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1 Introduction
Forecasting the Duration Estimate at Completion 
(DEAC) for an ongoing project is fundamental to 
controlling its schedule. As activities are completed, 
performance data accumulate, and the impact of 
changes and technical and financial issues is evaluated 
to make decisions and take appropriate actions. In 
this regard, the Earned Value Management (EVM) 
methodology (Fleming & Koppelman, 1997) and 
the Earned Schedule (ES) approach (Lipke, 2003) 
are widely used to quantify the schedule delay and 
compute the project DEAC. 

Despite being proven accurate when tested on 
different case studies (Batselier & Vanhoucke, 2015b; 
Henderson, 2003; Henderson & Lipke, 2006; Vanhoucke 
& Vandevoorde, 2007), the two methodologies present 
major flaws. To begin with, both EVM and ES formulae 
for the DEAC assume the linearity of the project cost 
profiles (Warburton & Cioffi, 2016). As for EVM, the 
delay is expressed as cost units, and the schedule 
index always converges to one toward completion, 
compromising DEAC estimates. Although the ES 
approach fixes such issues, it still relies on the project 
planned and earned values to quantify the schedule 
delay. This is because it assumes the physical progress 
of works and the costs incurred to be linearly related. 
On this basis, the two methods may prove wrong in two 
specific situations: first, when the cost of activities is 

not related to their duration; second, if a large amount 
of costs is allocated within a limited time window, 
neither the EVM nor the ES methods would be able 
to capture the steep rise in the cost profile. Because 
of the reasons above, a cost-independent approach is 
needed to estimate the schedule delay and forecast 
the DEAC.

Barraza, Back, and Mata (2000) criticized the linear 
assumption upon which the EVM and ES formulae for 
the project DEAC are based. Several authors, such 
as Batselier and Vanhoucke (2015a); Cioffi (2005, 
2006); Jacob and Kane (2004) and Khamooshi and 
Golafshani (2014), commented that S-curves, or by 
extension, any nonlinear profile, should instead be 
used. Motivated by these criticisms, Warburton and 
Cioffi (2016) defined a general theoretical foundation 
for calculating the duration estimate and showed 
how to generate a DEAC formula for any project 
cumulative work curve. However, they also reported 
some exceptions; not all nonlinear profiles resulted 
in the standard formula. Therefore, there is a need 
to identify one or more profiles that can fit the project 
data accurately enough and, at the same time, result 
in the standard formula, which equals satisfying the 
delay condition (see Section 3).

According to the shape of their cumulative work 
profile, projects can be grouped into four categories, 
as represented in Figure 1.
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The S-shaped (s) profile arises when the project phases 
present a substantial difference in work rate. These types 
of projects typically undergo an initial slow growth, where 
the initial activities then seed a multitude of follow-up 
activities. As a result, there is a rapid rise, after which it 
reaches a peak -- the middle stage. In the late stage, the 
work rate declines, reaching zero at the project end. The 
exponential profile is a valuable add-on as it can represent 
two practical situations. In the first type of exponential 
(0 < k < 1, referenced as k- ), the highest work rate is 
reached right at the project start, and in the second case 
(k > 1, referenced as k+), it occurs during the project last 
phase. The linear profile (l) represents a less common 
scenario in which the same amount of work is performed 
in each time interval, i.e., the work rate is constant over 
the whole project. For clarification, the terms work, labor, 
and progress will be used interchangeably in the following 
sections; the same applies to profile and curve.

The study introduces a profile-based method for 
quantifying the project delay and computing the DEAC. 
Two profiles are proposed, the Cioffi and a generic 
exponential one, and adjusted to fit the project S-curve 
characteristics. Then, both profile DEAC formulae are 
derived. The theoretical results are tested in practice by 
applying the ES, both profile-based and EVM methods, 
to a portfolio of engineering projects. The four DEAC 
estimates are compared at 5%-time intervals, resulting 
in a series of forecasts of the projects’ final duration. 
Then, the linear and distance correlation analyses are 
performed to investigate the relationship between the 
methods’ DEAC accuracy and the project work profiles. 
The combined analyses allow an understanding of 
when a particular DEAC method should be prioritized 

over the others.

The paper is structured as follows. In Section 2, a 
review of the relevant theoretical and practical literature 
is provided. Next, Section 3 describes the Cioffi and 
exponential profiles and the respective DEAC formula 
derivation. The algorithmic steps in the four duration 
estimation methods are provided in Section 4. We 
present the accuracy and timeliness results of the 
four methods for the 56 real-world projects in Section 
5. While Section 6 provides helpful advice for project 
managers from results, Section 7 presents practical 
recommendations and conclusions.

2 Literature Review
In developing the EVM methodology, Fleming and 
Koppelman (1997) recognized that it is not possible 
to assess the project schedule performance by using 
costs as a proxy. To correct this deficiency, Lipke (2003) 
defined the ES approach and provided a novel DEAC 
formula, even though it relied on the assumption that 
the project work profiles are linear. Ward & Litchfield 
(1980) discussed this issue beforehand, stressing the 
need to recognize that project progress is continually 
subject to change, invalidating the linearity assumption. 
Chang (2001) also claimed an underlying problem in 
EVM and ES related to using short-term schedule 
performance indexes to forecast long-term completion. 
On this matter, Corovic (2007) tested the performance 
of EVM and ES schedule indicators, confirming that 
they lead to inaccurate predictions when applied to 
projects with nonlinear cumulative work profiles.

Several attempts were made to improve the performance 

of DEAC forecasts. The analytic review conducted by 
Chen and Zhang (2012) identified three branches of 
schedule control methods: ES-based (Lipke, 2003) 
methods, those extending the Planned Value Method 
(Anbari, 2003), and the ones that are based on the 
Earned Duration (ED) concept (Jacob & Kane, 2004). 
Concerning the last stream, Khamooshi and Golafshani 
(2014) refined the ED approach by removing the time 
dependency when forecasting project costs, relying on 
the properties of the network activities. Also, Vanhoucke 
and Andrade (2017) verified that the ED method is better 
for measuring the project progress over time. To further 
improve the reliability of the ED-based DEAC, Yousefi et 
al. (2019) proposed a two-step framework to develop a 
control chart of EDM indices that increases the chances 
of detecting schedule problems beforehand. A statistical 
project control system designed on Shewhart’s and 
CUmulative SUM control charts was also proposed by 
Galante, La Fata, and Passannanti (2019) and validated 
in three case studies. Votto, Lee Ho, and Berssaneti 
(2021) further improved the control charts technique for 
project duration monitoring by providing a rationale for 
identifying the limit width based on repeated schedule 
simulations.

A subset of studies focused on identifying the drivers 
behind the DEAC forecasting performance. Elshaer 
(2013) investigated the effect of sensitivity to activity 
information on the forecasting accuracy of the ES method 
and concluded that the framework is subject to failures 
when parallel, non-critical activities generate incorrect 
warnings for the project manager. Vanhoucke (2012) 
confirmed that idea by showing that the network topology 
is a significant factor in variability. In this regard, both 
Galvez, Ordieres-Meré, and Capuz-Rizo (2015) and 
Galvez, Capuz-Rizo, and Ordieres (2017) determined that 
the duration, interrelationships, and level of parallelism 
of activities are the sources of inaccuracy in project 
duration estimates. Vanhoucke and de Koning (2016) 
proved on a sample of nine projects that the steeper 
a project S-curve, the later stability of the schedule 
performance index for reliable DEAC forecasts. On the 
other hand, Mamghaderi, Khamooshi, and Kwak (2021)’s 
findings showed that ED is superior to ES regardless of 
the project characteristics. 

