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Abstract 4 

The use of agent-based modeling (ABM) in the analysis of construction processes and 5 

practices has increased significantly in the past decade. However, the developed models are not 6 

able to address both random and subjective uncertainties that exist in many construction processes 7 

and practices. Monte Carlo simulation is able to account for random uncertainty, and fuzzy logic 8 

is able to account for the subjective uncertainty that exists in model variables and relationships. In 9 

this paper, a methodology for the development of fuzzy Monte Carlo agent-based models in 10 

construction is provided, and its application is illustrated through the development of a model of 11 

construction crew performance. This paper makes three contributions: first, it expands ABM’s 12 

scope of applicability by showing how to model both random and subjective uncertainty in ABM; 13 

second, it provides a novel methodology for integrating fuzzy logic and Monte Carlo simulation 14 

in ABM, which allows for the development of fuzzy Monte Carlo agent-based models in 15 

construction; and third, it illustrates a fuzzy Monte Carlo agent-based simulation of construction 16 

crew performance, which improves the assessment of crew performance by considering both 17 

random and subjective uncertainties in model variables.  18 
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Introduction 22 

Crew performance is influenced not only by the environment in which construction activities 23 

occur, but also by crew motivation, which has largely been overlooked in construction research. 24 

However, construction researchers have faced challenges in identifying the effect of motivational 25 

factors and situational/contextual factors on crew performance. These difficulties are due to the 26 

uniqueness and dynamism of the construction environment and the fact that motivational and 27 

situational/contextual factors include both random and subjective uncertainties. 28 

To overcome these difficulties, two methodological approaches, agent-based modeling 29 

(ABM) and fuzzy logic, have been applied and integrated to develop a model of construction crew 30 

motivation and performance (Raoufi and Fayek 2018c). ABM is a good solution for handling 31 

complex systems of interacting agents and is therefore suitable for modeling construction crew 32 

behavior. ABM can handle complexities that arise from the interactions of system components; 33 

however, many systems—especially those comprising human behavior and social relationships—34 

also include subjective uncertainties, which are not accounted for in ABM. Fuzzy logic, on the 35 

other hand, is able to deal with subjective uncertainty. Therefore, integrating these two techniques 36 

is advantageous for modeling behavioral and social systems, such as construction crew motivation 37 

and performance. 38 

In construction research, ABM has recently been used to model complex systems of 39 

interacting agents. Agents have their own type (e.g., crew members), attributes (e.g., age), 40 

behaviors (e.g., counterproductive behavior), and behavioral rules. ABM can model the 41 
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interactions between agents, the interactions of agents and the environment, and the learning 42 

processes of agents over time. Therefore, it is a suitable modeling technique for modeling the 43 

components of a complex system comprised of interacting agents. ABM can also predict the 44 

overall behavior of the system by modeling the behavior of system agents, even when there is no 45 

existing information about overall system behavior (North and Macal 2007). However, ABM alone 46 

is not able to model both the random and the subjective uncertainty that exist in construction 47 

projects. 48 

Construction projects are performed in an environment characterized by uncertainty. Weather 49 

conditions, material delivery, equipment breakdown, and crew availability are a few examples of 50 

factors that exhibit uncertainty. Uncertainty in construction has traditionally been treated as a 51 

random phenomenon, often requiring sufficient historical project data for effective modeling. 52 

When approaching uncertainty from this vantage point, researchers frequently rely on the use of 53 

classical techniques, such as Monte Carlo simulation, for experimentation with probabilistic data 54 

(AbouRizk 2010). The use of Monte Carlo simulation in the three major simulation modeling 55 

techniques (i.e., discrete event simulation, system dynamics, and ABM) increases their capability 56 

of addressing random uncertainty in simulation modeling (Raoufi et al. 2018). 57 

In construction, it is often the case that numerical project data are not available in sufficient 58 

quantity or may not meet the quality standards required for effective modeling. Due to the 59 

uniqueness of each project, collected data may not be completely reflective of new project 60 

contexts. In addition to random uncertainty, much uncertainty in construction stems from the use 61 

of approximate reasoning and linguistically expressed expert knowledge, which is based on 62 

subjective assessments rather than numerical data; such knowledge is often not formally 63 

documented in construction. Classical analysis techniques, which are based on the precise 64 
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manipulation of numerical data, are incapable of capturing human thought processes and decision-65 

making (Zadeh 2015). Fuzzy logic plays an important role in addressing subjective uncertainty; 66 

thus, the integration of fuzzy logic with other methods such as optimization (e.g., evolutionary 67 

models and particle swarm optimization), machine learning (e.g., artificial neural networks and 68 

clustering), multi-criteria decision-making (e.g., AHP, TOPSIS, and VIKOR), and simulation 69 

