Document downloaded from:

http://hdl.handle.net/10251/195704
This paper must be cited as:

Ballesteros-Pérez, P.; Cerezo-Narvaez, A.; Otero-Mateo, M.; Pastor-Fernandez, A.;
Vanhoucke, M. (2019). Performance comparison of activity sensitivity metrics in schedule
risk analysis. Automation in Construction. 106:1-11.
https://doi.org/10.1016/j.autcon.2019.102906

The final publication is available at

https://doi.org/10.1016/j.autcon.2019.102906

Copyright E|sevier

Additional Information



ResearchGate

See discussions, stats, and author profiles for this publication at: https://www.researchgate.net/publication/334453348

Performance comparison of activity sensitivity metrics in Schedule Risk
Analysis

Article in Automation in Construction - July 2019

DOI: 10.1016/j.autcon.2019.102906

CITATIONS READS
10 322

5 authors, including:

P. Ballesteros-Pérez Alberto Cerezo-Narvaez
Universitat Politécnica de Valéncia Universidad de Cadiz

74 PUBLICATIONS 789 CITATIONS 56 PUBLICATIONS 101 CITATIONS
SEE PROFILE SEE PROFILE

Manuel Otero-Mateo A. Pastor

Universidad de Cadiz Universidad de Cadiz

63 PUBLICATIONS 98 CITATIONS 66 PUBLICATIONS 109 CITATIONS
SEE PROFILE SEE PROFILE

Some of the authors of this publication are also working on these related projects:

roect  INdustry 4.0 View project

roiect  Human resource allocation with Sociometry View project

All content following this page was uploaded by P. Ballesteros-Pérez on 14 July 2019.

The user has requested enhancement of the downloaded file.


https://www.researchgate.net/publication/334453348_Performance_comparison_of_activity_sensitivity_metrics_in_Schedule_Risk_Analysis?enrichId=rgreq-009438c2133c8c2ef9e03f5463921771-XXX&enrichSource=Y292ZXJQYWdlOzMzNDQ1MzM0ODtBUzo3ODA1NDQxMDczNzY2NDNAMTU2MzEwNzYyNTU2MQ%3D%3D&el=1_x_2&_esc=publicationCoverPdf
https://www.researchgate.net/publication/334453348_Performance_comparison_of_activity_sensitivity_metrics_in_Schedule_Risk_Analysis?enrichId=rgreq-009438c2133c8c2ef9e03f5463921771-XXX&enrichSource=Y292ZXJQYWdlOzMzNDQ1MzM0ODtBUzo3ODA1NDQxMDczNzY2NDNAMTU2MzEwNzYyNTU2MQ%3D%3D&el=1_x_3&_esc=publicationCoverPdf
https://www.researchgate.net/project/Industry-40-94?enrichId=rgreq-009438c2133c8c2ef9e03f5463921771-XXX&enrichSource=Y292ZXJQYWdlOzMzNDQ1MzM0ODtBUzo3ODA1NDQxMDczNzY2NDNAMTU2MzEwNzYyNTU2MQ%3D%3D&el=1_x_9&_esc=publicationCoverPdf
https://www.researchgate.net/project/Human-resource-allocation-with-Sociometry?enrichId=rgreq-009438c2133c8c2ef9e03f5463921771-XXX&enrichSource=Y292ZXJQYWdlOzMzNDQ1MzM0ODtBUzo3ODA1NDQxMDczNzY2NDNAMTU2MzEwNzYyNTU2MQ%3D%3D&el=1_x_9&_esc=publicationCoverPdf
https://www.researchgate.net/?enrichId=rgreq-009438c2133c8c2ef9e03f5463921771-XXX&enrichSource=Y292ZXJQYWdlOzMzNDQ1MzM0ODtBUzo3ODA1NDQxMDczNzY2NDNAMTU2MzEwNzYyNTU2MQ%3D%3D&el=1_x_1&_esc=publicationCoverPdf
https://www.researchgate.net/profile/P-Ballesteros-Perez?enrichId=rgreq-009438c2133c8c2ef9e03f5463921771-XXX&enrichSource=Y292ZXJQYWdlOzMzNDQ1MzM0ODtBUzo3ODA1NDQxMDczNzY2NDNAMTU2MzEwNzYyNTU2MQ%3D%3D&el=1_x_4&_esc=publicationCoverPdf
https://www.researchgate.net/profile/P-Ballesteros-Perez?enrichId=rgreq-009438c2133c8c2ef9e03f5463921771-XXX&enrichSource=Y292ZXJQYWdlOzMzNDQ1MzM0ODtBUzo3ODA1NDQxMDczNzY2NDNAMTU2MzEwNzYyNTU2MQ%3D%3D&el=1_x_5&_esc=publicationCoverPdf
https://www.researchgate.net/institution/Universitat-Politecnica-de-Valencia?enrichId=rgreq-009438c2133c8c2ef9e03f5463921771-XXX&enrichSource=Y292ZXJQYWdlOzMzNDQ1MzM0ODtBUzo3ODA1NDQxMDczNzY2NDNAMTU2MzEwNzYyNTU2MQ%3D%3D&el=1_x_6&_esc=publicationCoverPdf
https://www.researchgate.net/profile/P-Ballesteros-Perez?enrichId=rgreq-009438c2133c8c2ef9e03f5463921771-XXX&enrichSource=Y292ZXJQYWdlOzMzNDQ1MzM0ODtBUzo3ODA1NDQxMDczNzY2NDNAMTU2MzEwNzYyNTU2MQ%3D%3D&el=1_x_7&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Alberto-Cerezo-Narvaez?enrichId=rgreq-009438c2133c8c2ef9e03f5463921771-XXX&enrichSource=Y292ZXJQYWdlOzMzNDQ1MzM0ODtBUzo3ODA1NDQxMDczNzY2NDNAMTU2MzEwNzYyNTU2MQ%3D%3D&el=1_x_4&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Alberto-Cerezo-Narvaez?enrichId=rgreq-009438c2133c8c2ef9e03f5463921771-XXX&enrichSource=Y292ZXJQYWdlOzMzNDQ1MzM0ODtBUzo3ODA1NDQxMDczNzY2NDNAMTU2MzEwNzYyNTU2MQ%3D%3D&el=1_x_5&_esc=publicationCoverPdf
https://www.researchgate.net/institution/Universidad-de-Cadiz?enrichId=rgreq-009438c2133c8c2ef9e03f5463921771-XXX&enrichSource=Y292ZXJQYWdlOzMzNDQ1MzM0ODtBUzo3ODA1NDQxMDczNzY2NDNAMTU2MzEwNzYyNTU2MQ%3D%3D&el=1_x_6&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Alberto-Cerezo-Narvaez?enrichId=rgreq-009438c2133c8c2ef9e03f5463921771-XXX&enrichSource=Y292ZXJQYWdlOzMzNDQ1MzM0ODtBUzo3ODA1NDQxMDczNzY2NDNAMTU2MzEwNzYyNTU2MQ%3D%3D&el=1_x_7&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Manuel-Otero-Mateo?enrichId=rgreq-009438c2133c8c2ef9e03f5463921771-XXX&enrichSource=Y292ZXJQYWdlOzMzNDQ1MzM0ODtBUzo3ODA1NDQxMDczNzY2NDNAMTU2MzEwNzYyNTU2MQ%3D%3D&el=1_x_4&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Manuel-Otero-Mateo?enrichId=rgreq-009438c2133c8c2ef9e03f5463921771-XXX&enrichSource=Y292ZXJQYWdlOzMzNDQ1MzM0ODtBUzo3ODA1NDQxMDczNzY2NDNAMTU2MzEwNzYyNTU2MQ%3D%3D&el=1_x_5&_esc=publicationCoverPdf
https://www.researchgate.net/institution/Universidad-de-Cadiz?enrichId=rgreq-009438c2133c8c2ef9e03f5463921771-XXX&enrichSource=Y292ZXJQYWdlOzMzNDQ1MzM0ODtBUzo3ODA1NDQxMDczNzY2NDNAMTU2MzEwNzYyNTU2MQ%3D%3D&el=1_x_6&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Manuel-Otero-Mateo?enrichId=rgreq-009438c2133c8c2ef9e03f5463921771-XXX&enrichSource=Y292ZXJQYWdlOzMzNDQ1MzM0ODtBUzo3ODA1NDQxMDczNzY2NDNAMTU2MzEwNzYyNTU2MQ%3D%3D&el=1_x_7&_esc=publicationCoverPdf
https://www.researchgate.net/profile/A-Pastor-2?enrichId=rgreq-009438c2133c8c2ef9e03f5463921771-XXX&enrichSource=Y292ZXJQYWdlOzMzNDQ1MzM0ODtBUzo3ODA1NDQxMDczNzY2NDNAMTU2MzEwNzYyNTU2MQ%3D%3D&el=1_x_4&_esc=publicationCoverPdf
https://www.researchgate.net/profile/A-Pastor-2?enrichId=rgreq-009438c2133c8c2ef9e03f5463921771-XXX&enrichSource=Y292ZXJQYWdlOzMzNDQ1MzM0ODtBUzo3ODA1NDQxMDczNzY2NDNAMTU2MzEwNzYyNTU2MQ%3D%3D&el=1_x_5&_esc=publicationCoverPdf
https://www.researchgate.net/institution/Universidad-de-Cadiz?enrichId=rgreq-009438c2133c8c2ef9e03f5463921771-XXX&enrichSource=Y292ZXJQYWdlOzMzNDQ1MzM0ODtBUzo3ODA1NDQxMDczNzY2NDNAMTU2MzEwNzYyNTU2MQ%3D%3D&el=1_x_6&_esc=publicationCoverPdf
https://www.researchgate.net/profile/A-Pastor-2?enrichId=rgreq-009438c2133c8c2ef9e03f5463921771-XXX&enrichSource=Y292ZXJQYWdlOzMzNDQ1MzM0ODtBUzo3ODA1NDQxMDczNzY2NDNAMTU2MzEwNzYyNTU2MQ%3D%3D&el=1_x_7&_esc=publicationCoverPdf
https://www.researchgate.net/profile/P-Ballesteros-Perez?enrichId=rgreq-009438c2133c8c2ef9e03f5463921771-XXX&enrichSource=Y292ZXJQYWdlOzMzNDQ1MzM0ODtBUzo3ODA1NDQxMDczNzY2NDNAMTU2MzEwNzYyNTU2MQ%3D%3D&el=1_x_10&_esc=publicationCoverPdf