The performance of the above techniques for duration 
estimation has been tested through their application to 
different project datasets. Lipke et al. (2009) validated 
that the ES method worked well using statistical 
prediction and testing methods. Chen (2014) proposed 
a framework to improve the predictive power of the 
Planned Value-based forecasting technique by ~ 23.6%. 

Batselier and Vanhoucke (2015c) compared the accuracy 
and timeliness of the EVM, ES, and ED methods using 
the same dataset as used here. Borges Jr and Mário 
(2017) compared Carr (1993)’s Time Duration Method 
(TDM) to PVM, ES, and ED, while Ballesteros-Pérez et 
al. (2020) proposed a method to quantify the accuracy 
of duration forecasts. All the studies above concluded 
that all methods are good enough for practical work, 
but the accuracy of the ES method is slightly superior 
to the others. 

Many regression attempts have been proposed, as 
straightforward and available algorithms generate 
reasonable accuracy. Chen (2014) developed a linear 
model that improved the Earned Value forecasting 
accuracy by an average of 13% when applied to 131 
projects. Salari and Khamooshi (2016) proved the 
superiority of the ED method when used in conjunction 
with exponential smoothing techniques. The same 
technique was adopted by Martens and Vanhoucke 
(2020) but applied to EVM and ES, who also showed 
that it could improve the final duration forecasts. In a 
slightly different approach, Votto, Lee Ho, and Berssaneti 
(2020) used the ED concept as input to evaluate the 
duration performance indexes for project duration 
forecasting purposes. Using a construction project 
as a case study, both Pan et al. (2022) and Wu et al. 
(2022) tested the prediction capability of the multiple 
linear regression and artificial neural network models, 
respectively, with the former focusing on interpretability 
and the latter on prediction.

Several studies attempted sophisticated statistical 
analyses. Using a neural network nonlinear mapping 
technique, Chao and Chien (2009) evaluated the project 
S curve with just a few data points, and projected the 
project S curve for the future. De Marco, Briccarello, 
and Rafele (2009) found  that a nonlinear time estimate 
better indicates the project’s revised duration because 
the S-curve profile can overcome the EVM schedule 
performance index bias. Kim and Reinschmidt (2010) 
employed the Kalman Filter forecasting method (KFFM) 
to minimize the variance of future forecasts by combining 
the prior project duration estimate with a one-step-
ahead prediction derived from a new observation. 
Narbaev and De Marco (2014) proposed an index-based 
formula based on the Gompertz S-profile and nonlinear 
regression analysis; the model was later validated by 
Narbaev and De Marco (2017); Warburton, De Marco, 
and Sciuto (2017) and Huynh et al. (2020). Galvez, 
Ordieres, and Capuz-Rizo (2017) adopted the Monte 
Carlo filtering method to identify and regionalize input 
variables impacting the project schedule performance. 

Figure 1: Four projects’ cumulative work profiles
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Cheng, Chang, and Korir (2019) developed the neural 
network–long short-term memory (NN-LSTM) model 
to estimate the Schedule to Completion, mapping the 
long temporal dependency of the time-dependent 
variables, showing the superiority of the proposed 
model compared to the previous ones in the literature. 
Sackey, Lee, and Kim (2020) recently proposed a 
DEAC model which removed the use of cost as a proxy 
but still relied on linear regression analysis. Assaad, 
El-Adaway, and Abotaleb (2020) developed a holistic 
framework to evaluate project progress and predict the 
DEAC. By fitting predefined distributions to the actual 
data and calculating schedule overruns, the model 
exploited risk-related data to increase the accuracy 
of the duration forecasts. To overcome the main 
limitation of the EVM methodology, which assumes a 
linear relationship between the activities’ cost and their 
physical progress, Ngo, Lucko, and Ballesteros-Pérez 
(2022) reformulated the EVM method through singularity 
functions. By enabling continuous monitoring of project 
schedule performance as activities are completed, 
DEAC estimates become more reliable.

In light of recent studies on the topic, this paper 
suggests an alternative approach to EVM and ES for 
computing schedule DEAC at the project level, whose 
accuracy scales with the goodness of fit of the chosen 
profile and the project cumulative work shape.

3 Theoretical Development
This section introduces the Cioffi and the generic 
exponential curves, describes their characteristics, and 
presents the derivation of the respective DEAC formulae.

The project metrics are expressed using the scientific 
notation proposed by Cioffi (2006) instead of the traditional 
EVM nomenclature: the planned and actual durations are 
denoted, respectively, as Tp and Ta; the budgeted cost 
at completion is indicated as B; the cumulative planned 
and earned values are referred to as Cp(t) and Ce(t).

By the EVM assumption, both the planned and earned 
work profiles must equal the project budgeted cost at 
completion at Tp and Ta, respectively, as per Equation 1.

B=Cp(Tp)=Ce(Ta)     1

Based on the ES concept, the schedule delay, δ(t), 
consists of the distance between the actual time, t, 
and the time, Te(t), the observed progress should have 
been achieved according to the baseline schedule, 
also called the earned duration. Therefore, the delay 
condition can be represented through the system of 

equations comprising Equation 2,

δ(t)=t-Te(t),     2

and Equation 3,

Ce(t)=Cp[t-δ(t)]=Cp [Te(t)].     3

These connotations are general and apply to any 
work profile.

An example of the Te(t) evaluation, according to 
the ES theory, is provided in Figure 2, which also 
shows the substantial difference that may be present 
between the former and the EVM conception of 
delay, SV(t)=Ce (t)-Cp(t).

Figure 2: Definition of delay, δ(t), and earned 
duration, Te(t), for a sample project

3.1 Cioffi profile
Equation 4 illustrates the original Cioffi profile.

     4

The adjustments that follow are required for the Cioffi 
profile to fit a project S-curve characteristics: first, the 
upper horizontal asymptote, y∞ should correspond to 
the project B; second, relating t to the time in which 
the labor rate profile is at its maximum, T’, leads to 

exp( ')p Tγ α= ; for the same reason, it is convenient 
to change the constant, α, to 'pTα α= . The adjusted 
Cioffi labor profile, applied to the planned progress, 
is presented in Equation 5.
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The expression for the earned labor profile, ( )c

p tC , has 
the same functional form, with the peak in the earned 
labor rate profile, 'T α replacing ' pT . Using the delay 
condition, Equations 2 and 3, gives Equation 6,
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which is always satisfied whenever Equation 7 is valid:

     7

The parameters ' pT  and 'T α, representing the peak 
in the work rate profiles, are proportional to the end 
times; therefore, Equation 7 can be converted into the 
standard DEAC formula, Equation 8.

     8

3.2 Exponential profile
Since the Cioffi profile does not allow for work rate 
peaks in the project first or last stage, a second 
nonlinear profile is proposed based on the generic 
exponential formula provided in Equation 9.

     9

In this case, the B parameter provides the y-value at T, 
which indicates the project planned duration ( pT ) in the 
planned progress profile, as in Equation 10, 

     10

and the actual duration (T α) in the earned one, as per 
Equation 11.

     11

Both Equations 10 and 11 respect the EVM assumption 
in that they both equal zero at the project start and B at 
the project end. Applying the delay condition (Equations 
2 and 3) to Equations 10 and 11 leads to Equation 12,

     12

which is true whenever the equality in Equation 13 
subsists:

     13

Since Equation 13 is identical to Equation 8, both the 
adjusted Cioffi and exponential profile fit the standard 
DEAC formula.

