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Projects often face issues that trigger project controls, where Estimates at Completion (EACs) play a crucial
role in determining the scope of corrective actions. Recent studies have applied supervised Machine Learning
(ML) regression techniques to develop EAC models, utilizing features derived from Earned Value Management
(EVM) and Earned Schedule Management (ESM) methodologies. However, these studies overlook several
underfitting and overfitting issues that could compromise model robustness, leading to biased results. This
paper introduces an ML pipeline designed to address these issues through automated procedures for data
balancing and augmentation, feature engineering, and model training and evaluation. The pipeline was tested
with 30 ML techniques on a dataset of 50 real-world construction projects. Results show that the EAC models
developed through the pipeline achieve superior accuracy, precision, and timeliness to EVM and ESM ones.
These findings validate the pipeline and offer practitioners an automated framework for developing robust,

ML-based EAC models.

1. Introduction

On average, over 90% of construction projects experience cost
or schedule overruns because of planning and execution issues [1,
2]. Planning issues are due to inaccurate estimates [3], unrealistic
schedules [4], and scope gaps [5]. Execution issues stem from un-
foreseen internal or external risks that impact project activities and
resources [6].

Estimates at Completion (EACs) play a key role in project control.
They are forecasts of the revised project cost and duration, calculated
during the execution phase. Comparing EACs to the project baseline
helps determine whether and to what extent corrective actions are
needed [7,8]. These actions are aimed at recovering cost and schedule
variances to ensure that the project meets the contractual budget and
duration constraints.

The state-of-the-art approach to calculating EACs integrates Earned
Value Analysis (EVA) with supervised Machine Learning (ML) regres-
sion techniques [9]. EVA methodologies, including Earned Value Man-
agement (EVM) [10] and Earned Schedule Management (ESM) [11],
rely on three metrics: the budgeted cost of work scheduled, the bud-
geted cost of work performed, and the actual cost of work performed.
ML techniques leverage EVA data from completed projects to infer the
relationships between these metrics and the actual cost and duration at
completion, and then use this information to build EAC models.

* Corresponding author.

For practical use, EAC models must be robust—i.e., forecasts must
be accurate, precise, and timely both during training and when applied
to new data. This requires balancing the trade-off between underfitting
and overfitting [12]. Underfitting occurs when models fail to capture
underlying relationships in the project data, resulting in inaccurate
forecasts. Conversely, overfitting occurs when models are excessively
tuned to the training data and consequently unable to generalize to
new, unseen data [13-15].

This study aims to improve project control by proposing an au-
tomated ML pipeline for building robust EAC models. The pipeline
incorporates specific procedures to minimize underfitting and overfit-
ting: data balancing and augmentation through interpolation to address
sparsity and irregularity across project data; nested cross-validation to
prevent overfitting during model training and evaluation; and the use of
indirect regression that calculates forecasts by modeling intermediate
variables instead of EAC values. All procedures are fully automated,
requiring no manual intervention during runtime. The study evaluates
the pipeline by comparing 30 ML techniques with standard EVM and
ESM models using a dataset of 50 real-world construction projects.
Performance is assessed in terms of accuracy and precision across the
full dataset, at different progress stages, and at the individual project
level.
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Glossary

EAC Estimate at Completion;

EVA Earned Value Analysis;

EVM Earned Value Management;

ESM Earned Schedule Management; and
PMB Performance Measurement Baseline.
Abbreviations

AdaBoost Adaptive Boosting;

ARD Automatic Relevance Determination;
Ccv Cross-validation;

DE Differential Evolution;

DT Decision Tree;

DR Direct Regression;

EN Elastic Net;

ERT Extremely Randomized Tree;

ERTs Extremely Randomized Trees;

fSFS Forward Sequential Feature Selection;
GB Gradient Boosting;

GP Gaussian Process;

HGB Histogram-based Gradient Boosting;
HPT Hyperparameters Tuning;

IR Indirect Regression;

k-NN k-Nearest Neighbors;

KR Kernel Ridge;

LOGO Leave-One-Group-Out;

ML Machine Learning;

MLP Multilayer Perceptron;

MLR Multiple Linear Regression;

NN Neural Network;

OLS Ordinary Least Squares;

OMP Orthogonal Matching Pursuit;

PA Passive Aggressive;

PF Performance Factor;

PSO Particle Swarm Optimization;
RANSAC Random Sample Consensus;

RF Random Forest;

SGD Stochastic Gradient Descent;

SVM Support Vector Machine; and

SVR Support Vector Regression.

The paper is organized as follows. Section 1 introduced EACs, de-
scribed their role in project control, and briefly outlined the challenges
associated with applying ML techniques. Section 2 reviews standard
EVA methodologies and advanced EVA approaches, highlights their
limitations, and compares previous studies’ ML pipelines to define the
research gap. Section 3 details the proposed ML pipeline, the causes
of underfitting and overfitting when building EAC models, and the
procedures implemented to address these issues. Section 4 compares
the performance of the ML, EVM, and ESM models. Section 5 discusses
the main results of the study and their theoretical and practical impli-
cations. Finally, Section 6 summarizes the key findings of the study,
exposes its (de)limitations, and suggests future avenues of research.

2. Literature review

This section comprises four subsections. Section 2.1 reviews stan-
dard EVA methodologies and their limitations. Section 2.2 discusses
advanced EVA approaches, highlighting their respective strengths and
weaknesses, while Section 2.3 compares prior ML pipelines to identify
key considerations for EAC model development. Building on these
analyses, Section 2.4 delineates the research gap.

2.1. Standard EVA methodologies

EVA involves comparing project monitoring data with the Perfor-
mance Measurement Baseline (PMB). Monitoring data include Actual
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Time (AT), Earned Value (EV), and Actual Cost (AC), where AT
denotes the elapsed time, and EV and AC denote the budgeted and ac-
tual cost of work performed, respectively. The PMB comprises Planned
Value (PV) data from the project start to its Planned Duration (PD)
when it reaches the Budget at Completion (BAC), where PV denotes
the budgeted cost of work scheduled.

Standard EVA methodologies (i.e., EVM and ESM) use index-based
models to forecast EACs. EVM calculates the cost Estimate at Com-
pletion (EAC) using BAC, EV, and AC, and calculates the duration
Estimate at Completion (EAC’) using PD, EV, and PV. Conversely,
ESM calculates the EAC" using PD, AT, and the Earned Schedule (E.S)
metric, which denotes the time when the current EV was planned to
be achieved according to the PMB. Appendix A further details on EVM
and ESM features and their cost and duration EAC models.

Recent studies continue to use EVM and ESM models as benchmarks
for EAC forecasting. For cost forecasting, Zwikael et al. (2000) [16]
evaluated five EAC models across 12 real-world projects, reporting
Mean Absolute Percentage Error (M APE) values ranging from 0.11
to 0.27. Barrientos-Orellana et al. (2023) [17] tested EVM and ESM
models on 4100 simulated projects, reporting mean M APE values
between 0.06 and 0.20. For duration forecasting, both de Andrade et al.
(2019) [18] and Ottaviani et al. (2024) [19] analyzed 57 and 65 real-
world projects, respectively, using the same database employed in this
study. De Andrade et al. found that Eq. (A.16) produced improved
accuracy with mean MAE = 0.1180 and mean RMSE = 0.1670.
Ottaviani et al. reported that the same equation achieved a Mean
Absolute Error (M AE) of 0.2418 and a Root Mean Squared Error
(RM SE) of 0.4825, whereas Eq. (A.13) yielded MAE = 0.1180 and
RMSE =0.1670.

Despite their continued use, standard EVA methodologies present
several limitations that undermine their reliability. First, they depend
on the accuracy of the monitoring data and the PMB; inconsistencies
in either can bias the EVA metrics and, consequently, the EACs [3,4].
Second, neither EVM nor ESM accounts for the relationship between
cost and schedule performances [20], nor do they consider interactions
with other critical project variables such as scope, resources, or qual-
ity [21,22]. Finally, both methodologies base EAC calculations solely
on current values, disregarding historical performance trends [23,24]
and the current phase [19].

2.2. Advanced EVA approaches

Multiple studies have addressed the limitations of standard EVA
methodologies by integrating EVM and ESM with advanced analytical
techniques. These approaches include alternative performance factors,
time series analysis, nonlinear regression, and Bayesian inference.

2.2.1. Alternative performance factors

Alternative performance factors (PFs) involve the use of composite,
average-based, or progress-based PFs within EAC models. Composite
PFs capture the relationship between cost and schedule performances
using products or weighted sums of standard PFs [25,26]. Average-
based PFs capture performance trends using cumulative, moving, or ex-
ponential moving averages of standard PFs [24,27-29]. Progress-based
PFs adjust EACs based on the current progress stage, employing either
physical progress (i.e., EV /BAC) or “temporal” progress (i.e., E.S/PD)
in their calculation [19].

Empirical studies show that no single PF consistently outperforms
others, underscoring that the most appropriate PF depends on the
specific characteristics of each project. This limitation stems from
the context-dependent assumptions embedded in PF calculations. For
instance, composite PFs may become unreliable when cost and schedule
performance are weakly correlated, while average-based PFs can under-
perform in long-duration projects or those impacted by major risks—
situations where recent performance data offer stronger predictive
value.
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2.2.2. Time series analysis

Time series analysis studies involve applying time series tech-
niques to capture trends in project performance. Time series techniques
can be used to analyze the work performed and actual expenditure
curves [30], or trends in cost and schedule performance indices [22,
31,32].