Performance comparison of activity sensitivity metrics in

Schedule Risk Analysis

Pablo Ballesteros-Pérez!”; Alberto Cerezo-Narvaez’; Manuel Otero-Mateo®;

Andrés Pastor-Fernandez*; Mario Vanhoucke®

1234 Dpto. de Ingenieria Mecanica y Disefio Industrial, Escuela Superior de Ingenieria.

Universidad de Cadiz, Avda. Universidad de Cadiz 10, Puerto Real, 11519 Cadiz (Spain)

" Senior researcher, +34 956 483 200, pablo.ballesteros@uca.es (corresponding author)

2 Assistant Professor, +34 956 483 311, alberto.cerezo@uca.es

3 Assistant Professor, +34 956 483 200, manuel.otero@uca.es

* Associate Professor, +34 956 483 211, andres.pastor@uca.es

> Ghent University, Tweekerkenstraat 2, 9000 Gent (Belgium)
Vierick Business School, Reep 1, 9000 Gent (Belgium)

UCL School of Management, University College London, 1 Canada Square, London E14 544 (UK)

> Professor, +32 926 435 69, mario.vanhoucke@ugent.be




Performance comparison of activity sensitivity metrics in

Schedule Risk Analysis

Highlights

e A performance comparison of all relevant SRA metrics to date is presented.

¢ A new SRA metric named Criticality-Slack-Sensitivity index (CSS) is proposed.
e (SS is the top-performing metric in one-off calculation mode.

e The Schedule Sensitivity Index (SS/) is the best metric in iterative calculation.

e The duration of construction projects can be significantly shortened using SRA.
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Performance comparison of activity sensitivity metrics in

Schedule Risk Analysis

Abstract

In Schedule Risk Analysis (SRA), activity sensitivity metrics measure the importance
of activities in a project schedule. Highly sensitive activities are those more likely to increase
project duration variability and/or cause project duration extensions. Several activity
sensitivity metrics have been proposed over the years, but a comparison of all of them has
never been made. This has made it difficult to know which metrics perform better and under
what circumstances.

In this paper, an extensive comparison of all relevant SRA activity sensitivity metrics
is performed using a set of 4100 artificial projects. Unlike previous studies, the comparison
framework is decoupled from corrective actions (e.g. activity crashing) which allows the
merits of each metric to be assessed individually. Additionally, a new metric that performs
better for overall sensitivity ranking is proposed. Results show that most sensitivity metrics
do not perform well unless they are applied iteratively (the sensitivity of the remaining
scheduled activities has to be recalculated whenever the duration variability of at least one
activity has been restricted). However, if applied iteratively, most metrics can enhance

project monitoring and control, while significantly shortening project duration.

Keywords: scheduling; schedule risk analysis; activity sensitivity; project delays; project

control.
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1. Introduction

Schedule risk analysis (SRA) is a simulation technique that allows project managers
to identify the critical schedule components that may have the biggest impact on project
objectives [1]. SRA is a prominent project monitoring and control technique, maybe only
surpassed in popularity by the Earned Value Management (EVM), a technique with which
SRA can be combined resulting in what is known as Dynamic project scheduling [2].

However, whereas EVM is predominantly a ‘reactive’ technique (EVM measures
actual time and/or cost deviations with respect to a baseline), SRA is a proactive technique.
SRA identifies which schedule components (normally a subset of activities) are key to
delivering the project on time and/or budget even before those components have actually
started. Identifying those key components allows the project manager to focus on the project
tasks that really matter, that is, to be more efficient.

Economy and productivity have always been crucial aspects of construction
management [3], but even so, projects ending late and/or suffering from cost overruns are still
a widespread phenomenon [4]. Maybe not that surprisingly though, poor planning,
monitoring and control practices usually stand out as the most relevant factors causing project
overruns [5]. In this context, every tool that shows promise in alleviating this problem is
worth considering.