(e.g., Monte Carlo simulation, discrete event simulation, system dynamics, and ABM) has been 70 

used in construction research (Gerami Seresht et al. 2018). 71 

Agent-based models in construction address random uncertainty through the use of Monte 72 

Carlo simulation, while fuzzy agent-based models in construction address subjective uncertainty 73 

in model variables and relationships. The ability to account for both random and subjective 74 

uncertainty will help with the creation of more accurate predictive models in construction. 75 

However, existing ABM in construction is not able to address both random and subjective 76 

uncertainties that exist in many construction processes and practices. Therefore, the objective of 77 

this paper is to expand ABM’s scope of applicability in construction by enabling ABM to simulate 78 

both random and subjective uncertainty. To achieve this objective, this paper integrates fuzzy logic 79 

and Monte Carlo simulation in ABM and proposes a methodology for performing fuzzy Monte 80 

Carlo agent-based simulations in construction. The proposed methodology accounts not only for 81 

the random uncertainty in construction variables (e.g., contact rate of crews), but also the 82 

subjective uncertainty involved in construction variables (e.g., crew motivation) and relationships 83 

(e.g., the relationship between crew motivation and performance). The methodology is illustrated 84 

through a case study that models the behavior of construction crews based on the factors affecting 85 

crew performance (e.g., crew motivation) and predicts the performance levels of crews. 86 



5 

 

This paper is structured as follows. First, a literature review of ABM in construction is 87 

presented. Past research that addresses uncertainties in agent-based models in construction is also 88 

reviewed and discussed. Second, a methodology for the development of fuzzy Monte Carlo agent-89 

based models in construction is provided. Third, a fuzzy Monte Carlo agent-based model of 90 

construction crew performance is developed to illustrate the proposed methodology and show the 91 

application of fuzzy Monte Carlo ABM in construction. 92 

Literature Review of ABM in Construction 93 

Different simulation techniques are used in construction, such as discrete event simulation, 94 

system dynamics, and ABM (Raoufi et al. 2016). Within the study of these simulation techniques, 95 

research on ABM is rapidly growing, and there have been numerous published studies on ABM in 96 

the last several years. These studies cover a wide range of applications of ABM in construction, 97 

such as dispute resolution (Ren and Anumba 2003; El-Adaway and Kandil 2010), productivity 98 

(Watkins et al. 2009), supply chain management (Anumba et al. 2002), human resource 99 

management (Ahn and Lee 2014), contracting and bidding (Asgari et al. 2016), risk (Farshchian 100 

and Heravi 2018), safety (Awwad et al. 2017; Choi and Lee 2017), disaster management (Eid and 101 

El-adaway 2017), energy (Azar and Ansari 2017), labor motivation and performance (Raoufi and 102 

Fayek 2018c), and modeling earthmoving operations (Jabri and Zayed 2017). 103 

ABM was used to model and improve the efficiency of construction claims negotiation (Ren 104 

and Anumba 2003). El-Adaway and Kandil (2010) created a multi-agent system for construction 105 

dispute resolution to generate legal arguments based on historical data of precedent construction 106 

disputes. Space congestion and its effect on labor productivity in construction sites has been 107 

modeled using ABM to help assess the impact of space congestion on labor productivity (Watkins 108 

et al. 2009). Within the context of urban infrastructure management, Osman (2012) used ABM to 109 
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model the complex interactions between infrastructure users, infrastructure assets, system 110 

operators, and politicians. ABM has also been used in the modeling of social interactions among 111 

construction personnel, as well as in the development of organizational policies to improve human 112 

resources management (Ahn and Lee 2014). Asgari et al. (2016) modeled the bidding process of 113 

contractors using ABM to analyze the effect of different risk attitudes of contractors on project 114 

markups. Seo et al. (2016) used ABM to assess the impact of workers’ muscle fatigue on 115 

construction operations. To improve planning of construction projects, ABM has been used to 116 

model construction processes such as earthmoving operations (Jabri and Zayed 2017). Another 117 

application of ABM was in the study of production control policies in residential building 118 

construction (Ben-Alon and Sacks 2017). ABM has also been used to study the construction safety 119 

climate by modeling the interactions among project stakeholders (Awwad et al. 2017). Disaster 120 

management has been another area of application of ABM in construction; for example, it was 121 

recently used in the development of a decision-making model for disaster recovery of communities 122 