4 Research Methodology
4.1 DEAC Estimation Methods
The four methods of estimating the DEAC to be analyzed 
are the ES (ES), Cioffi (c), exponential (x), and SPI (SPI) 
methods, to which we will refer as the  m methods.

The method is based on the evaluation of the earned 
duration (or simply, ES) as per Equation 14, 

     14

where c(t) is the number of time increments such 
that Ce(t)≥Cp(y) with y≤t. Then, the DEAC is computed 
through Equation 8. 

The c and x methods are based on the Cioffi and the 
exponential profile, respectively. First, the curve is fit 
to the project planned value data through the nonlinear 
regression analysis to determine the profile parameters: 
B, α, and ' pT  for the Cioffi profile; the exponent k in 
the exponential profile. The earned duration at time  
is obtained through Equations 2 and 3, and then 
Equation 8 gives the profile-based DEAC.

The SPI method is based on the Practice Standard for 
EVM (PMI, 2005) relies on the Schedule Performance 
Index, which is the ratio between the project to-date 
earned and planned value, SPI(t)=Ce(t)/Cp(t). The DEAC 
formula is obtained without evaluating the earned 
duration, as per Equation 15.

     15

To test their performance, we analyzed a portfolio 
of p = 56 engineering projects available from Ghent 
University’s OR&S Database (Batselier & Vanhoucke, 
2015a; Vanhoucke, Coelho, & Batselier, 2016). No data 
cleaning was required. For each project, the following 
data were collected: budget at completion (B), planned 
duration (Tp), actual duration (Tα), and cumulative 
planned and earned data, Cp(ti) and Ce(ti). The m 
methods were applied to all p projects, computing the 
respective DEAC at 5%-progress intervals throughout 
the project, i.e., from 5% to 95%.

4.2 Calculation of the DEAC Errors
The  methods’ accuracy is compared based on the 
prediction absolute percentage error criterion, which is 
calculated for any p project at time t through Equation 16. 

     16

Equation 17 provides a project mean DEAC error 
across all 5%-progress time iterations.

     17

Instead, Equation 18 represents the project portfolio 
mean DEAC error at the specific 5%-progress time step.

     18

4.3 Calculation of the Deviations
We computed the mean absolute percentage difference 
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between the forecasted and the observed earned 
values to analyze the accuracy of the different methods 
in predicting future progress. In the ES and SPI methods, 
the Ce(t) points are obtained by dividing the time t in 
which the Cp(t) points were expected to be reached 
by the schedule performance indicator, shifting the 
formers either to the right (delay) or to the left (advance). 
By the EVM and ES assumption, the work between 
consecutive points is performed linearly over time, 
which does not account for the real work profile shape. 
In the c and x methods instead, the earned profiles 
are obtained by using the same shape parameters 
(B and α for Cioffi, k for exponential), but replacing  
with  (Cioffi) or  with  (exponential).

For a given p project, the deviation at time t, calculated 
through the m method, is computed as per Equation 19.

     19
For a given p project, at each time t, the mean of the 

forecasted deviations is obtained through Equation 20.
     20

Equation 20 provides the average of the mean future 
deviations, which further summarizes the m method 
performance in forecasting the earned value points 
for a given p project.

     21

Instead, Equation 22 summarizes the m method 
performance on the portfolio level at the same t time.

     22

5. Results
5.1 Portfolio Perspective
The performance of the m methods is first compared 
at the portfolio level. The DEAC accuracy results are 
shown in Figure 3.

Figure 3: Projects portfolio average DEAC errors

 correspond to the four 
methods’ portfolio average deviations computed through 
Equation 21. The results show that the deviations 
follow the same behavior as the DEAC errors, with 
the accuracy improving as progress accumulates. In 
particular, the deviations are more significant early on 
because of the uncertainties in the earned value data.

5.2 Project Perspective
We now analyze the correlation between the variables 
at the project level, which allows to identify the drivers 
behind the four methods’ performance. The individual 
project results are summarized in Table 1.

Table 1. Projects results
p EES Ec Ex ESPI De

ES DE
c De

x De
SPI Ri

2 Rk
2- Rk

2+ Rs
2 δ%(Ta)

1 .13 .14 .22 .14 .08 .08 .09 .08 .88 .88 .93 .96 .11
2 .09 .21 .21 .08 .04 .11 .11 .05 .95 .98 .95 .98 .05
3 .22 .22 .23 .31 .09 .07 .08 .10 .97 .97 .98 .98 .00
4 .05 .05 .06 .36 .07 .05 .08 .50 .36 .36 .97 .98 .15
5 .13 .23 .20 .13 .05 .10 .08 .06 .89 .97 .89 .97 .12
6 .05 .15 .17 .14 .03 .09 .09 .05 .93 .94 .93 .93 .41
7 .02 .04 .04 .03 .01 .04 .04 .02 .93 .93 .98 .98 .00
8 .42 .19 .94 .30 .07 .04 .12 .06 .49 .96 .49 .92 .00
9 .09 .10 .12 .11 .04 .04 .06 .04 .96 .96 .97 1.00 .00

10 .36 .25 .50 .15 .10 .08 .11 .06 .65 .99 .65 .93 .57
11 .37 .24 .49 .21 .07 .06 .09 .06 .80 .97 .80 .96 .18
12 .04 .10 .14 .05 .03 .06 .08 .03 .95 .95 .96 .99 .00
13 .46 .18 .40 .25 .09 .07 .05 .04 .74 .97 .74 .90 .10
14 .20 .21 .28 .21 .05 .07 .06 .05 .89 .90 .89 .96 .33
15 .20 .22 .22 .21 .04 .08 .07 .05 .96 .96 .97 .98 .25
16 .39 .36 .33 .19 .06 .09 .08 .05 .64 .95 .64 .97 .00
17 .11 .15 .16 .13 .05 .08 .09 .07 .86 .86 .97 .97 .00
18 .08 .16 .25 .18 .03 .06 .10 .07 .90 .91 .90 .98 .00
19 .13 .21 .26 .14 .06 .10 .11 .06 .89 .97 .89 .96 .25
20 .19 .18 .34 .22 .05 .05 .08 .06 .93 .95 .93 1.00 .08
21 .19 .23 .27 .20 .07 .09 .11 .08 .98 .99 .98 .99 .50
22 .10 .08 .14 .15 .04 .05 .06 .06 .98 .98 .98 .99 .18
23 .08 .16 .26 .12 .04 .06 .08 .06 .90 .97 .90 .98 .12
24 .03 .12 .26 .16 .02 .06 .09 .07 .96 .96 .96 .98 .17
25 .05 .05 .11 .06 .02 .03 .06 .05 .89 .89 .97 .99 .18
26 .20 .17 .29 .26 .05 .06 .09 .08 .96 .97 .96 .99 .50
27 .43 .45 .73 .52 .07 .10 .09 .11 .89 .94 .89 .99 .13
28 .09 .08 .12 .09 .04 .04 .06 .04 .98 .98 .98 .99 .00
29 .19 .29 .39 .14 .10 .12 .11 .10 .89 .95 .89 .99 .14
30 .08 .09 .47 .09 .03 .03 .11 .03 .82 .96 .82 1.00 .11
31 .11 .12 .18 .11 .06 .07 .06 .07 .95 .95 .95 1.00 .13
32 .05 .06 .44 .05 .02 .03 .10 .02 .70 .94 .70 .99 .00
33 .10 .14 .13 .34 .07 .10 .09 .13 .83 .83 .96 .97 .50
34 .20 .19 .31 .32 .03 .03 .10 .10 .92 .92 .92 1.00 .00
35 .00 .08 .12 .00 .00 .05 .06 .00 .97 .97 .97 .99 .00
36 .18 .15 .18 .15 .04 .07 .06 .04 .95 .98 .95 .97 .00
37 .19 .23 .17 .33 .10 .12 .11 .20 .93 .93 .97 .99 .31
38 .18 .21 .21 .45 .04 .07 .07 .08 .08 .08 .96 .96 .00
39 .02 .05 .07 .08 .01 .04 .06 .07 .87 .87 .98 1.00 .08
40 .08 .15 .17 .13 .05 .08 .08 .07 .97 .97 .97 .99 .17
41 .09 .23 .22 .07 .04 .11 .10 .04 .91 .94 .91 .95 .08
42 .08 .12 .41 .07 .03 .04 .07 .03 .58 .96 .58 .99 .10
43 .03 .15 .15 .02 .01 .06 .06 .02 .94 .95 .94 .96 .00
44 .01 .14 .07 .01 .01 .05 .03 .01 .78 1.00 .78 .98 .00
45 .57 .44 .77 .37 .14 .12 .15 .11 .86 .96 .86 .98 .08
46 .11 .07 .44 .17 .06 .04 .13 .08 .88 .92 .88 .99 .25
47 .41 .28 .72 .33 .09 .07 .11 .07 .76 .99 .76 .97 .00
48 .14 .12 .27 .14 .04 .02 .07 .05 .94 .98 .94 1.00 .00
49 .05 .36 .14 .05 .00 .07 .04 .00 .36 .94 .36 .90 .05
50 .10 .13 .13 .12 .03 .05 .04 .04 .97 .98 .97 .99 .25
51 .10 .30 .28 .04 .03 .14 .13 .03 .78 .86 .78 .80 .00
52 .12 .15 .12 .19 .13 .15 .13 .17 .75 .75 .98 .99 .29
53 .17 .14 .23 .13 .05 .06 .05 .05 .80 .95 .80 .92 .00
54 .08 .09 .17 .14 .03 .04 .10 .07 .87 .87 .96 .99 .10
55 .10 .11 .30 .10 .03 .04 .11 .06 .86 .88 .86 1.00 .25
56 .40 .39 .45 .50 .06 .06 .06 .09 .91 .92 .91 1.00 .50

