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ABSTRACT
Good project managers recognize the inherent uncertainties that make project planning difficult. However, project
planning tools often provide little support for managing uncertainties. We have developed a prototype tool for project
plan analysis, using simulation and simple models for management decisions about resource reallocation. We have also
developed some real-world data to use in evaluating our approach. Ultimately our goal is to develop a decision tool
that would provide managers with better insights into the
criticality of project tasks, as discovered by simulating the
way the various uncertainties might unfold and interact as
the project progresses. We recognize that some uncertainties are more benign than others, and we hope to provide
managers with a tool that would help them to focus on the
uncertainties that matter most.

Categories and Subject Descriptors
D.2.9 [Software Engineering]: Management—Time estimation; I.6.5 [Simulation and Modeling]: Model Development

General Terms
Algorithms, Management

Keywords
Project management, project planning, uncertainty

1.

INTRODUCTION

Critical path analysis can be useful in project management
for estimating risk levels for tasks within a project. The
critical path is defined as the set of tasks which collectively
determine the total calendar time required for the project.
Non-critical tasks have some amount of slack time, i.e., the
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degree to which variation in task duration does not impact
the overall duration of the project. Given this, conventional
wisdom says that critical tasks should be treated as more
important than others when assigning resources.
Traditional critical path analysis techniques, such as the
Critical Path Method (CPM) [5] offer simple deterministic
methods that assume a fixed-time estimate for each task.
Approaches such as Program Evaluation and Review Technique (PERT) [10] improve upon the simplest form of critical
path analysis by taking into account that task durations cannot be predicted with certainty. However, this analysis still
assumes static resource assignments, an assumption that is
also not realistic. Managers will often reassign resources in
response to new information about the expected duration
of tasks, and may also decide to cancel lower-priority tasks
entirely, such as when a proposed feature can be postponed
to a later product release.
We believe therefore that a more realistic analysis of the
criticality of tasks in a project needs to take both the uncertainty of task durations and the dynamic nature of resource
reassignment into account. A task may be less problematic
(or more problematic) than it might first appear to be because of the availability (or lack) of options for addressing
delays by reassigning resources.
We envision a decision support tool that uses simulation
techniques to help a project manager identify critical tasks
and possible resource assignment strategies under a wide
range of scenarios. This is only possible when taking the
type of resource assignment adjustments a good manager
might make into account. The key challenge in developing
such a tool is that it must simulate, in a reasonably accurate fashion, the sorts of resource reassignment decisions an
experienced project manager might make.
Simulating the intelligence, intuition, and domain expertise of a good manager is obviously not a reasonable goal
to set. On the other hand, static resource allocation in the
face of task duration estimates that change significantly is
extremely unrealistic. Many software project managers use
relatively simple heuristics for resources assignment in real
world: will the assignment of a certain resource to a task
decrease the duration and risk of that task, and if so by how
much? We focus on studying models of resource reassignment heuristics that are simple but sufficiently realistic to
provide useful results in a decision support tool.

2.

BACKGROUND AND RELATED WORK

There are two industry standard algorithms for determining criticality: the Critical Path Method (CPM) and the
Program Evaluation and Review Technique (PERT). CPM
was developed in the 1950’s by the DuPont and Remington
Rand corporations as a pencil-and-paper algorithm for determining the path in a project schedule that determines
the minimum time possible to complete all tasks within
the schedule. PERT was developed in 1958 by Booz-AllenHamilton, Inc. for the US Navy. It is different from CPM in
using a weighted average of optimistic, expected, and pessimistic estimates to determine overall project duration.
The concept of probabilistic criticality is not a new one;
[13], [2], [8] and [14] all address the concept. In [14], for
example, the probability of a task being on the critical path
is defined to be the task’s criticality index. However, none
of these efforts take the possibility of resource reassignment
mid-task into account.
Simulation techniques have also been applied to project
management on several occasions. Hebert [2] used Monte
Carlo simulation techniques to address the Boolean problem in task criticality. However, Hebert assumes that once
resource assignments have been made for a task those resources do not change until the task is complete, an unrealistic assumption in the software development industry.
Stutzke’s work in software project estimation [12] is applicable in project simulation. Stutzke worked to refine Brooks’
Law into a quantitative model that defines how much useful
work additional staff can contribute to a task. In doing so
he also defines the maximum number of resources that can
be added before causing harm to the task, and how late in
the task’s life cycle these resources can be added. As we
incorporate these quantitative models into our simulation,
we expect to derive more realistic models in our managerial
heuristic.
Joslin and Poole [4] applied Genetic Algorithm techniques
originally developed as part of autonomous planetary rover
planning research with NASA [3] to a simple project planning domain. Although the results were promising the focus
of that earlier work was on generating project plans automatically, a focus that came out of the connection that work
had to the autonomous rover planning problem. Simulation
was used in the evaluation of the fitness function for the
Genetic Algorithm, but the model was simplistic in its assumptions about heuristics for resource reallocation and assumptions about the effects of changing resource allocations.
To some extent our current work is a continuation of this
earlier project, but with a very different emphasis. We continue with some of the basic ideas about simulation, but not
the idea of applying genetic algorithms or other Artificial
Intelligence techniques to the problem of project planning
itself. We now instead focus on understanding how to do
more realistic simulation with a goal of creating a tool that
will give managers better insights into the most critical uncertainties they face.

