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Knowledge Sharing and Productivity Improvement:
An Agent-Based Modeling Approach
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Abstract: Labor productivity is a major determinant of project performance in construction. Models of labor productivity in construction
tend to focus on learning curve theories that assume learning is an individual process with no transfer of knowledge among crew members.
This paper seeks to extend theories of individual learning to capture the crew dynamics present on construction sites. Accordingly, this paper
presents an agent-based model aimed at deriving the impacts of crew composition and project schedule on knowledge sharing and, thus, on
task duration. The proposed model was calibrated using field observations of 201 interactions among 12 construction workers at a con-
struction project in Beirut, Lebanon. The results indicate that more diverse crews witness higher levels of knowledge sharing and greater
productivity gains. The results also suggest that schedules keeping all the workers busy eliminate the potential for knowledge sharing and thus
only benefit from the baseline gains seen in individual learning. This work contributes to the literature by developing an agent-based model
that simulates knowledge sharing in the construction industry at the worker level. The study is limited by its exclusion of multiskilled workers.
DOI: 10.1061/(ASCE)C0.1943-7862.0001866. © 2020 American Society of Civil Engineers.

Introduction

The construction industry is heavily dependent on human labor.
Up to 50% of project costs are associated with labor on con-
struction sites (Kazaz et al. 2008). Accordingly, researchers and
practitioners have devoted significant effort to understanding and
improving construction labor productivity in an effort to reduce
project costs (Yi and Chan 2013).

One stream of labor productivity related research focuses on
worker learning. Although they can receive vocational training,
construction workers receive much of their experience and knowl-
edge while they perform their tasks (Bilginsoy 2003). As the work-
ers gain experience and learn, the time to accomplish their tasks
decreases (Everett and Farghal 1994). This decrease in task dura-
tion due to experience is modeled in the construction literature by
learning curves. Multiple models of varying complexity describe
the relationship between task duration and task repetition (Srour
et al. 2015). However, these models consider learning as an indi-
vidual process and neglect its social dimensions and the experience
that is transferred via interaction with their colleagues.

Research from the management literature suggests that em-
ployee learning has both personal and social dimensions (Collin
and Valleala 2005). The latter is exhibited through knowledge-
sharing happening among colleagues within the same organization.
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The catch-as-catch-can informal nature of training inexperienced
construction workers provides evidence for the social aspects of
learning in the construction industry (Collin and Valleala 2005).
Junior construction workers are typically assigned to work with
a more experienced worker so that they can learn by observing
and interacting. Hence, there is a need to extend the current models
of learning in construction to consider the impact of interaction
among workers on productivity.

Given the personal nature of knowledge acquired by construc-
tion workers, demographics play a large role in knowledge sharing.
Demographic attributes such as nationality, age, education, expe-
rience, and gender are important as they shape one’s sociopolitical
status and influence perceptions. These perceptions, in turn, drive
behavior regarding the need to share knowledge and with whom
they would like to share knowledge.

Even if the workers are determined to share knowledge, they
will not be able to do so if they are busy (McDermott and O’dell
2001). Therefore, knowledge will not flow among different workers
with the same probability, which implies that any model of social
learning must accommodate uncertainty. The dependence of social
learning on human behavior as driven by variable demographic
attributes along with the availability of the workers necessitates
using higher-order modeling techniques to capture the combined
impact of individual and social learning on productivity. Accord-
ingly, this paper presents an agent-based model (ABM) that sim-
ulates the interactions occurring within construction crews as a
means to capture the influence of both individual and social learn-
ing on productivity.

Background

Much of the literature focusing on modeling labor productivity cen-
ters on learning curve (LC) theory. The premise of LC theory is that
the performance of workers or crews improves as they repeat their
tasks and gain experience (Jaber 2016). LC theory has found ap-
plication in determining crew composition (Ahmadian et al. 2015),
estimating task duration (Srour et al. 2018), and handling claims
(Lam et al. 2001). Most of the works studying learning in the con-
struction industry address it as a phenomenon that occurs at the
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individual level and emerges as a facet of group or project perfor-
mance. Therefore, individual workers learn via repetition and the
aggregated personal performance benefits are reaped at the project/
crew level as schedule compression or cost reduction.

However, learning is not an entirely individual process because
workers within the same crew exchange knowledge and teach one
another (Collin and Valleala 2005). Therefore, learning has a social
dimension. Capturing this social dimension will provide a better
understanding of learning occurring on sites, which will translate
into an improved understanding of productivity within this indus-
try. Social learning refers to the situations where workers combine
their problem-solving abilities to tackle issues they face at work,
or when novice workers learn the practices of their professional
communities via social interaction with their more senior col-
leagues (Bereiter and Scardamalia 1993; Lave and Wenger 1991).
The existing literature studies social learning under the umbrella
of knowledge-sharing or knowledge management. Knowledge-
sharing refers to the knowledge contributions of individuals to-
wards their colleagues or the information repositories of their firms
(Witherspoon et al. 2013). The concept of knowledge-sharing is
studied in a variety of fields, such as education (Seonghee and
Boryung 2008), healthcare (Taylor and Wright 2004), information
technology (Chiu et al. 2006), and management (Bell and Zaheer
2007). Although it is quite small, there is also research dedicated to
knowledge sharing in construction. For instance, Javernick-Will
(2011) conducted interviews to study the interplay between knowl-
edge sharing and social factors in multinational engineering organ-
izations. Ni et al. (2017) used surveys to explore the impact of
culture on knowledge sharing in the Chinese construction industry.
Despite the insights they provide, these studies focus purely on
knowledge sharing occurring at the level of the engineers or man-
agers in construction organizations. However, direct work in
the construction industry is performed by workers or craftspeople.
What distinguishes this paper from those studies is that it ad-
dresses interactions and the flow of knowledge in the construction
industry at the worker level, where it has the most direct impact on
productivity.