Similar to alternative PFs, studies applying time series techniques
have produced mixed results, with the most effective technique varying
by project context. However, time series models introduce additional
limitations. They require explicit modeling of both trend — the overall
direction of performance — and seasonality — recurring temporal
patterns — which increases model complexity and reduces adaptability.
Moreover, these models overlook external factors that affect project
outcomes but are not reflected in historical performance data alone.

2.2.3. Nonlinear regression

Nonlinear regression studies capture performance trends and cur-
rent progress by fitting a theoretical profile to the PMB and using it
to model and project the EV and AC curves. Projections of EV are
used to calculate the EAC' [33,34], while AC projections are used to
calculate the EAC [35-38].

Several studies have validated nonlinear regression in forecasting
both project duration [39] and cost [20,40]. On the one hand, these
approaches highlight the importance of analyzing project S-curves. On
the other hand, EAC accuracy depends on the geometric characteristics
of the selected theoretical profile. These characteristics include the
weights of input data, the optimization function, and the method for
determining the parameters of the fitted model—factors that can lead
to inconsistent results across different projects.

2.2.4. Bayesian inference

Bayesian inference studies account for additional features influ-
encing project cost and schedule performances by integrating internal
project data with external information [41]. This approach has been
used to model the probability distributions of project S-curves [42,43],
fluctuations in cost and schedule performances [44], EACs [33], and
the likelihood of risk events [45], by incorporating data from similar
past projects.

Although these studies report the highest performance compared to
other approaches, Bayesian methods present notable limitations. First,
they rely on prior assumptions — i.e., the choice of prior distribution
and the estimation of its parameters — which can introduce bias if
not properly specified. Second, their implementation is mathemati-
cally complex, often requiring advanced statistical expertise. Finally,
Bayesian models must continuously update the posterior distribution
as new project data become available, increasing both computational
and modeling overhead.

2.3. Machine learning studies

Recent advances in ML have prompted its application in project
control. In theory, ML techniques can overcome several core limitations
of EVA methodologies. First, they can capture planning inaccuracies
by adjusting bias parameters. Second, they can analyze cost, duration,
and other project variables simultaneously, identifying patterns and
relationships from training data without requiring explicit model for-
mulations [46,47]. Finally, ML techniques can account for performance
trends and current progress by incorporating physical or temporal
progress indicators and time-based features [22].

Table 1 compares the ML pipelines used by previous studies to
develop EAC models. It outlines the forecasting targets (cost, duration,
or both), the type and quantity of data used (real or synthetic projects
along with the number of projects), and whether the pipeline in-
corporated data scaling, cross-validation (CV), hyperparameter tuning
(HPT), and data balancing or augmentation procedures, specifying the
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techniques applied. All acronyms appearing in Table 1 are defined in
the Glossary.

Table 1 highlights both minor and major considerations for applying
ML techniques to build EAC models. Minor considerations include using
data from multiple real projects to better reflect the real relationship
between cost and schedule performances [51,52,56,59,62,69-71], and
automating HPT to avoid reliance on manual intervention for opti-
mizing model performance [56,57,59,67,69,74]. Major considerations
involve scaling project data, applying rigorous CV procedures, and
balancing data—all of which significantly affect model learning. Scal-
ing prevents large projects from dominating model training due to
their higher numerical values, thereby reducing the risk of underfitting
smaller projects [49,56,58,59,61,62,66,69]. Rigorous CV is critical for
assessing model generalizability, as model performance evaluation can
vary substantially depending across different train-test splits, increas-
ing the risk of overfitting and undermining reproducibility [51,52,
55-57,67,69]. Data balancing further reduces bias toward dominant
outcomes, a common cause of overfitting to frequent patterns and
underfitting to underrepresented cases [48,55]. Finally, the lack of data
augmentation can impair model performance on unseen progress stages
— such as early or late stages — increasing the risk of overfitting to
known conditions.

2.4. Gap

This section reviewed standard EVA methodologies, advanced EVA
approaches, and ML-based studies for project performance forecast-
ing. Standard methodologies are widely used and easy to implement
but struggle to capture dynamic project behavior or external influ-
ences. Advanced approaches extend EVA’s analytical scope but often
rely on restrictive assumptions, added complexity, or context-specific
calibration. ML techniques model complex, nonlinear relationships,
overcoming the limitations of EVM and ESM without requiring continu-
ous intervention, as Bayesian methods do. However, their effectiveness
depends on careful model building. If not properly addressed, overfit-
ting or underfitting issues can compromise accuracy and reduce their
reliability. To mitigate these risks, this study proposes an ML pipeline
that automates key steps to generate robust EAC models.

3. Research method

This section outlines the proposed ML pipeline, which consists of
four stages: data collection, data preprocessing, feature engineering,
and model training and evaluation. Each stage comprises several steps.
The following subsections explain the purpose of each step, iden-
tify potential sources of underfitting and overfitting, and describe the
procedures implemented to mitigate these issues.

3.1. Data collection

Data collection involves gathering EVA data from completed
projects into a structured dataset for training the ML models. Project
selection should prioritize those similar to the intended application
context, as higher similarity increases the likelihood that ML techniques
will detect the underlying relationships between EVA data and project
outcomes, thereby reducing underfitting.

EVA data include BAC, PD, AD, AT, PV, EV, and AC.

3.2. Data preprocessing

Data preprocessing involves formatting the EVA data to prepare it
for model training. This stage includes the data transformation and data
balancing and augmentation steps.
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Table 1
Comparison of studies using ML techniques for EAC forecasting.
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Study Target ML Method(s) Project data Scaling  Cross Hyperparameters Balancing/Augmentation
Cost  Time Number  Type validation tuning

[48] v NN 2 Synthetic Manual Balancing

[49] v DT, NN 1 Real

[50] v NN, OLS Undef. Synthetic

[51] v GP 15 Real v Train-Test PSO

[52] v SVM 13 Real Train-Test fMGA

[53] v NN

[54] v v k-NN 3 Undef. Train-Test Manual

[55] v v SVM 900 Synthetic k-fold Grid Search CV Balancing

[56] v SVM 13 Real v k-fold DE CV

[57]1 v DT, RF, GB, SVM 90 Synthetic k-fold Grid Search CV

[58] v DT, RF, GB, SVM, k-NN 10 Synthetic v Train-Test

[59] v NN 11 Real v k-fold

[60] v NN 11 Real Manual

[61] v NN 15 Real v Manual

[62] v NN, MLR 50 Real v Manual

[63] v v NN Undef. Real Train-Test Manual

[64] v v NN Undef. Real Train-Test Manual

[65] v v NN Undef. Real Train-Test

[66] v NN Undef. Undef. v Manual

[67]1 v GB, RF, XGBoost, AdaBoost 1 Real k-fold Grid Search

[68] v AdaBoost, GB, k-NN, RF, SVM 1 Synthetic

[69] v SVM, RF, NN, DT, k-NN, MLR 10 Real v k-Fold CV Grid Search CV

[70] v XGBoost, RF, SVR 110 Real Train-Test Manual

[71] v NN 13 Real Train-Test Manual

[72] v NN, GP, SVM 1 Real

[73] v MLR, SVR, DT, RF 11 Real k-fold Manual

This study v v See Table 4 50 Real v LOGO CV Grid Search (LOGO) CV  Balancing, Augmentation

3.2.1. Data transformation

Data transformation involves scaling EVA data. This procedure re-
duces underfitting by limiting the amount of information that ML tech-
niques analyze to infer relationships within EVA data and by preventing
ML techniques that rely on distance-based calculations or regularization
techniques (e.g., L1 and L2) from being biased by different data scales.

The pipeline scales EVA data by dividing cost metrics by BAC and
time metrics by PD, as follows: BAC; = PD; = 1, AD; = AD/PD,
AT, = AT /PD, PS = PV /BAC, PC = EV /BAC, and AC, = AC/BAC.
The subscript “s” denotes scaled metrics, except for PV and EV,
whose scaled versions are referred to as Percentage Scheduled (PS)
and Percentage Completed (PC), respectively.

3.2.2. Data balancing and augmentation

Data balancing and augmentation are interrelated steps. Data bal-
ancing involves equalizing the number of records across projects and,
within each project, across progress stages. Data augmentation provides
the means to achieve this balance by generating additional synthetic
records. These steps reduce underfitting by preventing projects with
more (or fewer) records from disproportionately influencing model
training and by ensuring models are trained across all progress stages
uniformly.

The pipeline implements both data balancing and augmentation
using a fixed number of synthetic records generated through linear
interpolation of AT,, PS, and AC, at equidistant PC values. Lin-
ear interpolation assumes a constant rate of change between consec-
utive records, which aligns with the assumption adopted by Lipke
(2003) [11] in the calculation of the E.S metric, and by more recent
studies when augmenting project data [75,76].

Let x denote the metric to interpolate, X the interpolated value, and
z a predetermined PC value at which interpolation is performed. Then,
X(PC = z) is determined as per

X(PC = z) = x; + (z— PC)/(PCiyy — PC)) - (x;41 — X)) €]

where PC; <z < PC,.
Alternatively, nonlinear interpolation could be used [77], provided
it preserves the monotonic and cumulative nature of AT, P.S, and AC,.