The first column, p, refers to the project unique identifier. 
consist of the average DEAC 

errors for the ES, Cioffi, exponential, and SPI methods 
computed through Equation 16.  
indicate their average earned data deviations, given by 
Equation 20.  represent the coefficients 
of determination of the four project profiles and provide 
the goodness of fit to the planned value data for 
the linear (l), exponential (k +), exponential (k -) and 
S-shaped (s) profiles. The R2 metric ranges from 0 
(few earned data points close to the profile) to 1 (the 
profile passes close to all the earned data points). 
In the last column, δ%(Ta), indicates the project final 
percentage delay, as per Equation 23.

The statistics shown in Table 2 provide a helpful 
summary of Table 1 results.

     23

Table 2. Projects results summary statistics
Code Variable M SD max min

1 EES .157 .132 .569 .002
2 Ec .177 .096 .450 .039
3 Ex .276 .186 .940 .041
4 ESPI .174 .121 .524 .004
5 De

ES .050 .030 .139 .001
6 DE

c .068 .029 .146 .023
7 De

x .082 .026 .152 .028
8 De

SPI .070 .069 .505 .001

Columns M and SD indicate the variables’ mean and 
standard deviations, while max and min refer to their 
maximum and minimum values. The table confirms, 
with more precision, the same deductions of Figure 
3: the four methods’ overall performance, in terms 
of DEAC error, is similar; the only exception being 
the exponential profile (M3=.276, SD3=.186). All other 
means and standard deviations have roughly the 
same size, indicating that the methods are equivalent 
over the entire portfolio. However, the individual 
DEACs may differ substantially between one project 
and another. Among the four, the c method is the 
one that presents the least variability: max2=.450; 
it also has the minimum of the four methods’ 
maximum errors and the min2=.039 is second only 
to the exponential.

The two profile-based methods can lead to the most 
consistent forecasts under the DEAC error and future 
deviation perspectives when applied to specific 
projects. Therefore, if a project is schedule-dominated, 
investing additional effort in the nonlinear regression 
analysis, and employing the more accurate profile-
based method may prove worthwhile.Figure 4: Projects portfolio average earned data deviations

 indicate the portfolio mean 
m-methods DEAC errors, calculated at the different 5%-
time intervals through Equation 17. The four performances 
are similar, as they all improve along with the project 

progress. The only exception is the exponential profile-
based DEAC, which struggles in the early stages. The 
average deviations between the earned data points 
and the forecast values are shown in Figure 4.
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5.3 Correlation Analyses
The results in Table 2 vary substantially from project 
to project, as differences in the procedures can lead 
to entirely different predictions; therefore, a more 
detailed analysis is required. For this purpose, we 
analyzed the relationships between the DEAC errors, 
earned profile deviations, the goodness of fit of the 
project data to the four typical S-curve profiles, and 
the final project delay percentage. To do so, we 
evaluated their Pearson correlation (Acton, 1959) 
and distance correlation (Székely, Rizzo, & Bakirov, 
2007) coefficients. The formers provide the strength 
and direction of the (eventual) linear relationship 
between variables; the latter, instead, can capture 
both the linear and nonlinear association between 
two variables but does not provide its direction. For 
representation purposes, we omitted from the matrices 
all coefficients and relative -values referring to the 
pairs of variables whose relationships are not within 
the scope of this analysis.

The Pearson correlation matrix is reported in Table 
3. The ρX,Y coefficient ranges from -1 (exact negative 
linear correlation) to 1 (exact positive linear correlation), 
where 0 indicates no linear correlation. To each ρX,Y 
coefficient corresponds a p value, which indicates the 
probability of rejecting the null hypothesis that the ρX,Y 
coefficient is null.

Table 3. Pearson correlation matrix
Code Variable 1 2 3 4 5 6 7 8 9 10 11 12 13

1 EES 1
2 Ec 1
3 Ex 1
4 ESPI 1
5 De

ES .69** 1
6 DE

c .59** 1
7 De

x .52** 1
8 De

SPI .52** 1
9 Rl

2 -.15 -.14 -.19 -.26* -.05 .06 .01 -.28* 1
10 Rk

2+ -.32**-.35**-.51** .07 .01 .03 -.07 .25* 1
11 Rk

2- .11 .10 .19 -.38**-.05 .03 .03 -.54** 1
12 Rs

2 -.04 -.21 .02 .05 .00 -.37*-.06 .09 1
13 δ%(Ta) .14 .14 .02 .28** 1

*p≤.10, **p≤.05

The distance correlation matrix is shown in Table 
4. The dCorX,Y coefficient ranges from 0 (X and Y are 
independent) to 1 (dimensions of the linear sub-spaces 
delimited by the X and Y are almost the same). The 
reason why we implement the distance correlation 
analysis is twofold: first, dCorX,Y may confirm or disprove 
the considerations made for ρX,Y second, whenever 
ρX,Y=0 it is possible that dCorX,Y≠0, as the two variables 

may be related but not in a linear way.