To address social learning at the worker level, one must first
understand the factors that drive the workers to share knowledge.
There are multiple psychological theories dedicated to explaining
human behavior. Identity theory in the management literature, for
example, states that people are more likely to have a positive atti-
tude and thus behave favorably towards individuals with whom
they identify (Tajfel 1974). This theory suits our application since
it addresses the behavior of individuals within groups. Moreover,
blue-collar workers are recruited and allocated to teams according
to their salient characteristics, which are evident through their dem-
ographics. The interactions among blue-workers rely significantly
on how they identify each other by their visible traits as indicated
by the seminal work of Willis (1977). Other theories focus on social
drivers and personal goals, such as reciprocity and building social
capital to understand knowledge sharing (Zhang et al. 2012). Given
that construction projects are temporary endeavors, many workers
will not get the chance to create evolved social dynamics that they
would have when assigned to more permanent positions. Since con-
struction workers do not get the opportunity to build involved so-
cial relations at work, they tend to identify with one another based
on visible demographic attributes. This work maintains the view
held by the management literature whereby demographic identity
has multiple dimensions (Zanutto et al. 2011). An individual’s
demographic characteristics include their nationality, age, educa-
tion, and gender. People with different nationalities have different
work cultures affecting their views on communication at work
(Schultz et al. 2012). Individuals in different age groups experience
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different political and socioeconomic conditions, changing the
way they conduct themselves at work (Treuren and Anderson
2010). Education is a major driver of communication skills and,
thus, knowledge-sharing ability. More experienced and educated
workers are more knowledgeable about their work and, thus, are
able to communicate more effectively (Cabrera and Cabrera
2005). Gender is not considered in our work since the vast majority
of construction workers over the world are males (Watts 2009).
Since crew composition and individual demographics shape knowl-
edge sharing behavior in an uncertain manner, this work models the
knowledge sharing process via interaction probabilities.

Demographics are not the only factor affecting social learning on
construction sites. Worker crews might have the optimal composi-
tion for knowledge sharing, but no knowledge might flow among the
workers because they did not have the chance to do so. The workers’
chance or opportunity to share knowledge is governed by the sched-
ule of the project, which dictates the distribution of the tasks among
those workers and thus their ability to share knowledge. For exam-
ple, Davenport et al. (2000) concluded that the busy nature of tender-
ing departments in Hong Kong had a bottleneck effect on knowledge
sharing. McDermott and O’dell (2001) found out that lack of time is
a factor preventing employees at a large international organization
from sharing their knowledge. The impact of opportunity on sharing
knowledge is rooted in another psychological framework, which is
the motivation—opportunity and ability framework (Siemsen et al.
2008). This framework argues that individuals need to be motivated
to share their knowledge while having the opportunity and ability to
do so for adequate knowledge sharing to occur (Siemsen et al.
2008). This work assumes that demographic factors drive knowl-
edge sharing motivation and ability while the schedule affects the
opportunity to share knowledge. This assumption is in line with
the findings of Amin et al. (2011) and Grubic¢-Nesi¢ et al. (2015).

While understanding the relationship between demographics,
the project schedule and knowledge sharing is important in this
work, the real aim is to translate this knowledge sharing into learn-
ing and thus, productivity gains on a construction site. This article
ultimately models knowledge sharing as a set of probabilities—the
probability of interaction, which is dependent on the probability of
success. Capturing the interplay of these probabilities across work-
ers as they execute tasks requires a nonlinear modeling structure.
There is a small set of studies that use nonlinear methods to inves-
tigate knowledge-sharing behavior in the construction industry.
For example, Hosseini and Akhavan (2017) used genetic algo-
rithms, which is an evolutionary optimization technique to maxi-
mize knowledge-sharing while allocating workers to construction
crews. Alashwal et al. (2011) and Javernick-Will (2011) used quali-
tative methods such as interviews to study the motivators and bar-
riers of knowledge sharing in the construction industry. Zhang and
He (2015) conducted a survey and analyzed the results using struc-
tured equation modeling to determine the critical factors driving
knowledge sharing behavior in the construction industry. In this
paper, ABM serves to study the interplay between crew composi-
tion and social learning with the aim of translating this relationship
into task duration. ABM is a computer simulation technique used
to study the emergence of system-wide phenomena from the behav-
ior of individual artificial agents at the microlevel (Bulleit and
Drewek 2012).

The multithreaded nature of agent-based models allows the
agents to act independently, following stated decision processes.
Thus, agents are able to capture the dynamics of human behavior
(Epstein and Axtell 1996). This characteristic aligns well with our
case because workers decide to solicit knowledge from their co-
workers based on how they identify with their colleagues and on
how busy they are. Moreover, agents can communicate with each
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other, which is essential for any system depicting social learning
(Epstein and Axtell 1996). These characteristics, among many
others, led ABM to popularity in simulation of social systems.
Given the dependence of construction on human labor, ABM
has also gained popularity in the field of construction management.
For example, Watkins et al. (2009) used ABM to study the impact of
congestion on construction labor productivity. Raoufi and Robinson
Fayek (2018) developed an ABM to gain insights into the relation-
ship between motivation and performance on construction sites.
Senouci et al. (2015) built an ABM for scheduling resource
constrained construction projects. Nnaji et al. (2019) proposed a
framework that utilizes ABM to study technology adoption in con-
struction management. Similarly, in this work, the authors use ABM
to understand the impact of crew composition and project schedule
on knowledge-sharing, worker learning, and crew performance in
terms of task duration.

Methodology

Studying the interplay between learning and knowledge-sharing
in terms of construction tasks requires a simulation-based method-
ology. In order for the simulation to exhibit realistic outcomes,
two critical inputs are necessary—a model of knowledge-sharing
and a model of how knowledge-sharing and experience influence
the rate of individual task completion. In this work, the model of
knowledge-sharing is dependent on the probability of interaction,
which has an reinforcement relationship with the probability
of knowledge-sharing success. Both of these probabilities were
calibrated based on observations conducted on site. The model
of task completion based on knowledge-sharing and experience
stems from the LC theory. These models operate at the individual
worker level, yet when a crew of workers are embedded in an
ABM simulation, site level measures of productivity manifest.
Fig. 1 illustrates the full structure of inputs and outputs relative
to this methodology.

Regression Tree Model of Interaction Probabilities

In order to build a model of interaction probabilities, site observa-
tions were made to collect data on worker demographics and rates
of interaction. After securing the approval of the relevant Institu-
tional Review Board, all of the communications on a medium-
sized construction site of a 3,850 m? research institute in Beirut,
Lebanon were recorded. The team conducted site visits totaling
40 h of observation across different times of the day spanning
1 month in order to observe the widest range of communication pat-
terns. These observations were conducted during the above-ground

Simulation Scenario
Worker
Demographics

Observed
Demographics
Number of Interactions

\_/_

Regression Tree Model

Observation
on Site

Interaction Task Completion
Probabilities Agent Based Model 7/ Times /

construction phase of the project. Overall, a total of 12 workers par-
ticipated in the observations, the majority of the workers were work-
ing together for the first time, and thus they reflect the transient
nature of construction crews. The participants, all working on elec-
trical activities were distributed across four nationalities and were all
between 18 and 63 years old. The workers’ experience ranged from
none to 25 years. The participants’ education was distributed over
five distinct levels ranging from no education at all (illiterate) to uni-
versity education. Throughout the month of observation, the partic-
ipants executed tasks of varying complexities and types. The tasks
ranged from simple ones such as pulling electrical wires to complex
ones like erecting panel boards. Since the electrical crew executed
tasks of varying complexity, it is safe to assume that this team’s work
is representative of the work conducted on construction sites.