In this case, the interpolation rate would follow a theoretical model

characterized by non-uniform growth. However, when PC values are
sufficiently dense (e.g., in 0.01 to 0.05 increments), the added com-
plexity of nonlinear interpolation rarely justifies its marginal gain in
accuracy.

To mitigate the risk of distortion introduced by interpolation,
projects with PC value variations greater than 0.50 across consecu-
tive time periods were excluded from the dataset. Discontinuities are
susceptible to interpolation inaccuracies that can affect the quality of
the augmented data disproportionately. Although this approach does
not eliminate all potential sources of error, it is a practical strategy for
preventing error accumulation.

3.3. Feature engineering

Feature engineering involves transforming EVA data into additional
features that enhance the learning capability of ML models. These
features are used either as inputs (independent variables) or targets
(dependent variables) during model training. This stage generates fea-
tures that capture latent relationships in project behavior, thereby
reducing underfitting by enriching the input space with more informa-
tive patterns. It also helps mitigate overfitting by enabling subsequent
feature selection techniques to discard irrelevant or redundant features,
thereby limiting model complexity [14,78].

3.3.1. Input features

Input features comprise EVA scaled metrics and EVM and ESM fea-
tures. The EVA scaled metrics are those evaluated in Section 3.2.1. The
EVM features include the scaled versions of Eq. (A.5) (CV,), Eq. (A.6)
(CPI), Eq. (A.10) (SV,), and Eq. (A.9) (SPI). The ESM features include
the scaled Eq. (A.12) (ES,), Eq. (A.14) (SV), and Eq. (A.15) (SPIM).

3.3.2. Target features

Target features depend on both the forecasting target and the regres-
sion method. The forecasting target is either AC,(ADj) (cost forecasting)
or AD, (duration forecasting). The method is either direct regression
(DR) or indirect regression (IR). While DR sets the target variable to the
forecasting target itself, IR sets the target variable to an intermediate
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Table 2
Model development features.
Type Method Symbol Name
Input Both AT, (Scaled) Actual Time
BAC,/PD; (Scaled) Budget at Completion/Planned Duration
PS Percentage Scheduled
PC Percentage Completed
AC, (Scaled) Actual Cost
CPI Cost Performance Index
CV, (Scaled) Cost Variance
SPI EVM Schedule Performance Index
ES, (Scaled) Earned Schedule Metric
N (Scaled) Earned Schedule Variance
sprr' Earned Schedule Performance Index
Target DR AC,(ADy) (Scaled) Actual Cost at Completion
AD; (Scaled) Actual Duration at Completion
IR cPF* Target Cost Performance Factor
sPF* Target Schedule Performance Factor

variable, which is then used to calculate the forecasting target through
a specific formula.

The pipeline implements both regression methods for the two fore-
casting targets. Let y denote the real value of the target feature, $
denote the forecast, and X denote the set of input features. The DR
method evaluates forecasts as per

7= fPRX), @)

where fPR denotes the regression models developed through DR using
AC(ADy) or AD; as target features. In contrast, the IR method evaluates
cost forecasts as per

$=AC, +(1 - PC)/cPF 3)
with
cPF = fR(X) 4)

where fIR denotes the regression models developed through IR using
cPF* as target feature, which is defined as the value such that

AC,(AD,) = AC, + (1 — PC)/cPF*. 5)
Similarly, the IR method evaluates duration forecasts as per
$= AT, + (1 — ES,)/sPF (6)

with sPF = ¢™(X) where g'® denotes the regression models developed
through IR using sPF* as target feature, which is defined as the value
such that

AD, = AT, + (1 - ES,)/sPF*. %)

3.3.3. Summary

Table 2 summarizes the model development features, specifying
their use (input or target), the method in which they are employed (DR,
IR, or both), and formula.

3.4. Model training and evaluation

Model training and evaluation are interrelated steps. Model training
involves feature selection, model training, and HPT steps. Model evalu-
ation involves benchmarking the trained models against standard EVM
and ESM models to assess their performance.

The pipeline implements the Leave-One-Group-Out (LOGO) CV pro-
cedure for both model evaluation and internal training steps. LOGO
CV splits the dataset P times, where P is the number of projects in
the dataset. In each split, the records of the pth project serve as the
validation set, while the remaining projects records serve as the training
set. This procedure prevents both time-series and group leakage, which
would otherwise bias model evaluation and distort performance results.
Moreover, repeating the train-validate split for each project in the
dataset ensures the consistency and reproducibility of results.

3.4.1. Feature selection

Feature selection involves identifying a subset of input features to be
used for model development. This step reduces overfitting by limiting
the number of relationships ML techniques must analyze, accelerates
model training by eliminating irrelevant or redundant features, and
enhances model interpretability by focusing on the most informative
features.

The pipeline uses the forward Sequential Feature Selection (fSFS)
procedure with LOGO CV. The procedure initializes the model without
features. At each LOGO CV iteration, the procedure identifies the
feature that, if added, would yield the greatest improvement in a CV
scorer. The feature is incorporated into the model if the improvement
in performance exceeds a predefined threshold. This process is repeated
until no further improvement or all input features are included.

3.4.2. Hyperparameters tuning

HPT involves selecting the optimal values for the hyperparameters
to maximize model performance.

The pipeline employs the Grid Search procedure with LOGO CV to
tune the models’ hyperparameters. The procedure involves searching
through a specified parameter grid and evaluating all possible combi-
nations of the hyperparameter values on a given dataset using LOGO
CV. For each combination, the model is trained and validated multiple
times, and the combination that results in the best CV scorer is selected.

3.4.3. Benchmarking

The study benchmarks the ML techniques by comparing their per-
formance to that of EVM and ESM models.

Performance is evaluated using two metrics: MAE and RMSE.
M AE measures the forecasting accuracy of the model, while RM SE
captures its precision by assigning greater weight to larger errors.
Both metrics are expressed in the same units as the forecasting tar-
get, making them directly interpretable and suitable for comparative
analysis.

Let i denote the ith record in the dataset, where i = 1,2, ...,n, and
let E; denote the forecast residual for the ith record, as per

Ei =)Vi— JA’,'- (8)

Then, M AE is determined as per

MAE =1/n) |E]. ©

i=1

Instead, RM SE is determined as per

RMSE = |1/n ) E2. (10)
i=1
The EVM models include EVM(CPI) (Eq. (A.3)), EVM(1)

(Eq. (A.3)), and EVM(SPI) (Eq. (A.8)). The ESM models include
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Table 3
Proposed ML pipeline workflow.
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Stage/Step Procedure

Description

Data collection

Data preprocessing
Data transformation Scaling
Data balancing and augmentation

Interpolation
Feature engineering
Input features
Target features
Model training and evaluation LOGO CV

Feature Selection
Hyperparameters Tuning

fSFS (LOGO) CV

Grid Search (LOGO) CV

Retrieve projects BAC, PD, AT, PV, EV, and AC

Evaluate BAC,, PD,, AT,, PS, PC, and AC,
Remove projects where PC; — PC;_; > 0.50
Evaluate AT, PS, and AC,

Evaluate ES,, CPI, CV,, SPI, SV,, SPI', and SVS’
Evaluate AC,(AD;), AD,, cPF*, and sPF*
for Target € [Cost, Duration]:
for Method € [DR, IR]:
for p € [0..P]:
Train-Validate Split
Select model features
Select model hyperparameters
Evaluate pth project forecasts
for Performance Metric € [M AE, RMSE]:
Evaluate Target-Method-Performance Metric

Table 4
Machine learning methods tested.

Category/Subcategory Method Abbreviation
Linear
Linear Ordinary Least Squares OLS
Ridge Ridge
Least Absolute Shrinkage and Selection Operator Lasso
Elastic Net EN
Least Angle Regression Lars
Lasso Least Angle Regression Lasso Lars
Orthogonal Matching Pursuit OMP
Passive Aggressive PA
Bayesian Bayesian Ridge BR
Automatic Relevance Determination ARD
Generalized Linear Model Tweedie Tweedie
Stochastic Gradient Descent Stochastic Gradient Descent SGD
One-Class Support Vector Machine using SGD SGD1cSVM
Robust Regression Random Sample Consensus RANSAC
Huber Huber
Nonlinear
Kernel Ridge Kernel Ridge KR
Support Vector Machine Support Vector Regression SVR
Nu Support Vector Regression NuSVR
k-Nearest Neighbors k-Nearest Neighbors k-NN
Gaussian Process Gaussian Process GP
Decision Trees Decision Tree DT
Extremely Randomized Tree ERT
Ensemble Methods Random Forest RF
Extremely Randomized Trees ERTs
Adaptive Boosting AdaBoost
Gradient Boosting GB
Histogram-based GB HGB
XGBoost XGB
XGBoost RF XGB RF
Neural Network Multilayer Perceptron MLP

ESM(SPI") (Eq. (A.16)) and ESM(1) (Eq. (A.13)). Cost and duration
forecasts generated by the above models were scaled using BAC and
PD, respectively.

The study considers ML models robust if their MAE and RMSE
values, as evaluated using the LOGO CV procedure, are close to or lower
than those of the EVM and ESM models. Without the LOGO iterator,
models may appear accurate and precise for a specific train-test split,
but their performance could vary significantly across different splits —
undermining the reliability of the evaluation.