(Eid and El-adaway 2017). Ben-Alon and Sacks (2017) simulated crews’ workflow on 123 

construction sites using ABM. ABM has also been implemented in order to improve energy 124 

consumption, for example by using ABM when modeling the energy-saving potential of 125 

commercial buildings (Azar and Ansari 2017). Choi and Lee (2017) used ABM to analyze the 126 

impact of safety management policies on construction workers’ safety behavior. ABM has also 127 

been used in portfolio management to assess the effect of budget allocation on project progress 128 

and to reduce risks related to time, cost, and revenue in an owner’s portfolio of construction 129 

projects (Farshchian and Heravi 2018). In high-rise building construction, ABM has been used to 130 

analyze the performance of lift systems (Jung et al. 2017, 2018). A decision-making agent-based 131 

approach allowed the needs of multisector stakeholders to be taken into account when managing 132 
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a budget for sustainable disaster recovery (Eid and El-adaway 2017). Most past research on ABM 133 

addresses either random uncertainty or subjective uncertainty but is unable to address both 134 

simultaneously in an agent-based model. 135 

In traditional agent-based models, uncertainty has been represented by the probability density 136 

function (PDF) or the cumulative density function (CDF) based on probability theory. Both PDFs 137 

and CDFs are able to represent random uncertainty within the parameters of a simulation model. 138 

To observe the effect of random uncertainty represented by the PDF or CDF, Monte Carlo 139 

simulation is a very common approach used by agent-based modelers. In Monte Carlo simulation, 140 

model parameters are considered to be random variables described in terms of PDFs. Simulation 141 

experiments are performed by running the agent-based model multiple times, wherein model 142 

parameters are randomly selected from the associated PDFs. The results of Monte Carlo simulation 143 

in ABM are usually represented by histograms of output parameters of the agent-based model. 144 

Thus, Monte Carlo simulation in ABM provides the opportunity to model random uncertainty in 145 

construction modeling. However, probability theory and PDFs address only random uncertainty, 146 

not the subjective uncertainty associated with vague and imprecise information. 147 

Recently, fuzzy agent-based modeling (FABM) was introduced in simulation modeling in an 148 

attempt to model the subjective uncertainty that exists in the attributes and behavioral rules of real-149 

world agents (Raoufi and Fayek 2018c). FABM incorporates fuzzy agents that observe fuzzy 150 

variables and then decide how to act based on fuzzy rules. There are two types of subjective 151 

uncertainty that FABM currently handles. The first type of subjective uncertainty exists in the 152 

variables that represent the attributes of real-world agents. Motivation is an example of a subjective 153 

variable for agents. For these type of variables, assigning a linguistic term (e.g., low motivation) 154 

represents the variable better than assigning a numerical value (e.g., a percentage for crew 155 
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motivation). The second type of subjective uncertainty exists in agent behavioral rules. An 156 

example of a behavioral rule is “if working conditions are favorable and the level of motivation of 157 

crew is high, then the level of performance of crew is high.” 158 

Both Monte Carlo agent-based simulation and FABM have already been used in construction 159 

modeling, with one technique addressing random uncertainty and the other addressing subjective 160 

uncertainty. However, a combination of Monte Carlo simulation and FABM to address both 161 

random and subjective uncertainty in the same model has not yet been investigated in construction 162 

modeling. This paper fills this gap in construction modeling by developing a model capable of 163 

performing fuzzy Monte Carlo agent-based simulation, which is able to handle both types of 164 

uncertainty in one model. 165 

Fuzzy Monte Carlo Simulation 166 

Fuzzy Monte Carlo simulation uses a combination of probability theory and fuzzy set theory 167 

to handle random uncertainty and subjective uncertainty in construction modeling. Fig. 1 shows 168 

the types of variables that fuzzy Monte Carlo simulation processes. In Fig. 1, the histogram 169 

provided for the output variable Y is based on the PDFs of the random variables X1, X2 and the 170 

membership functions of the subjective variables Z1, Z2. There are two major challenges to 171 

performing a fuzzy Monte Carlo simulation: (1) defining model variables and (2) obtaining the 172 

output of the model. 173 
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 174 
Fig. 1. Types of variables in fuzzy Monte Carlo simulation. 175 