Data collection efforts focused on interactions among the partic-
ipants. This work defines interaction as an exchange of work-related
information among two or more workers. In total, the observations
generated data on 207 interactions. However, six observations were
removed because they had missing data. Therefore, the observations
yielded usable data on 201 interactions. The observed interactions
were distributed into three different types: questions, coordination
conversations, and instructions. During these interactions, the par-
ticipants exchanged technical and logistic information. Technical
information pertains to the method of executing the work, whereas
logistic information covers materials and equipment involved in the
execution of the work. Since this work requires only a model of
interaction probability among the individuals, regardless of the
nature of the interaction, all three interaction types and information
exchange topics were treated similarly.

Given that these probabilities pertain to human behavior, which
is typically characterized by variability and complexity, a higher-
order technique was preferred for modeling. Regression trees, which
are used for identifying nonlinear rules, were selected for deriving
the model linking demographics to interaction probabilities. Regres-
sion trees were previously used by Srour et al. (2017) for identifying
the relationship between demographics and knowledge-sharing
in an academic setting. In this work, the analysis was conducted
using the tree package developed with the R programming language
(R Core Team 2017). The regression tree package takes in as input
the worker demographics of individual workers and their interac-
tion frequencies to generate interaction probabilities under different
demographic characteristics. The resulting tree may then be used to
estimate communication probabilities for any two workers.

As an example, Fig. 2 provides a sample regression tree that
estimates the impact of age, nationality, and experience on the
probability of interaction. In this tree, the age of the communication
initiator (knowledge seeker) is the most significant factor because it

Simulation Scenario
Schedule

Y

Probability of
Communication success

Fig. 1. Overview of methodology.
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Agei>25?

Yes No
Nationalityj=3? Experiencej<5?
Yes No Yes No
Py=0.25 ... P;=0.5 P;;=0.03

Fig. 2. Example of a regression tree.

is at the top of the tree; the second relevant factor is the nationality
of the information provider, which is shown at the second level of
the tree. This tree indicates that individuals who are over 25 years
old will communicate with individuals holding Nationality Three
with a probability of 0.25.

Simulation Scenario Worker Demographics

With a model of interaction probabilities relative to worker dem-
ographics, the simulation needs work crews defined by the demo-
graphic attributes of the individual workers. In this work, each
worker holds an age, nationality, education level, experience level,
and learning rate. The possible values for these attributes, set rel-
ative to those observed on-site, can be found in Table 1.

The worker agents’ ages can fall between 18 and 65 years.
Nationality was generated as an integer between 1 and 4. This range
of nationalities is in line with the labor pool in Lebanon, where
the case study is located. The workers’ education was initialized as
an integer falling within the range 1-5, where a level of 1 indicates
that the worker did not receive any education and 5 indicates that
the worker holds a university degree. The workers’ learning rate
and previous experience are the only worker agent attributes that
affect individual learning. Therefore, and in order to mitigate vari-
ability in individual learning, the learning rate was initialized at
0.875 for all workers; this value represents the median for the learn-
ing rate range of [0.8—0.95], which is common in the construction
industry (Thomas et al. 1986). However, the same could not be
done for experience due to its effects on knowledge and knowledge

Table 1. Worker agent parameters

sharing. As such, experience is drawn from a uniform distribution
between 0 and 25.

Crew composition dictates team diversity which impacts com-
munication patterns and frequencies. In this context, diversity refers
to the disparity of the workers’ nationality, age, education, and ex-
perience. Learning rate is excluded from the assessment of crew
diversity as learning rates are not considered salient or visible
demographics.

Crews could have different degrees of diversity ranging from
complete homogeneity to full heterogeneity. To accommodate
different levels of diversity there are three cases for the crew com-
position: homogeneous crews, random crews, and heterogeneous
crews. Homogeneous crews are composed of members having iden-
tical demographic attributes. Such a crew composition is common
for specialized tasks such as welding. Due to the harsh conditions of
their work, and the inherent technical complexity, welders are fairly
young workers with a particular level of education. In this work,
homogeneous crews were generated by assigning random age,
nationality, and education to an individual worker and then trans-
ferring the same demographic attributes to all of the other workers.
However, the same was not done for experience. Knowledge-
sharing is not expected to be beneficial among workers with the
same experience levels as they have minimal new knowledge
to share.

Crews could also be entirely heterogeneous, in which the crew
members share a minimum number of demographic attributes.
These crews are typical on projects in which the project manager
is trying to maximize diversity. Project and construction managers
might want to maximize crew diversity due to certain corporate,
legislative, and national policies. For example, managers in North
America try to diversify their crews to reflect that they are equal
opportunity employers. Recent legislative reforms in some of the
countries in the Gulf Cooperation Council encourage the recruit-
ment of women and differently abled individuals (Peter et al.
2018). Local content requirements (e.g., Saudization) result in quo-
tas for local employment even in industries like construction, which
were historically dominated by foreign labor.