Given the inherent variability in evaluating EAC model performance
— and the absence of established thresholds for acceptable M AE or
RM SE values in EAC forecasting — it is currently infeasible to deter-
mine which model is objectively “better” based solely on these metrics.
Instead, practitioners should prioritize models that demonstrate con-
sistent performance across multiple project types and progress stages.
Such models can be used to generate a range of forecast estimates, each

accompanied by a confidence level derived from the model’s observed
behavior under comparable conditions.

This study compares EAC models at the dataset, progress stage, and
project level. Dataset-level comparison provides a summary view of
model accuracy and precision. Progress stage comparison offers insights
into model timeliness by assessing performance at various stages of
project advancement. Project-level comparison allows for an analysis
of model robustness and highlights variations in forecasting difficulty
across different projects.

3.5. Pipeline summary

Table 3 outlines the ML pipeline stages/steps, procedures, and
description. This format clarifies the sequential and nested logic of the
workflow.
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Table 5
Project dataset characteristics.

Code Type Activities BAC [€] PD [Days] PD [TPs] AC,(AD,) AD,

C2011-10 Residential 32 484,398 195 39 1.0218 1.0513
C2011-12 Commercial 49 3,027,133 442 7 1.0249 1.0000
C2011-13 Industrial 135 21,369,836 525 105 1.2203 1.1429
C2012-13 Civil 71 336,410 125 25 1.0419 1.1200
C2012-17 Residential 33 241,015 145 29 1.3064 1.4138
C2013-01 Civil 42 1,069,532 152 6 1.2291 1.0000
C2013-02 Civil 181 1,236,604 403 17 0.9271 1.0000
C2013-03 Institutional 55 15,440,866 425 18 1.0581 1.0000
C2013-04 Institutional 252 2,113,684 333 7 1.1887 1.5714
C2013-07 Residential 46 180,476 170 10 0.9698 1.1000
C2013-08 Residential 42 501,030 216 10 1.1509 1.3000
C2013-09 Commercial 71 1,537,399 291 8 1.1038 1.2500
C2013-12 Institutional 27 818,440 115 3 1.0750 1.6667
C2014-04 Industrial 24 62,385,598 522 24 1.0504 1.5000
C2014-05 Residential 25 532,410 228 11 1.1108 1.1818
C2014-06 Residential 29 3,486,375 547 17 1.0323 1.1176
C2014-07 Residential 25 1,102,537 353 12 1.1698 1.1667
C2014-08 Residential 39 1,992,222 233 11 1.1948 1.1818
C2015-01 Institutional 23 612,769 131 6 1.0550 1.5000
C2015-02 Civil 217 1,121,317 417 8 0.8633 1.1250
C2015-03 Industrial 135 2,244,091 257 9 0.8328 1.1111
C2015-05 Residential 64 2,524,765 120 4 1.0154 1.2500
C2015-08 Commercial 186 467,297 191 8 0.9885 1.0000
C2015-27 Civil 18 22,704 68 5 1.1149 1.2000
C2015-29 Institutional 204 1,874,497 284 8 1.0067 1.0000
C2015-30 Residential 40 440,941 244 14 1.0000 1.0000
C2015-31 Residential 29 1,310,723 271 16 0.9782 1.3125
C2015-33 Civil 12 214,418 50 3 1.0484 1.6667
C2015-34 Civil 13 511,326 120 4 0.8613 1.7500
C2015-35 Residential 10 14,956,314 850 38 1.0744 1.0789
C2016-01 Civil 28 671,384 225 12 1.0481 1.1667
C2016-02 Civil 23 962,182 229 12 1.0106 1.0833
C2016-03 Civil 25 926,888 203 10 0.9826 1.1000
C2016-07 Commercial 110 930,179 224 8 1.0028 1.3750
C2016-11 Residential 55 162,472 241 5 1.0044 1.0000
C2016-12 Residential 59 222,858 291 5 1.0154 1.0000
C2016-13 Residential 51 367,952 306 4 1.0308 1.2500
C2016-14 Residential 48 218,366 321 5 1.0167 1.0000
C2016-15 Residential 13 95,694 126 4 1.0530 1.0000
C2016-27 Residential 16 813,663 78 3 1.0812 1.3333
C2016-28 Residential 19 569,178 71 4 1.0297 1.0000
C2016-29 Residential 19 1,797,874 129 4 1.0347 1.0000
C2016-30 Residential 23 1,319,736 85 3 1.0255 1.3333
C2016-31 Residential 23 488,936 105 3 1.0195 1.3333
C2016-32 Residential 22 477,381 89 4 1.0411 1.0000
C2016-33 Residential 23 377,282 116 3 1.0465 1.3333
C2016-34 Residential 23 362,476 83 3 1.0590 1.0000
C2018-10 Civil 42 115,115 99 20 1.0000 1.2000
C2019-01 Residential 86 1,292,979 533 8 1.0177 1.2500
C2019-02 Residential 18 734,602 352 9 1.0190 1.0000

4. Results

The following subsections compare the performance of 30 ML tech-
niques, implemented through the pipeline, against EVM and ESM mod-
els using a real project dataset.

The 30 ML techniques included in this study were selected over
more advanced alternatives for three main reasons. First, they have
been widely adopted in prior EAC studies, as summarized in Table 1,
whereas more complex methods are rarely applied consistently across
multiple works. Second, the dataset is limited in size, and complex
nonlinear models tend to introduce substantial overhead with only
marginal improvements in accuracy and precision—thereby increasing
the risk of overfitting. Third, the selected methods are publicly avail-
able and straightforward to implement, making them well-suited for
practical use in project management contexts where transparency and
reproducibility are essential. Table 4 lists the ML techniques tested,
along with their category (linear or nonlinear), subcategory, and ab-
breviation.

The pipeline was implemented as a Python 3.9.19 script using
Scikit-learn 1.4.2 for the LOGO CV, fSFS CV, and Grid Search CV

procedures, and for training all ML models except XGB and XGB RF,
which were trained using XGBoost 2.1.1. Records were interpolated at
0.05 PC increments — from 0.05 to 0.95 — the 0.05 interval was
chosen arbitrarily to ensure full coverage of project stages without
generating an excessive number of data points for progress-stage-level
analyses. The LOGO CV scorer within the fSFS CV and Grid Search
CV procedures was set to M AE. The fSFS CV threshold value was set
arbitrarily to le-6 (based on the range of the target variables). The
hyperparameters values for the Grid Search CV procedure are listed in
Appendix B.

The real project dataset comprises EVA data from 50 construc-
tion and construction engineering projects sourced from the OR&S
database [7], selected for its relevance to EAC research [19,79]. Table
5 summarizes key characteristics, including project code, construction
type, number of tracking periods, number of activities, budget (i.e.,
BAC), contracted duration (i.e., PD), and values at completion. Project
codes and construction types were defined by the database creators.
BAC, PD (in days), activity count, and actual completion values were
extracted from individual project files. To enable cross-project com-
parison, cost and duration at completion were scaled relative to BAC
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Table 6
Dataset-level EAC models regression metrics.
Model Cost Duration
MAE RMSE MAE RMSE
DR IR DR IR DR IR DR IR

EVM
EVM(CPI) 0.0530 0.1030
EVM(1) 0.0417 0.0688
EVM(SPI) 0.2291 0.5048

ESM
ESM(SPI") 0.2567 0.6094
ESM(1) 0.1266 0.1785

ML
OLS 0.0421 0.0445 0.0675 0.0720 0.1339 0.1289 0.1680 0.1812
Ridge 0.0482 0.0445 0.0715 0.0720 0.1344 0.1288 0.1672 0.1802
Lasso 0.0421 0.0445 0.0675 0.0720 0.1339 0.1289 0.1680 0.1812
EN 0.0609 0.0445 0.0888 0.0719 0.1626 0.1285 0.2028 0.1806
Lars 0.0414 0.0445 0.0697 0.0720 0.1333 0.1289 0.1665 0.1812
Lasso Lars 0.0420 0.0445 0.0683 0.0720 0.1339 0.1289 0.1680 0.1812
OMP 0.0419 0.0445 0.0686 0.0720 0.1292 0.1289 0.1644 0.1812
PA 0.0477 0.0436 0.0702 0.0724 0.1282 0.1261 0.1630 0.1695
BR 0.0422 0.0445 0.0675 0.0719 0.1340 0.1288 0.1678 0.1812
ARD 0.0421 0.0445 0.0675 0.0719 0.1322 0.1291 0.1659 0.1816
Tweedie 0.0603 0.0431 0.0882 0.0705 0.1592 0.1283 0.1974 0.1786
SGD 0.0602 0.0430 0.0926 0.0739 0.1432 0.1280 0.1896 0.1725
SGD1CSVM 0.0689 0.0417 0.0980 0.0688 0.1903 0.1266 0.2752 0.1785
RANSAC 0.0395 0.0411 0.0680 0.0725 0.1408 0.1390 0.1850 0.1928
Huber 0.0396 0.0385 0.0662 0.0688 0.1317 0.1250 0.1675 0.1630
KR 0.0477 0.0449 0.0708 0.0733 0.1339 0.1287 0.1668 0.1800
SVR 0.0549 0.0436 0.0820 0.0688 0.1420 1.0981 0.1805 29.3463
NuSVR 0.0413 0.0397 0.0679 0.0646 0.1407 0.1412 0.1806 0.2221
k-NN 0.0550 0.0458 0.0874 0.0669 0.1555 0.1290 0.1998 0.1666
GP 0.0457 0.0467 0.0766 0.0744 0.3260 0.1283 2.1544 0.1803
DT 0.0480 0.0412 0.0759 0.0682 0.1492 0.1325 0.1981 0.1762
ERT 0.0480 0.0412 0.0759 0.0682 0.1492 0.1325 0.1981 0.1762
RF 0.0483 0.0412 0.0759 0.0682 0.1492 0.1334 0.1981 0.1768
ERTs 0.0517 0.0408 0.0797 0.0673 0.1466 0.1247 0.1883 0.1648
AdaBoost 0.0520 0.0477 0.0794 0.0734 0.1374 0.1331 0.1729 0.1865
GB 0.0506 0.0414 0.0796 0.0681 0.1429 0.1298 0.1839 0.1707
HGB 0.0569 0.0390 0.0862 0.0656 0.1595 0.1269 0.2072 0.1671
XGB 0.0578 0.0397 0.0875 0.0666 0.1602 0.1271 0.2081 0.1673
XGB RF 0.0609 0.0444 0.0888 0.0719 0.1625 0.1285 0.2027 0.1806
MLP 0.0525 0.0465 0.0781 0.0789 0.1429 0.1319 0.1754 0.1807