3.

OVERVIEW OF OUR APPROACH

For many projects, whether or not a task is critical depends on what has happened up to that point. However,
the uncertainties faced during project planning make it difficult to estimate in advance how likely it is that a task will
become critical. Simulation offers the possibility of provid-

ing such an estimate. Uncertainty in task duration is one
key element in such a simulation, but using simulation also
opens up the possibility of modeling other sources of uncertainty. For example, key employees often play multiple roles
within an organization, and we may want to model the uncertainty about the percentage of time they will be able to
devote to a project.
Whether or not a task is critical also depends on how a
manager responds to events that affect it, and as mentioned
above, we believe that any analysis that ignores the dynamic
nature of project management will fail to accurately assess
the criticality of tasks. If a task that appeared not to be
critical in the original project plan suddenly is seen to be
critical because the estimated duration for some other task
increases, and if reassigning a resource to the newly-critical
task will increase the chances of completing the project on
time, a good manager will of course make that change.
A good manager also takes such contingencies into account
to some extent in the creation of a project plan, even if the
project planning software being used (if any) assumes static
resource assignments. Some contingencies may be considered explicitly, by looking at a schedule and anticipating
possible responses to the most likely scenarios in which the
completion of the project might be delayed. Other contingencies may be considered more intuitively than explicitly,
based on experience with the type of project and familiarity
with the team members.
We obviously are not proposing to simulate the reasoning
and intuitions of a good manager. We expect, however, that
significant value from simulating dynamic resource allocation, compared to analysis that assumes static allocation,
will be found in just being able to model the sort of cases in
which resource reallocation is most clearly justified.
In designing such a model several questions come to mind.
First, when would a reallocation of resources occur in the
simulation timeline? We have a probabilistic model for the
task duration, and an actual duration within each simulation
run, but the simulated manager can only know the current
estimate at any point in the simulation, not what the actual
task duration will turn out to be later in that simulation.
We therefore also model the change of duration estimates as
time progresses within the simulation. These changes, like
real-world status updates a manager would receive, are what
may trigger a decision to reallocate resources.
We assume that changes to the estimated task duration
become more likely as we get closer to the actual task duration within the simulation. Suppose the expected duration of some task, with current staffing, is eight weeks, with
optimistic and pessimistic estimates of six and ten weeks
respectively. In most cases, early completion of the task
would not mean that after six weeks we suddenly discover
that the task is complete, two weeks earlier than expected.
It’s much more likely that the estimates for the task would
have been revised downward prior to that point. Similarly,
if the task ends up requiring longer than expected it’s unlikely that there would be no warning until the very day
that eight weeks have elapsed. Our model attempts to capture this relationship between the actual duration the task
will turn out to have and the points, if any, at which task
duration estimates will be revised.
A second key question in this design is how the simulated
manager decides whether resource reallocation will actually
help. It would be very unrealistic to simply divide the to-

tal amount of work by the number of people assigned. Our
model takes into account that not only is there a learning
curve when someone is added to a task already in progress,
their co-workers probably also become temporarily less effective as they help the new person come up to speed. Even
after the learning curve effect has been absorbed into the
schedule, the task duration does not decrease linearly with
the number of people assigned, as Brooks famously observed
[1], and we take this into account as well.
Within this outline a number of approaches to defining
management heuristics are possible. Successful results in
this effort to make the simulation more realistic may allow
some later research into the use of Artificial Intelligence techniques for suggesting management strategies. Until then our
goal is to look for effective resource reassignment heuristics
that could be used in a simulation in order to provide a
manager with better feedback as to the relative criticality of
project tasks.

4.

SIMULATION DESIGN

We have developed a new simulation framework that builds
on the experience gained in our initial implementation [4].
This section provides a little more detail on that implementation.
Task representation. Tasks have the following attributes
that are taken into consideration for simulation:
• Expected effort, the expected number of person hours
required to complete the task.
• Pessimistic effort, the pessimistic expectation of effort.
• Presumed criticality, whether or not Microsoft Project
considers this task critical.