Over the years, SRA has produced a series of metrics that allow the activities that are
more ‘important’ than others to be discriminated mathematically. Scientific literature
frequently refers to these as activity ‘sensitivity’ measures or just ‘SRA metrics’ [6].
Basically, these metrics rank activities by giving them a number (generally ranging from 0 to
1) reflecting their relative importance. Once these values are known, the project manager can
also set a numerical threshold, which can be dynamically adjusted later, if necessary. All

activities whose metric value exceeds the threshold should be monitored more closely during
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execution. By ‘monitoring’ researchers generally mean that it should be ensured that those
activity durations do not exceed their planned durations [7], otherwise the project duration
and/or cost will surely be negatively impacted.

Previous comparisons of these metrics have also simulated the effect of some
corrective actions that are taken when highly sensitive activities suffer from time overruns
[6]. This approach has some advantages when reflecting on how these metrics can be applied
in real contexts. However, it also has a critical disadvantage: the effects of SRA are mixed up
with the outputs of those corrective actions. This makes it very difficult to distinguish which
are the real benefits of implementing SRA on its own, and also, under which circumstances
each SRA metric performs best.

In the same vein, previous studies have combined SRA with some scheduling
compression techniques (e.g. activity crashing, activity fast-tracking or activity substitution)
[8]. Scheduling compression techniques undoubtedly have an important place in project
planning, monitoring and control. However, they serve a very different purpose: to shorten
the schedule either beforehand and/or during the project execution stage. Project managers
always try to find a balance between a sufficiently short project duration and the increased
risk, money or resources that such a schedule configuration involves. Once a suitable balance
is found (because there is no more money, resources, or just because it becomes too risky or
technically impossible to shorten it any more), SRA can be implemented to measure the
activity sensitivity and ensure that the project is delivered as planned.

Consequently, the aim of SRA is to ensure that the actual activity durations are as
close as possible to their planned durations. Shorter durations, while not harmful, are much
less likely than delays. Hence, the purpose of SRA is to identify those activities whose
potential duration variability needs to be reduced (constrained). How these durations are

constrained in practice is outside the scope of this paper. However, it generally involves
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tighter and more frequent activity progress control as well as some pre-specified back-up
plans if any highly sensitive activities suffer delays.

As a result, the real foe in project control is duration variability. There have been
many studies pointing out exactly the same. Among the most recent, Ballesteros-Pérez et al.
[9] demonstrated how classical (deterministic) scheduling techniques generally underestimate
project duration and cost, by neglecting activity duration variability. Later, Ballesteros-Pérez
et al. [10], on measuring the ratios of actual vs. planned activity durations on a wide set of
construction projects, determined that the coefficient of variation is around 60%. These
authors also proved that this (unconstrained) activity duration variability is enough to
increase the duration of construction projects by an average of 20% and the project cost by at
least 7%. All these facts make clear that it is necessary to start paying more attention to
activity duration variability and the tools that can handle it effectively. Among these tools,
SRA is arguably the most effective.

Finally, there have been many other pieces of research dealing with SRA at project-
level. Project-level aspects are generally dependent on the project type and/or some
contextual information that is not generally easy to generalise and/or model mathematically
[11]. Hence, the scope of this paper is restricted to activity-level sensitivity metrics only.
Project level aspects, while undoubtedly important, will be left for future research.

Therefore, in this paper, a performance comparison of all activity-based sensitivity
metrics published to date is carried out. A metric’s performance is understood as its capacity
to restrict project duration variability and shorten average project duration. The comparison
framework adopted will also show how effective SRA metrics are, regardless of other
scheduling compression techniques. Other aspects considered will be: how the performance
of the SRA metrics increases as more activities have their durations constrained (an effort is

made to make their actual duration equal to the planned duration), as well as the influence of
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network topology (what the network looks like in a project schedule). In order to obtain
realistic and representative results, a varied set of 4100 project network schedules is used in
this study. Activity duration variability in these network schedules will be modelled to
resemble that of actual construction projects. This will further enhance the representativeness
of the results obtained.

The paper will be structured as follows. In the Literature review section, the three
subsections will go over the mathematical notation, the details of the SRA metrics compared,
and the results from previous (partial) performance comparison studies. A new SRA metric
will also be proposed and mathematically defined in this section. In the Materials and
methods section, the artificial project dataset as well as the activity duration modelling will be
described. Then, the performance framework for measuring the effectiveness of all SRA
metrics will be outlined. The Results section will summarise all the metrics performance
results under different scenarios (different levels of project control and network topologies)
as well as how the SRA metrics are calculated (one-off vs iteratively). The Discussion section
will propose complementary SRA approaches and justify how current metrics still show a
significant potential for improvement. Finally, the Conclusions will summarise the research

analysis and contributions, state the limitations and suggest some research continuations.

2. Literature review
2.1.Existing activity-based SRA metrics
The eight metrics whose performance is compared are described in this section. The
most relevant variables and mathematical expressions will be defined contextually, instead of
at the outset. This approach will make it easier to remember their meanings later.
Nevertheless, for easier reference, a comprehensive description of all variables and

abbreviations is listed and explained in alphabetical order as Supplemental online material.
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SRA metrics can only be calculated by (Monte Carlo) simulation. The following
notation will be common to all metrics and is defined here:

i refers to each activity in a construction schedule (project) with i=1, 2, ... n.

n is the total number of activities in a construction schedule.

j refers to each Monte Carlo simulation run when calculating the SRA metrics and project
durations with j=1, 2, ... N.

N is the total number of Monte Carlo simulations performed.

k refers to the number of activities whose duration variability (o;) will be constrained with
k=0,1,2,...n.

o; represents the standard deviation of activity i’s durations in the N simulation runs. When
an activity is constrained, it will mean that its possible activity (stochastic) duration
will always be forced to equal its planned duration. In this context, when o; is said to
be constrained, what is really meant is that ¢,=0, and activity i’s duration will
become a deterministic variable (constant throughout the simulation runs and equal

to its planned/baseline duration).

With this preliminary notation, all the SRA metrics to be compared are presented in
Table 1. To avoid information cluttering, the simulation-based estimators of all metrics have

been presented as Supplemental online material.

<Insert Table 1 here>

The last row of Table 1 contains the Criticality-Slack-Sensitivity index (CSS), a new
metric proposed in this study. The CSS constitutes an improvement of the SS7 and MOI
metrics by adding a third term considering the difference between activity i’s slack when all
activity durations are stochastic (E(s;)) versus deterministic (s ;). The expression of the CSS

(extracted from Table 1) is:
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css, =1, 205 gy ,. (1)
E(PD

In particular, this new index presents three terms, each responsible for one task. The
CI term attributes more importance to those activities that are more frequently critical. The
difference between the stochastic and deterministic slacks indirectly measures the average
impact of the merge event bias in activity 7, that is, how much the variability of all project
activities allows activity 7 to shift. If this term is zero, this can be because either activity i is
always critical or is never critical. In the first case, both E(s;) and s’; equal 0. In the second
case, E(si)=s .. However, in neither case will the activity contribute to minimising the merge
event bias, that is, to reducing the Project duration average (it might reduce the project
duration variability though, but only if C/=1). Finally, the third term (the ratio of duration
standard deviations) reflects the proportion of project duration variability that can be
controlled by the activity i itself (not by other activities). This term has been inherited from
the SSI.