DR 9 13 2 15

IR 21 17 28 15

and PD, respectively. Although the database does not explicitly report
project locations, most projects were executed in Belgium, the Nether-
lands, and Italy. Additional project details are available in Vanhoucke
(2023) [7].

4.1. Dataset level

Table 6 presents the regression metrics values for the EVM models,
ESM models, and ML techniques at the dataset level. Rows DR and IR
indicate the number of ML techniques where DR models outperform
IR models, and vice versa. The models with their respective metrics
values in bold produced the best estimate within the column estimates.
EVM and ESM models metrics values are the same for both DR and IR
methods.

In cost forecasting, Huber IR shows the lowest M AE (0.0385), while
NuSVR IR shows the lowest RM SE (0.0646). Comparing DR and IR
methods, IR models show lower M AE than DR models in 21/30 cases
and show lower RM SE in 17/30 cases. In duration forecasting, ERTs
IR shows the lowest M AE (0.1247), while both PA DR and Huber IR
tie for the lowest RM SE (0.1630). Comparing DR and IR methods, IR
models show lower M AE than DR models in 28/30 cases and show
lower RM SE in 15/30 cases.

4.2. Progress stage level

Table 7 presents the best-performing models and their regression
metrics values at each progress stage. Rows EVM/ESM and ML indicate

the number of progress stages where EVM/ESM models and ML tech-
niques show the lowest values of the regression metrics, respectively.
Rows DR and IR indicate the number of progress stages where DR mod-
els outperform IR models, and vice versa. If EVM or ESM models show
the lowest values in both DR and IR methods for a given target-metric
scenario, they are excluded from the count.

Overall, Table 7 shows that no single model consistently dominates
across all progress stages. This is consistent across all target-metric-
method scenarios. Comparing ML techniques and EVM/ESM models,
ML techniques outperform EVM and ESM models across all scenarios
except for the Duration-M A E. The best-performing cost EAC models in-
clude Huber DR (11 occurrences in M AE and 8 in RM SE) and NuSVR
IR (6 occurrences in MAE and 8 in RMSE). The best-performing
duration EAC models include ESM(1) (6 occurrences in M AE-DR),
ERTs (7 occurrences in M AE-IR), OMP (7 occurrences in RMSE-
DR), and Huber (6 occurrences in RM S E-IR). Comparing DR and IR
methods, DR and IR models perform similarly in Cost-M AE (10 vs 9)
and Duration-RM SE (8 vs 9), while IR models outperform DR models
in Cost-RM SE and Duration-M AE scenarios.