Table 4. Distance correlation matrix
CodeVariable 1 2 3 4 � 5 6 7 8 9 10 11 12 13

1 EES 1
2 Ec 1
3 Ex 1
4 ESPI 1
5 De

ES .69** 1
6 DE

c .65** 1
7 De

x .48** 1
8 De

SPI .67** 1
9 Rl

2 .31* .25 .37** .28 .24 .19 .25 .34* 1
10 Rk

2+ .44**.39**.61** .16 .22 .16 .28 .34* 1
11 Rk

2- .21 .21 .26 .38** .18 .22 .19 .56** 1
12 Rs

2 .20 .35** .21 .20 .25 .42* .24 .26 1
13 δ%(Ta) .22 .21 .18 .33** 1

*p≤.10, **p≤.05

Both analyses confirm the interesting result that the 
DEAC accuracy (Em ) is correlated with the earned 
profile deviation (Ce

m    ): the better the fit, the more precise 
the quantification of delay, hence, the more accurate 
the forecast of the revised duration. Both analyses also 
show the ES DEAC error to be significantly related to 
the goodness of fit to the k+ profile, where ρ10,1=-.32 
indicates an inverse relationship and dCor10,1=.44 further 
confirms it. The distance correlation coefficient proves 
a nonlinear association exists with the coefficient of 
determination of the linear profile (dCor9,1 =.31), which, 
according to the Pearson coefficient (ρ9,1 =-.15) is an 
inverse relationship.

Similarly to the ES method, the c DEAC error is also 
related to Rk

2+ (ρ10,2=-.35, dCor10,2=.39). Also, the Cioffi 
method is the only one that shows a significant 
relationship with the goodness of fit to the s profile, 
where ρ12,2=-.21 indicates a negative relationship and 
dCor12,2=.35 confirms the association. This is also 
supported by the significant relationship between 
Rs

2  and the Cioffi profile deviations, as ρ12,6=-.37 and 
dCor12,6=.42. These results show that the Cioffi method 
works well for both the cases above, and its flexibility 
allows the profile to assume either symmetric (s) or 
back-loaded (k+) shape, which improves the DEAC 
accuracy at the portfolio level.

For the exponential method, the DEAC accuracy is 
related to the goodness of fit to the k+ profile, with ρ10,3=-
.51 and dCor10,3=.61. Despite the modest significance 
(p9,3=15), it is also shown to be associated with the 
linear profile fit, as ρ9,3=-.19 and dCor10,3=.37. The 
same applies to the exponential k - case, but in the 
opposite direction (ρ11,3 =.19) as the DEAC error Ex 
tends to increase.

The SPI method behavior is the one that differs the 
most from the others. First, the DEAC error is not 
related to the fit to the exponential k+ profile (p ≤ .1 in 
the Pearson and distance correlation cases). Second, 
the Pearson coefficient would imply an association 
between the DEAC error and the fit to the linear profile 
(ρ9,4=-.26), but this is denied by the dCor coefficient 
(p≤.1). Third, it is the only method that shows a 
significant and inverse relationship with the exponential 
k - case (ρ11,4=-.38, dCor11,4=.38), further confirmed by 
the correlation between Rk

2- and the earned deviations 
(ρ12,8 =-.54, dCor12,8=.56). Also, it represents the only 
DEAC forecasting method that is statistically related 
to the project final delay (ρ12,8 =.28, dCor13,4 =.33).

6. Discussions
The main theoretical and practical contributions of 
this study are summarized as follows. Figure 3 shows 
that the standard formula for DEAC forecasting, 
Equation 8, is accurate and timely. It provides a DEAC 
accuracy of around 20% when 20% through the project. 
Therefore, a project manager can confidently start 
with this DEAC method. If the project has significant 
schedule constraints, such as penalty clauses or 
fixed operational dates, additional effort in the DEAC 
accuracy may be justified.

All methods generate an accurate DEAC for linearly 
planned projects. This is not a surprise, as the EVM 
and ES methodologies are explicitly based on the 
linearity assumption. In addition, the parameters of the 
Cioffi and exponential profiles can be adapted to the 
linear case. However, the two profile-based methods 
are more accurate and timelier when the planned 
profile is S-shaped, either slightly back-loaded or 
front-loaded, reducing future earned data deviations. 
Therefore, when schedule accuracy is at a premium, 
the additional effort required by these methods may 
be justified. All methods, but the , are viable options 
for the rising exponential profile.

This study confirms the following aspects considering 
the current literature. First, the performance of the EVM 
and ES methods, despite being proven acceptable 
in most cases, is still subject to the limitations rooted 
in their delay and revised project duration formulae. 
Second, adopting a nonlinear profile-based method that 
complies with the delay condition provides accurate 
DEAC forecasts and does not depend on any further 
assumption that may compromise its reliability. To this 
end, the nonlinear regression analysis, required by the 
curve fitting process, is confirmed to be a valuable tool 
in improving the more realistic, continuous description 

of the project work profile over time, leading to a better 
quantification of the project delay. Moreover, the whole 
study confirms the need for analyzing the network of 
activities and the variables related to it in deciding 
which DEAC forecasting method to adopt.

The research also suggests several practical limitations 
the project manager should be aware of. If the observed 
earned profile shape differs significantly from the 
planned shape, duration estimates will be inaccurate. 
This condition is built into EVM and is necessary for 
using the standard duration formula. It also means 
that, in the Cioffi case, the actual value of α must be 
used for the planned and earned profiles; otherwise, 
the analysis leading to Equation 11 fails; the same 
applies to the exponential case, referring to the k 
parameter. If the planned and earned profile shapes 
differ, the project manager should find a new, more 
appropriate formula that matches both planned and 
emerging earned data. If so, the standard duration 
formula will apply, and the DEAC accuracy will increase.

7. Conclusions
Research on forecasting project revised durations has 
mostly focused on developing a sophisticated model 
based on additional control metrics or simulating 
the project network schedule. While the extra effort 
involved may improve the forecasting performance, the 
leading cause of incorrect estimations is not addressed, 
which is how to quantify the current schedule delay at 
the project level, as activity-by-activity analyses are 
often impossible due to the absence or unreliability 
of granular data. Also, different DEAC forecasting 
methods can lead to entirely different predictions, 
which primarily depend on the geometrical properties 
of the ES, profile-based, and EVM methods used to 
calculate the project delay. To answer such a question, 
we first developed an alternative approach to DEAC 
calculation: the principles are based on the ES theory, 
but the actual shape of the profile is considered 
instead of the standard linear interpolation between 
successive data points. We introduced two nonlinear 
profiles, the Cioffi and the exponential, the former to 
model precisely for S-shaped projects and the latter to 
model front and back-loaded labor profiles. Both profiles 
are expressed in dimensionless time units, which is a 
slight change of notation and does not affect previous 
analyses nor its effectiveness in practical situations. 

After proving that the DEAC formula of ES also works 
with nonlinear profiles, we compared the accuracy 
of the ES, c, x, and SPI methods in forecasting the 
revised duration of the project for a portfolio of real 
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construction projects. The results show that the four 
methods perform similarly, especially during project 
development’s mid to late stages. To identify the 
drivers behind each method’s accuracy, we analyzed 
the results at the project level. We verified whether 
the shape assumed by the cumulative progress curve 
would impact the method’s performance. We identified 
four typical profiles, namely linear, rising exponential, 
asymptotic exponential, and S-shaped, and computed 
the respective  criterion per each project. Then, we 
calculated the DEAC errors and earned data deviations, 
which we provided as input to the Pearson linear and 
distance correlation analyses. The results show that 
it is possible to determine which method is advised 
to be used both before and during the execution of 
a project based on its planned profile shape and 
observed earned data deviations.

