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Abstract

The application of a top-down project schedule control process requires an advanced deci-
sion support system (DSS), since aggregated performance measures to control a project’s
makespan are likely to obscure details on the activity level schedule progress. Earned value
management /earned schedule (EVM/ES) is typically applied in a DSS for top-down project
schedule control. However, traditional models'do not correctly account for the multivariate
nature of the EVM/ES measurement, system. We therefore propose a multivariate model for
EVM/ES, which implements+a prin¢ipal component analysis (PCA) on a simulated sched-
ule control reference. During project progress, the real EVM/ES observations can then be
projected onto these principal components. This allows for two new multivariate schedule
control metrics (T? and SPE) to be calculated, which can be dynamically monitored on
project contrel charts. Using a computational experiment, we show that these multivariate
schedule controlmetrics lead to enhanced decision making in top-down schedule control, when

compared to traditional univariate EVM/ES models.
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1. Introduction

The focus of this research is on the development of a decision support system (DSS) for project
schedule control. Although cost and scope were also identified as important dimensions of
project management success [1], we will only focus on the control of the schedule performance
of a project. If the project manager has a detailed overview of the progress of all the indi-
vidual activities, at any given time in the project, a decision support framework would be
a relatively straightforward one. However, it has been argued in literature that, the activity
level monitoring of all activities would be a cumbersome and often disruptive task for the
project manager [2, 3]. We therefore focus on a DSS that is implemented on a higher level of
the work breakdown structure (WBS) and which can be situated within the risk monitoring
and control phase of a classical project risk management (PRM, [4]) process. If the project is
monitored at these high levels of the WBS, the need for an advanced DSS becomes apparent.
In this case, only aggregated measures of the project schedule performance are monitored
regularly and details on the underlying activity level performance might be obscured. The
DSS that we present here, aims to help the project manager in making the decision whether
he/she should invest time and effort to obtain a more detailed (activity level) view of the
project schedule performance, in order to take further actions to bring the project back on
track. This drill-down of the WBS in order to obtain a more detailed activity look is known
as top-down control [3,5]. In our research, we focus on the development of such a DSS and
we will not incorporate possible actions that can be taken to bring the project back on track.
Earned value management/Earned schedule (EVM/ES) is often implemented in a DSS for
top-down project schedule control, and we will discuss its use in this paper due to its popu-
larity in practice. The subject of EVM/ES has received a lot of attention from academics in
recent years, as can be seen from the numerous publications on case studies [6, 7], consolidated

research experiments [3, 5] and possible extensions [2, 8-10].

We will briefly introduce the EVM/ES methodology for project schedule control using the
three fundamental components of any DSS architecture, i.e. the database, the model and the

user interface [11].



Database. The data that are used in an EVM/ES system are aggregated performance metrics
calculated at the project level of the WBS from the earned value (EV) and the planned
value (PV). These metrics compare the preliminary planning variable (PV) with the actual
performance (EV) in order to asses the schedule progress of the project and to indiecate the
direction of changes with respect to the baseline schedule. The EV is the budgeted value of
the work that is performed in the project, whereas the PV is the budgeted value of the work
that was scheduled to be performed [8]. The schedule variance (SV=EV-PV) and schedule
performance index (SPI=EV /PV) can be directly calculated from the EV and PV, which are
expressed in monetary units. The earned schedule (ES) translates the EV into time units and
expresses the time since the beginning of the project at which the current EV should have
been accrued, according to the baseline schedule. When compared to the actual time (AT)
since the beginning of the project, the ES gives rise to-the schedule variance using earned

schedule (SV(t)) and the schedule performance index using earned schedule (SPI(t)).

Model. The model to interpret the schedule control metrics, provided by the EVM /ES system,
has been subject to some debate in the literature. Straightforward control limits for these
metrics where proposed [12]as well ‘as implementations of statical process control charts
[13-15] and statistical tolerance limits [5]. However, these methods do not account for the
project-specific dynamics of the EVM/ES metrics [5] or fail to accurately incorporate the
multivariate nature of the EVM/ES system. As a consequence, the use of EVM/ES in practice
is typically .characterised by decision making based on experience, arbitrary rules-of-thumb
and anecdotal evidence. In order to aid the project manager in his/her decision making
process, the EVM/ES system is often implemented in software. Commercial products have
emerged on the market (for example, Decision Edge [16] to go along with Microsoft Project,
or the stand-alone applications ProTrack [17] and P2 Engine [18]) to present the project

manager with the schedule performance metrics throughout the execution of the project.



User interface. The user interface is mostly comprised of a set of charts that depict the
time-series of the different schedule performance metrics. The interpretation of these charts
can be impeded by the shear overload of observations presented to the project manager, the
redundancy in these observations or the noise that is inherent to the EVM/ES system. ‘Ideally,
the model that is applied to the EVM/ES data should handle these characteristics, in order

for the user interface to be effective in driving the decision process.

In this paper, we present a multivariate model to be applied in a DSS using EVM/ES for
top-down project schedule control, that correctly accounts for the characteristics that were
briefly introduced above. We will elaborate on these characteristics in section 2. We account
for these characteristics by analysing the correlation structure of EVM/ES measurements over
the course of the execution of the project in a simulated schedule control reference. From this
correlation structure, we calculate latent variables that reflect the underlying dynamics of the
EVM/ES measurement system. These latent variables are identified as principal components,
calculated by a principal component analysis (PCA). We will introduce PCA in section 3.
The principal components represent the"basis for a new coordinate system onto which the
EVM/ES observations during the project execution can be projected. Using this projection,
we will show in section 4 how twomew performance metrics can be calculated, which accurately
incorporate the multivariate nature of the EVM/ES system. These new multivariate control
metrics can be presented on project control charts in order to steer the decision process in
top-down project schedule control. We will demonstrate the enhanced decision making that
results from these two new metrics using a large computational experiment, outlined in section

5. Section 6 provides the results and overall conclusions are drawn in section 7.
Four”appendices to this paper are available online. They can be freely accessed on the

statistical project control research page on www.projectmanagement.ugent.be. In
appendix A, a more detailed overview is given for the mathematics involved in calculating a
PCA. Appendix B contains a geometrical interpretation for a PCA. In appendix B, we in-
troduces the theoretical distributions that are used in the literature on batch process control
to derive control limits for the 72 and the SPE metrics. Finally, in appendix D a numerical
example for a project schedule control process using the multivariate 72 and SPE metrics is

presented.



