Team task
assignments
appear to have

a significant
potential impact
on a project’s
overall success. In
this article, the
authors propose
task assignment
effort adjustment
factors that can
belp tune existing
estimation models.
They show
significant
improvements in
the predictive
abilities of both
Cocomo I and 11
by enhancing
them with these
factors.
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t is a well-accepted project management axiom that increasing the

number of people working concurrently on a project does not necessar-

ily result in a corresponding increase in productivity (Brooks’ Law says,

“Adding more programmers to a late project makes it later”).! In a sim-

ilar vein, there is an expectation that having individuals focused on a single

task is an important mechanism to foster productivity.> We refer to the manner

in which tasks are shared among team members as a task assignment pattern.

Although certain task assignment patterns
are widely cited as desirable in the software
engineering literature, there are remarkably
few supporting empirical studies. In previ-
ous work, we reported on an empirical
study in this area, identifying three new
metrics to measure various dimensions of a
given task assignment pattern.3

We called these metrics intensity, con-
currency, and fragmentation. Intensity
measures the degree of focus on a particu-
lar task. A task with a high level of inten-
sity is worked on regularly, while tasks
with low levels of intensity have frequent
or long breaks in the work activity (per-
haps to let work be completed on other
tasks). Concurrency refers to the degree to
which team members are working together
cooperatively on given tasks. Fragmenta-

tion measures the degree to which a team’s
time is fragmented across multiple tasks.
We discovered that these factors substan-
tially impact development effort and that
they significantly improve the performance
of the intermediate Cocomo I estimation
model.*?

Derived from our previous work, we
now propose a simple adjustment process
for scaling the results of existing effort esti-
mation models to reflect the impact of our
task assignment metrics (TAMs). Because it
is a simple multiplicative scaling process,
we can apply it to the results of an existing
estimation model. Consequently, we can
adjust existing models (which do not take
into account task assignment patterns) to
reflect what researchers have already found
to impact development effort.
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Computing the Task Assignment Metrics

We proposed methods for computing infensity, concurrency, and frag-
mentation in our previous study.! All three factors begin with the notion of
a time unit, which is just an interval of time of fixed duration. We chose
time units to have duration of one day, although other time unit sizes
could be used (with different resulting values for intensity, concurrency,
and fragmentation).

As an example, consider a task that is eight days (time units) in dura-
tion. Suppose that work is reported on this task by at least one developer
on five of the eight days; for three of the eight days, no one reported work
on the task—thus, the intensity associated with this particular task is 5/8.

With regard to concurrency, suppose that the number of developers re-
porting work on the task on each of the five days is given by the set
{3,2,3,2,3}. Concurrency is computed as an average over the five days—
thus, (3+2+3+2+3)/5.

With regard to fragmentation, the computation is slightly more complex.
The table below represents the number of tasks for which each of the devel-
opers reported activity during each of time units when work was reported
for task j. That is, , f3, t4, > and f3 are time units when someone reported
work on task . For example, as the table shows during time unit #;, devel-
oper p; reported work on three different tasks, deve|oper Ps reported work
on two different tasks, and developer py reported work on one task.

Task j t, t; t t; 78
Py E ) 1 1

D 2 1 1

D5 2 1 1

D 1 2 2

We compute fragmentation for this particular task j by averaging the
number of tasks each developer reports over the duration of task j. In par-
ticular, the sum is taken for each row (3+2+1+1, 2+1+1, 2+1+1, 142+2)
and then divided over the number of team members (4).

Reference
1. R. Smith, J. Hale, and A. Parrish, “An Empirical Study using Task Assignment
Patterns to Improve the Accuracy of Software Effort Estimation,” to be published
in IEEE Trans. Software Eng.

Task Assignment Metrics

Formal definitions of our three TAMs
appear elsewhere.’ Here, we provide the ba-
sic substance of those definitions, while the
sidebar “Computing the Task Assignment

A key underlying concept in all three def-
initions is the notion of a time unit, which is
a discrete interval of time of some fixed du-
ration. A task is characterized by its dura-
tion (the number of time units between
when work on a task begins and when it is
completed). We define our TAMs with re-
spect to tasks—they are properties of tasks,
rather than of individuals. This lets us use
the factors to scale the effort estimate asso-
ciated with particular tasks.

Intensity (for task j) is then defined as the
number of time units devoted to j divided by
the total duration of ;.

A task with a high intensity level is
worked on with sharp focus and few or no
hiatuses, while a low intensity level is asso-
ciated with a task that might have remained
untouched for long periods of time.