There are several exciting avenues for potential future 
research. First of all, one could use the physical 
advancement of work curves to quantify the delay, 
rather than using activities cost (EVM, ES) or duration 
(ED). Furthermore, it would be desirable to explore 
the impact of systematic and random deviations on 
the duration estimate. This is because it would be 
necessary to select complex profiles that almost 
perfectly fit the data. Also, since adopting the Cioffi 
or exponential profile already provides accurate and 
timely forecasts and is built on top of the project 
cumulative and rate profiles, the quantified delay can 
be provided as input to machine learning models or 
deep learning architectures to further enhance their 
prediction capability by recognizing different associative 
patterns between the control variables.

Notation
•	 B: budget at completion.
•	 Ce: earned work profile.
•	Cp: planned work profile. 
•	 De: absolute deviation between observed and forecast 

earned work profile. 
•	 E: DEAC absolute percentage error. 
•	 k: exponential profile parameter. 
•	 R2: coefficient of determination.
•	 Tp: planned duration.
•	 Ta: actual duration.
•	 Ta(t): standard DEAC formula (at time ).
•	 T′a: time that corresponds to earned work rate profile 

maximum peak.
•	 T′p: time that corresponds to planned work rate 

profile maximum peak.
•	 Te(t): earned duration (at time ).

•	 t: time.
•	 ɑ: Cioffi profile shape parameter.
•	 δ(t): delay (at time ).

References
Acton, F. (1959). Analysis of straight-line data. In (pp. 
267 ). New York: Wiley. https://archive.org/details/
analysisofstraig0000acto
Anbari, F. T. (2003). Earned value project management 
method and extensions. Project management journal, 
34(4), 12-23. https://doi.org/10.1177/875697280303400403
Assaad, R., El-Adaway, I. H., & Abotaleb, I. S. (2020). 
Predicting project performance in the construction 
industry. Journal of Construction Engineering 
and Management, 146(5), 04020030. https://doi.
org/10.1061/(ASCE)CO.1943-7862.0001797
Ballesteros-Pérez, P., Sanz-Ablanedo, E., Cerezo-
Narváez, A., Lucko, G., Pastor-Fernández, A., Otero-
Mateo, M., & Contreras-Samper, J. P. (2020). Forecasting 
accuracy of in-progress activity duration and cost 
estimates. Journal of Construction Engineering and 
Management, 146(9), 04020104. https://doi.org/10.1061/
(ASCE)CO.1943-7862.0001900
Barraza, G. A., Back, W. E., & Mata, F. (2000). 
Probabilistic monitoring of project performance using 
SS-curves. Journal of Construction Engineering and 
Management, 126(2), 142-148. https://doi.org/10.1061/
(ASCE)0733-9364(2000)126:2(142)
Batselier, J., & Vanhoucke, M. (2015a). Construction and 
evaluation framework for a real-life project database. 
International Journal of Project Management, 33(3), 
697-710. https://doi.org/10.1016/j.ijproman.2014.09.004
Batselier, J., & Vanhoucke, M. (2015b). Empirical 
evaluation of earned value management forecasting 
accuracy for time and cost. Journal of Construction 
Engineering and Management, 141(11), 05015010. 
https://doi.org/10.1061/(ASCE)CO.1943-7862.0001008
Batselier, J., & Vanhoucke, M. (2015c). Evaluation of 
deterministic state-of-the-art forecasting approaches for 
project duration based on earned value management. 
International Journal of Project Management, 33(7), 
1588-1596. https://doi.org/10.1016/j.ijproman.2015.04.003
Borges Jr, W. F., & Mário, P. d. C. (2017). Five project-
duration control methods in time units: case study 
of a linearly distributed planned value. Journal of 
Construction Engineering and Management, 143(6), 
05017002. https://doi.org/10.1061/(ASCE)CO.1943-
7862.0001280
Carr, R. I. (1993). Cost, schedule, and time variances 
and integration. Journal of Construction Engineering and 
Management, 119(2), 245-265. https://doi.org/10.1061/
(ASCE)0733-9364(1993)119:2(245)

Chang, A. S.-T. (2001). Defining cost/schedule 
performance indices and their ranges for design projects. 
Journal of Management in Engineering, 17(2), 122-130. 
https://doi.org/10.1061/(ASCE)0742-597X(2001)17:2(122)
Chao, L.-C., & Chien, C.-F. (2009). Estimating project 
S-curves using polynomial function and neural networks. 
Journal of Construction Engineering and Management, 
135(3), 169-177. https://doi.org/10.1061/(ASCE)0733-
9364(2009)135:3(169)
Chen, H. L. (2014). Improving forecasting accuracy 
of project earned value metrics: Linear modeling 
approach. Journal of Management in Engineering, 
30(2), 135-145. https://doi.org/10.1061/(ASCE)
ME.1943-5479.0000187
Chen, S., & Zhang, X. (2012). An analytic review of 
earned value management studies in the construction 
industry. Construction Research Congress 2012: 
Construction Challenges in a Flat World (pp. 236-246). 
https://doi.org/10.1061/9780784412329.025
Cheng, M.-Y., Chang, Y.-H., & Korir, D. (2019). Novel 
approach to estimating schedule to completion in 
construction projects using sequence and nonsequence 
learning. Journal of Construction Engineering and 
Management, 145(11), 04019072. https://doi.org/10.1061/
(ASCE)CO.1943-7862.0001697
Cioffi, D. F. (2005). A tool for managing projects: an 
analytic parameterization of the S-curve. International 
Journal of Project Management, 23(3), 215-222. https://
doi.org/10.1016/j.ijproman.2004.08.001
Cioffi, D. F. (2006). Designing project management: 
A scientific notation and an improved formalism for 
earned value calculations. International Journal of 
Project Management, 24(2), 136-144. https://doi.
org/10.1016/j.ijproman.2005.07.003
Corovic, R. (2007). Why EVM Is Not Good for Schedule 
Performance Analyses. https://www.academia.
edu/64783293/Why_EVM_Is_Not_Good_for_Schedule_
Performance_Analyses
De Marco, A., Briccarello, D., & Rafele, C. (2009). Cost 
and schedule monitoring of industrial building projects: 
Case study. Journal of Construction Engineering and 
Management, 135(9), 853-862. https://doi.org/10.1061/
(ASCE)CO.1943-7862.0000055
Elshaer, R. (2013). Impact of sensitivity information 
on the prediction of project’s duration using earned 
schedule method. International Journal of Project 
Management, 31(4), 579-588. https://doi.org/10.1016/j.
ijproman.2012.10.006
Fleming, Q. W., & Koppelman, J. M. (1997). Earned 
value project management. Cost Engineering, 39(2), 13. 
https://www.proquest.com/openview/3c73b2aa4a3b64e
784c0a4867ebf2844/1?pq-origsite=gscholar&cbl=49080