4.3. Project level

Table 8 presents the best-performing models and their regression
metrics values for each project. Rows EVM/ESM, ML, DR, and IR are
analogous to those in Table 7.
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Table 7
Progress stage-level best EAC models and corresponding regression metrics.
pPC Cost Duration
MAE RMSE MAE RMSE
DR IR DR IR DR IR DR IR
Model Value Model Value Model Value Model Value Model Value Model Value Model Value Model Value
05 NuSVR 0.0549  SVR 0.0569  NuSVR 0.0806  SVR 0.0829  ERTs 0.1544  ERTs 01571  AdaBoost  0.1979  Huber 0.2051
10 Huber 0.0533  Huber 0.0507  NuSVR 0.0784  Huber 0.0779  OMP 0.1488  ERTs 01489  PA 0.1899  Huber 0.1919
.15 Huber 0.0522 Huber 0.0493 Huber 0.0801 Huber 0.0774 AdaBoost 0.1430 Huber 0.1453 AdaBoost 0.1778 Huber 0.1831
20 Huber 0.0515 Huber 0.0504 NuSVR 0.0820 HGB 0.0815 OMP 0.1440 Huber 0.1419 AdaBoost 0.1796 Huber 0.1792
25 Huber 0.0509  GB 0.0511  NuSVR 0.0805  GB 0.0765  OMP 0.1445  Huber 0.1421  AdaBoost ~ 0.1789  Huber 0.1795
30 Huber 0.0480  HGB 0.0487  Huber 0.0756  GB 0.0748  OMP 0.1371  ERTs 01335  OMP 0.1694  ERTs 0.1677
35 Huber 0.0474  HGB 0.0477  Huber 0.0744  HGB 00739 ESM(1) 01332  ERTs 01296  OMP 0.1639  ERTs 0.1629
40 Huber 0.0459  HGB 0.0467  Huber 00729  HGB 0.0724  OMP 0.1300  ERTs 01254  OMP 0.1613  ERTs 0.1606
45 Huber 0.0451  HGB 0.0457  Huber 0.0724  HGB 0.0717  ESM(1) 0.1298  ERTs 01268  OMP 0.1625  ERTs 0.1635
50 Huber 0.0430  HGB 0.0431  Huber 0.0722  NuSVR 0.0688  ESM(1) 0.1315  ERTs 01301  OMP 0.1668  ERTs 0.1706
55 Huber 0.0426  NuSVR 0.0408  Huber 00718  NuSVR 0.0633  ESM(1) 01317 ESM(1) 01317  OMP 0.1656  ERTs 0.1714
60 Huber 0.0404  NuSVR 0.0360  Huber 0.0706  NuSVR 0.0594  ESM(1) 01322 ESM(1) 01322  OMP 0.1668  Huber 0.1748
65 RANSAC 0.0351  NuSVR 00321  EVM(1) 0.0624  NuSVR 00528  EVM(SPI)  0.1217 EVM(SPI) 0217 EVM(SPI) 01595 EVM(SPI)  0.1595
70 RANSAC 0.0303  NuSVR 0.0280  NuSVR 0.0533  NuSVR 0.0455  ESM(1) 01114  ESM(1) 01114  EVM(SPI)  0.1493  EVM(SPI)  0.1493
75 RANSAC 0.0253  NuSVR 0.0243  NuSVR 0.0432  NuSVR 0.0389  ESM(1) 0.1059  Huber 0.1051  PA 0.1460  NuSVR 0.1419
80 NuSVR 0.0204  NuSVR 0.0201  NuSVR 0.0340  NuSVR 00320  ESM(1) 0.0985  NuSVR 0.0961  PA 0.1380  NuSVR 0.1323
85 EVM(CPI) ~ 00156  EVM(CPI)  0.0156  NuSVR 0.0266  NuSVR 00262  ESM(1) 0.0910  NuSVR 0.0895  PA 01318  NuSVR 0.1259
90 EVM(CPI) 00112 EVM(CPI) 00112 EVM(CPI) 00191 EVM(CPI)  0.0191  ESM(1) 00799  NuSVR 00742  ESM(1) 0.1182  NuSVR 0.1072
95 EVM(CPI) 00075 EVM(CPI)  0.0075 EVM(CPI)  0.0143 EVM(CPI)  0.0143  ESM(1) 0.0600  NuSVR 0.0533  ESM(1) 0.0857  NuSVR 0.0764
EVM/ESM 3 3 3 2 12 4 4 2
ML 16 16 16 17 7 15 15 17
DR 10 1 3 8
IR 9 16 12 9
Table 8
Project-level best EAC models and corresponding regression metrics.
Code Cost Duration
MAE RMSE MAE RMSE
DR IR DR IR DR IR DR IR
Model Value Model Value Model Value Model Value Model Value Model Value Model Value Model Value
C2011-10  SGD 0.0023  Tweedie 0.0063  SGD 0.0027  Tweedie 0.0096  ESM(1) 0.0335  Tweedie 0.0307  ESM(1) 00436 Tweedie 0.0428
C2011-12  SGD 0.0040  RANSAC 0.0073  SGD 0.0047  RANSAC 0.0095  SGDICSVM  0.0000  AdaBoost 00795  SGDICSVM  0.0000  AdaBoost 0.0970
C2011-13  SVR 0.0608  Huber 0.0242  SVR 0.0684  Huber 00319  HGB 00118 kNN 0.0662  HGB 00119  XGB RF 0.0901
€2012-13  Tweedie 0.0026  k-NN 0.0086  XGB RF 0.0032 kNN 0.0099  HGB 00178  k-NN 0.0415  HGB 0.0203  k-NN 0.0463
C2012-17  EVM(CPI)  0.0543 EVM(CPI)  0.0543 EVM(CPI)  0.0617 EVM(CPI) 0.0617 ESM(SPI')  0.0760 ESM(SPI’)  0.0760 ESM(SPI')  0.1001  ESM(SPI')  0.1001
C2013-01  Huber 0.1031  Huber 0.0975  PA 0.1361  k-NN 01204  SGDICSVM  0.0000  AdaBoost 0.0093  SGDICSVM  0.0000  AdaBoost 0.0142
C2013-02  EVM(CPI)  0.0150 EVM(CPI)  0.0150 EVM(CPI)  0.0224 EVM(CPI)  0.0224 SGDICSVM  0.0000  AdaBoost 0.0446  SGDICSVM  0.0000  AdaBoost 0.0518
€2013-03  EN 00133 kNN 0.0246  EN 00133 kNN 0.0287  SGDICSVM  0.0000  AdaBoost 0.0450  SGDICSVM  0.0000  AdaBoost 0.0580
C2013-04  EVM(CPI)  0.0751 EVM(CPI)  0.0751 EVM(CPI)  0.0920 EVM(CPI) 00929 EVM(SPI) 02121 EVM(SP) 02121 EVM(SPI) 02503 EVM(SPI)  0.2503
€2013-07  Huber 0.0049  Tweedie 0.0049  Huber 0.0073  Tweedie 0.0065  SGD 00220  Tweedie 0.0306  SGD 0.0270  SGD 0.0392
C2013-08  k-NN 0.0986  SVR 0.1032  AdaBoost 0.1000  NuSVR 01042  EN 01119 Huber 01734  EN 01119  NuSVR 0.1843
C2013-09  SVR 00337  EVM(CPI)  0.0418 SVR 00383  SVR 00481  EN 0.0609  Huber 0.1607  EN 0.0609  NuSVR 0.1646
C2013-12  PA 0.0126  Huber 0.0150  PA 00149 Huber 00176 ~ EVM(SPI) 02364 EVM(SPI)  0.2364 EVM(SPI) 02892 EVM(SPI)  0.2892
C2014-04  EN 0.0054  SVR 00193  EN 0.0054  SVR 0.0204  AdaBoost 02663  EVM(SPI) ~ 02835  AdaBoost 0.2839  EVM(SPI)  0.3204
€2014-05  Huber 0.0107  GB 0.0133  Huber 00136  GB 00179  EN 0.0087  RANSAC 00233  EN 0.0087  RANSAC 0.0269
C2014-06  HGB 0.0011 DT 0.0060  HGB 0.0016 DT 0.0067  ERTs 0.0144  RANSAC 0.0260  ERTs 0.0168  RANSAC 0.0302
€2014-07  NuSVR 0.0392  NuSVR 0.0340  SVR 0.0465  NuSVR 0.0459  MLP 00113 kNN 0.0379  MLP 0.0137 kNN 0.0407
C2014-08  EVM(CPI)  0.0441 EVM(CPI)  0.0441 EVM(CPI)  0.0662 EVM(CPI)  0.0662 XGB RF 0.0087  NuSVR 0.0239  XGB RF 0.0087  NuSVR 0.0279
C2015-01  MLP 0.0074  HGB 0.0190  MLP 0.0093  HGB 00252 OLS 0.0903  MLP 0.0935  AdaBoost 01334  MLP 0.1327
C2015-02  SGDICSVM  0.1367  NuSVR 0.1609  SGDICSVM  0.1367  NuSVR 01714  XGB 00322  SVR 02517  XGB 00334  ESM(1) 0.2738
C2015-03  RANSAC 0.0414  RANSAC 0.0333  RANSAC 0.0578  RANSAC 0.0428  ERTs 00163  XGB 0.0549  ERTs 00183  XGB 0.0676
€2015-05 DT 0.0013 DT 0.0059 DT 0.0013  XGB 0.0070  EN 0.0609  ESM(SPI') 01233 EN 0.0609  ESM(SPI')  0.1319
C2015-08  SGDICSVM  0.0115  k-NN 00182  SGDICSVM  0.0115 kNN 0.0205  SGDICSVM  0.0000  GP 00166  SGDICSVM  0.0000  SGDICSVM  0.0219
C2015-27  MLP 0.0331  Tweedie 0.0524  MLP 00376 Tweedie 0.0585  EN 0.0099  GB 00912  EN 0.0099  Huber 0.1030
€2015-20  EVM(CPI)  0.0014 EVM(CPI)  0.0014 EVM(CPI) 00024  Tweedie 0.0020  SGDICSVM  0.0000  SGDICSVM  0.0009 ~ SGDICSVM  0.0000  SGDICSVM  0.0015
€2015-30  SGDICSVM  0.0000  MLP 0.0036  SGDICSVM  0.0000  MLP 0.0041  SGDICSVM  0.0000  SGDICSVM  0.0819  SGDICSVM  0.0000  MLP 0.0918
C2015-31  SGDICSVM  0.0218  k-NN 0.0082  SGDICSVM  0.0218  k-NN 0.0092  MLP 0.0624 DT 0.1254  MLP 0.0956  Huber 0.1424
€2015-33  Tweedie 0.0021  MLP 0.0549  XGB RF 00033  MLP 0.0655  ESM(SPI') 01611  ESM(SPI') 01611 ESM(SPI') 01692 ESM(SPI')  0.1692
C2015-34  NuSVR 01243  SVR 0.1123  SGDICSVM  0.1387  NuSVR 0.1385  ARD 01739 kNN 0.1859  Lars 02259  k-NN 0.2157
€2015-35  EN 00299  HGB 0.0611  EN 00299 HGB 0.0677  ESM(SPI')  0.0173  SGD 00098  ESM(SPI')  0.0212  SGD 0.0119
€2016-01  Tweedie 0.0029  SGDICSVM  0.0087  XGB RF 00031  HGB 00159  MLP 0.0237  NuSVR 00317 EN 00241  NuSVR 0.0406
C2016-02  RANSAC 0.0045  MLP 0.0030  RANSAC 0.0061  MLP 0.0036  SGD 00311  PA 0.0308  SGD 00371  PA 0.0409
€2016-03  EVM(CPI)  0.0145  k-NN 0.0071  EVM(CPI) ~ 0.0149 kNN 0.0092  NuSVR 0.0105 DT 0.0272  NuSVR 00165 DT 0.0315
C2016-07  EVM(CPI)  0.0026  MLP 0.0017  EVM(CPI)  0.0027  MLP 0.0020  AdaBoost 01188 DT 0.1415  AdaBoost 01378 DT 0.1514
C2016-11  SGDICSVM  0.0044  MLP 0.0026  SGDICSVM  0.0044  MLP 0.0034  SGDICSVM  0.0000  MLP 0.0444  SGDICSVM  0.0000  MLP 0.0532
C2016-12  SGD 0.0009  Tweedie 0.0037  SGD 0.0010  MLP 0.0051  SGDICSVM  0.0000  SGDICSVM  0.0025  SGDICSVM  0.0000 ~ EVM(SPI)  0.0058
C2016-13  HGB 0.0014  GB 0.0100  HGB 0.0017 DT 00127  Tweedie 0.0604 EVM(SPI)  0.0801  Tweedie 0.0608  EVM(SPI)  0.0909
C2016-14  SGD 0.0007  PA 0.0032  SGD 0.0011  Tweedie 0.0046  SGDICSVM  0.0000  AdaBoost 00129  SGDICSVM  0.0000  AdaBoost 0.0231
C2016-15  PA 0.0057  SVR 0.0109 PA 0.0068  SVR 00132  SGDICSVM  0.0000  SGDICSVM  0.0151  SGDICSVM  0.0000  SGDICSVM  0.0333
C2016-27  EVM(CPI)  0.0168 EVM(CPI)  0.0168 EVM(CPI) 00221  SVR 0.0205  OLS 0.1103  Huber 01080  OLS 0.1197  Huber 0.1206
C2016-28  HGB 0.0008  NuSVR 0.0049  HGB 0.0009  SVR 0.0057  SGDICSVM  0.0000  MLP 00631  SGDICSVM  0.0000  MLP 0.0910
C2016-20  HGB 0.0041  NuSVR 0.0048  XGB 0.0044  NuSVR 0.0054  SGDICSVM  0.0000  SGDICSVM  0.1245  SGDICSVM  0.0000  ESM(1) 0.1358
C2016-30  ERTs 0.0023  HGB 0.0077  ERTs 00023  HGB 0.0087  AdaBoost 0.0884  k-NN 0.0811  AdaBoost 01002 kNN 0.0923
C2016-31  SGD 0.0019  MLP 0.0065  SGD 0.0026  MLP 0.0068  Tweedie 0.1443  Huber 0.1606  Tweedie 0.1445  Huber 0.1704
C2016-32  EVM(CPI)  0.0020 EVM(CPI)  0.0020 EVM(CPI)  0.0023 EVM(CPI) 00023 SGDICSVM  0.0000  ESM(1) 0.1154  SGDICSVM  0.0000  ESM(1) 0.1304
€2016-33  EN 0.0015  SVR 0.0052  EN 0.0015  SVR 0.0061  PA 0.0414 kNN 0.0554  PA 0.0562 kNN 0.0701
C2016-34  Ridge 0.0050  MLP 0.0055  Ridge 0.0061  MLP 0.0090  SGDICSVM  0.0000  ESM(1) 01208  SGDICSVM  0.0000  ESM(1) 0.1610
C2018-10  EVM(CPI) ~ 0.0000 EVM(CPI)  0.0000 EVM(CPI)  0.0000 EVM(CPI) 0.0000 EN 0.0099  SVR 0.0865 EN 0.0099  SVR 0.0926
€2019-01 DT 0.0023  ERTs 0.0026 DT 00023  HGB 00032 EN 0.0609 DT 01031 EN 0.0609 DT 0.1157
€2019-02  SGD 0.0033  GB 0.0037  SGD 00035  GB 0.0055  SGDICSVM  0.0000  SGDICSVM  0.0220  SGDICSVM  0.0000  MLP 0.0375
EVM/ESM 10 9 10 6 6 9 6 12
ML 40 41 40 44 44 41 44 38
DR 31 31 41 41
IR 11 13 5 6
Overall, Table 8 shows that no single model consistently domi- ML techniques outperform EVM and ESM models across all target-
nates across all projects. This is consistent across all target-metric- metric-method scenarios. Comparing DR and IR methods, DR outper-
method scenarios. Comparing ML techniques and EVM/ESM models, forms IR across all target-metric scenarios; however, considering the
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results from Tables 6-7, the difference in performance between DR and
IR variants of the same ML method is limited.