Concurrency (for task ; at time unit x) is
defined as the number of developers work-
ing on task j during time unit x. To obtain
the concurrency for task j over its entire du-
ration, we average the concurrency for all
time units when work was reported on j. Al-
though concurrency does not directly meas-
ure interactions among team members, we
expect a strong relationship between interac-
tions and the degree to which team members
report simultaneous activity on the task.

Fragmentation measures the degree to
which a team’s time is fragmented over
multiple tasks. To determine the fragmenta-
tion associated with task j, we determine
the number of tasks each developer reports
during each time unit when work is re-
ported on j. We compute the sum of all
such reported tasks for each developer, and
then we compute a team average to deter-
mine the fragmentation for task j. Thus,
fragmentation is computed as the total
number of reported tasks for all developers
divided by the number of developers re-
porting work on j.

Metrics” shows how to compute values for
intensity, concurrency, and fragmentation.
We assume that a task is some separately
identifiable activity, which could include a
software module, application, or a particu-
lar development activity. Although charac-
terizing individual activities into discrete,
independent tasks might be difficult in some
cases, we require the project manager to
construct such a characterization for our
factors to be quantitatively measured.

Research Study

The overall project we studied was a
client-server application for a state govern-
ment agency, supporting in excess of 400
users distributed through a statewide net-
work and encompassing agency accounting,
procurement, inventory control, and per-
sonnel. An external contractor with a 16-
person development team undertook the
project. The external contractor constructed
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Performance of Task Assignment Metrics

Metric Calibrated intermediate

Calibrated Cocomo |, Cocomo Il post

Cocomo Il, augmented

Cocomo | augmented with three architecture with three TAMs
TAMs
Average square-
root error (ASRE) 7.2 6.1 7.0 5.8
PRED(30%) 36% 49% 49% 60%

the system’s 160 modules (the object of
analysis in this study) and successfully com-
pleted user testing and acceptance. We ob-
tained data for the Cocomo models from
Hierarchical-Input-Process-Output (HIPO)
diagrams, and we obtained the TAMs from
the time accounting system the contractor
used for billing.

Within this studied environment, we
found the following:

s Development effort decreased as inten-
sity increased. This demonstrated im-
pact of intensity supports Tom De-
Marco and Timothy Lister’s work;?
they discovered in their survey that un-
interrupted time dramatically increases
productivity. High productivity requires
single-minded work time; thus, every in-
terruption costs additional immersion
time before the developer can again sin-
gle-mindedly focus on the task at hand.

= Development effort increased with con-
currency (degree of team collaboration).
Thus, teams took less time to complete
a task when members could work more
independently. This might be due to a
lack of team discipline, as suggested in
Vic Basili and Robert Reiter’s work,® or
to a natural tendency of developers to
prefer working alone, as Dan Cougar
and Heimo Adelsberger suggested.”

= Development effort increased with frag-
mentation. As a developer’s time is di-
vided over greater numbers of unrelated
activities, he or she can spend less time
on productive work because more time
must be spent shifting between tasks.

Having found that the three TAMs sig-
nificantly impact development effort, we
turned our attention to improving the
widely used Cocomo estimation models. In
our previous study and in subsequent analy-
sis, we examined four models relevant here:
an intermediate Cocomo I model tuned to
the specific development environment, the

Cocomo II post architecture model using
the 1997 calibrated parameters, and two
additional models augmenting Cocomo I
and IT with the three TAMs. The TAM mod-
els use a natural logarithm transformation
to linearize the original multiplicative model
and linear regression to estimate the TAM
coefficients.

To compare the four models, we used
two metrics:

m the average square-root error (ASRE),®
measuring the ability of the model to fit
the data from which it was derived (in a
perfect prediction the ASRE approaches
0); and

m the percentage of estimates having a
magnitude of relative error9 of 30% or
less, measuring the ability of the model
to predict future development effort.
(The magnitude of relative error is the
size of the deviation between the pre-
dicted effort and the actual effort for a
particular task . Predicted effort is cal-
culated with task ¢ removed from the
data set. The notation PRED(X %) refers
to the percentage of task estimates hav-
ing a deviation less than X%.)

As Table 1 shows, both metrics reveal a
significant improvement provided by the
three TAMs.