The first challenge is to define both the random variables and the fuzzy variables of the model, 176 

which is done using probability theory and fuzzy set theory. Variability in the random variables is 177 

defined using PDFs, and the uncertainty associated with the subjective variables is defined using 178 

fuzzy membership functions. For the random variables, the PDFs can be defined by fitting 179 

distributions over the collected field data. For the subjective variables, fuzzy membership 180 

functions, which assign each element a membership degree between 0 (no membership) and 1 (full 181 

membership), are defined based on expert judgment or collected field data (Fayek and Lourenzutti 182 

2018). 183 

The second challenge requires that the model’s output be analyzed based on multiple runs of 184 

the model. Each run represents a random selection of random variables using their PDFs. Thus, 185 
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the generalized output based on all runs incorporates random uncertainty. Each run, on the other 186 

hand, is the simulation of a fuzzy agent-based model based on both fuzzy and non-fuzzy variables 187 

(i.e., deterministic variables and selected random samples of random variables). Thus, each 188 

individual run incorporates subjective uncertainty. Depending on the type of output of the fuzzy 189 

agent-based model (i.e., a fuzzy variable or a deterministic variable), the final output of the fuzzy 190 

Monte Carlo simulation is a fuzzy random variable or a deterministic variable. When the output of 191 

the fuzzy agent-based model is a fuzzy variable, each run of the fuzzy Monte Carlo simulation 192 

results in a fuzzy output. Then, the aggregation of outputs of all runs of the fuzzy Monte Carlo 193 

simulation is a fuzzy random variable (Sadeghi et al. 2010). When the output of the model is a 194 

crisp variable, then the defuzzified values of the output of the fuzzy agent-based model are used 195 

to compare the output of each run to the actual output. Thus, each run of fuzzy Monte Carlo 196 

simulation results in a crisp output, and the aggregation of the outputs of all runs of the fuzzy 197 

Monte Carlo simulation is a histogram that shows the frequency with which each output value is 198 

observed over all simulation runs. 199 

Fuzzy Monte Carlo Agent-Based Modeling Methodology 200 

The challenge in developing a methodology for fuzzy Monte Carlo ABM lies in processing 201 

both random and fuzzy variables in one model. The output is a function of both random variables 202 

represented by probabilistic distributions and fuzzy variables represented by fuzzy membership 203 

functions. Past research, in most cases, transformed one type of uncertainty to the other type before 204 

starting the simulation experiments (Sadeghi et al. 2010). For example, Wonneberger et al. (1995) 205 

and Dubois et al. (2004) transformed possibility (e.g., fuzzy membership functions) to probability 206 

(e.g., probability distribution) which resulted in a stochastic model with only random variables. 207 

However, the transformation of either probability to possibility or possibility to probability is not 208 
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recommended as each theory only addresses one type of uncertainty. Sadeghi et al. (2010) 209 

implemented a hybrid approach for fuzzy Monte Carlo simulation for risk assessment that uses 210 

both fuzzy variables and random variables in the simulation without transforming one type into 211 

the other. In their approach, they generated a number of sample sets from probability distributions, 212 

ran the simulation based off each sample set, and finally aggregated the results of the runs in the 213 

form of fuzzy random variables. Similar to Sadeghi et al. (2010), this paper proposes a 214 

methodology for fuzzy Monte Carlo ABM that uses both random and fuzzy variables in the same 215 

model. 216 

The proposed methodology for fuzzy Monte Carlo ABM has three steps: (1) development of 217 

the agent-based model; (2) development of the fuzzy attributes and behavioral rules of agents; and 218 