5. Discussion

This section discusses the main findings of the study, explores
their theoretical and practical implications, and reflects on how they
compare to existing research.

5.1. Main and secondary results

The analysis of the results obtained by applying the ML pipeline
to a dataset of 50 real-world construction projects reveals several
key findings. First, the pipeline can build EAC models that match or
exceed the performance of standard EVM and ESM models in terms of
accuracy (measured by M AE), precision (measured by RM SE), and
timeliness (assessed via M AE and RM SE across different progress
stages). Second, IR models consistently outperform their DR counter-
parts, highlighting the advantage of using a dynamic feature as the
target variable rather than a static one. These findings hold for both
forecasting targets — cost and duration — and are consistent across
dataset-level (Table 6), progress-stage-level (Table 7), and individual
project-level analyses (Table 8).

5.2. Theoretical implications

On the theoretical level, this study validates the effectiveness of the
procedures implemented within the proposed ML pipeline in reducing
underfitting and preventing overfitting.

From a numerical perspective, the performance comparison at the
overall dataset level (Table 6) shows a relatively narrow gap between
the best ML models and the best-performing EVM and ESM mod-
els. This is due to the strict LOGO CV procedures nested within the
pipeline, as well as the limited size of the dataset used. However,
the performance gap widens at the progress stage level (Table 7)
and individual project level (Table 8), where ML model performance
varies significantly across projects. These findings underscore that no
ML technique should be dismissed prematurely; rather, multiple ML
techniques should be tested.

Focusing on the comparison between DR and IR models, IR models
consistently outperform DR models across all progress stages. This gap
can be attributed to two main factors. First, IR models predict stage-
specific performance factors (cPF, sPF), which provide the learning
algorithm of the ML technique in use with multiple intermediate tar-
gets. In contrast, DR models are trained to predict a single, static EAC
value for each project. Second, in IR, ¢PF and sPF are dimensionless
ratios characterized by narrow and relatively stable variance, while
the scaled cost and duration targets used in DR models vary widely
across projects. This smoother target surface facilitates convergence for
gradient-based optimizers, thereby reducing forecast error.

Compared to prior studies, the findings confirm that cost forecasts
are generally more accurate than duration forecasts, and that ML
techniques can outperform standard EVM and ESM models. However,
the performance gap between ML and EVA models is narrower than re-
ported in earlier studies. This difference can be attributed to the use of
real-world project data and the nesting of LOGO CV procedures, which
produce more conservative and realistic performance assessments. In
contrast to earlier work, this study reveals that complex ML models
do not consistently imply superior performance—likely due to their
greater susceptibility to overfitting and the added complexity of HPT.

The study tested the pipeline on 50 construction projects to evaluate
whether ML techniques can detect and leverage the relationship be-
tween cost and schedule performance—an especially relevant dynamic
in construction, where these variables are often tightly interdependent.
However, the pipeline is designed to be applicable across other in-
dustries, provided that monitoring data are available. It is based on
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standard EVA metrics and progress-based features, which are com-
monly used in various project environments. Rather than aiming to
identify a single best model, the findings highlight the importance
of selecting models that demonstrate consistent performance across
different projects and progress stages.

5.3. Practical implications

From a practical standpoint, this study presents a clear and repli-
cable procedure for developing EAC models using ML techniques and
rigorously evaluating their effectiveness. The proposed pipeline is fully
automated and requires no manual input once configured, making
it well-suited for integration into routine project control workflows.
At the same time, it offers practitioners substantial flexibility: users
can customize key components such as the interpolation method and
progress step size, the feature selection threshold, and the hyperpa-
rameter tuning strategy to fit their specific data and project context.
The use of LOGO CV ensures that these customizations do not result
in overfitting, thereby preserving the generalizability of the models.
Once deployed, the pipeline enables project teams to identify the most
effective ML models for their datasets, generate reliable EAC forecasts,
and integrate these with outputs from standard EVM and ESM models.

6. Conclusions

This paper addressed key challenges in developing robust ML mod-
els for project performance forecasting and proposed a structured
pipeline to mitigate underfitting and overfitting. Compared to previous
literature, the proposed pipeline implements the following procedures:

» Data scaling: using cost and time metrics on a relative scale, pre-
vents projects with metrics of different magnitudes from biasing
model training.

Augmentation through interpolation: using a fixed number of
synthetic records at equidistant progress intervals allows training
the models on records describing projects throughout all their
phases and prevents projects with more (or fewer) records from
having higher (or lower) weight on model training. Training the
models using records that describe all stages of project execution
ensures that the models will be effective at each stage of the new
projects to which they are applied.

LOGO CV: replicating P times the CV split, where P is equal to the
number of projects in the dataset, prevents records of the same
project from being divided between the training and validation
sets. All other non-LOGO procedures involve Train-Test splits that
depend on the seed used to assign project records to the two
sets, which does not guarantee the reproducibility of the study
nor the ability to analyze the difficulty of making forecasts at the
individual project level.

IR: setting the performance factor as the target feature and using
it in a predetermined formula to calculate the EACs allows ML
techniques to better capture the relationships that determine the
cost and schedule performance factors. This is because while cost
and project duration are fixed values in all records belonging to
the same project, cost and schedule performance factors vary from
record to record.

Overfitting and underfitting were addressed theoretically through-
out the design of the pipeline. Underfitting was assessed by comparing
the performance of ML models against EVM and ESM models. Lower
MAE and RM SE values in ML models suggest that relevant patterns
were captured, suggesting no underfitting. Although overfitting is typ-
ically evaluated by comparing training and validation performance,
this was not feasible given the extensive configuration—which included
nested LOGO CV, 30 models, 50 projects, and numerous hyperparame-
ter combinations. To mitigate overfitting, the pipeline employed nested
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validation to prevent data leakage and implemented data balancing to
maintain representative training distributions.

The pipeline demonstrated substantial improvements over stan-
dard EVM and ESM models. At the dataset level (Table 6), the best-
performing IR models reduced cost forecast errors by 0.27 in M AE
and 0.37 in RM SE. For duration forecasts, improvements were even
greater, with reductions of 46% in M AE and 68% in RMSE. Com-
pared to constant-factor baselines — EVM(1) and ESM(1) — the best
IR models still achieved error reductions of approximately 7% for cost
and 9% for duration. In head-to-head comparisons, IR variants of the
same ML models outperformed their DR counterparts, improving cost
forecasts by up to 39% in MAE and 30% in RMSE, and duration
forecasts by up to 33% in M AE and 35% in RM SE.

Limitations of this study mostly correspond to the dataset and hy-
perparameters values used, the parameters chosen for the CV methods,
and the use of synthetic data.

Different datasets or hyperparameters could have yielded different
outcomes. However, the focus of the study was not to identify the best-
performing ML model but rather to compare the performance of all
ML models developed through the pipeline against the EVM and ESM
methodologies.

A second problem related to the dataset is data availability. When
the sample of projects to be analyzed is limited, the likelihood of
ML models overfitting the records of the few available projects in-
creases. To address this issue, additional procedures could be imple-
mented, such as adding perturbation to augmentation, using L1 or L2
regularization.

Another factor influencing the ML models’ performance are the
regression metrics used within the LOGO CV procedures, which deter-
mine whether the models prioritize mean forecasts (M AE) vs. mitigat-
ing outliers (RM SE).

The use of synthetic data and LOGO CV may raise concerns about
scalability and data distortion. However, computational cost is unlikely
to be a practical issue as the pipeline only needs to be rerun when new
projects are completed and the number of tracking periods per project
is limited compared to common ML applications. Data distortion is also
minimized, as synthetic records are generated through dense (i.e., 0.05)
linear interpolation between actual data points, ensuring that no new
patterns are introduced and that the statistical properties relevant to
performance metric calculations remain intact.