Apart from the SRA metrics described in Table 1, other alternative approaches can be
found in the literature. For example, it has been suggested by a few researchers that
combining some of the SRA metrics described in Table 1 could enhance their performance
[15]. In this regard, it was reported by Liu and Wang [11], that Yangbin Ou, in an internal
dissertation in 2003 (that could not be accessed by the authors of this paper), proposed and
tested a composite metric named Activity Compound Criticality Index (4CCI). This metric
apparently corresponded to the product of CI and CRI(r). As a precautionary action, the
performance of pairs of all the SRA metrics described above was tested by the authors of this
paper. For the sake of clarity and brevity, those auxiliary experiments have not been included
in the results. However, it is worth highlighting that no combination showed a higher

performance than that of the top performing metric out of the two metrics being multiplied.
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Furthermore, there have been a few examples of other metrics whose calculation
involves some kind of (subjective) judgemental input. Among these, probably the most
relevant is the Activity Critical Comprehensive Index (ACCI ') proposed by Cui et al. [16].
This ACCI consists of three additive terms that measure the relative importance that the
project manager wants to attribute to the average project (1) duration, (2) variance and (3)
activity criticality, with respect to the (1) duration, (2) variance and (3) criticality of the
longest path it belongs to, respectively. The three terms are quite simplistic and the idea is
that the scheduler decides which one he/she wants to prioritise. However, the three terms are
actually encompassed (in one way or another) in the expression of the previous eight metrics.
For this reason, these composite additive metrics have not been explored further.

Finally, differing significantly from previous approaches, but also requiring some
subjective input, other authors have measured activity importance by measuring how each
activity could contribute to an increase in project duration variability. In this vein, Cho and
Yum [17] developed a Taguchi tolerance-based design technique that could be implemented
manually, but whose calculation actually takes quite a lot longer than performing Monte
Carlo simulations. The analysis performed here will also analyse project variability by
choosing activities according to their ranked SRA metric values. However, this study will
mostly focus on how SRA metrics can shorten project duration (not just its variability).

Hence, these alternative metrics will no longer be considered.

2.2.Previous SRA performance comparison studies
While there have been many studies discussing the advantages and limitations of

some SRA metrics (e.g. [6,13,15]), the purpose of this paper is not to recount the latter.

! This metric has the same abbreviation as the Activity Compound Criticality Index, but they actually have
nothing in common.
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Numerical comparison of activity-based sensitivity metrics, on the other hand, have been in
short supply. To date, only Vanhoucke [1,2,7] and Madadi and [ranmanesh [14] have
attempted to measure the performance of SRA metrics by resorting to relatively large and
representative network datasets.

The studies by Vanhoucke [1,2,7] were the first to perform a thorough comparison of
the first six metrics (the MOI and CSS were not included). Vanhoucke measured the
performance of these metrics by comparing how different threshold metric values (during a
simulated project execution) allowed activities requiring some type of intervention (normally
to be shortened to bring the project back on track) to be flagged. In particular, Vanhoucke
resorted to an index named Unit Contribution (UC). The UC was defined as the decrease in
the number of time units (e.g. days) of the project duration divided by the decrease in the
total number of time units of all controlled activities resulting from the corrective actions
adopted. For instance, whenever a highly sensitive activity (considered as such by having
exceeded a threshold value) experienced a duration overrun, its activity duration was halved.
Then, the resulting decrease in total project duration (with respect to average project
duration) was measured. This approach was satisfactory to show that SRA metrics are indeed
useful and that some seem to perform better than others. The author also created the network
dataset that will be used later in this study and proved numerically how network topology
significantly conditions the effectiveness of SRA. However, Vanhoucke’s studies had the
following limitations.

First, the SRA metrics were used as action thresholds, which does not provide any
insight into whether the metric values are proportional or just roughly rank the activities’
sensitivity.

Second, the studies left unanswered how often SRA metrics need to be recalculated

(once at the beginning? Once at every tracking period? Once after any activity suffers a
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deviation (no matter how small) from the project baseline?). These questions will be
answered later in this study.

Third, Vanhoucke’s performance analyses always involved activity crashing
(whenever a highly sensitive activity was delayed and had to be brought back on track). As
described earlier, this approach mixed the contributions of crashing with SRA, making it
difficult to distinguish what was the result of what. Here, the effectiveness of the SRA
metrics will be analysed separately from any corrective action.

Fourth, the number of simulations from Vanhoucke’s studies generally were of 100
runs per simulated project. With this number of simulations, a relative error of around 10% is
to be expected (the relative error is measured as the standard deviation of the Monte Carlo

estimates with respect to their actual value). In this study, 10,000 simulations are used per

SRA metric and project. Since the error of Monte Carlo estimates is proportional to 1/ \/ﬁ

[18], this will reduce errors to approximately a tenth.

Fifth, Vanhoucke’s studies did not include the MOI metric, nor the CSS metric as the
latter has been proposed here for the first time. Moreover, the results from this study later do
not entirely agree with Vanhoucke’s performance results, which also merits closer inspection.

Two years later, Madadi and Iranmanesh [14] resorted to a different but smaller
network dataset and compared the performance of the MOI against the CI, SI and CRI(r)
metrics (neither the CRI(p), CRI(t), SSI, nor CSS were included). However, they also
(indirectly) measured the effect of constraining some activities on reducing both the project
duration mean and its variability.

According to the studies briefly described above, the top performing metrics were the
SSI (for Vanhoucke) and the MOI (for Madadi and Iranmanesh). The performance analysis in
this paper will compare both for the first time, while also considering the (direct) effect of

constraining activity duration on both the average project duration and its variability.
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3. Materials and methods

Hulett [19] was one of the first to set clear directions on how SRA should be
implemented. He defined four sequential steps which are briefly outlined here:

1. Define the baseline schedule, which will act as the point of reference for subsequent
simulation runs.

2. Define activity duration (and cost) uncertainty by means of defining the statistical
distributions that model those activity durations (and costs) for each activity.

3. Run (Monte Carlo) simulations. In each run, the activities (and in consequence, the
project) will have different durations and costs (and probably a different critical path).

4. Sensitivity output. With the information stored from the previous step through many

simulation runs, it is then possible to calculate the activity sensitivity metrics.

In this study, these four steps were repeated for each artificial schedule network (4100
projects), for each SRA metric (8 plus one that ranks the activities randomly), and for two
calculation modes (one-off and iteratively). One-off means that all SRA metrics were
calculated just once at the beginning of each project. lteratively means that all metrics were
recalculated as activity duration variabilities were constrained one by one, that is up to 30
times (activities) per project. The iferative mode of calculation was included to assess
whether the remaining activity SRA metric values become unreliable when the project
manager attempts to keep the duration of some activities as planned (on time). Finally, as

stated earlier, the number of simulation runs from step 3 was always 10,000.

3.1.Simulated projects dataset
The artificial projects dataset consisted of 4,100 activity-on-node networks with 30

activities each. Each network had two dummy activities (with zero duration) signalling the
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project start and end. This dataset, along with other instances of artificial projects (see [20]
for an overview), was developed by the Ghent University Operations Research & Scheduling
Research Group and can be downloaded here:

http://www.projectmanagement.ugent.be/research/data/RanGen (MT set). From each network

(project), a file can be found containing all the predecessors activity information.

The project dataset was generated with the RanGen2 algorithm. RanGen2 is a robust
random network generator validated in several studies [21,22] and capable of generating a
wide range of different network topologies. The same set of projects has been used in many
recent research studies on SRA (e.g. [23,24]) and EVM (e.g. [2,25,26]).