(3) development of the Monte Carlo simulation experiments. Fig. 2 shows the flow chart for the 219 

fuzzy Monte Carlo ABM methodology. 220 

The first step of the methodology is the development of the agent-based model, which includes 221 

the main environment and agent classes. The main environment includes model parameters, agent 222 

populations, and connections to other models (e.g., a fuzzy model for agent behavior). The agent 223 

classes include agent attributes, agent behavioral rules, state variables, and state charts. There are 224 

several steps for developing an agent-based model. First, the architecture of the agent-based model 225 

is determined. This includes determining the type of agents, agent attributes, and agent behaviors, 226 

as well as the input and output variables of the agent-based model. Second, the basic structure of 227 

the agents (i.e., agent attributes and behaviors) is defined. The attributes and behaviors of each 228 

agent are identified. Then, the type of attributes (e.g., deterministic, stochastic, or fuzzy) of each  229 
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 230 
Fig. 2. Fuzzy Monte Carlo ABM methodology.  231 
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agent and the type of behavior (e.g., mathematical formula or fuzzy relationship) of each agent are 232 

defined. Third, agent interactions are defined. The questions of how the interactions occur and 233 

what happens based on each interaction are answered. The method of modeling the interactions is 234 

defined (e.g., random interaction, mathematical formula, regression model, or fuzzy model). 235 

Fourth, agent behavioral rules are defined (e.g., conditional rules, mathematical formula, 236 

regression model, or fuzzy rules). 237 

The second step of the methodology is the development of fuzzy attributes and behavioral 238 

rules of agents. Fuzzy attributes and fuzzy behavioral rules are added to the agent-based model to 239 

address subjective uncertainty related to the subjective variables (e.g., fuzzy attributes of agents) 240 

and subjective relationships (e.g., fuzzy behavioral rules) in the model. First, the fuzzy 241 

membership functions of subjective variables, which represent the fuzzy attributes of agents, are 242 

defined. Several methods can be used to define membership functions: horizontal and vertical 243 

methods, pairwise comparison, statistical methods, and methods based on clustering (Fayek and 244 

Lourenzutti 2018). In this paper, fuzzy C-means (FCM) clustering, a commonly used machine 245 

learning technique, is applied to define the fuzzy membership functions using collected data. FCM 246 

clustering assumes the membership of a data point to more than one cluster with different degrees 247 

of membership ranging from 0 to 1 (Bezdek 2013). Second, to represent the fuzzy behavioral rules 248 

of agents, a fuzzy inference system is developed based on the rules and membership functions 249 

generated from collected data using FCM clustering. FCM clustering is also a common method of 250 

determining fuzzy rules from data (Fayek and Lourenzutti 2018). In this paper, FCM clustering is 251 

used to define fuzzy rules from field data that will be used in the fuzzy inference system, which 252 

represents the behavioral rules of agents. Third, the defined fuzzy membership functions and fuzzy 253 

inference system are incorporated into the agent-based model. Raoufi and Fayek (2018c) 254 
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demonstrated a methodology to incorporate fuzzy membership functions and a fuzzy inference 255 

system into an agent-based model to represent the attributes and behaviors of construction crew 256 

agents. 257 

The third step of the methodology is the development of Monte Carlo simulation experiments. 258 

Monte Carlo simulation is based on running a model many times, where each run is initiated based 259 

on generated random variates of each stochastic input variable. Each run of Monte Carlo 260 

simulation results in a random outcome of each output variable. Thus, in cases where the agent-261 

based model has stochastic variables, the model parameters associated with those variables are 262 

defined by probability distributions. To define probability distributions for stochastic variables, 263 

data-driven approaches (e.g., distribution fitting to available data) are used when sufficient data 264 

are available, and expert-driven approaches (e.g., defining distribution parameters based on 265 

experts’ inputs on range, mean, or other estimations of distribution parameters) are used when 266 

sufficient data are not available. In this paper, probability distributions for stochastic parameters 267 

are defined using field data (i.e., data-driven approaches). Then, fuzzy Monte Carlo agent-based 268 

simulation is performed to allow the assessment of both probabilistic and subjective variables 269 

simultaneously in the same model. Since some of the inputs of the model are random and some 270 

are fuzzy, the outputs of the fuzzy Monte Carlo agent-based simulation experiments incorporate 271 

both random and subjective uncertainties. 272 

Fuzzy Monte Carlo Agent-Based Model of Construction Crew Performance 273 

In this section, a fuzzy Monte Carlo agent-based model of construction crew performance is 274 

developed to show how to model both random and subjective uncertainty in an agent-based model 275 

representing a real construction case. The goal is to develop an agent-based model to enable the 276 