We believe that our three TAMs have the
potential to significantly enhance the pre-
dictive power of the commonly used Co-
como effort estimation models. However,
the usability of such an approach is limited.
It would require an estimate of each of these
three factors in addition to the large number
of factors already collected for a firm’s stan-
dard effort estimation model. This data col-
lection is complicated because, in the previ-
ously examined models, all three metrics are
represented by ratio data rather than the
nominal data used in Cocomo models, such
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Proposed Task Assignment Effort

Adjustment Factors
Effort Adjustment Factor

Metric Very low Typical Very high
Intensity 1.3 1 0.7
Concurrency 0.9 1 1.3
Fragmentation 0.9 1 1.4

as development flexibility ranging from very
low to extra high.

The usability of the TAMs depends not
only on their power to improve effort esti-
mation but also on their simplicity. In this
light, we propose a set of simple multiplica-
tive effort adjustment factors that can aug-
ment the power of an effort estimation
model with the TAMs. Although some pre-
dictive power is lost in the shift from ratio
to nominal data, the resulting ease of appli-
cation is tremendously attractive.

The basic steps needed to augment an ef-
fort estimation model are as follows:

1. Over a period of time, collect data re-
garding the levels of intensity, concur-
rency, and fragmentation experienced
within the organization.

2. Once norms for the three TAMs are es-
tablished, begin to compare those experi-
enced for a specific development effort to
the organizational average. Classify a
project believed to fall in the lower quar-
tile for a metric as very low. Classify a
project believed to fall in the upper quar-
tile for a metric as very high. Consider
other projects to be typical with respect
to that metric.

3. Apply each of the three multiplicative ef-
fort adjustment factors (see Table 2) to

the estimation calculated using your
standard model (if the USC Cocomo II
software is used, take advantage of the
available user-defined cost drivers).

4. Monitor the quality of the resulting esti-
mates, and calibrate to your particular
development environment.

Obviously, these factors are not inde-
pendent. As individual team members are
asked to juggle greater numbers of tasks,
both intensity and fragmentation tend to
suffer, magnifying their individual impact.
For example, you might expect low inten-
sity to frequently occur in the context of
high fragmentation. In such a case, the ap-
plication of our effort adjustment factors
nearly doubles the estimated level of effort.
Of course, the tendency in such cases might
be to add additional team members, likely
increasing the level of concurrency. When
all three factors negatively impact the proj-
ect, the total effort is scaled by nearly two-
and-a-half times. On the other hand, when
all three factors positively impact the proj-
ect (high intensity, low concurrency, low
fragmentation), the total effort estimation
reduces by a factor of nearly one-half.

What Results Should You Expect?

We used the data set from our original
study to establish the effort adjustment fac-
tors (EAFs) in Table 2. First, we divided the
data set in half: set 1 to create the EAFs and
set 2 to evaluate their impact on model per-
formance. Second, we determined the rela-
tive level of intensity, concurrency, and
fragmentation associated with each task in
set 1 by comparing the average of each met-
ric within set 1. We then used linear regres-
sion (using the necessary log transform) to
estimate each multiplicative factor. We
evaluated three, four, and five levels of each

Metric

Impact of Task Assignment Effort Adjustment Factors

Calibrated Intermediate Calibrated Cocomo I,

Cocomo Il post Cocomo Il, augmented

Cocomo | augmented with three architecture with three adjustment
adjustment factors factors
Average square root
error (ASRE) 8.9 7.7 7.2 6.7
PRED(30%) 29% 35% 37% 43%
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metric. We rejected the four- and five-level
models because their added complexity
failed to result in significant improvement
in effort estimation.

Once we determined the EAFs with set 1,
we evaluated them with set 2 as in Table 3.
We found significant improvement in model
performance for both Cocomo I and II. Al-
though individual performance improve-
ments will vary, results of this analysis are
promising. Cocomo I prediction accuracy
rose from a PRED(30%) of 29% to 35%.
Similarly, the prediction accuracy of Co-
como II climbed from PRED(30%) of 37%
to 43%.

ur research has shown that software
development effort decreases with
breaking work assignments down
into tasks that can be accomplished individu-
ally (to reduce concurrency), compressing the
development schedule of tasks (to increase
intensity), and letting teams focus on a small
number of tasks (to reduce fragmentation).
These results provide valuable guidance
for project managers in their endeavors to re-
duce system development effort. In addition,
these results might help improve the predic-
tive ability of the Cocomo effort estimation
models, which fail to take into account these
TAMs. Rather than starting anew, we recom-
mend adding multiplicative adjustment fac-
tors to reflect the impact of task assignment
on development effort. We have shown sig-
nificant improvement in predictive power by
augmenting the popular Cocomo I and 1I
models with EAFs to be applied when inten-
sity, fragmentation, and concurrency vary
dramatically from the norm. @
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