In particular, the project dataset was generated under pre-set values of four
topological indicators: the serial-Parallel (SP), the Activity Distribution (4D), the Length of
Arcs (LA), and the Topological Float (7F). The SP indicator describes how close a network is
to a serial or parallel network. The 4D describes the distribution of activities in the different
network paths. The L4 measures the distance between two activities in the project network.
The TF measures the slack or float activities have at a topological level, that is, how dense
the network is. All indicators range from 0% to 100%. These four topological indicators were
initially proposed by Vanhoucke et al. [22] and slightly refined in Vanhoucke [23]. They are
considered representative and accurate descriptors of a network topology. For the interested
reader, the values of all four indicators can be found for the 4100 network instances as
Supplemental online material.

The different project networks were generated by setting specific staggered values of
the SP indicator from SP=0 (all project activities are in parallel) to SP=100% (all activities
are in series). While the SP was set, the other indicators (4D, LA and TF) could vary freely
when searching for new random network configurations. Namely, the series of SP values

used were 7%, 17%, 28%, 38%, 48%, 59%, 69%, 79%, and 90%. Extremes (0% and 100%)
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were not included in the analyses as they are not considered representative of real
construction projects. Also, rounded SP values (e.g. 10%, 20%, 30%...) were not possible due
to the fixed number of activities per project (30).

Concerning the stochastic generation of activity durations, many statistical
distributions have been used in the past (Uniform, Beta, Normal, Triangular, etc.) [1,6,27].
Log-Normal distributions were used here for the following reasons. Log-Normal
distributions, by definition, cannot produce negative durations, but still allow for values
located far from the distribution average. Log-Normal distributions are quite simple (they
depend on two parameters only) but recent empirical studies have shown that they still
satisfactorily model construction activity duration variability [28,29]. With this in mind, the

Log-Normally-distributed activity durations were generated using this expression:
d ~ 1 10No;~mal (mean=0,CV;) (2)

Where g4 represents each activity i’s average duration average (the planned/baseline
duration) and CV; the coefficient of variation of a Normal distribution with zero mean (and a
standard deviation of 1). The second term of expression 2 (the 10"Normal distribution)
generates log-normally-distributed multipliers. This Normal distribution had a zero mean
because this way the average stochastic activity durations coincided (on average) with their
planned/baseline durations, as z4-10"0=g4- 1=g;. This kept the projects from ending
systematically sooner or later. A base of 10 was used here because, along with Euler’s
number, it is the most common logarithmic base.

In the proposed simulation framework, all activities are scheduled to start as soon as
possible and activity preemption is not allowed; the latter to avoid randomly affecting activity
duration variability. Additionally, £ and CV; values were generated beforehand for the 30
activities of the 4100 networks (30-4100=123,000 pairs of different 44 and CV; values). Only

with this approach was it possible to ensure that each activity had exactly the same average
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duration and variability when different SRA metrics were compared in different simulation
runs. In particular, the activity planned/baseline duration g; values were arbitrarily and
stochastically generated following a Normal distribution with mean 100 (e.g. days) and
standard deviation 20 (e.g. days). CV; values, on the other hand, were generated following a
Uniform distribution ranging between 0.10 and 0.30. The latter range was adopted so that the
activity duration variability emulated the same levels of variability as those observed in a
sample of 101 projects by Ballesteros-Pérez et al. [10]. More precisely, those authors
identified that most activity duration variability lies in the range (in Log-scale with base 10)
between 0.1 (low variability) and 0.3 (high variability), with the average being 0.2.

Therefore, unlike g whose values hardly make any difference to the results, the CV;
values chosen greatly influence the results’ representativeness. As CV; values were carefully
chosen to resemble those of real construction projects, it is expected that the results here will
also provide a realistic order of magnitude of how the duration of real construction projects
can be shortened by constraining the duration variability of the most sensitive activities. For
those readers interested in knowing how the same SRA metrics would perform under
scenarios with strictly lower and higher activity duration variability (CV;=0.10 and 0.30,
respectively), the same simulation results can be found as Supplemental online material.
Moving forward, only the case of CV; varying uniformly between 0.10 and 0.30 has been
presented.

Finally, it may be worth noting that in this study the activity cost dimension has been
intentionally neglected in the sensitivity analyses. This is a common trait in most SRA studies
as, generally, the cost dimension is much simpler than the time dimension. Whereas activity
order matters in time analysis, the cost is merely an additive variable. The project cost
generally resembles a Normal distribution whose average and standard deviation can be

closely approximated by the sum of averages and cost variances of all activity cost
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distributions [30]. This conjecture was recently confirmed by Batselier and Vanhoucke [31]
in an empirical study involving 52 projects. This means that the network topology does not
influence project cost either, unless there is a significant correlation between project duration
and project cost. However, while this correlation seems to exist at activity level, it does not
seem significant at project level [10]. As a result, the cost dimension in this and future SRA

metrics comparisons can be safely neglected without any loss of representativeness.

3.2.Performance measurement framework

For each simulation run, all activities had their SRA metrics calculated (once in the
one-off calculation mode, or multiple times in the iterative mode). Then, activities were
ranked by decreasing order of the value of each SRA metric. This means that, by decreasing
order of one SRA metric at a time, k activities out of the total » activities per schedule, had
their duration variability constrained (their stochastic durations were forced to remain
constant and equal to the planned durations, that is, to equal to z;). Experiments were
repeated testing all SRA metrics and the whole range of k& activities from 0 (no activities with
duration variability constrained) up to 30 (all activities in the schedule had their duration
variability constrained).

With regards to metric performance measurements, two variables were registered for
each simulation run: the project duration median percentile reduction (Amx) and the project
duration standard deviation reduction (Acyx). Results for both variables and for all 4100
projects can be found as Supplemental online material. Results in the paper will only report
their average Amy and Aoy values. Also, due to its particular relevance, the calculation
procedure of Amy is represented in Figure 1.

<Insert Figure 1 here>
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Figure 1 shows two (probabilistic) project duration curves, both of which are obtained
with NV (10,000 here) Monte Carlo simulation runs. The one on the right represents the project
when all its activity durations can vary freely (no activity durations have been constrained).
The curve on the left represents the project duration when £ activities have had their duration
variability constrained (that is di=¢4). Hence, Am; measures the difference of the project
duration median (measured in probability, that is, as a reduction in percentiles) between two
scenarios: a project with k activities constrained and the original project duration curve (when

no activity durations had been constrained yet). This can be formulated mathematically as:

Am,=0.5—Prob" ‘(m) withk=0,1,2...n 3)
Hence, Amy represents the (negative) increment between two probability values. The
median is chosen as a more reliable indicator because, unlike the Project Duration average, it
is always associated with the same probability value (50" percentile = 0.5).
The second performance variable is quite simple and represents the project duration
standard deviation reduction (in the N simulation runs) when £ activities have been

constrained (respect to the unconstrained schedule with £=0). It is defined as:

o)
Ao, =1-—— withk=0,1,2...n 4
O =0

Finally, and following a similar convention, from now on project control (PC) will be
referred to as k/n, that is, the percentage of activities whose duration variability has been
constrained. This variable will be useful in providing an estimate of the project manager’s

control effort when a monitoring the project execution.