We do not assume that the original expected effort estimates are necessarily accurate, as very few software developers are perfectly accurate with their estimates. Consequently, during the simulation, the resource agents also
report revised estimates. We are looking to model the realworld process of continuously revising estimates until the
work is completed, as shown in McConnell’s “Cone of Uncertainty” [6].
Developers tend to report they have slipped on a task as
the deadline approaches; in other words, the closer one gets
to a deadline, the more obvious it is that the deadline will not
be met. To simulate this, we randomly select a point prior to
the original expected estimate inversely proportional to the
square of the distance from the expected estimate. When we
reach this point in the simulation, the resource working on
that task reports revised estimates based on the remaining
actual number of days of work. This process continues until
the error in the estimates decreases to less than a day.
Test data. We have created a data set to use in evaluating our simulation results. This data set was derived from
a 14-month software development project at computer telephony company. This schedule is suitable for both performing simulation and comparison to the results of industrystandard CPM tools.
In order to determine the usefulness of the simulator and
its results, the managerial heuristic must be evaluated. The
simplest way to determine the quality of the heuristic is
to see where the overall project duration of each run falls
relative to the predicted duration of the original schedule.
We have made our sample project data available on-line
[11] using files in the Attribute-Relation File Format (ARFF)
[9]. There are four components to the data:
• Tasks: Descriptions, durations, project phases, presumed criticality, and required skills of all the tasks

• Required skill sets, a list of skills required to complete
the task.
Task duration estimates. The simulation determines
how long a task is actually going to take based on the estimates turned in to the project manager at the beginning
of the project. Each estimate is made up of an optimistic,
expected, and pessimistic estimate. The simulation determines the actual effort by selecting a value between the optimistic and pessimistic estimates, weighted by the implied
confidence of the estimate. The confidence is inferred from
the ratio of the pessimistic to expected estimates. As the
confidence of the estimates go up, so does the probability of
the actual duration of the task being closer to the expected
estimate.
Task reassignment parameters. The learning curve is
represented as a penalty associated with resource reassignment. When a resource is reassigned to a task, it is expected
that there will be some period during which the resource is
not operating at full capacity. For now, we use a simple
cumulative Gaussian distribution.
In recognition of Brooks’ Law [1] there is a penalty for
assigning too many resources to a single task, modeled as an
inverse cumulative Gaussian distribution. As more resources
are added to a project, the less productive members of that
team are, due to coordination and managerial overhead.
Task estimation uncertainty. The time granularity of
the simulation is assumed to be daily, although any unit of
time may be used. For each task, we have an initial estimate
of the work required for completion, as discussed.

• Resources: Names, seniority, and skills of all the available resources
• Task-Predecessor Map: Task interdependencies
• Task-Resource Map: Which resources were assigned to
which tasks in the original schedule
See the ARFF files for specific information on the attributes
expressed in the relations.

5.

PROJECT STATUS

We have a functioning simulator written in Ruby, and one
data set representing a medium-scale real-world project that
we plan to use for initial testing. We have not yet done any
significant testing with that data set, but we believe we are
close to the point of being able to do so.
Significant features of the simulator include:
• Can import Microsoft Project files into the simulator.
• Uses Stutzke’s work on quantifying Brooks’ Law [12]
to simulate the penalties associated with adding new
resources to a task.
• Can optionally generate a Gantt chart that shows Van
Slyke Criticality [14] as shades of red.
• Uses a plug-in model to facilitate experimentation with
different managerial heuristics.

• Uses the common ARFF file format to encode project
information, including tasks, resources, task predecessor maps, and resource assignments.
Other than heuristics implemented only for testing the
framework, we have only implemented one very simple heuristic that attempts to capture some idea of how a manager
might respond to changes in task duration estimates. In
this heuristic, if a task’s estimated completion time changes
for the worse we check to see if the task is now critical. If
so, we check to see if taking a resource from a non-critical,
high-slack task would help, as evaluated against Stutzke’s
equations, and make that change only if it would help. We
describe this only as a simple starting point, not as a proposal for a useful heuristic.

6.

CONCLUSIONS AND FUTURE WORK

Better insights into the criticality of tasks can help software development managers cope with the uncertainties that
they face in project planning. We believe that simulation,
with sufficiently accurate models, can do a much better
job of estimating task criticality than static analysis. We
are currently focusing on the idea of simulating managerial
heuristics for resource reallocation because the assumption
of static task assignments is very unrealistic. We have also
been attempting to refine our penalty models to conform to
typical industry software projects; Stutzke’s work [12] looks
promising toward this goal.
As a starting point for evaluating resource reallocation
heuristics we have developed some data for testing, based on
real-world software development project, that we hope will
help focus future work. We hope to find other real-world
examples that could be used as well.
Eventually, we hope to develop a decision tool that would
interact with an industry-standard project management tool
such as Microsoft Project [7], in order to provide a criticality estimate for each task in a project. We also hope that
the simulation data might be used to allow the manager
to gain some insight into the sorts of scenarios that might
cause tasks to become critical. For example, in addition to
identifying a task that has some significant probability of
becoming critical, we might be able to look back at the simulation runs in which it did become critical to determine if
there are any common elements that would give the manager some insights into risks that could perhaps be mitigated
before problems arise.
We don’t envision such a tool being a substitute for the
skills of a good development manager. However, managers
must do project planning in the face of huge uncertainties
about how the project will unfold, and better insights into
the relative criticality of those many uncertainties can help
a manager construct a more robust plan.
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