Furthermore, there is no objective method to verify the accuracy
of interpolated values in real-world projects. Mitigation measures were
adopted by excluding projects whose absolute change in PC exceeded
a preset threshold; however, this safeguard remains inherently subjec-
tive. The choice of which projects to exclude — and therefore which
data are deemed potentially distorted — varies with the performance
metric examined (e.g., PC, PS, or AC), the change measure applied
(e.g., absolute, relative, percentile, z-score), and the arbitrarily selected
cut-off value (0.50 in this study), each of which can influence the final
results.

ML techniques for performance forecasting offer several avenues
for further improvement. The study could include a broader range
of algorithms and focus on optimizing the hyperparameters of these
models. While the study only considered EVM and ESM and standard
metrics and indicators, future research could incorporate other features
influencing cost or schedule performance. Regarding feature selection,
the study focused exclusively on the fSFS procedure. In contrast, explor-
ing alternative feature selection methods (e.g., backward elimination,
regularized feature selection) would be beneficial to identify different
subsets of relevant features and improve model performance. Lastly, the
IR method was developed based on the EVM and standard formulae and
used ¢PF and sPF as target features. Future research could replicate
this procedure but explore different formulae for EAC and EAC’.
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Appendix A. EVM and ESM
Let P.S denote the project’s Percentage Scheduled, PC the Percent-

age Completed, and AD the Actual Duration. Then, EV is determined
as per

EV =BAC- PC, (A1)
and PV is determined as per
PV =BAC- PS, (A.2)

with PV (PD) = EV(AD) = BAC.

EVM calculates the EAC as the sum of AC and the cost Estimate to
Complete (ETC), where the ETC is determined as the ratio of the cost
associated with the remaining work (BAC — EV) to a Cost Performance
Factor (¢ PF), resulting in
EAC[cPF]l=AC+ ETC [cPF]

= AC + (BAC - EV)/cPF. (A.3)

Standard ¢ PFs include 1 and the Cost Performance Index (CPI). Using
¢PF = 1 assumes that the current cost variance (CV) will remain
constant until project completion, leading to

EAC[1]= AC+ (BAC-EV)/1

= AC +BAC - EV, (A.4)
where
CV = EV - AC. (A.5)
Alternatively, using CPI, defined as
CPI = EV/AC, (A.6)

assumes that cost overruns will continue at the current rate until

completion, leading to
EAC[CPI]|=BAC/CPI. (A.7)

EVM calculates the EAC" as the ratio of PD to the EVM Schedule
Performance Index (SPI), as per

EAC' = PD/SPI, (A.8)
where
SPI =EV/PV. (A.9)

EVM also includes the Schedule Variance (SV?) indicator, defined as

SV =EV - PV. (A.10)
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Table B.9
Hyperparameters grid.

Model Hyperparameter Values

OLs fit_intercept TRUE

Ridge alpha le-2, le-1, 1, lel, le2
fit_intercept TRUE
max_iter 1le3
tol le-4
solver auto
positive FALSE

Lasso alpha le-6, le-5, le-4, 1le-3, le-2
fit_intercept TRUE
max_iter 1e3
tol le-4
positive FALSE
selection cyclic

Elastic Net alpha le-6, 1e-5, le-4, 1le-3, le-2
11_ratio 0, .25, .50, .75, 1
fit_intercept TRUE
max_iter 1e3
tol le-4
positive FALSE

Lars fit_intercept TRUE

Lasso Lars alpha le-6, 1le-5, le-4, le-3, le-2
fit_intercept TRUE
max_iter 1e3

OMP fit_intercept TRUE
tol None

Passive Aggressive C le-2, 1e-2, 1, lel, 1e2
fit_intercept TRUE
max_iter 1e3
tol le-3
early_stopping FALSE
validation_fraction le-1
n_iter_no_change 5
loss epsilon_insensitive
average TRUE

Bayesian Ridge, ARD alpha_1 1le-8, 1e-7, 1le-6, le-5, le-4
alpha_2 le-8, 1le-7, le-6, le-5, le-4
lambda_1 1e-8, 1le-7, le-6, le-5, le-4
lambda_2 1e-8, 1le-7, le-6, le-5, le—4
tol le-3
max_iter None

Tweedie power 0,1,2 3
alpha 1
fit_intercept TRUE
solver Ibfgs
max_iter 1le2
tol le-4

SGD 11_ratio 0, .25, .50, .75, 1
alpha le-6, 1le-5, le-4, le-3, le-2
loss squared_error
penalty 12
fit_intercept TRUE
max_iter 1e3
tol 1e-3
epsilon le-1
learning_rate invscaling
eta0 le-2
power_t 25e-2
validation_fraction le-1
average TRUE

SGD1CSVM nu 0.05, .25, .5, .75, 1
fit_intercept TRUE
max_iter 1000
tol 1e-3
learning_rate optimal
eta0 0
power_t 0.25
average TRUE

RANSAC estimator LinearRegression
max_trials 100
stop_probability 0.99
loss absolute_error
max_skips inf
stop_n_inliers inf
stop_score inf

Huber epsilon 1.005, 1.35
alpha le-5, le-4, 1e-3
max_iter 1e3
fit_intercept TRUE
tol le-04

Kernel Ridge alpha le-2, le-1, 1, lel, 1le2
kernel linear, rbf, poly
degree 1, 2, 3
gamma None
coef0 1

However, since the indicator is expressed in cost units, it is not used
for calculating the EAC'.

ESM calculates the EAC" as the sum of AT and the time Estimate
to Complete (ETC'), where the ETC’ is determined as the ratio of
the duration associated with remaining work (PD — ES) to a Schedule
Performance Factor (sPF), resulting in

EAC'[sPF] = AT + ETC' [sPF] = AT + (PD — ES)/sPF, (A11)

12

(continued on next page)

where ES denotes the Earned Schedule metric, determined as per

ES = AT, + (EV — PV))/(PViy; — PV}) - (AT,,, — AT)), (A.12)

with PV, < EV < PV,,,. Standard sPFs include 1 and SPI’. Using
sPF =1 assumes that the current Earned Schedule variance (SV") will
remain constant until project completion, leading to

EAC'[1] = AT +PD - ES, (A.13)
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Table B.9 (continued).

Model Hyperparameter Values

SVR C le-3, le-2, le-1, 1
epsilon le-3, le-2, le-1
gamma scale, auto
kernel rbf
tol le-1
coef0 0
tol le-2

NuSVR nu .50, .25, .50, .75, 1
C le-3, le-2, le-1, 1, lel
gamma scale, auto
kernel rbf
tol le-2
max_iter -1

k-NN n_neighbors 1, 3, 5, 7, 10, 20, 50
weights uniform, distance
leaf size 10, 30, 50
p 1,2 3
algorithm auto
metric minkowski
metric_params None

Gaussian Process kernel None
alpha le-10
optimizer fmin_l_bfgs_b
n_restarts_optimizer 0
n_targets None
normalize_y TRUE

DT, ERT max_depth 1, 3,5
splitter best, random
criterion absolute_error
min_samples_split 2
min_samples_leaf 1
min_weight_fraction_leaf 0
max_features None
max_leaf nodes None
min_impurity_decrease
ccp_alpha 0

RF, ERTs max_depth 1, 3,5
n_estimators lel
criterion absolute_error
min_samples_split
min_samples_leaf 1
min_weight fraction_leaf 0
max_features None
max_leaf nodes None
min_impurity_decrease 0
ccp_alpha 0
boostrap FALSE
warm_start FALSE
max_samples None

AdaBoost learning rate le-2, le-1, 1, lel
estimator None
n_estimators lel
loss linear

GB learning_rate le-2, le-1, 1, lel
max_depth 1, 3,5
loss absolute_error
n_estimators lel
criterion friedman_mse
min_samples_split
min_samples_leaf 1
min_weight fraction_leaf 0
max_features None
init None
tol le-4
validation_fraction le-1
alpha 9e-1
warm_start FALSE
ccp_alpha 0

HGB learning rate le-3, 1le-2, 1le-1, 1
max_depth 1, 3,5
loss absolute_error
quantile None
max_iter 1
max_leaf_nodes None
min_samples_leaf 1
max_bins 255
early_stopping auto
scoring loss
validation_fraction le-1
12_regularization 0
‘warm_start FALSE
early_stopping auto
n_iter_no_change lel
tol le-4

XGB learning rate le-3, le-2
max_depth 1, 3,5
objective reg:absoluteerror

XGB RF learning_rate le-3, le-2
max_depth 1, 3,5
objective reg:absoluteerror

MLP hidden_layer sizes 2,), 4), 6,
activation identity, logistic, tanh, relu
solver adam, Ibfgs
alpha le-4
batch_size auto
learning rate adaptive
tol le-4
‘warm_start None
early_stopping TRUE
validation_fraction le-1
epsilon le-1
n_iter_no_change 1
beta_1 9e-1
beta_2 999e-3

13



F.M. Ottaviani et al.

where

SV'=ES — AT. (A.14)
Alternatively, using SPI’, defined as

SPI'= ES/AT, (A.15)

assumes that schedule overruns will continue at the current rate until
completion, leading to

EAC' [SPI'| =PD/SPI'".

(A.16)

Appendix B. Hyperparameters grid

See Table B.9.

Data availability

Data will be made available on request.
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