4. Results

4.1.SRA metrics performance by project control level
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The average performance results measured by Amy and Aoy are presented in this
section. Detailed results by project can be found in the Supplemental online material.

Figure 2 shows the first set of the performance results when all SRA metrics are
calculated once off and by varying level of project control (PC). It may be worth
remembering that one-off means that all SRA metrics were calculated just once at the
beginning of each project. That is, they were used to rank all activities by decreasing order of
importance at the outset, and they were never recalculated later as some activities had their
durations constrained. This is relevant, as when a single activity is duration-constrained, the
sensitivities of all remaining activities may also change.

<Insert Figure 2 here>

Figure 2 shows in two tables the Am; values (top) and Aoy values (bottom). The
percentage of activities that have had their duration variability constrained from PC=0%
(none) up to 100% (all) is displayed in columns. All the SRA metrics compared are shown in
rows, plus a random allocation of constrained activities at the top of each table. This row
represents a baseline comparison that all SRA metrics should outperform (in this case by
achieving lower values).

Values of Amy range from 0% (no project duration difference at all with the initial
project duration median percentile) up to 35.8%. However, the latter value (35.8%) is
conditioned by the level of activity variability that it was chosen for the activity durations
when trying to resemble that of real construction projects. Also, obviously, when PC=0% or
100%, all metrics perform exactly the same because no or all activities are constrained. On
average then, 35.8% is the maximum percentile a median project duration may reach when all
project activities are kept perfectly on time.

On the other hand, project duration variability reduction (measured by the decrease in

the project duration standard deviation), can range between 0% (no constrained activities) up
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to 100% (all activity durations have been constrained). The latter would correspond to a
deterministic schedule.

Regarding metric performance, the effectiveness of these metrics increases with PC
effort, as expected. However, their performance ceiling will be better assessed when the
iterative calculations from Figure 3 are analysed later.

In Figure 2, the top performing metric, both in Amy and Aoy values, is the new CSS.
This metric, when calculated once off, achieves the maximum (average) project duration
median and variability reduction with respect to the totally unconstrained schedule. The
values of this metric are highlighted in bold. The second-best metric is the CRI(z). This
comes as a surprise because in Vanhoucke’s [1,2,7] studies this metric was always among the
worst performers. This is not actually seen to be the case for the one-off calculation mode.
After the CSS and the CRI(7), the remaining six metrics perform similarly, both for Am; and
the Aoy.

Overall, maybe with the exception of CSS and CRI(7), results suggest that all metrics
become virtually blind after starting to constrain some activity durations. “Blind” here means
that they become virtually useless, as they are no longer are capable of determining which
activities are the most sensitive. This is essential in real-life project monitoring and control,
as the scheduler needs to know that any change, even if this means ensuring that activities
last as planned, will impact the sensitivities of the remaining (unconstrained) activities.

Figure 3 presents the same performance results, but with SRA metrics being
recalculated as activity durations are being constrained (iferative calculation mode). In this
figure, for the sake of clarity, only the first 9 activities with constrained durations (up to
PC=9/30=30%) have been shown. This calculation approach is more computationally
demanding than the one-off calculations (because SRA metrics calculations need to be

repeated as many times as the activities are constrained). However, by looking at the
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corresponding values between Figures 2 and 3 (columns with PC=10, 20 and 30% mostly), it
is evident that the performance of all metrics has improved significantly. All metrics (even
the worst performing, Random excluded) achieve higher Am; and Aoy values than those in
Figure 2 with one-off calculations.

<Insert Figure 3 here>

There are also some changes in the ranking. The metrics that performed better before
(CSS and CRI(7)) are just average performers now. The best iterative metric is the SSI, closely
followed by CRI(r) and CRI(p). The CI and SI are the worst performers. In this instance, and
apart from the CSS and MOI results which were not included originally, all results fully agree
with Vanhoucke’s [1,2,7], but not with Madadi and Iranmanesh’s [14]. The only explanation
possible is that Vanhoucke must have resorted to iterative calculations, whereas Madadi and
Iranmanesh must have used one-off calculations.

Additionally, from Figure 3 it is possible to approximate the performance ceilings of
all SRA metrics. Let us take a closer look, for example, at the PC=30% column. This column
represents the project duration median probability reduction (top table) and project duration
variability reduction (bottom table) that a project manager could achieve if a tight control was
kept on 30% of the project activities. This level of control seems representative and feasible
in real projects. In this column, the SS7 achieved Am;=27.1% and Acx=52.3%. The same
values in one-off calculations for the CSS were Am=19.6% and Ag,=28.1%. And the
equivalent values for Random allocation are Amy=13.1% and Aci=14.7%. Overall, this shows
that the top performing metric in one-off calculation (the CSS) is approximately halfway
between not being effective at all (represented by the random allocation results) and the best
performance possible (those from the SS7 in iterative mode).

At this point it is also convenient to remember that combinations of pairs of the eight

metrics above were also tested (but not reported here). However, none clearly outperformed
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the current ones. This might mean that, despite each metric having different sensitivity
detection mechanisms, the SS7 seems to represent the current performance ceiling. That is,
with the activity variability levels adopted, no better values of Am and Aoy could be found.
The obvious next research step then would be to try to propose an SRA metric that could
perform like the iterative SS7 but when applied one-off. This is something the new CSS has

not fully achieved, but it seems to be on the right track.

4.2.SRA metrics performance by Serial-Parallel and Project Control level

The same 4100 networks analysed can be reorganised by their Serial-Parallel (SP)
indicator and by Project Control (PC) level. As described earlier, the SP describes how close
a network is to a perfectly serial (SP=100%) or parallel network (SP=0%). SP is calculated as
the number of activities in the path with the highest number of activities (which may not be
the longest in duration) minus 1, divided by the total number of activities in the schedule
minus 1, that is n-1 (dummy activities are not considered). The SP is probably one of the
simplest, yet most relevant topological indicators. Vanhoucke [7] proved in his studies that
the SP seems to greatly condition the tracking efficiency of both the EVM and SRA
techniques. This author also conducted an exploratory study of several construction projects
and reported that most construction projects boast SP indicators ranging between 12% and
78%. Our simulated projects dataset indeed covers a slightly wider range of SP values (from
7% up to 90%).

Finally, in Vanhoucke’s [7] performance comparison, probably the most
comprehensive to date, approximately PC=27% of all activities were controlled. Results for
up to PC=30% are shown in the following tables. However, further PC values can be found

as Supplemental online material.
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As aresult, Figures 4 and 5 show the SRA metrics performance results (only Amy
values are shown on this occasion) assuming calculations are one-off (Figure 4) and iterative
(Figure 5).

<Insert Figure 4 here>
<Insert Figure S here>

Quick inspection of both figures confirms again that as the level of PC control
increases, Amy, values also increase. Similarly, it is evident that the SRA metrics lose
effectiveness (SRA metrics have lower Amy values) as the SP increases, that is, as they
become closer to serial networks. Additionally, the CSS and the CRI(7) are still the top
performing metrics in the one-off calculations, but the CSS gains more advantage as the PC
increases. In the iterative calculations, the SST7 still seems to perform better, but is closely
followed by CRI(r) and CRI(p).

Finally, a comparison of equivalent PC levels in both figures against random
allocation confirms again that the top performing one-off metrics still have significant room

for improvement (defined by the top performing iterative metrics, the SSI for instance).