2. Multivariate nature of schedule control

In this section, we first present a formal characterisation of the top-down project schedule
control process. This characterisation will be used in this paper to quantify the performance
of the decision process that follows from a DSS using EVM/ES for top-down project schedule
control. Second, we will discuss the multivariate nature of the EVM/ES system and we will
show which aspects need to be considered in order to improve the top-down schedule control
process. Finally, we will briefly introduce the body of literature that has been developed to

handle these aspects in a batch process control context.

In order to present a formal characterisation of the top-down schedule control process, let
us consider a vector & of EVM/ES measurements along the lifetime of the project as an

observation for a multivariate random variable X.
This random variable X represents the schedule performance’ measurements of a project

as observed at the top WBS level (SV, SPI, SV(t), SPI(t)). In EVM/ES, X is a func-
tion of the underlying activity level performance, which can be expressed as the multi-
variate random variable D, containing theé real durations for all activities in the project.
From a computational perspective, it is not opportune to derive a closed-form analyti-
cal expression for the function X' =/ f(D) for projects with a large number of activities.
Rather, we wish to deduce the activity level performance d from the vector of measure-
ments x during the execution of the project. In this research, we do not intend to calcu-
late the activity level schedule performance explicitly, but we would like to infer a state of

schedule control, i.e. whether the activity durations conform a pre-defined state of control.



This implicit inference process will be used to quantify the performance of the decision making
that follow from our multivariate model for a DSS using EVM/ES in section 5. The end user
of our DSS (i.e. the project manager) will be presented with control charts and corresponding
control limits. If the control chart produces a signal (a control limit that is exceeded), the
project manager is provided with an indication that the underlying activity durations do.not
conform with the pre-defined state of control. The project manager will then likely invest
time and resources to drill down the WBS of the project to find the activities that cause this
departure from the pre-defined state of control. If, at the activity level of the project, the
departure from the pre-defined state of control can not be confirmed; the efforts spent by the
project manager were in vain. The signal, produced by the DSS is then said to be false. If
however, the departure can be confirmed at the activity level, the signal can be said to be
true. In section 5, we will provide more details on how these true and false signals are used

to quantify the performance of the decision making process.

With respect to the multivariate nature of EVM/ES observations, and improved DSS using
EVM/ES should consider the following aspects:

e Data overload: The project manager using an EVM/ES system is provided with an
abundance of data over the lifetime of a project. The choice of which of the performance
metrics (SV, SV(t), SPT orSPI(t)) is likely to result in an as good as possible inference
of activity level schedule performance, is a question that is often answered based on

subjective arguments.

¢ Redundancy:. Even in the case that the vector x is composed out of observations for
a single EVM/ES performance metric along the lifetime of the project, « can still be
subject t0 redundancy. Redundancy, or collinearity, is a problem that is found when
different observed variables are influenced by a common factor. Redundancy should
be addressed when inference is made from a multivariate variable [19]. If we suppose
that SPI(t) is measured along the lifetime of the project, it is likely that some of the
observations for SPI(t) are influenced by the same couple of activities, hence collinearity

will exist between these variables.

e Noise: Multivariate systems can be subject to noise. It has been shown that SPI

behaves unreliable towards the end of late projects, since for any execution of a project



that experiences delays, SPI will equal 1 at the end of the project [2]. The use of SPI for
duration forecasts in the project is therefore not recommended. One could argue that
SPI is erroneous, and should therefore not be considered for schedule control. However,
in early stages of the project, the information contained in SPI can be valuable for
schedule control. In late projects, even the rate at which SPI converges towards 1
and the timing of the point at which the increase towards 1 takes place can provide
the project manager with effective information, with respect to the underlying activity
level performance. What is regarded by one as noise in the system, could be usefully
employed by another. We therefore reason that a complex multivariate system such as

EVM/ES could benefit from an automatic mechanism to identify. and handle noise.

The aspects discussed here are common to many multivariate.measurement systems. They
have previously been addressed for the control of batch-processes by MacGregor [20], to whom
we refer for an illustration on how a principal component analysis overcomes these problems.
Multivariate projection methods have been used to overcome the problems associated with the
multivariate nature of the measured quality of a system since the first application of Hotelling’s
[21] multivariate t-test measure, in combination with PCA. Ever since, strong interest has
been shown for this field of study; which resulted in related multivariate projection methods.
The reader is referred to Bersimis.et al. (2006) [22] for a recent overview and a comparison of
these techniques. For the'scope of this paper we will refrain from these more recent procedures.
We believe that for this introduction on how a multivariate projection method can be used in
a DSS using EVM/ES for top-down project schedule control,

PCA is an appropriate choice. PCA is algorithmically easier, and provides some insight in how
a new basis for-comparison of project schedule performance is chosen, based on a reference

set.of project executions.

3. Principal component analysis of EVM/ES schedule performance metrics

In this section, we will first introduce the basics of a principal component analysis and how it
can be performed. Second, we will discuss how the schedule control reference matrix should

be composed.



3.1. Calculating principal components

In the very early years of the 20" century PCA was developed by Pearson [23]. Ever since,
PCA has been a popular procedure to reduce the dimensionality of a variable space. A full
coverage on the basics of linear algebra, fundamental to PCA, lies outside the scope of this

paper and the reader is referred to the recent book of Jolliffe [24].

Instead, we will give a brief overview of the matrix calculus that is required for a PCA.