The observations in this work were limited to four nationalities
and five educational levels. However, construction crews could in-
clude more than five workers. Therefore, forming heterogeneous
crews required slightly more manipulation. Hence, workers holding
a common nationality or having the same level of education was
inevitable. Since there are 20 distinct combinations of those attrib-
utes, it is more logical to diversify them jointly rather than individu-
ally. Every distinct combination was comprised of two integers.
The first integer ranged from 1 to 4 and represented nationality.
The second integer ranged from 1 to 5 and represented the educa-
tional level. As such, each worker was randomly assigned a differ-
ent combination of nationality and education. Given that age and
experience are continuous attributes, diversifying them for hetero-
geneous crews was straightforward. The age of one randomly se-
lected worker was set to 18 years and the age of his colleagues was
uniformly incremented by a random number. This random number
was drawn from a uniform distribution with a lower limit of one and
an upper limit of six. These limits were selected to ensure that the
workers have a different age, but none exceeds an age of 65 years.
The experience of the youngest worker was set to zero, and the ex-

Parameter Parameter description Possible values perience of his colleagues was uniformly incremented by a random
Age Worker’s age [18-65] number. This random number was drawn from a uniform distribu-
Education Worker’s education 1,2,3,4,5 tion with a lower limit of one and an upper limit of three. These
Experience Worker’s experience [0-47] limits are selected to ensure that the workers have a different
Learning rate Decrease in task duration as the [0.8-0.95] age, but none exceeds an experience level of 25.
National \v;]‘)ﬂlier gams eprnence L34 Crew composition, however, is not always polarized and might
ationafity orker’s nationafity o have a degree of diversity falling between those two extremes.
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Workers might be assigned randomly to crews, leading to a random
crew composition. This case is typical on mega-construction proj-
ects requiring a large workforce. Although the workforce is sizeable
on those projects, the crew size is kept at standard values and the
number of crews is increased. Therefore, it would be reasonable to
maintain the crew size under random crew compositions. Generat-
ing random crew compositions as input for the ABM model was the
most straightforward case because it required generating a random
nationality, age, and education for every worker.

Once the crews were established for the simulation, a matrix of
interaction probabilities for all crew members was established us-
ing the regression tree generated from the field observation data. As
a result, the initial, simulated-crew interaction probabilities range
from 0.0073 to 0.285 with a mean of 0.0528 and standard deviation
of 0.0884 for the homogeneous crews; 0.0073 to 0.329 with a mean
of 0.0621 and a standard deviation of 0.0894 for the random crews;
and 0.0073-0.329 with a mean of 0.0792 with a standard deviation
of 0.102 for the heterogeneous crews. These interaction probabil-
ities are interesting, because they are based on field observations
that indicate that the more similar a crew is, the lower their initial
probability of interaction is; in contrast, the more diverse a crew,
the higher their probability interaction is, but with more variability
(as reflected in the heterogeneous crew case).

Simulation Scenario Schedule

Workers will not likely share knowledge with one another if they are
all busy at the same time. Hence, the project schedule is another input
for the agent-based model. Since every construction schedule is es-
sentially a network, precedence relationships among project tasks
can be represented in a binary matrix format. Accordingly, the sched-
ule is passed to the ABM as a matrix T, where 7;; = 1 if task; is a
predecessor of task;, and zero otherwise. In order to reduce the
complexity of schedule generation, schedules were represented
as upper triangular matrices as proposed by Demeulemeester et al.
(2003). Three types of schedules are considered in this work:
series schedules, parallel schedules, and hybrid schedules. These
schedule types are shown in Fig. 3.

Series schedules are witnessed in projects with tasks executed in
a perfect sequential fashion. Such schedules are popular in projects
with significant amounts of earthwork. A typical earthwork project
starts with excavation. Once the excavation is completed, the
project team proceeds for completing compaction and back-filling.
The T matrix for series schedules has a one in every position ¢;;,
where j = i + 1 and equals zero everywhere else. Parallel sched-
ules are typical on projects with simultaneous task execution.

Different stations in a highway construction project could be
executed at the same time. However, within individual stations,
contractors cannot start paving work before compaction is com-
pleted. The matrix of a hybrid schedule places a one in position
t;; when j is greater than i with a probability of 50%; everywhere
else it is zero. In this way, the result is schedules that are in between
the parallel and series cases; if the probability was greater than 0.5,
then the schedules will resemble the series case. However, if the
probability was less than 0.5, then the generated schedules will
mimic the parallel case.

These three cases were generated for schedules comprised of
10 tasks assigned to 10 workers. Therefore, each task in the net-
work is handled by a single worker. The network itself is replicated
10 times to witness the impact of learning and communication on
task duration. This number of tasks and repetitions was chosen be-
cause it is common in linear transportation projects, which are com-
monly used to study the impact of learning on task construction
duration (Arditi et al. 2001). Tasks requiring such crew sizes were
also encountered in the conducted observations. These tasks in-
clude the installation of cable trays in the basement floors and
the erection of large switchboards.

With all the inputs to the proposed model presented, the next
subsection presents the core portion of our methodology, which
is the agent-based model itself.

Agent-Based Model

The model includes two agent types: the worker agent and the
task agent. The inputs to the model are the bilateral interaction
probabilities for all worker agents given their individual demo-
graphics as dictated by the crew composition and the project
schedule. The output of the model is the amount of time taken
to complete each task in the schedule. The following subsections
present the model attributes and logic before describing the com-
munication between agents.

Model Attributes

To illustrate the ABM, let us take the perspective of an individual
worker, Worker,, on a hypothetical construction project. Like any
other worker, Worker, holds a certain nationality, is of a certain
age, has acquired education and experience, and holds a certain
position within his crew. In the model environment, these identi-
fiers represent the agent’s parameters. Moreover, on every construc-
tion project, workers are assigned tasks; this is represented by the
Assignment parameter in the proposed model.

The second agent included in our model is the task agent. The

Such schedules could be witnessed during the finishing phase of task agent represents the work to be done in order to complete

a high-rise project. A parallel schedule is modeled by an n x n zero
matrix. Hybrid schedules are between series and parallel sched-
ules and are commonly the majority of construction projects.

the project. Tasks on construction projects also have attributes. The
task attributes include the size of the task, the preceding tasks,
the succeeding tasks, and the assigned worker. The size of the task

Series Parallel Hybrid
— 2 —l )
Start
Start T I
S —+1—>2 —>3 —> F SHI%hF S 1 F
Finis
Finish O I Finish 4
> 3 3
Fig. 3. Sample project networks.
© ASCE 04020076-5 J. Constr. Eng. Manage.

J. Constr. Eng. Manage., 2020, 146(7): 04020076



Downloaded from ascelibrary.org by American University Of Beirut on 04/23/24. Copyright ASCE. For personal use only; al rights reserved.