S. Discussion

An enhanced SRA metric should reach Am; and Aoy values similar to the ones
observed for the SS7 in Figures 3 and 5 (iterative calculations), but be achieved with one-off
calculations. However, finding a mathematical expression that achieves this has proven to be
quite elusive. There are two main reasons for this.

First, whenever an activity suffers a deviation from the baseline schedule, the whole
schedule suffers some degree of change too. One-off numerical results shown earlier clearly
support this as it is evident that SRA metrics become very unreliable as highly sensitive

activities have their duration constrained.
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Second, decreasing activity duration variability does not always lead to a decrease in
project duration variability. Sometimes the latter can remain unaffected or, as proved by
Gutierrez and Paul [32], it can also lead to an increase in project duration variability.
Similarly, Elmaghraby et al. [33] experimentally showed that decreasing some activity
average durations could cause project duration extensions on some (rare) occasions. This
means that finding an activity or schedule (mathematical) attribute that is ‘always’
proportional to a project duration extension is certainly not straightforward.

Overall, both reasons demonstrate that finding a better SRA metric for one-off
calculations is an extremely challenging task. Maybe because of this, the effectiveness of
SRA has not been exempt from criticism. Some researchers have found that focusing solely
on activity sensitivity may lead to erroneous assessment of activity importance [19,34]. To
overcome this limitation, some researchers suggested shifting the point of attention to the
potential risks that produce activity and/or project duration variability (risk-driven approach)
[35]. This approach can bring some advantages (it is indeed more accurate if all risks are
known beforehand). However, in real contexts, most risks are difficult to anticipate, let alone
(probabilistically) estimate their impact before the project is executed. Fortunately, both
approaches (activity sensitivity and risk-driven approach) are not exclusive, but rather
complementary.

Other researchers have pointed out the obvious limitation of trying to measure activity
importance based on a single figure (an index ranging from 0 to 1). The most notable works
in this regard were the ones by Kuchta and Dorota [36] and Bowman [37-39]. Kuchta and
Dorota [36] proposed a method to assess the criticality of activities with a fuzzy approach.
Bowman, on the other hand, proposed a way of drawing the sensitivity curves of all activities.
These sensitivity curves actually correspond to the representation of the Criticality Index (CI)

as a function of activity duration. In his papers, Bowman devised a quite ingenious way of
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drawing those curves by resorting to a single set of Monte Carlo simulation runs. However,
while useful, both Kuchta and Dorota’s and Bowman’s approaches did not allow to rank or
prioritise the activities unless their impact was considered. Also, as the durations of some
activities are constrained, the fuzzy calculations and sensitivity curves need to be updated
too, and that is not possible unless more simulations are run. This means that their approaches
suffer from exactly the same limitations as the SRA metrics compared above when calculated
once off.

Finally, despite falling outside the scope of this paper, an interesting discussion would
concern the extent to which activity duration variability should be constrained when
monitoring and controlling the progress of real projects. Two recent works have recently
focused on this front, but with very different approaches. First, Hu et al. [40] measured how
the incorporation of activity sensitivity measurements into (Critical Chain) buffer
management could lead to better project schedule risk management. Second, Martens and
Vanhoucke [41] proved empirically that integrating some project-specific information
(mostly resource availability) into the construction of control tolerance limits brings
significantly higher monitoring efficiency. This means that, eventually, SRA cannot be
implemented irrespective of resource availability aspects. These, and hopefully future studies,
will enhance the relevance of the topic addressed in the present study. It is also clear that

multiple avenues of research remain to be explored.

6. Conclusions
Schedule Risk Analysis (SRA) is a simulation technique that allows activity
sensitivity to be measured with the intention of identifying those activities that require closer
control during project execution. If an activity is highly sensitive, it is more likely that, if this

activity is delayed, the whole project will also be delayed. Since 1963, several activity
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sensitivity metrics have been proposed, but previous performance comparison analyses have
never involved all of them. Furthermore, previous comparisons have always involved
corrective actions (mostly activity crashing), which made it difficult to quantify to what
extent SRA was effective on its own.

In this paper, by resorting to a representative set of 4100 simulated projects, a
systematic comparison of the most relevant activity-based SRA metrics published to date has
been performed. The comparison is based on two performance indicators: the project duration
median percentile reduction and the project duration standard deviation reduction. Both
performance indicators quantify the (duration and variability) reduction achieved by a project
whose activities are (partially or completely) duration-constrained versus the same project
when its activity duration can vary freely (remain all unconstrained). Results have been
derived and analysed by Project Control (PC) level and by staggered values of the Serial-
Parallel (SP) indicator. Furthermore, performance measurements have involved two SRA
metrics calculation modes: one-off and iterative. In the one-off calculation mode, the metrics
are calculated just once (at the outset). In the iterative calculation mode, the metrics are
recalculated whenever the schedule suffers any changes (e.g. after at least one activity has its
duration constrained). Finally, for representativeness purposes, activity duration variability
has been set to resemble that of real construction projects.

Results have confirmed that when the metrics are calculated once off, the top
performing metric is the newly proposed Criticality-Slack-Sensitivity index (CSS) followed
by the Cruciality Index with Kendall’s tau (CRI(7)). These results seem to contradict previous
performance studies. However, the performance of all metrics is approximately doubled
when they are calculated iteratively, that is, when metrics are recalculated as activities have

their duration variability constrained. This latter approach is, however, much more
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computationally demanding. Under the iterative calculation assumption, the top performing
metric is the Schedule Sensitivity Index (SSI), closely followed by the CRI(r) and the CRI(p).

At a numerical level, results show that in construction projects, a 35.8% project
duration median percentile reduction can be achieved against the original project duration
when all activities are constrained (PC=100%). In a more representative case when only 30%
of all activities are constrained (PC=30%), the median percentile can reach 19.6% (in one-
off) or 27.1% (in iterative calculation mode). Both lead to significant project duration
reductions. These are clear examples of the great benefits that project control can bring to
construction managers.

Finally, whereas SRA metric performance, in the case of iterative calculation seems to
have reached its full potential, there still seems to be room for improvement in more effective
one-off metrics. Reasons for these statements have also been discussed.

A limitation of this study is obviously the lack of empirical validation. This is almost
unavoidable, as real projects are only carried out once. Activity duration variability, unless
provided by very experienced project schedulers, is very difficult to anticipate too. However,
without such estimates, it is nearly impossible to calculate the SRA metrics for validation
purposes from real project data. Similarly, it is also impossible to know which combination of
constrained activities would have led to a shorter project duration in the presence of a single
outcome: the as-built result (equivalent to a single simulation run). Overcoming these
limitations may be an unsurmountable task. Therefore, in the absence of empirical validation,
the comprehensive simulation approach taken here can hopefully provide strong evidence on

the potential benefits of using SRA in real construction projects.
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Metric and source

Brief description

Generic expression

Criticality Index
(cn
(Van Slyke, 1963) [12]

The CI was the first metric for measuring
activity sensitivity. It basically measures the
probability of an activity 7 falling in the
critical path.

CI, = Prob(i is critical ) = Prob(s,=0) = E(s, =0)

Where CI; is activity i’s Criticality Index; s; is activity
i’s slack (also known as total float); and E(-) is the
expectation (average).