PCA assumes that the true rank of a matrix of observations X is.less than the number
of observations which are made. Consequently, it conjectures that the observations can be
projected onto a new set of coordinate axes, thereby removing redundancy and noise from
the system. The PCA decomposition method first calculates the principal components of
the observation space, i.e. the directions that will make up the new coordinate axes. These
principal components are often also named the latent variables, since they represent the
underlying (unobservable) factors really influencing the system dynamics. Consider a (n x P)
matrix X that is a collection of n measurements for a P-variate randomly distributed variable
x. The first principal component ofx is defined as the vector of coefficients p; for which the
linear combination t; = xp; captures as much as possible of the variance contained in X,
subject to |pi| = 1. The second principal component is then the vector of coefficients pa for
which the linear combination o = xps contains as much of the variance from X that is not

captured within ¢j. Additional principal components up to P are similarly defined.

In practice, .a PCA is always performed using the computationally efficient singular value
decomposition (SVD, [25]) of X (X = ULAT). A PCA decomposition of the matrix X can

be written-as:
X =TPT (1)

Correspondingly, the standard deviation of the i*® principal component:

St; = L (2)

can be obtained from the singular values on the diagonal of L, since these are equal to the

square roots of the eigenvalues (y/12,Vi € {1,...,P}) of XTX.



The score-loading nomenclature is very common in PCA literature and is therefore adopted
here. The matrix of loadings P = [pl P2 ... pp} can be seen as a (1 x P) collection of
(P x 1) vectors of coefficients for the linear combination ¢; = xp; that defines the i*" principal
component. A related term “matrix of rotations” expresses the geometrical interpretation of
the loadings, as they represent a new coordinate space onto which x is projected.(The (nx P)
matrix of scores T can then be interpreted as the values in the new coordinate space for the

collection of n measurements of x.

With respect to the ability of a PCA to remove redundancy and mnoise<from the system, we
need to discuss the relative importance of the different principal components, as expressed by
their standard deviations. We will now explore this further, while-discussing whether or not

all principal components should be retained in the analysis.

If all of the P principal components are retained, for a further analysis of the data, an
observation for the P-variate vector of observations x can be reconstructed from its (1 x P)

vector of scores t.
P
x=tPT = Ztipi (3)
i=1

However, since PCA is used to find a solution to the problems associated with the multivariate
nature of project data, it will try to reduce the dimensionality of the problem in a structured
manner, without losing valuable information. We assume that an integer 0 < k£ < P exists
such that thelast-P — k principal components do not represent valuable information for our
system. /By definition, each principal component will only explain a very small part of the
original\variation contained in X. For now we state that if only & principal components are
retained, the original observation for the P-variate vector of observations x can be estimated

as X from its (1 x k) vector of scores t.

k
x=tP" =) tip; (4)
i=1

For the collection of n observations for x in X, the matrix form is:

k

X =Y TyP{ +E (5)
=1



where T}, is the (n x k) matrix of scores, Py is the (P x k) matrix of loadings when only k
principal components are retained and Ej is the (n x P) error matrix. Ej can be seen as
the collection of error vectors e, each corresponding to the vector x when only k& principal

components are retained:

P
e=x-%= Y tp; (6)

3.2. PCA model for a DSS using EVM/ES for project schedule control

When PCA is implemented on a simulated schedule control reference, it is essential that
this matrix X is in an appropriate format. This aspect has béen dealt with in numerous
publications for the continuous monitoring of batch processes. An EVM/ES schedule control
matrix can be considered to resemble the process matrix of a batch process that can be
unfolded into a flat structure according to MacGregor-and Kourti [26, 27]. Table 1 introduces

the symbols and variables that are used in this section.

During the execution of a project, a functionalhEVM/ES system will require periodic mea-
surements of the performance metrics displayed in table 1. In practice this might be done
using software [16-18] and

as specified within a contractualsagreement or scheduled at distinct time interval along the
project lifetime. The schedule control reference, from which principal components will be
calculated, are fictitious project executions that are produced by a Monte Carlo simulation
on activity durations. Different fictitious project executions can lead to different numbers of
performance variables recorded for each execution. To have an equal amount of observations
for each’jexecution, equally spaced over the lifespan of a project, it is not appropriate to use
a time index increasing from the start to the end of the project. Instead, our simulation
model will use the project percentage complete (PC;) as a monotonically rising, scaled time-
indicator ranging from 0% to 100%. Without loss of generality, we will assume that after
each APC percentage of the work performed, the project schedule performance metrics are

recorded.

We present our methodology in a general form, and proceed with a vector of observations
X.,1:5 with length J reported at each review period x € {1,...,K}, when PC = kAPC

percentage of the work in the project is completed. In the experimental results sections of

10



kI e (K=1J  KJ

PC=
K x APC

# Monte Carlo runs (n)

EVM/ES measurements x K PC-instances

Figure 1: Unfolding of the three dimensional project data matrix ([28])

this paper, x,, ; will be equal to [SV, SPI, SV (t), SPI(t)} for j € {1,...,4} as the periodically
reviewed EVM/ES schedule control metrics. The outcome of a Monte Carlo simulation on
the duration of the activities resultsiin a set of fictitious project executions, for which the
EVM/ES observations are structured as the three dimensional matrix presented at the top
of figure 1. For each periodic review period £ € {1,..., K}, J EVM/ES schedule control
metrics are observed for. n Monte Carlo runs. In order to use equation 1 to perform a PCA
decomposition, the three dimensional matrix consisting of K times n x J matrices has to be
unfolded. into a“big n x KJ (with P = K.J) two dimensional matrix as presented in figure

1.