Notes and Legend:
Task comprised of]
‘Worker Wl W2 W3 W4 W5 W6 W7 Wg Wg Wm 10 subtasks
- Start!=0 Finish' Station where
.S workers interact by
3 learning from
2 T Toa Tz Ta.1 Ts.1 Te.1 T7.1 Ts.1 To.1 Ti0.1 previous
S\ Start?>=Finish ! Finish> experiences
8 l
g Station where
2 Ti2 Ta2 T2 T42 Ts2 Te2 T7o Tgo Too Ti02 workers  interact
o | Start’=Finish” Finish® due A to
= W demographics
=
= <
2 Ti3 Tos T33 T43 Ts3 Te3 T73 Ts3 Tos Ti03
< Start*=Finish> Finish4
: (
8
=
« Tia Tou Ts4 Tas Tsa Tea Tra Tsa Toy Tioa
5_ 7 5 |
" tart —fﬂm
=
2
=
S
« T T T T T T T T T T
- lﬁi — 2.5 35 45 55 6.5 3 8.5 9.5 105 - Afisapredecessor
T of B
£ |[Hm 1 o
s Tij Taskiin station j
2 Tie Tos Ts6 Tas6 Tse6 Tee6 T76 Tge6 Tos Tio06 Start)  Start of station j
~ v = inis 6 'Sh7 .
g ( Finish! Finish of station j
=
S Notes:
» Ti7 Tog T37 Tag Ts57 Tez T77 Tg7 To7 Tio7 [* 1. Each station is
0 Start®=Finish’ inish® comprised of 10 tasks
g 2. Each task is
g comprised of 10 sub
A T8 T2.8 T38 T48 Ts.8 Te.8 T7.8 Ts.8 T8 Tios8 tasks
o Start=Finish® Finish® 3. Station i is always a
= ™ predecessor of Station
15} :
B=] i+l
g 4. The precedence
a .
T1109 — Too T30 T49 Tso Teo T79 Tso Too Tlf) 9 m relationship among
= Start _=Finish Finish tasks within a station is
8 = not fixed. Task i is not
% - < always a predecessor
Tiio Toio Tsi0 Tyi0 Ts10 Ts10 Tr10 Ts10 To10 Tio10 of Task i+1

Fig. 4. Project architecture per simulation run.

is represented by the work—units parameter — a task is comprised
of a number of subtasks. A task is not considered complete unless
all of its work-units are finalized. Tasks are also identified by their
successors and predecessors—these are simply lists of all tasks pre-
ceding and following the given task. A task is also identified by the
worker assigned to it, which is represented by the AssignedWorker
parameter in the proposed model.

Every simulation run of the ABM model includes a crew of
workers assigned to tasks. In this work, a crew is a group of 10
workers assigned to similar tasks. Each worker was assigned a
set of 10 tasks distributed over 10 identical schedule networks
referred to as stations. Accordingly, every station is comprised
of 10 tasks. Identical schedule networks were replicated to capture
the impact of individual learning and communication across repe-
titions of a particular task. Within a particular station, tasks can be
executed in a series, hybrid, or parallel arrangement. However, the
stations have to be executed in a series fashion, i.e., the crew cannot
start with station, unless station; is completed. Fig. 4 provides a
representation of a simulation run showing the relationships among
the tasks, work-units, and stations. Tasks shown in Fig. 4 are pre-
sented in a parallel structure for illustrative purposes only. The fol-
lowing subsections present the logic behind the worker and task
agent and the worker to worker agent interactions.
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Model Logic

State charts serve as the backbone for ABMs. The state charts for
our two agent types are shown in Figs. 5 and 6. Fig. 5 presents the
logic of the worker agent type, whereas Fig. 6 illustrates the logic
associated with the task agent type.

The rectangles in Figs. 5 and 6 represent states, whereas the ar-
rows represent transitions. Details of these transitions are included
in Tables 2 and 3 and explained here. The initial time in our model
was set to 6 p.m., with the model time units being in hours. At this
time of day the hypothetical worker is expected to be at his house
resting. When the workers are resting, no knowledge-sharing hap-
pens. This assumption is based on the conducted observations.
When the authors observed the workers during break time, the
workers seldom discussed work. The workers only discussed their
work during breaks if a major incident happened on site. Therefore,
all of our agents are created in the resting state. Once the time is
8 a.m., the worker goes to their job. This is represented by transition
W_ET?2, which is a condition triggered transition. Condition trig-
gered transitions change the state of an agent when a certain con-
dition is met. Transition W_ET2 is also triggered when the time is
1 p.m., representing the end of the lunch break. Therefore, in the
developed model, the workers are resting between 6 p.m. and 8 a.m.,
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I Worker_statechart

Fig. 5. Worker agent state chart.

and between 12 p.m. and 1 p.m. The latter time window is added to
accommodate for lunch breaks. In this particular case, the condi-
tion is the clock striking 8 a.m. or 12 p.m. Once Worker, gets to
work, he waits for his next assigned task to be ready. Therefore,
the worker agent goes into a pending state. If the tasks are ready to
be worked on, i.e., all its predecessors are completed, then the
worker starts working on this assigned task. This is matched
by another condition triggered transition, W_ET3, which puts
the agent into the working state. Once Worker, starts working,
he sends their superior a message to inform him that he is currently
working on one of the assigned tasks. Therefore, the supervisor
changes the status of the task from idle to working. In the same
fashion, the worker agent messages the task agent to change his

Task_statechart

T_IT1
BErer1 B TET2 B3 TET3
L»[ Working
|
T2
T_ET4

Fig. 6. Task agent state chart.

state from idle to working via a message triggered transition
T_ET1.

The worker keeps on working until 6 pm or until 12 pm. The
worker also keeps working until he finishes his assigned task. The
first two conditions are mimicked by a condition triggered tran-
sition, W_ET9. The third condition is met when the agent receives
a message from the task agent, stating that it is completed. The
task agent becomes completed once its size is zero or there are no
remaining work-units to be done. Once the size of a task agent is
zero, T_ET4 is triggered and the task agent goes into final state of
done. Once the task agent goes into this final state, the task agent
informs the worker agent that it has been completed. The size of a
particular task agent is decremented by transition 7_IT1, which is
a time triggered transition, which occurs with the passage of time.
Therefore, after the passage of a given amount of time, the worker
is expected to complete a certain volume of work. This time de-
pends on the worker’s experience and the mechanization involved
in the execution of the task. The task duration is expected to de-
crease with time, as illustrated in Srour et al. (2015). Therefore,
the duration associated with 7_IT1 accommodates for these fac-
tors. The S-curve model is a learning curve model that accounts
for mechanization and experience (Anzanello and Fogliatto 2011)
and is adopted here. This model is shown in Eq. (1). Mechaniza-
tion is the only task attribute requiring initialization due to its
effects on worker learning. Therefore, mechanization is set at its
median value of 0.5 to diminish the effects of its’ variability on

Table 2. Worker agent transitions

worker learning

Transition Initial State Final State Type Description

W_ET1 Pending Resting Condition A transition triggered when time = 6 p.m. or time = 12 p.m.