analysis of various types of variables in the model (i.e., deterministic, stochastic, and fuzzy 277 
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variables). Fig. 3 shows the overall scheme of the fuzzy Monte Carlo agent-based model of 278 

construction crew performance. The methodology used in this section can be applied to other 279 

agent-based models in construction and makes them capable of handling both random and 280 

subjective uncertainty. 281 

 282 
Fig. 3. Overall scheme of fuzzy Monte Carlo agent-based model. 283 

Application of the Fuzzy Monte Carlo Agent-Based Model 284 

In construction, crew performance is influenced by both crew motivation and the working 285 

environment. Therefore, this paper assesses crew performance based on the motivational attributes 286 

of crew agents, as well as the situational/contextual attributes of both crew and project agents. The 287 
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model simulates the motivation and performance of crews on construction projects to understand 288 

the relationship between construction crew motivation, situational/contextual factors, and crew 289 

performance. The goal of this paper is to observe the effect of both subjective variables, such as 290 

crew motivation, and random variables, such as crew contact rate, on crew performance. 291 

There are many complexities involved in modeling construction crew behavior, such as 292 

interactions among crews or interactions with the environment, and this model is able to assess 293 

such complexities. Previous studies on crew motivation and performance mostly considered the 294 

motivation-performance relationship in a static state without taking into account variations in crew 295 

motivation over time. This model, on the other hand, is able to examine the effects of variations in 296 

crew motivation and variations in the work environment on crew performance. 297 

Input and Output Variables of the Model 298 

The model accepts three types of input variables: (1) crisp (i.e., deterministic) variables; (2) 299 

random (i.e., stochastic) variables; and (3) fuzzy (i.e., subjective) variables. The output of the 300 

model is crew performance, which is presented in the form of histograms showing the frequency 301 

with which each output value is observed over all simulation runs. Fig. 4 shows the input and 302 

output variables of the model. 303 

The types of variables in the model are defined based on past literature as well as collected 304 

field data. Based on past research, some variables (e.g., crew motivation) that incorporated 305 

subjective uncertainty and subjective variables were a better representation of those variables 306 

(Raoufi and Fayek 2018c). The variables that did not incorporate subjective uncertainty were 307 

considered either stochastic or deterministic variables. The collected field data were used to define 308 

stochastic variables (e.g., susceptibility) when there was random uncertainty in the data. The  309 
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 310 
Fig. 4. Input and output variables of the model. 311 

remaining variables (e.g., number of crews) did not show any variability in the collected field data 312 

and thus were considered deterministic variables. 313 

In this paper, the selection of variables (i.e., crisp, fuzzy, and random) is based on past research 314 

on fuzzy agent-based modeling of construction crew motivation and performance. The selected 315 

variables are those showed a significant influence on crew performance based on a sensitivity 316 

analysis performed in previous research [see Raoufi and Fayek (2018c) for the results of the 317 

sensitivity analysis]. The model’s crisp variables are number of crews, contact rate, and zealot 318 

percentages. Number of crews is the total number of crews working on work packages on the 319 

project. Contact rate is the number of contacts between crews per simulation time unit. Zealot 320 

percentage is the percentage of crews that did not show variations in their motivation level in the 321 

project. 322 
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The model’s random variables are susceptibility, non-interactive motivation variability, and 323 

crew-level situation variability. Susceptibility is the probability that an interaction leads to change 324 

in crew motivation. Non-interactive motivation variability is the rate of change in the crew 325 

motivation level without contact with other crews. Crew-level situation variability is the rate of 326 

change in crew-level situation states per simulation time unit. 327 

The model’s fuzzy variables are the attributes of the crew agent related to crew motivation 328 

and the situation in which crews are performing their tasks, as well as the attributes of a project 329 

agent related to the situation in which the project is executed. Crew motivation is defined based 330 

on four motivational factors: efficacy (Bandura 1977; Hannah et al. 2016), 331 

commitment/engagement (Meyer and Allen 1991; Cesário and Chambel 2017), identification 332 

(Ashforth and Mael 1989; Lin et al. 2016), and cohesion (Beal et al. 2003; Chiniara and Bentein 333 

2017). Situational/contextual factors, the factors related to the working environment, are defined 334 

at the crew level and the project level. The crew-level situation accounts for task-related factors 335 

