-0.79
0.04
-0.12

0.896
0.649
0.876

0.54

0.942
0.153
0.269
0.519
0.369
0.105

0.401
0.572

0.6
0.885
0.273

0.532
0.775

0.56
0.812

0.72
0.635
0.708
0.969
0.077
0.825
0.872
0.862

0.35
0.426

0.63
0.669
0.876

0.53
0.195
0.526

0.95
0.617
0.532
0.427
0.968
0.908

1.46
5.65
62.24
8.84
14.31
1.95
138.42
287.95
156.23
1.86
45.51
2.84
1.42
1.79
2.72
21
3.1
27.24
3.76
4517
48.04
2.99
85.52
5.52
1.35
2.26
14.56
4.81
13.84
1.5
2.01
29.35
41.47
1.83
2.42
1.99
12.81
3.72
5.71
11.93
2.03
32.43
92.13
19.57
33.65



131 2198
132 -553
133 -25334
134 -13963
135 -3279
136 -2
137 -27657
138 5625
139 -1065
140 2617
141 -22074
143 -3911
145 51190
146 -24248
147 -3888
148 -3559
149 -6144
DELAY_DESC

2 1535

3 908

4 -445

5 2383

6 2930

7 2993

8 1135

9 4589
10 505
11 3024
12 -1233
13 -224
SCOPE_Group Dummy Variable
2 -924

3 347

4 -1251

5 -933

6 -4709

7 203

8 -1015

9 -1030
10 -540
11 33
12 496
13 -1557
14 -2635
15 -310

5574
5609
8412
6553
6138
6298
7187
6232
6903
5508
6516
6196
6465
5740
5529
5691
5750

418
4199
3946
3161

545
2023
6283
2612
6444
1280
6497

365

919
1445
1074

839

893

889
1079
1003

952

949

892

852

876
1083

111

0.39
-0.1
-3.01
-2.13
-0.53

-3.85
0.9
-0.15
0.48
-3.39
-0.63
7.92
-4.22
-0.7
-0.63
-1.07

3.67
0.22
-0.11
0.75
5.38
1.48
0.18
1.76
0.08
2.36
-0.19
-0.61

-1

0.24
117
111
-5.27

0.23
-0.94
-1.03
-0.57

0.04

0.56
-1.83
-3.01
-0.29

0.693
0.921
0.003
0.033
0.593

0.367
0.877
0.635
0.001
0.528

0.482
0.532
0.285

0.829
0.91
0.451

0.139
0.857
0.079
0.938
0.018
0.849

0.54

0.315

0.81
0.244
0.266

0.819
0.347
0.305
0.571
0.972
0.578
0.068
0.003
0.775

11.31
12.59
2.43
8.54
5.67
4.04
3.38
3.78
2.48
14.93
3.15
4.42
3.42
8.99
25.94
9.3
9.93

2.26
1.02
1.03
1.02
1.69
1.04
1.01
1.04
1.01
1.1
1.03
2.29

3.38

14
2.24

7.4
3.88
5.59

2.6
2.75
2.99
2.95
3.81
5.14
5.35
213



16 -828

Model Summary
S R-sq
30034.1  80.93%

Analysis of Variance

Source DF

Regression 186
ORIG_BUD_AMT 1
CITY_PRIOR_ACTU 1
CITY_YR1_PLAN 1
CITY_RTC 1
LOCATION 5
MANAGING_AGCY. 24
Project_Type 126
DELAY_DESC 12
SCOPE_Group Durr 15
Error 63691
Lack-of-Fit 39931
Pure Error 23760
Total 63877

1561

R-sq(adj)
80.87%

Adj SS
2.44E+14
1.17E+14
7.65E+13
2.10E+13
1.08E+14
1.01E+10
1.86E+11
3.43E+13
5.91E+10
9.99E+10
5.75E+13
5.73E+13
1.56E+11
3.01E+14

-0.53 0.596
R-sq(pred)

80.08%
AdjMS  F-Value P-Value

1.31E+12 1452.76
1.17E+14 129159
7.65E+13 84764.8
2.10E+13 232771
1.08E+14 119813
2.02E+09 2.24
7.74E+09 8.58
2.72E+11  302.07
4.92E+09 5.46
6.66E+09 7.38
9.02E+08

1.43E+09 218.69
6561361

112

1.78

0.04
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