W_ET2 Resting Pending Condition A transition triggered when time = 8 a.m. or time = 1 p.m.

W_ET3 Pending Working Condition A transition triggered when the predecessors of the agent’s next assigned are completed,
and the task is ready for execution.

W_ET4 Working Pending Message A transition triggered when the task agent sends its assigned worker agent a “Done”
message signaling completion.

W_ET5 KScollect Working Condition A transition triggered when the agent successfully interacts with another agent and
collects knowledge.

W_ET6 Working KScollect Rate A transition triggered at a rate of 0.13/hour. That is, every hour this transition has a 13%
chance of being triggered.

W_ET7 KSCollect Working Condition A transition triggered when the agent attempts for three times to interact with other
worker agents and fails.

W_ET8 Working Done Message A transition triggered when the task agent sends its assigned worker agent a “Done Final”
message signaling completion of all the assigned tasks.

W_ET9 Working Resting Condition A transition triggered when time = 6 p.m. or time = 12 p.m.

W_ET13 Pending KSdonate Message A transition triggered when the agent receives a “Help” message from another worker
agent signaling an interaction request.

W_ET14 KSdonate Pending Message A transition triggered when the agent receives a “Thank you” message from another
worker agent signaling the completion of a successful interaction.

W_ETI5 KSdonate Pending Condition A condition triggered when a successful interaction occurs.
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Table 3. Task agent transitions

Transition Initial state Final state Type Description
T_ETI1 Idle Working Message Transition triggered when the worker agent sends a message “On it” signaling the start of a task.
T_ET2 Inque Working Message Transition triggered when the worker agent sends a message “Continue” signaling resuming
work on a task.
T_ET3 Working Inque Message Transition triggered when the worker agent sends a message “Home” signaling the interruption
of the task since the time is 6 p.m. or 12 p.m.
T_ET4 Working Done Condition Transition triggered when work-units equal zero, indicating the completion of a task.
T_IT1 Idle Idle Time Transition triggered an hour after the start of the simulation. This transition is triggered only
once to import the precedence relationship matrix.
T_IT2 Working Working Time Transition triggered according to the workers’ learning curve function to decrement the work-
units parameter
Ai[Mj +(1— Mj)( K, + B)™] worker agent communication. Worker agent communication is
Yijr = (1) illustrated in the following subsection. Therefore, whenever y;j,

Task Size;

In Eq. (1), y;;; = amount of time required for worker i to com-
plete one unit of task j at time ¢, A; = worker i’s initial time, M i=
extent of mechanization in task j. A task with a mechanization level
of 0 is entirely manual, whereas a task with a mechanization level
of 1 is executed entirely by machinery. The benefits of the learning
curve are low with highly mechanized tasks due to the minimal
contribution of the workers in the execution of the task. Proceeding
with the rest of the parameters, K;; is worker i’s knowledge at time
t, B; is worker i’s initial experience level, n; is worker i’s learning
rate, and the total size of task j is TaskSize;. The updates of the
different worker agent parameters vis-a-vis task execution and
agent communication are shown in Fig. 7.

As shown in Fig. 7, K, is updated by a one-unit increment when
a task is completed, and not when a work-unit is completed. In
this case, the assumption is that worker performance, as impacted
by individual learning, is consistent during task execution—not
work-unit execution—and only improves from one task to the
other. Fig. 7 also indicates that the value of K;, is updated upon

hours elapse, the task size is decremented by one. In the case that
a worker does not finish his assigned task before 6 p.m. or 12 p.m.,
then the relevant task agent goes to the in—queue state via transi-
tion T_ET3. When the worker resumes work the next day, the task
goes again into the working state via transition 7_E772.

Worker Agent Communication

Suppose that Worker, needs certain information about his tasks,
he will need to communicate with his colleagues. This need is trans-
lated via transition W_ET6, that changes the worker agent’s state
from working to KScollect. This transition is a rate transition,
which means that the information collection process is best mod-
eled by a Poisson distribution. The rate of the Poisson distribution
as calculated from the site observations was 0.13 questions/h.
Therefore, every hour there is a 13% chance that a worker asks a
question. During the earlier stages of his assignment, Worker,,
goes to the colleagues he identifies with demographically to collect
the required information. This assumption is based on the social
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Fig. 7. Worker agent parameter updates.
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identity theory, which states that people tend to interact the most
with individuals who resemble them the most (Tajfel 1974). There-
fore, our worker agent, during the early phase of the simulation,
asks questions based on the initial interaction probability matrix
defined in the section “Regression Tree Model of Interaction Prob-
abilities.” This probability matrix is generated according to the
worker agents’ demographic attributes, thus, it is in line with
the social identity theory. However, as time goes on, Worker,,
becomes more familiar with his colleagues. Therefore, Worker,
learns which colleagues are more likely to answer his questions
and updates his interaction probability matrix accordingly. The
reinforcement learning model allows the artificial agents to learn
and adapt (Kirman 2011). This model is among the popular models
that are used to adapt the behaviour of artificial agents. The
reinforcement learning model updates the interaction probabilities
between workers i and j at time ¢ according to Eq. (2)

BSiji

e

Pij[ - 421’0] e‘gsl/_, s
Jj=

i#j (2)
In Eq. (2), §;j, = number of successful interactions Worker; had

with Worker; by time . The parameter 3 serves as reinforcement

and is set to 0.8 (Kirman 2011). The value of S;;, is initialized to 0

at time ¢ = 0 and is then incremented as shown in Eq. (3)

Sijt
{ S;ji—1 +1 Whenworkers i and j interact successfully at time t

B Siji-1 Otherwise

(3)

Therefore, as the number of successful interaction increases,
the chance of knowledge sharing increases. The values of the prob-
abilities are updated when W_ETS is triggered. W_ET5 occurs
when the agent receives an answer to his question which defines
a successful communication attempt. During a successful commu-
nication attempt, the agent providing the information goes into the
KSdonate state via W_ET13. Although actual communication is not
instantaneous, the communication time is set to zero in the simu-
lation because the vast majority of the interactions seen during ob-
servation lasted less than a couple of minutes. Given that the model
time is in hours and the simulation runs represent construction
projects, one minute of communication time can be assumed to be
negligible. Agents can only provide knowledge while they are in
the pending state because construction workers are not expected to
share information when they are busy.