Galante, G. M., La Fata, C. M., & Passannanti, G. 
(2019). Project monitoring by dynamic statistical control 
charts. The Journal of Modern Project Management, 
7(3), 120-137. https://doi.org/10.19255/JMPM02105
Galvez, E. A., Capuz-Rizo, S. F., & Ordieres, J. B. 
(2017). A Method for Identification of Critical Scheduling 
Decisions. The Journal of Modern Project Management, 
5(1), 46-61. https://doi.org/10.19255/JMPM01305
Galvez, E. A., Ordieres-Meré, J., & Capuz-Rizo, S. 
F. (2015). Analysis of project duration uncertainty 
using global sensitivity analysis. The Journal of 
Modern Project Management, 2(3), 18-25. https://
journalmodernpm.com/manuscript/index.php/jmpm/
article/view/174/174
Galvez, E. A., Ordieres, J. B., & Capuz-Rizo, S. F. 
(2017). On uncertainty and sensitivity analyses in 
project duration based on dependency information. 
The Journal of Modern Project Management, 4(3), 
98-109. https://doi.org/10.19255/JMPM01211
Henderson, K. (2003). Earned schedule retrspective. In 
The measurable news. https://www.earnedschedule.com/
Docs/ES%20-%20an%20extension%20to%20EVM%20
EVA-10%202005%20Lipke%20&%20Henderson.pdf
Henderson, K., & Lipke, W. (2006). Earned schedule: An 
emerging enhancement to earned value management. 
Cross Talk, Journal of Defense Software Engineering, 
26-30.
Huynh, Q.-T., Le, T.-A., Nguyen, T.-H., Nguyen, N.-H., 
& Nguyen, D.-H. (2020). A method for improvement 
the parameter estimation of non-linear regression in 
growth model to predict project cost at completion. 
2020 RIVF International Conference on Computing and 
Communication Technologies (RIVF) (pp. 1-6). IEEE. 
https://doi.org/10.1109/RIVF48685.2020.9140765
Jacob, D., & Kane, M. (2004). Forecasting schedule 
completion using earned value metrics revisited. The 
measurable news, 1(11), 7. https://www.scribd.com/
document/47452962/Forecasting-Schedule-Jacob-
Kane#
Khamooshi, H., & Golafshani, H. (2014). EDM: Earned 
Duration Management, a new approach to schedule 
performance management and measurement. International 
Journal of Project Management, 32(6), 1019-1041. https://
doi.org/10.1016/j.ijproman.2013.11.002
Kim, B.-C., & Reinschmidt, K. F. (2010). Probabilistic 
forecasting of project duration using Kalman filter and 
the earned value method. Journal of Construction 
Engineering and Management, 136(8), 834-843. https://
doi.org/10.1061/(ASCE)CO.1943-7862.0000192
Lipke, W. (2003). Schedule is different. The measurable 
news, 31(4), 31-34. https://www.earnedschedule.com/
Docs/Schedule%20is%20Different.pdf

https://archive.org/details/analysisofstraig0000acto
https://archive.org/details/analysisofstraig0000acto
https://doi.org/10.1177/875697280303400403
https://doi.org/10.1061/(ASCE)CO.1943-7862.0001797
https://doi.org/10.1061/(ASCE)CO.1943-7862.0001797
https://doi.org/10.1061/(ASCE)CO.1943-7862.0001900
https://doi.org/10.1061/(ASCE)CO.1943-7862.0001900
https://doi.org/10.1061/(ASCE)0733-9364(2000)126:2(142
https://doi.org/10.1061/(ASCE)0733-9364(2000)126:2(142
https://doi.org/10.1016/j.ijproman.2014.09.004
https://doi.org/10.1061/(ASCE)CO.1943-7862.0001008
https://doi.org/10.1016/j.ijproman.2015.04.003
https://doi.org/10.1061/(ASCE)CO.1943-7862.0001280
https://doi.org/10.1061/(ASCE)CO.1943-7862.0001280
https://doi.org/10.1061/(ASCE)0733-9364(1993)119:2(245
https://doi.org/10.1061/(ASCE)0733-9364(1993)119:2(245
https://doi.org/10.1061/(ASCE)0742-597X(2001)17:2(122
https://doi.org/10.1061/(ASCE)0733-9364(2009)135:3(169
https://doi.org/10.1061/(ASCE)0733-9364(2009)135:3(169
https://doi.org/10.1061/(ASCE)ME.1943-5479.0000187
https://doi.org/10.1061/(ASCE)ME.1943-5479.0000187
https://doi.org/10.1061/9780784412329.025
https://doi.org/10.1061/(ASCE)CO.1943-7862.0001697
https://doi.org/10.1061/(ASCE)CO.1943-7862.0001697
https://doi.org/10.1016/j.ijproman.2004.08.001
https://doi.org/10.1016/j.ijproman.2004.08.001
https://doi.org/10.1016/j.ijproman.2005.07.003
https://doi.org/10.1016/j.ijproman.2005.07.003
https://www.academia.edu/64783293/Why_EVM_Is_Not_Good_for_Schedule_Performance_Analyses
https://www.academia.edu/64783293/Why_EVM_Is_Not_Good_for_Schedule_Performance_Analyses
https://www.academia.edu/64783293/Why_EVM_Is_Not_Good_for_Schedule_Performance_Analyses
https://doi.org/10.1061/(ASCE)CO.1943-7862.0000055
https://doi.org/10.1061/(ASCE)CO.1943-7862.0000055
https://doi.org/10.1016/j.ijproman.2012.10.006
https://doi.org/10.1016/j.ijproman.2012.10.006
https://www.proquest.com/openview/3c73b2aa4a3b64e784c0a4867ebf2844/1?pq-origsite=gscholar&cbl=49080
https://www.proquest.com/openview/3c73b2aa4a3b64e784c0a4867ebf2844/1?pq-origsite=gscholar&cbl=49080
https://doi.org/10.19255/JMPM02105
https://doi.org/10.19255/JMPM01305
https://journalmodernpm.com/manuscript/index.php/jmpm/article/view/174/174
https://journalmodernpm.com/manuscript/index.php/jmpm/article/view/174/174
https://journalmodernpm.com/manuscript/index.php/jmpm/article/view/174/174
https://doi.org/10.19255/JMPM01211
https://www.earnedschedule.com/Docs/ES%20-%20an%20extension%20to%20EVM%20EVA-10%202005%20Lipke%20&%20Henderson.pdf
https://www.earnedschedule.com/Docs/ES%20-%20an%20extension%20to%20EVM%20EVA-10%202005%20Lipke%20&%20Henderson.pdf
https://www.earnedschedule.com/Docs/ES%20-%20an%20extension%20to%20EVM%20EVA-10%202005%20Lipke%20&%20Henderson.pdf
https://citeseerx.ist.psu.edu/document?repid=rep1&type=pdf&doi=74d256aa97dc0a9267cc96034f945d8e8fe47f5e
https://doi.org/10.1109/RIVF48685.2020.9140765
https://www.scribd.com/document/47452962/Forecasting-Schedule-Jacob-Kane#
https://www.scribd.com/document/47452962/Forecasting-Schedule-Jacob-Kane#
https://www.scribd.com/document/47452962/Forecasting-Schedule-Jacob-Kane#
https://doi.org/10.1016/j.ijproman.2013.11.002
https://doi.org/10.1016/j.ijproman.2013.11.002
https://doi.org/10.1061/(ASCE)CO.1943-7862.0000192
https://doi.org/10.1061/(ASCE)CO.1943-7862.0000192
https://www.earnedschedule.com/Docs/Schedule%20is%20Different.pdf
https://www.earnedschedule.com/Docs/Schedule%20is%20Different.pdf