Since we will combine SV and SV(t), which are expressed in monetary and time units respec-
tively, with dimensionless indices SPI and SPI(t), we need to scale and center each column
of the matrix X before the PCA is performed. The SV and SV(t) values will be much larger
than the SPI and SPI(t) values. This could result in relatively higher weights assigned to the
SV and SV(t) observations in the loading vectors found by PCA, which might then lead to
wrong interpretations. We will adopt the normalisation per column which is most common

in literature, but other weighted PCA examples can also be found [22].
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4. Multivariate schedule control in a DSS using EVM/ES

In this section, we will apply the PCA decomposition discussed in section 3 to produce two
multivariate schedule control metrics (Hotelling’s T2 and SPE, section 4.1). In order to ben-
efit from these metrics during the execution of a project

, so that they can lead to enhanced decision making

, we need to be able to apply them dynamically on project progress data. Section 4.2 intro-
duces how missing observations are filled in to overcome the problems associated with the
dynamic use of the 7?2 and SPE metrics. These two newly proposed schedule metrics should
improve the top-down schedule control process by generating correct warning signals. A signal
is said to be produced when a tolerance limit for either T2 or SPE is exceeded. Section 4.3

introduces how tolerance limits can be calculated prior to the execution of a project.

4.1. Two new schedule control metrics

Let us assume that we have a simulated .schedule control reference in the appropriate ma-
trix format X. This matrix contains-observations for all J EVM/ES schedule performance
metrics, for all K review periodsiand for all n fictitious project executions produced by a
Monte Carlo simulation. The PCA decomposition of X results in a matrix of loadings P and
a matrix of scores T. Letis assume that the project is now executed in real life, which results
in a vector of observations ;. This P-variate vector of observations will now be referenced
against the PCA model, producing two schedule control metrics (72, section 4.1.1 and SPE,
section 4.1.2); in=order to

enhance the decision making process in top-down schedule control.

4.1.1. Hotelling’s T?

Hotteling [21] proposed the T2 measure as a multivariate extension of the t-statistic, frequently
used in statistical hypothesis testing. If the population covariance 3 for the P-variate variable

x is not known, it can be estimated from its sample covariance matrix S using n samples,

1
n—1

S:

D6 = )" (% = %) 7

12



where X is used to represent the P-variate mean of x. Hotellings 72 statistic can then be

used to measure the weighted multivariate distance of @, from this mean x:
T? = (Xnew — )‘()Sfl(xnew - )‘()T (8)

It should be noted that, in order to calculate T2 directly from X,e., the inverse of the co-
variance matrix S needs to be calculated. As discussed earlier, collinearity and noise.in, the
multivariate variable severely impede the accurate calculation of this inverse. Calculating 72
from the scores however, resulting from a prior PCA decomposition, is much more compu-
tationally stable. Principal components are mutually independent and thus, the covariance
matrix is reduced to a diagonal matrix, for which calculating the inverse is trivial. The scores
for the new vector of observations ty,e, can be found by projécting\the P-variate EVM/ES

observation vector Xy, onto the k-dimensional principle component space.

thew = XnewP (9)

Hotellings 72 can then be calculated as:
K 2
toew);
o _ S i) 1
2~ (10)
i=1 v
with (tpew); the i" element of the vector of scores t,,e, and s%l, the estimated variance of the

it? principal component.

From equation 10, it is"apparent that the last P — k principal components should not be
retained in the calculation.” These explain very little of the variation in X and generally
represent randoi neise or errors introduced by the measurement system. Calculating 72 on
the scores results in the summation of terms ((tpew); /st;)*. Due to the small variances s3,
explained by the last principal components, the slightest deviation (for principal components
that, have almost no effect on X) would lead to very large weighted distances. Therefore,
retaining only the first k£ principal components is of importance to ensure that only the

principal component that have the greatest influence on the EVM/ES schedule control vector

x are expressed in this distance.

4.1.2. The squared prediction error SPE

Hotelling’s T2 statistic can be used to monitor the weighted distance of the vector of schedule

performance observations as projected onto a reference defined by the principal components.

13



However, this metric will only detect whether or not the observed variation is greater than
what was contained within the reference data matrix X. When this variation on the activity
level is significantly different than the reference variation, the basis formed by the princi-
pal components might no longer be representative. In order to monitor whether the applied
principal component analysis transformation is still representative for the new vector of obser-
vations &, the squared prediction error (SPE) should be calculated. SPE represents the
squared perpendicular distance of the new P-variate observation from the projection space

defined by the principal components and can be calculated as:

P
SPE =ee! = Z(xnew,i — Xpew,i) (11)

i=1

where e is defined for X, using equation 6 if k£ principal component are retained.

4.2. Dynamic use of the T? and SPE schedule control metrics

We want to apply the proposed T? and SPE schedule measures dynamically during the
project execution phase. The new vector.of observations X, needs to be projected onto
the principal component space produced by the PCA decomposition of the schedule control
reference X. Moreover, in order to calculate the scores te, with equation 9, the (1 x P)
vector Xy, needs to be complete. However, at a review period & € {1,..., K} of the project
in progress, only kJ of the P observations will be available. To come up with an estimate
for the scores tpey, we will need to deal with the problem of missing observations [29]. For
notation purposes, we divide the vector of observations x into a (1 x kJ) vector x* for
which values-are already recorded and a (1 x (K — ).J) vector x# of missing measurements
(x = [X* x#]).

The problem of producing an estimate for t,.,, when there are only observations available for
x*is described in the literature as dealing with missing data for on-line process monitoring.
Different procedures have been proposed to deal with missing data in the literature and a
comprehensive comparison is given by Nelson [30]. Conditional Mean Replacement (CMR)
has been found to perform well by this study and is implemented here to produce an estimate

7 for tye, during the dynamic project control process.