If Worker, is not able to collect information due to all his col-
leagues being busy, then Worker, will get frustrated after a certain
number of attempts and will go on to resume his work. The worker
agents, therefore, attempt to communicate three times and then go
back to the working state. This transition is done via W_ET7.

Fig. 7 illustrates the impact of agent communication on updat-
ing the attributes. As shown in Fig. 7, worker agents update their
interaction probabilities, P;;;, when they attempt to communicate
with other worker agents. Worker agents also update their knowl-
edge, the K;, variables, when they engage in successful communi-
cation or when they complete a task.

Results

To accommodate for the three crew compositions and the three
schedule structures, nine scenarios were simulated. To accommo-
date for the variability in ABM, 15 simulation runs were made of
each scenario. In total, 135 simulation runs were completed. The
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first metric used to compare the different scenarios is the volume of
successful interactions witnessed under each of them. The number
of successful interactions indicates the number of times worker
agents were able to exchange information regarding their tasks
for every simulation run. The second metric used to compare the
different simulation runs is the percentage improvement in task du-
ration. The percentage improvement captures the improvement in
task duration due to worker interaction as compared to the base case
with only individual learning.

Interaction Volume

Fig. 8 shows the box plots for the number of messages exchanged
among the worker agents under different crew compositions, organ-
ized by the schedule structure. In Fig. 8, SC is the number of suc-
cessful communication attempts, whereas FC denotes the number
of failed communication attempts. A communication attempt is
deemed successful if the two agents exchange knowledge. An at-
tempt is considered failed when an agent seeks knowledge from
another but does not receive a response. As shown in Fig. 8, the
parallel CPM structure had almost no communication. This result
is expected because under a parallel schedule structure all the work-
ers would be busy at the same time and would have little chance to
communicate. The hybrid and series schedule structures, on the
other hand, had comparable performance in terms of the number
of messages exchanged. Under a hybrid schedule structure, the
average number of communication attempts was 67.60 (SD =
15.86), 75.33 (SD = 13.68), and 78.20 (SD = 9.01) for the homo-
geneous, random, and heterogeneous crews, respectively. Under a
series schedule structure, the average number of communication
attempts was 62.00 (SD = 15.08), 74.33 (SD = 12.02), and 74.00
(SD = 11.32) for the homogeneous, random, and heterogeneous
crews, respectively. The series case witnessed more variability in
the number of messages exchanged for both the homogeneous
and random crew composition scenarios. This result is also ex-
pected because series schedules provide the workers with the
widest opportunity to communicate. When comparing the different
crew compositions, homogeneous crews had the least interaction
volume performance under both hybrid and series schedules.
Heterogeneous crews had the largest volume of interaction under
hybrid schedule structures. Random and heterogeneous crews wit-
nessed comparable interaction volumes under a series schedule
structure. However, the heterogeneous crews exhibited less vari-
ability in their volume of interaction than that of the random crews
despite the larger variability in the initial interaction probabilities
for the heterogeneous crews.

In order to determine whether the number of messages sent differ
under the various crew structures for the different schedules, a set of
paired t-tests were conducted. When tested for normality using a
Shapiro-Wilk test, the data sets for the hybrid and series schedule
structures were found to be normal at the 0.05 significance level
(Shapiro and Wilk 1965). Given the insignificance of parallel sched-
ule structures for the volume of interaction, non-parametric tests
were not conducted for this particular structure. Table 4 shows the
results of the t-tests. The results indicate that under a hybrid task
sequence, there is a statistically significant difference at the 5% level
between the number of messages exchanged within homogeneous
and heterogeneous crews. The results also indicate that under a
series schedule structure there is a statistically significant difference
between the number of messages exchanged within homogeneous
crews and both the random and heterogeneous crews. These
results, coupled with the findings of Fig. 8, indicate that hetero-
geneous and random crews witness higher volumes of interaction
than homogeneous crews. When workers are allocated to
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Fig. 8. Box plots for the number of messages under: (a) parallel schedule structure; (b) hybrid schedule structure; and (c) series schedule structure.
FC: average number of failed communications; and SC: average number of successful communication. n = 15.

Table 4. T-test comparison of number of messages by crew composition; t (p-value)

Hybrid Schedule (n = 15)

Series Schedule (n = 15)

Crew composition Homogeneous Random Heterogeneous Homogeneous Random Heterogeneous
Homogeneous 1 — — 1 — —
Random —1.20 (0.25) 1 — —2.28 (0.04) 1 —
Heterogeneous —2.21 (0.04) —0.67 (0.50) 1 —2.41 (0.03) 0.07 (0.95) 1

Note: Bold value indicates #-tests that were significant at p < 0.05.

homogeneous crews, they are expected to have a common back-
ground. Therefore, the workers have little to add to one another
and thus have lower initial interaction probabilities leading to the
lower interaction volumes obtained within homogeneous cases.

Duration Improvement

In order to gain perspective on the improvement in project duration
as aresult of interaction, the first row of plots in Figs. 9-11 show the
ratio of the average station completion time for the entire crew to the
average completion time required by the crew to complete the first
station. The solid line in these figures represents the improvement in
station duration that would occur if there was only individual learn-
ing (i.e., the theoretical learning curve). The points indicate the sta-
tion times emerging from the simulation. Figs. 9-11 also show the
cumulative number of messages throughout the project.

As shown in Fig. 9, no difference was witnessed between the
actual time ratios and the learning curve time ratios in the parallel
case. This is not a surprising result given that the workers mini-
mally communicated in this case.

Fig. 10 shows the improvement and interaction volume plots for
series schedules. In the series case, both random and heterogeneous
crews exhibited the most improvement over the theoretical duration
from individual learning alone. The homogeneous crew structure
also showed improvement, but not to the same extent.
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Fig. 11 shows the station duration improvement and interaction
volume plots for the hybrid schedule case. Unlike the parallel case,
but similar to the hybrid schedule structure, a difference is present
between the individual and social learning cases. Homogeneous
crews exhibit the least difference under hybrid schedules as com-
pared to random and heterogeneous crews. The random and hetero-
geneous crew formations had comparable differences since they
had almost similar volumes of communication.