Significance Index
(ST)
(Williams, 1992) [13]

This metric was an attempt to overcome the
limitations of the CI. The SI incorporates an
estimate of the potential impact that a delay in
activity i may cause in the whole project.

S/ =F di P—l)j
7\ d+s, E(PD)

Where d; is activity i’s duration; PD is the Project
Duration; and PD) is the Project duration at simulation
run.

Cruciality Index based
on Pearson product-
moment (CRI(r))

(Williams, 1992) [13]

This and the next two Cruciality Indices try to
evaluate the activity importance by measuring
the correlation between the activity duration
and the project duration. CRI(7) corresponds
to the linear correlation version

covar(d,, PD)

CRI(r), = correl(d,, PD) = =
i p

Where correl(x,y) denotes the linear correlation
between x and y; covar(x,y) the covariance between x
and y; o/ is activity i’s duration variance; and 0p2 is
the Project Duration variance.

Cruciality Index based
on Spearman’s rank

(CRI(p))
(Williams, 1992) [13]

This metric tries to anticipate the potential
non-linearities that the correlation between
the activity duration and the project duration
may have.

CRI(p), = correl (rank d,,rank PD)

CRI(p) actually measures the (squared) ranking
differences between the activity durations and the
project durations. For further mathematical details go
to the supplemental online material.

Cruciality Index based
on Kendall’s rank
(CRI(7))

(Williams, 1992) [13]

This metric measures the correlation by
counting the proportion of concordant and
discordant pairs of the same two variables (d:
and PD)

CRI(z), = Prob{(df ~d!)(PD' - PD’)> o} -
~Prob{(d, ~d/)(PD' - PD’) <0}
Where £ is an auxiliary index defined as £ =j+1,

j+2,...N. For further mathematical details go to the
supplemental online material.

Schedule Sensitivity
Index (SST)

(Vanhoucke, 2010a)[7]

Vanhoucke [7] indicated that the Project
Management Body of Knowledge (PMBoK)
suggested assessing activity sensitivity by
multiplying the activity probability of being
critical (the CI) and its impact (measured by
the relative importance of the activity
duration variability).

sst =cr -2

Oy

Where g is activity i’s duration standard deviation;
and o) is the Project Duration standard deviation.

Management-Oriented
Index (MOI)

(Madadi and
Iranmanesh, 2012)[14]

This metric was the first to combine activity
information with topological network
information.

Mmor =2 1

O-max 1 + E (Si ) _ nsucessor:i
n

Where omax is the highest standard deviation among the
oi values of all activities, that is, omw=max o; with
i=1,2,... n; E(s:) is the expectation (average) of activity
i’s slack (in all simulation runs) and #successors i 18 the
total number of (direct and transitive) successors of
activity i.

Criticality-Slack-
Sensitivity index

(CSS)
(this paper)

This new index is a refinement of the
previous SS7 and MOI metrics, and it is
proposed in this paper for the first time.

E(sl.)—s'i I E(sl.)—s'i
E(PD) ' E(PD)

Where s; is activity i’s slack in the deterministic

schedule, that is, when all activities in the schedule last

their planned (baseline) durations. E(s:), CI; and SSIi
have been defined above.

o,

CSS, = SSI. -

O-PD

Table 1. Summary of all SRA activity-based metrics compared
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Figure 1. Tracking efficiency measurement approach (Am; calculation)
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Figure 2. Project Duration median percentile reduction (Amy) and Project Duration standard

deviation reduction (Acy) as a function of the Project Control (PC) effort for all SRA metrics

in one-off calculation mode (top performing values highlighted in bold text)
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Figure 3. Project Duration median percentile reduction (Amy) and Project Duration standard

deviation reduction (Acy) as a function of the Project Control (PC) effort for all SRA metrics

in iterative calculation mode (top performing values highlighted in bold text)
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Serial-Parallel (SP) indicator and three Project Control (PC) levels (10, 20 and 30%) for all

SRA metrics in one-off calculation mode (top performing values highlighted in bold text)
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Figure 5. Project Duration median percentile reduction (Amy) values as a function of the

Serial-Parallel (SP) indicator and three Project Control (PC) levels (10, 20 and 30%) for all

SRA metrics in iterative calculation mode (top performing values highlighted in bold text)



Supplemental Online material

4100-project simulation detailed results

All project simulation results discussed in the paper can be accessed here:

http://bit.ly/2JPHhnm . This link corresponds to a 33 MB MS Excel file. Please, be patient

when downloading and opening it.

Additionally, there is also some additional simulation data comparing the same

project networks under the assumption of low, medium and high activity duration variability.

These results can be accessed here: http://bit.ly/2uAUERz . This link corresponds to a 118

MB Zip file containing multiple MS Excel spreadsheets. Please, be patient when

downloading and opening it.

Abbreviations list

AD

CI

CI;
correl(x,y)
covar(x,y)
CRI(r)
CRI(p)
CRI(z)
CSS

Ami

Aok

Activity Distribution (topological) indicator.

Criticality index

Activity i’s Criticality Index

Linear correlation between x and y

Covariance between x and y.

Cruciality Index based on Pearson product-moment.

Cruciality Index based on Spearman’s rank.

Cruciality Index based on Kendall’s rank.

Criticality-Slack-Sensitivity index.

Project Duration median percentile reduction respect to the initial PD curve when
k activities have their duration variability constrained (¢;=0).

Project Duration standard deviation reduction respect to the initial PD curve when

k activities have their duration variability constrained (¢;=0).



S/

my
MOI
N

n

Normal(-)

Nsuccessors i

PC

i

Omax

Ranking difference between ¢/ and PD at simulation run j, that is

5 = mnk(dl/ ) —rank (PDj )

Activity i’s duration.

Activity i’s duration at simulation run j.

Expectation (average) of (-).

Activity (in a given schedule network) identifier index.

Monte Carlo simulation run identifier index.

Total number of activities whose duration variability () has been constrained

(forced to 6;=0) for project control purposes.

Length of Arcs (topological) indicator.

Auxiliary index defined as € =j+1, j+2,...N.

Activity i’s duration average (planned duration).

Project duration median when £ activities have their duration variability constrained.
Management-Oriented index.

Total number of Monte Carlo simulations performed in a construction schedule.
Total number of activities in a construction schedule.

Normal probability distribution.

Total number of (direct and transitive) successors of activity i.

Level of Project Control (expressed as k/n, that is, % of activities with
constrained duration variability respect to the total number of activities)

Project Duration.

Project duration at simulation run j.

Probability in density curve k of (*).

Activity i’s duration variance
Project Duration variance.

Activity i’s duration standard deviation

Highest standard deviation among the o; values of all scheduled activities in a
project, that is omw—max o; with i=1,2,... n

Project Duration standard deviation.

Activity i’s slack (also known as total float)



SS1
TF

Activity i’s slack at simulation run ;.

Activity i’s slack (total float) when all activities in the schedule last their avg. durations.
Significance index.

Serial-Parallel (topological) indicator. It measures how close a network resembles

a perfectly parallel network (SP=0) or a series network (SP=1)

Schedule Sensitivity index.

Topological Float (topological) indicator.



Appendix B: Activity sensitivity metrics simulation-based estimators
When resorting to Monte Carlo simulation, expressions in Table 1 on the paper can be
computed using the following simulation-based estimators. All abbreviations and variables

can be found in the previous abbreviations list.
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