In CMR, the expected values for the conditional multivariate distribution are used to estimate

x7 ., given the present data and the most accurate estimate for the mean X and covariance

14



matrix S (X7 = E(x*|x*,%,S)) . CMR allows us to estimate the score 7 as:
A *S—ls P# * Yk
T = X555 521P7 +x'P (12)

with the covariance matrix S rewritten as:

p#op#T p#op+T Si1 Si2
S = = (13)
prop#T  propT Sa1 Sa2
where © = TTT/(n — 1) represents a diagonal matrix with the varianées explained by

each principal component on its diagonal and the matrix of loadings is. restructured as
P#
P*

P:

4.8. Tolerance limits for the T? and SPE schedule control metrics

During the execution of a project, the 7% and SPE metrics, calculated at the top WBS
level, should be interpreted to infer a state of activity level schedule control. The most
straightforward interpretation follows when.a warning signals arises at the top WBS level.
If either the T2 or the SPE metric exeeeds Ja tolerance limit, a warning signal is said to be
produced. This warning signal should then indicate that the activity level performance does

not longer conform a pre-defined state of schedule control.

For independence with respect to distributional assumptions, we propose the use of the em-
pirical cumulative distribution function (ecdf) for 72 and SPE. In practice, this requires the
calculation of the T%and SPE schedule control metric at each review period (V1 <k <K)
and for each fictitious project execution in our schedule control reference X. Obviously, the
estimate 7, produced using CMR, now replaces the score vector tye, in calculating 72 and
SPE for all K < K. The tolerance limits at a review period x for T2 and SPE can then
be calculated in accordance with a tolerance level o as the o' sample quantile. We refer to

Hyndman and Fan [31] for more detail on the calculations of the sample quantiles.

5. Experimental test design

In this section the design of the experiments to characterise the performance of the 72 and

the SPFE metrics for project control is outlined. Section 5.1 introduces the data generation

15



process, to create a project benchmark set. In section 5.2 the Monte Carlo simulations are

described in detail. Section 5.3 provides the measures
to quantify the performance of the decision process using the T2 and the SPE schedule

control metrics.

5.1. Data generation

We test the performance of the T2 and SPE schedule control metrics on a set, of 900 projects
generated by the project network generator RanGen [32], recommended by Herroelen [33] to
protect the test ensemble from a possible bias in network structure. Projects from this set

were extensively used in previous research on project control {3, 5, 10, 34].

The baseline durations are randomly assigned to the 30 activities in the projects. They are
sampled from a uniform distribution between 8 and 56.days. The baseline duration (estimate)
for an activity ¢ will be denoted as d;. The fixed cost for each activity is sampled uniformly
between € 0 and € 500 and the variable cost is sampled uniformly between € 700 and € 1500.
The schedule, referred to as the baselirie. during the execution of the project, is the earliest

start schedule obtained from a single forward pass of the critical path method.

5.2. Monte Carlo simulations

In order to quantify~the use of the two newly proposed schedule control metrics, we ran
an extensive sety of two-phased Monte Carlo simulation experiments. Section 5.2.1 describes
the dynamic projeet progress model with which EVM/ES measurements are produced for
fictitious project executions. Section 5.2.2 recounts how Monte Carlo simulations serve a
double purpose in this paper and section 5.2.3 describes the combined use of variation and

risk’input modelling for activity durations.

5.2.1. EVM/ES model

Fictitious project executions are simulated using P2 Engine [18] to generate EVM/ES data
at K = 19 distinct PC intervals, with APC = 5%, from 5% to 95%. At any review period
k€ 1,.., K we chose x, 1.7 = [SV7 SPI, SV (t), SPI(t)] for j € {1,...,4} to be the periodically
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reviewed EVM/ES schedule control metrics. A total of P =19 x 4 = 76 original variables is

recorded for the matrix X.

Our model assumes that the earned value (EV) for a single activity follows a linear accrue,
starting from its actual start up to its budget at completion (BAC) when it is finished [3].
Planned value (PV) follows this same linear accrue from the planned start up to the planned
finish time of the activity. EV and PV are calculated in P2 Engine at the projéect_level-and
are compared to produce the SV, SPI, SV(t) and SPI(t) schedule performanee metries at each

review period k.

The calculations for the PCA decomposition and the CMR procedure to produce the 7% and
SPE schedule control metrics, along with the analysis of the results presented in section 6,

were implemented in the statistical programming language R"[35].

5.2.2. Two-phased experiment

Monte Carlo simulations serve a dual purpose in our experiments. In the first phase the
outcome of a large simulation (10,000 runs). isrused to build a schedule control reference set

for each of the 900 projects,
which is then used to perform the PCA decomposition on for our enhanced DSS using

EVM/ES.
The preferred state of schedule control will then determine which fictitious project executions

end up in the reference data matrix X. We will provide additional detail on how we define

this state of schedule control in section 5.3.

In the second phase of the Monte Carlo experiment, project progress situations are simulated
(now avith 1,000 runs per project), where the activity level performance might not conform

with the pre-defined state of schedule control.
This set is used to quantify the performance of the decision process that follows from our

DSS using EVM/ES for project schedule control. The warning signals that are generated by
the T2 and SPE control charts should accurately indicate whether or not the pre-defined
state of control can be confirmed at the activity level. We will provide details on how the

performance of the decision process for top-down schedule control is quantified in section 5.3
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5.2.8. Activity duration input modelling

The Monte Carlo simulations in this paper produce fictitious executions to generate project
progress data. To that purpose, we need an appropriate model to accurately represent the
uncertainty experienced at the activity level of the project. We opted for a combined input
modelling where both risk and variation, often considered as separate sources of uncertainty
in project management literature [36], are represented using separate probability.distribu-
tions. We have chosen to implement probability functions from the family of generalised beta
distributions, which have long been used in project management [3, 34, 37]*due to their ability
to accurately mimic the behaviour of random input processes driving the system [38], and
their association to PERT-style three point estimates [39]. The probability density function

for a generalised beta random variable D can be stated as:

D(0140;) (d=a)r—'(b=d)27! "o g p
fo(dla,b,6y,0,) = { TOITC)  (b-d)hsfay <d< 19
0 ifd<aVb<d

where I'() denotes the gamma function and #; and s represent shape parameters. We propose
the use of a parameter vector w = (a,b, myu) with estimates for the minimum (a), the
maximum (b), the mode (m) and the mean (u) of the distribution, expressed as fractions
of the baseline estimate duration dj for activity i € A. In doing so, we can sample for
all activities 7, using only-a limited number of distributions, represented by their parameter
vector w (for which settings.are presented in table 2). From w the shape parameters can be

found using:

__ (b+a—2m)(a—p)

hw) = —en (15)
_ (ra—2m) ()

bo(w) = s

In"each Monte Carlo simulation, risk is first modelled using the concept of linear association
[5, 40} and a parameter vector wp is assigned. Due to the absence of a unified methodology
to test the impact of riskful events or dependencies between activities in the project manage-
ment literature, Trietsch et al. [40] suggest the use of a positive random variable B to act as
a bias term in simulations of project executions. B is most easily perceived as a consistent
over- or underestimation of activity durations, or a project-wide effect of an uncertain event.
In our experiments, we will assign a parameter vector wg, to represent this risk factor. Con-

sequently, for each fictitious project execution in the simulation, a bias term is sampled from
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the generalised beta distribution with parameter vector wg. Subsequently, for all activities
in the project, variation is added using an parameter vector wy , which can be chosen inde-
pendently from wgr. The duration d; of an activity i in a fictitious project execution can then
ultimately be considered as a sample from a generalised beta distribution (with parameter

vector wy ) multiplied with a biased baseline estimate Bczi.

In the experiments, for which results will be shown in section 6, wr and wy are chosen-sep-
arately from the set of parameter vectors presented in table 2. In the gemeral'performance
experiment, the parameter vectors are chosen such that they represent realistic” activity du-
ration distributions for activities that either finish early (w1), on‘time,(w2) or late (w3),
on average. From the distribution for which activities end on.time, we derived two distinct
sets of parameter vectors (wa,, to wa,, and was, to wag, ) to.model changes in respectively
the mean and the standard deviation. These can be“used inthe sensitivity experiment to
test the robustness to over- or underestimation, when assumptions are made with respect to

distributional characteristics of the activity durations:

5.3. Quantifying the performance of the decision making in a DSS using EVM/ES

In order to show the enhanced decision making that follows from our multivariate schedule
control metrics in a DSS using EVM /ES for top-down schedule control, we will compare it to
the schedule control process using statistical tolerance limits. This univariate procedure was
presented by Colin and Vanhoucke (2014) [5] and uses statistical tolerance limits for SV, SPI,
SV(t) and SPI(t) to.steer the decision making in top-down schedule control using EVM/ES.
The schedule control metrics were applied either directly (X chart) or the difference between
two consecutive measurements was monitored (R chart). The X and R charts were shown
to outperform the decision making based on rules-of-thumb that is omnipresent in EVM/ES

schedule control in practice.

Moreover, we were able to obtain a fair comparison in our experiments between the newly
proposed multivariate schedule control metrics and the univariate schedule control process
using EVM/ES. Since, the same fictitious project executions were used to calculate tolerance
limits for both the univariate and multivariate EVM/ES schedule control metrics. Subse-

quently, we compared the warning signals generated by all performance metrics with respect
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Figure 2: Activity level test for schedule control: Kolmogorov-Smirnov

to the underlying activity level of the project for additional fictitious project executions in
the second phase,

in order to quantify the performance-of the decision making process.

In order to demonstrate the enhanced decision process that follows from the newly proposed
multivariate control metrics, we first needed to define a state of schedule control, as established

at the activity level of the project. The performance of the decision process
could then be quantified by whether or not this state of control can be correctly inferred from

the observations made at the highest WBS level. We measured this performance using two
descriptive quantities, the detection performance and the probability of overreactions. These
can bé combined into a single measure, known in the classification techniques literature as

the area under the curve.

Defining a state of schedule control. The state of schedule control is primarily defined by
the fictitious project executions that are included in the schedule control reference matrix
X. This reference is then used to compare with future executions and to calculate tolerance
limits. We will illustrate along the following lines how a set of fictitious project executions,
generated in the first phase of the simulation model, can be chosen to constitute the project

schedule control reference.
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In the first phase of the Monte Carlo simulation, specific values are chosen for the param-
eter vectors wgr and wy, which results in a probability distribution for the simulated real
activity durations of a project. Figure 2 shows the approximated density of the scaled activ-
ity durations (d; /CL) from a sample of 10,000 fictitious project executions, where wp = ws
and wy = ws. The histograms in lightgrey and darkgrey in figure 2 represent two fictitious
project executions, from this sample of 10,000. Even though these fictitious executions where
simulated from the same distribution, they are very dissimilar in terms of their appearance

on the activity duration scale.

Figure 2 illustrates how it can be difficult to define a state of schedule control due to random
variation. We will therefore employ a metric to describe how<close a fictitious project exe-
cution lies to the empirical density, approximated from all{10,000 samples. We test for each
execution whether it is likely to have been sampled frem the empirical distribution function,
which is based on wg and wy. We do this using the two-sample Kolmogorov-Smirnov (K-S)
statistic, a well-established non-parametric statistic to test the equality of two distributions
[41]. Corresponding to a significance level of 7 =.0.001, a critical value (K-S, = 0.36 ) for the
K-S statistic can be found [42]. Thus, wusing the K-S statistic and its critical value, we will
only include those fictitious projéct executions, in our schedule control reference, for which
the sample of activity durationsis.likely to have been drawn from the distribution defined by

wpr and wy (K-S < K-Sp).

Detection performance. In the second phase of the simulation experiment, we test whether
the signals generated at the highest WBS level correspond to the underlying activity level
schedule/ performance. In other words, for a project execution that does not conform with

the defined state of schedule control (K-S > K-S,)),
the project manager should be given a warning during the lifetime of the project, using the

control charts that act as the user interface of the DSS.
The detection performance is thereby calculated for all runs in the second phase that do not

comply to the state of schedule control, as the ratio of the number of those runs that generate

a signal to the total number of those runs.