To capture the improvement in task time numerically, the im-
provement ratio is calculated at the task level as the ratio of the
difference between the learning curve duration and the ABM du-
ration relative to the learning curve duration. The learning curve
duration was calculated as the sum of the task times (y;;;) at each
time instance ¢ across all of the workers i. These ratios reveal that in
the 15 Series schedule cases at the last task: the minimum improve-
ment was 0.010 and the maximum improvement was 0.024 with a
mean of 0.015 and a standard deviation of 0.004 for the homo-
geneous crew; the minimum improvement was 0.013 and the maxi-
mum improvement was 0.021 with a mean of 0.018 and a standard
deviation of 0.003 for the random crew; and the minimum improve-
ment was 0.015 and the maximum improvement was 0.022 with a
mean of 0.018 and a standard deviation of 0.003 for the hetero-
geneous crew. In the 15 hybrid schedule cases at the last task:
the minimum improvement was 0.0098 and the maximum improve-
ment was 0.023 with a mean of 0.016 and a standard deviation of
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Fig. 9. Cumulative number of messages and average station duration improvement under parallel schedules; solid line in upper plots represents
theoretical time ratio assuming only individual learning; points in upper plots represent simulation generated time ratios.

0.004 for the homogeneous crew; the minimum improvement
was 0.012 and the maximum improvement was 0.022 with a mean
0of 0.018 and a standard deviation of 0.003 for the random crew; and
the minimum improvement was 0.017 and the maximum improve-
ment was 0.022 with a mean of 0.019 and a standard deviation of
0.002 for the heterogeneous crew.

Discussion

As illustrated in the previous section, the parallel schedule cases
had a strikingly low volume of communication. This result is in line
with the motivation, opportunity, and ability framework. This frame-
work states that if individuals have no opportunity to interact with
one another, then no communication will to happen (Hosseini and
Akhavan 2017). Under parallel task structures, workers are all busy
at the same time; therefore, they have no opportunity to interact and
exchange information. Accordingly, managers might consider allo-
cating novice workers to crews that have series or random schedule
structures since these schedule structures offer workers more oppor-
tunity to interact with their colleagues and ask questions.
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The results also indicate that homogeneous crews had a
smaller volume of communication when compared to hetero-
geneous and random crews. This result contradicts the findings
of Dadfar and Gustavsson (1992). While the work of Dadfar
and Gustavsson (1992) indicates a positive relationship between
diversity and communication at the managerial level, it did not
indicate a similar relationship at the working group level. This
contradictory result is not surprising since studies tackling group
diversity and performance often yield inconsistent results (Van
Knippenberg et al. 2004). For instance, while this work contra-
dicts the findings of Dadfar and Gustavsson (1992), it aligns with
the findings of Jong (2019) and Schrand and Just (2019). Jong
(2019) found a positive relationship between racial diversity
and employee performance. Similarly, Schrand and Just (2019)
found that diversity in work experience and ability has a positive
impact on group performance.

Furthermore, if the results reported in this paper are observed
from the motivation, opportunity, and ability framework, one would
expect more diverse groups to have more motivation for commu-
nication. Members of more diverse groups have more to offer to
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Fig. 10. Cumulative number of messages and average station duration improvement under series schedules; solid line in upper plots represents
theoretical time ratio assuming only individual learning; points in upper plots represent simulation generated time ratios.

one another due to their differences. A young crew member could
teach his older colleagues about using tablets at work. The older
workers could teach their younger counterparts about shortcuts
they learned through their experience. Therefore, these individuals
are more motivated to communicate and exchange information with
one another. Such positive outcomes are in line with the work of
Bachkirov (2019), which was conducted in the Arabian Peninsula
and found that interculturalism leads to an open-minded and fair
workplace, which yields better performance.

The results also indicate that more diverse groups have a larger
reduction in task duration. Therefore, the results of our simu-
lation indicate that diversity is expected to improve crew perfor-
mance when workers have the opportunity to interact. The findings
of the literature on the relationship between diversity and perfor-
mance are contradictory. However, the construction industry is a
communication-intensive industry. Hence, the positive relationship
between diversity and communication is expected to be extended
towards performance. Construction practitioners, therefore, are
encouraged to form diverse teams in order to foster the exchange
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of knowledge. However, this model did not consider language or
ethnic barriers among the different crew members. Such differences
must be carefully considered by practitioners since it could have a
negative impact on communication.

In addition to being aligned with a subset of studies in the
literature, these results are congruent with qualitative findings ob-
tained from the observations conducted on site. The youngest and
most amateur worker who joined the crew had no experience at
the beginning of the observations. The foreman on site made sure
that this worker was rotated to work with a number of skilled
workers. During his rotation, the skilled workers would instruct
the worker about the execution of different tasks. After 1 month of
interacting with such a diverse group of colleagues, the novice
worker was able to complete an acceptable number of tasks on
his own. The second case pertains to a particular worker who
seemed to be a loner and rarely interacted with his colleagues.
This worker was much slower at executing his tasks and his
performance was constant, not accelerating, throughout the
observations.
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Conclusions and Future Work

This paper presents an ABM that aims to understand the impact
of crew composition, worker interactions, and project schedule on
social learning and task duration. To determine the interaction prob-
abilities relative to the crew demographics, the authors conducted
site observations on the electrical crew working on a 3,850 m?
project in Beirut, Lebanon. In turn, the inputs to the developed sim-
ulation model are the crew demographics and the nature of the
project schedule. The authors considered three different cases
for the crew composition and schedule inputs. Homogeneous, ran-
dom, and heterogeneous crews are considered. Series, hybrid, and
parallel scenarios were used for the project schedule.

The results of the simulations conducted on the developed
model indicate that homogeneous crews witnessed the fewest num-
ber of interactions. The heterogeneous and random cases had com-
parable performance in knowledge sharing. This result aligns with
findings from the management literature that conclude that diver-
sity boosts organizational performance. The results also indicate
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that workers did not often communicate when assigned tasks with
a parallel schedule structure. This result is expected because the
workers do not have the opportunity to communicate when as-
signed to such a schedule.

The developed model assumes that workers only work on a sin-
gle type of task, and therefore, the lack of multiskilling is a limi-
tation of this work. Moreover, the authors did not consider the time
required by the workers to communicate. The model also treats all
kinds of diversity equally and does not consider diversity types that
include an unbreakable boundary, such as the tensions existing
among particular ethnic groups.

Future work will address these shortcomings by incorporating
multiskilling and the time consumed by the workers for commu-
nication. The authors plan on using the model in the future in con-
junction with an optimization model aimed at allocating workers to
construction crews in a fashion that maximizes knowledge sharing
and thus minimizes task duration. Future work will also focus on
validation of the developed model by asking domain experts to
comment on the believability of model outcomes.
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