PAGE 199

JOURNALMODERNPM.COM

CRITICAL ANALYSIS OF LINEAR AND NONLINEAR PROJECT DURATION 
FORECASTING METHODS

JANUARY/APRIL 2023

Mamghaderi, M., Khamooshi, H., & Kwak, Y. H. (2021). 
Project duration forecasting: A simulation-based 
comparative assessment of earned schedule method 
and earned duration management. The Journal of 
Modern Project Management, 9(2), 06-19. https://doi.
org/10.19255/JMPM02701
Martens, A., & Vanhoucke, M. (2020). Integrating 
corrective actions in project time forecasting using 
exponential smoothing. Journal of Management in 
Engineering, 36(5), 04020044. https://doi.org/10.1061/
(ASCE)ME.1943-5479.0000806
Narbaev, T., & De Marco, A. (2014). An earned 
schedule-based regression model to improve cost 
estimate at completion. International Journal of 
Project Management, 32(6), 1007-1018. https://doi.
org/10.1016/j.ijproman.2013.12.005
Narbaev, T., & De Marco, A. (2017). Earned value 
and cost contingency management: A framework 
model for risk adjusted cost forecasting. The Journal 
of Modern Project Management, 4(3), 12-19. https://
doi.org/10.19225/JMPM01202
Ngo, K. A., Lucko, G., & Ballesteros-Pérez, P. (2022). 
Continuous earned value management with singularity 
functions for comprehensive project performance 
tracking and forecasting. Automation in Construction, 143, 
104583. https://doi.org/10.1016/j.autcon.2022.104583
Pan, Y., Chen, S., Ma, T., Gao, J., Wang, C., Liu, X., & 
He, P. (2022). Research on Project Duration Prediction 
Based on Multiple Linear Regression. 2022 IEEE 
5th International Electrical and Energy Conference 
(CIEEC) (pp. 1606-1612). IEEE. https://doi.org/10.1109/
CIEEC54735.2022.9846374
PMI. (2005). Practice Standard for Earned Value 
Management. In PM, March-April. Project Management 
Institute.
Sackey, S., Lee, D.-E., & Kim, B.-S. (2020). Duration 
estimate at completion: Improving earned value 
management forecasting accuracy. KSCE Journal of 
Civil Engineering, 24, 693-702. https://doi.org/10.1007/
s12205-020-0407-5
Salari, M., & Khamooshi, H. (2016). A better project 
performance prediction model using fuzzy time 
series and data envelopment analysis. Journal of 
the Operational Research Society, 67(10), 1274-1287. 
https://doi.org/10.1057/jors.2016.20
Székely, G. J., Rizzo, M. L., & Bakirov, N. K. (2007). 
Measuring and testing dependence by correlation 
of distances. Annals of Statistics, 35(6), 2769–2794. 
https://doi.org/10.1214/009053607000000505
Vanhoucke, M. (2012). Project management with 
dynamic scheduling (1 ed.). Springer. https://doi.
org/10.1007/978-3-642-25175-7

Vanhoucke, M., & Andrade, P. A. (2017). Combining 
EDM and EVM: a proposed simplification for project 
time and cost management. The Journal of Modern 
Project Management, 5(2), 94-107. https://doi.
org/10.19255/JMPM01410
Vanhoucke, M., Coelho, J., & Batselier, J. (2016). 
An overview of project data for integrated project 
management and control. Journal of Modern Project 
Management, 3(3), 6-21. https://discovery.ucl.ac.uk/
id/eprint/1506266
Vanhoucke, M., & de Koning, P. (2016). Stability of 
Earned Value Management-Do project characteristics 
influence the stability moment of the cost and schedule 
performance index. The Journal of Modern Project 
Management, 4(1), 185. https://doi.org/10.3963/jmpm.
v4i1.185
Vanhoucke, M., & Vandevoorde, S. (2007). A simulation 
and evaluation of earned value metrics to forecast the 
project duration. Journal of the Operational Research 
Society, 58(10), 1361-1374. https://doi.org/10.1057/
palgrave.jors.2602296
Votto, R., Lee Ho, L., & Berssaneti, F. (2020). Applying 
and assessing performance of earned duration 
management control charts for EPC project duration 
monitoring. Journal of Construction Engineering 
and Management, 146(3), 04020001. https://doi.
org/10.1061/(ASCE)CO.1943-7862.0001765
Votto, R., Lee Ho, L., & Berssaneti, F. (2021). Earned 
duration management control charts: Role of control 
limit width definition for construction project duration 
monitoring. Journal of Construction Engineering 
and Management, 147(9), 04021108. https://doi.
org/10.1061/(ASCE)CO.1943-7862.0002135
Warburton, R. D., & Cioffi, D. F. (2016). Estimating a 
project’s earned and final duration. International Journal 
of Project Management, 34(8), 1493-1504. https://doi.
org/10.1016/j.ijproman.2016.08.007
Warburton, R. D., De Marco, A., & Sciuto, F. (2017). 
Earned schedule formulation using nonlinear cost 
estimates at completion. The Journal of Modern Project 
Management, 5(1), 75–81. https://doi.org/10.19255/
JMPM01307
Wu, W., Fang, L., Ma, T., Yang, Y., Zhao, W., Yu, P., 
& Wang, C. (2022). Research on Project Duration 
Prediction Based on Artificial Neural Network. 2022 
IEEE 5th International Electrical and Energy Conference 
(CIEEC) (pp. 1613-1618). IEEE. https://doi.org/10.1109/
CIEEC54735.2022.9845997
Yousefi, N., Sobhani, A., Naeni, L. M., & Currie, K. 
R. (2019). Using statistical control charts to monitor 
duration-based performance of project. arXiv preprint 
arXiv:1902.02270, 1. https://doi.org/10.19255/jmpm415 

About Authors

Roger D. H. Warburton
Department of Administrative Sciences, Boston University, 
Boston, MA, 02215 USA.

Filippo Maria Ottaviani
Department of Administrative Sciences, Boston University, 
Boston, MA, 02215 USA.
Department of Management and Production Engineering, 
Politecnico di Torino, Turin, 10129 Italy. 

Alberto De Marco
Department of Administrative Sciences, Boston University, 
Boston, MA, 02215 USA.
Department of Management and Production Engineering, 
Politecnico di Torino, Turin, 10129 Italy. 

https://doi.org/10.19255/JMPM02701
https://doi.org/10.19255/JMPM02701
https://doi.org/10.1061/(ASCE)ME.1943-5479.0000806
https://doi.org/10.1061/(ASCE)ME.1943-5479.0000806
https://doi.org/10.1016/j.ijproman.2013.12.005
https://doi.org/10.1016/j.ijproman.2013.12.005
https://doi.org/10.19225/JMPM01202
https://doi.org/10.19225/JMPM01202
https://doi.org/10.1016/j.autcon.2022.104583
https://doi.org/10.1109/CIEEC54735.2022.9846374
https://doi.org/10.1109/CIEEC54735.2022.9846374
https://doi.org/10.1007/s12205-020-0407-5
https://doi.org/10.1007/s12205-020-0407-5
https://doi.org/10.1057/jors.2016.20
https://doi.org/10.1214/009053607000000505
https://doi.org/10.1007/978-3-642-25175-7
https://doi.org/10.1007/978-3-642-25175-7
https://doi.org/10.19255/JMPM01410
https://doi.org/10.19255/JMPM01410
https://discovery.ucl.ac.uk/id/eprint/1506266
https://discovery.ucl.ac.uk/id/eprint/1506266
https://doi.org/10.3963/jmpm.v4i1.185
https://doi.org/10.3963/jmpm.v4i1.185
https://doi.org/10.1057/palgrave.jors.2602296
https://doi.org/10.1057/palgrave.jors.2602296
https://doi.org/10.1061/(ASCE)CO.1943-7862.0001765
https://doi.org/10.1061/(ASCE)CO.1943-7862.0001765
https://doi.org/10.1061/(ASCE)CO.1943-7862.0002135
https://doi.org/10.1061/(ASCE)CO.1943-7862.0002135
https://doi.org/10.1016/j.ijproman.2016.08.007
https://doi.org/10.1016/j.ijproman.2016.08.007
https://doi.org/10.19255/JMPM01307
https://doi.org/10.19255/JMPM01307
https://doi.org/10.1109/CIEEC54735.2022.9845997
https://doi.org/10.1109/CIEEC54735.2022.9845997
https://doi.org/10.19255/jmpm415

	_Hlk113878372
	_Hlk116563747