Probability of overreactions. In conjunction with the detection performance, a dual measure

needs to be formulated. The probability of overreactions measures whether the
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Figure 3: Illustration of the duality of the detection performance and the probability of overreactions. The

area under the curve allows to combine both measures into one descriptive value

control charts provide a false warning signal to the project manager, who is the end user of

the DSS
. If a warning signal is produced .at the highest WBS level, we do not want the project man-

ager’s effort spent in drilling down the WBS to be in vain. The probability of overreactions
can be calculated from all runs in the second phase of the simulation experiment for which

the state of scheduleicontrol can still be assumed to be representative (K-S < K-S,)).

Area under the.curve. Figure 3 shows an illustration of the probability of overreactions and
the detection performance for the multivariate schedule control metrics proposed in this paper.
The probability of overreactions is denoted along the x-axis and the detection performance
along«the y-axis. An ideal control metric should have an as high as possible detection per-
formance, whilst keeping the probability of overreactions close to 0. The points presented
on the graph represent different probability of overreaction/detection performance couples
for varying values of the level a. This o represents the at! quantile used for the statistical
tolerance limits. In order to capture the dynamics of both the probability of overreactions
and the detection performance into a single descriptive measure, we propose the use of the

area under the curve, which should be maximised for
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Figure 4: General performance comparison of the models fora DSS using EVM/ES for top-down schedule

control

as good as possible decision making from the DSS using EVM/ES for top-down schedule

control
This measure is widely used in classification testing and machine learning [43] and can

be obtained by Riemann integration of the curves produced by the probability of overreac-

tion/detection performance couples, as displayed in figure 3.

6. Results and Discussion

In order to demonstrate the improved decision making that follows from our multivariate

model for a DSS using EVM/ES, we conducted the following experiments.
Using the parameter vectors introduced in table 2 of section 5.2.3, we conducted two large

simulation experiments. Using the parameter vectors outlined under general performance
experiment, we will discuss the overall improvement of multivariate schedule control over the
univariate use of EVM/ES metrics in section 6.1. While using these results, we explore how
many principal components should be retained in the analysis for schedule control. The sen-
sitivity experiment was conducted using the parameter vectors for the generalised beta family
of distributions where either the mean (wg,, to wsg,;) or the standard deviation is varied

(was, t0 wass). In section 6.2, we present the effect of an under- or overestimation of the
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mean or standard deviation on the performance of the
decision making process. In section 6.3, we will add discussion to the results that are presented

here.

6.1. General performance experiment

In order to compare the general performance of the multivariate and univariate~schedule
control metrics described in this paper, a simulation experiment was carried out with scenarios
where activities are either early, on time or late, on average. Figure 4 displays.the assignments

made to the couple (wg,wy) to obtain these scenarios, along its x-axis.

The boxplots of figure 4 present the recorded area under the curve for the multivariate 72 and
S PE metrics, and the univariate schedule control metrics X and R from Colin and Vanhoucke
(2014) [5]. Overall, figure 4 shows that the multivariate metrics outperform the traditional
univariate use of EVM/ES. The difference between'the 72 metric and the squared prediction
error SPFE is small, with the latter outperforming the former slightly. The difference between
the multivariate and the univariate control metrics becomes smaller in the situations where
activities are on time or late on average; but the multivariate approaches still show to be

significantly better.
In conclusion, our multivariate approach is likely to lead to enhanced decision making in a

DSS using EVM/ES for top-down schedule control.

Number of principal components to retain. The results of figure 4 are restructured to analyse
the optimal.number of principal components that needs to be retained for building an as
accurate-as._possible PCA model. Figure 5 shows the recorded area under the curve for
the T? and SPE metrics in function of the number of principal components retained in the
model k. It shows that, in general, the T2 metric benefits from a very low number of principal
eomponents (preferably only 1), while the SPE metric performs better when more principal

components are included in the PCA model.

Analogously, we investigated which EVM/ES control metric (SV, SPI, SV(t), SPI(t)) should
be used in the schedule control procedures X and R in order to deliver the best performance.

We present these findings in figure 6, where a birds-eye perspective is given on six histograms
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the multivariate schedule control metrics

in which the relative size of the points represents how often a certain metric is found to be
performing best. A single EVM/ES mietric that outperforms all other could not be found.
Therefore a combined use of all EVM/ES,schedule control metrics is advised, where none is
neglected during the execution. of the project. This can been seen as a confirmation of the

problems discussed in section 2,
which inspired our multivariate model for a DSS using EVM/ES for top-down project schedule

control.

6.2. Sensitivity experiment

The. statistical tolerance limits for the schedule control metrics discussed in this paper are
generated from a simulated set of fictitious project executions. These are generated using a
Monte Carlo simulation, for which probability distributions serve as input to model the real
activity durations. In a realistic project environment, it is not always possible to produce
probability distributions that accurately reflect the stochastic nature of the input processes.
Consequently, an under or over-estimation of one of the distributional characteristics can not

always be avoided.

We model this situation using the parameter vectors wsg,, to ws,; to test a deviation in
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Figure 7: Influence of a change in the mean and the standard deviation on the project schedule control

performance

the mean and wag, to wag, to test a deviation of the standard deviation. In the sensitivity
experiment, the statistical tolerance.limits/are produced from a state of schedule control
defined by wrp = wy = wsy. Additional fictitious project executions are generated with
alternately one of the parameter vectors way, ... wsa,; Or way, ... was, assigned to either wgr
or wy, in order to test the'éeffect of a change in the mean or standard deviation.

Figure 7 shows the calculated area under the curve for the univariate and multivariate pro-

cedures that are used-in a DSS for top-down schedule control, as described in this paper
On the left-x-axis, the average activity duration for the additional runs, from which the

detection performance and probability of overreactions are calculated, is presented. The
standard deviation is presented on the right x-axis. The pre-defined state of schedule control

(wg = wy = w2) has mean 1 and standard deviation 0.3.

From figure 7, we can conclude that the performance of

the decision making process that follows from the

R schedule control procedure decreases drastically for projects for which the average activity
duration increases. The decision making processes based on T2, the SPE and the X sched-
ule control procedure seem to be much more robust to under- or overestimates of the mean

activity duration.
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With respect to the sensitivity to changes in the standard deviation of the underlying activity
durations, all of the investigated schedule control procedures exhibit the same behaviour.
When the standard deviation is larger than what was assumed for calculating the schedule
control reference, the performance of the decision making process decreases significantly, ‘as

shown on the right of figure 7.

6.3. Discussion
In this section, we will add some discussion to the results that are presented.in this section.
Although we have shown how our multivariate model can lead to enhanced decision making

for a top-down schedule control process, some aspects still need-to be addressed.

The newly proposed schedule metrics 72 and S PE outperform the.current best-known choices
for schedule control using EVM/ES with respect to the decision making by the project man-
ager of whether or not he/she should invest time and-effort in drilling down the project
schedule. Despite its improved performance compared to the traditional univariate approach,
the area under the curve is still mostly lower ‘than 1, which means that some portion of the
activity level performance is still obscured by the aggregated EVM/ES observations at the
high WBS level of the project. This issue is intrinsically connected to a top-down schedule
control process, but our research shows that considerable improvements can be made with

the application of a multivariate model to the EVM/ES measurement system.

The practicality of the DSS for the end user is also significantly improved. Whereas all
schedule control metrics (SV, SPI, SV(t), SPI(t)) should be monitored in a univariate model
to ensure the best possible decision making, we show that the use of a single multivariate
metric (7% or.SPE) can lead to considerable improvements. The data overload from which
the univariate EVM/ES models suffer is thereby reduced. When only a single multivariate
metric should be monitored by the end user of the DSS, this is likely to improve the accuracy
and the timeliness of the decision making. In addition, a single multivariate metric is also
useful from a reporting and communications point of view. Moreover, due to the application of
a PCA, redundancies and noise are removed from the inference process of underlying activity

level schedule performance.
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7. Conclusion

In this paper, we present a multivariate model for a DSS using EVM/ES for top-down project

schedule control
. The need for a multivariate approach is dictated by the very nature of the EVM/ES measure-

ment system. Observations for the EVM/ES variables are characterised by a data-overload,
noise and redundancy. Based on the principle of batch process control from the chemometrics
literature, we have initiated a multivariate

model to be used in a DSS using EVM/ES for top-down project sechedule control

. In the resulting DSS, all the available EVM/ES observations are used'in a structured man-
ner, through analysis of their correlation structure. Two multivariate schedule control metrics
(T? and SPE) are proposed,

that can be presented to the end user of the DSS on control charts.

We tested our multivariate model on a large simulation experiment that is in line with pre-
vious project control research. The.performance of the T2 and the SPE schedule control
metrics was quantified and compared to the univariate use of EVM/ES observations

in a DSS for top-down schedule control

. The T? and the SPFE metrics outperform the univariate EVM/ES approaches in terms of
their ability to infer underlying activity level schedule performance more accurately,

which ultimately leads‘to enhanced decision making

. Moreover; the use of the multivariate control metrics leaves a project manager with only a
single metric to monitor over the lifetime of a project. Traditional use of the EVM/ES metrics
would require monitoring all the EVM/ES schedule control metrics, since their performance

might vary from situation to situation. The SPE metric slightly outperforms the 72 metric,
but both these multivariate schedule control metrics are likely to improve not only the ac-

curacy and the timeliness of the inference process of the underlying state of control at the

activity level, but are also useful from a reporting and communications point of view.

Further work on the topic of multivariate metrics for top-down schedule control will expand

on the results presented here. Other projection methods or transformations might improve
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the inference process even more,

which will consequently lead to more improvements in the decision making process

. PCA should currently be considered as the current best option for

a model to handle EVM/ES measurements in a DSS for top-down project schedule control.
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Table 1: Symbols and abbreviations used in PCA for EVM/ES schedule control
Earned Value/Earned Schedule

Project EVM/ES key metrics

BAC
PV,
EV,
ES;
PC;

Budget at completion for the project
Planned value for the project at period t
Earned value for the project at period ¢
Earned schedule for the project at period ¢

The percentage complete for a project at period ¢: PC; = EV,/BAC

Project EVM/ES performance metrics

SV, = EV, — PV,
SPI, = EV,/PV,

SV(t), = BS, — t

SPI(t), = ES;/t

with:
t=1,...,T
T

Schedule variance for the project at period t

Schedule performance index for the project at period ¢
Schedule variance using-earned schedule

for the project at périod ¢

Schedule performance index using earned schedule

for the project at period ¢

Current, time period (otherwise denoted as AT

Total duration of the project

Schedule.control observations

Lt

K

K

APC

P=JxK

Vector of observations at review period k, including J performance metrics
The index for the review period (k € 1: K)

The total number of review periods for which each project execution in the
reference data has observations: K = 100/APC

The percentage complete increment between two review periods

The number of performance metrics included in the schedule analysis.

The total number of observations for each project execution.
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Table 2: Parameter vectors for the generalised beta distribution

General performance Sensitivity
experiment experiment
Mean Standard deviation
w (a,b,m, ) o w (a,bym, ) o w (a,b,m, ) o
w1 (0.1,1.2,0.7,0.6) 0.38
was, (0.2,4,0.40,1) 0.50
woy, ©(0.2,4,0.51,0.7) 0.3
was, (0.2,4,0.70,1) 0.42
wou, (0.2,4,0.90,1.0) 0.3
was,  (0.2,4,0.85,1) 0.35
wo (0.2,4,0.9,1) 0.30 wou, (0.2,4,1.22,1.3) 0.3
wos, (0.2,4,0.92,1) 0.28
wou, (0.2,4,1.57,1.6) 0.3
woss  (0.2,4,0.96,1) 0.20
wous  (0.2,4,1.89,1.9) 0.3
wass  (0.2,4,0.98,1) 0.15
ws . (0.9,4,1:3,1.4) 0.38
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