(e.g., task repetition), labor-related factors (e.g., the behavioral skills of the crew), and foreman-336 

related factors (e.g., performance monitoring). The project-level situation has five categories: 337 

project characteristics (e.g., project type), management-related factors (e.g., communication), 338 

work-setting conditions (e.g., congestion), resources (e.g., equipment availability), and safety 339 

precautions (e.g., safety training). A total of 129 situational/contextual factors are used in this study 340 

[see Raoufi and Fayek (2018a) for a complete list of situational/contextual factors of this study]. 341 

Crew performance is the output of the model and is defined based on three metrics: task 342 

performance (i.e., cost, schedule, change, quality, safety, productivity, and satisfaction), contextual 343 

performance (i.e., personal support, organizational support, and conscientious initiative), and 344 

counterproductive behavior (i.e., interpersonal deviance and organizational deviance). Crew 345 
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performance is calculated as the mean of the crew performance metrics (i.e., task performance, 346 

contextual performance, and counterproductive behavior). To calculate crew performance metrics, 347 

each crew performance metric (i.e., task performance, contextual performance, and 348 

counterproductive behavior) is calculated based on the mean of its metrics subcategories. For 349 

example, task performance is calculated as the mean of the following metrics subcategories: cost 350 

performance, schedule performance, change performance, quality performance, safety 351 

performance, productivity performance, and satisfaction performance. A total of 55 key 352 

performance indicators (KPIs) are used in this study to define crew performance metrics 353 

subcategories. In this research, normalized KPIs are used in the calculation of crew performance 354 

metrics subcategories. Thus, crew performance metrics range between 0 (undesirable value) and 1 355 

(desirable value) [see Raoufi and Fayek (2018b) for a complete list of KPIs of this study]. 356 

Data Source 357 

In this paper, data regarding crew motivational factors, situational/contextual factors, and 358 

crew performance metrics are based on collected field data from an industrial construction project. 359 

The project was located in Canada and included 54 craftspeople working on 79 work packages. 360 

The data are based on three months of the project’s timeline and cover all nine crews who worked 361 

on construction work packages on the project. Table 1 shows the characteristics of the project and 362 

data collected. 363 
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Table 1. Project and data characteristics 364 

Project and data characteristics Value Description 

Project type Industrial project Oil & Gas 

Number of crews on project 9 crews 8 excavation/backfilling (EB) 

1 sandblasting/coating (SC) 

Number of crews participating in field 

data collection 

9 crews 7 crews (6 EB and 1 SC), motivational and 

situational/contextual data collected 

9 crews (8 EB and 1 SC), performance data 

collected 

Number of work packages on the projects 79 work packages  

Number of work packages investigated 

during field data collection 

79 work packages 79 work packages, company data collected 

17 work packages, visited and field data 

collected 

 365 

Motivational factors and situational/contextual factors were based on different data collection 366 

sources, such as interviews with crew members, foremen, field supervisors, and project managers; 367 

observations by data collectors on the work packages of the project; extracted data from project 368 

documents such as project safety logs; and external databases such as a government database for 369 

weather data. Crew performance data were based on actual project documents (e.g., time sheets, 370 

score cards, safety logs, change order logs, inspection test plans, schedule updates, tender 371 

documents, and cost estimates) with a total of 612 task performance data points. Contextual 372 

performance and counterproductive behavior data were based on multiple-source interviews with 373 

crew members and foremen with a total of 153 data points. A sample of a data collection form for 374 

situational/contextual factors is provided in the appendix. 375 

Development of the Agent-Based Model 376 

The agents in this model are project and crew agents; therefore, two agent classes are 377 

developed in the model. The first class is the project agent class which is developed to model 378 

construction projects where construction crews are working. Project ID, initial project-level 379 

situation, and current project-level situation are attributes of the project agent class, and update the 380 
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project-level situation is the defined Java method of the project agent class. Project-level situation 381 

attributes are defined to model situational/contextual factors at the project level. 382 

The second class is the crew agent class, which is developed to model construction crews. 383 

Crew ID, initial crew motivation, current crew motivation, initial crew-level situation, and current 384 

crew-level situation are the attributes of the crew agent class. Calculate interactions, update crew 385 

motivation, update the crew-level situation, connect to the fuzzy inference system, and calculate 386 

crew performance are the defined Java methods of the crew agent class. Crew motivation attributes 387 

are defined to model motivational factors (i.e., efficacy, commitment/engagement, identification, 388 

and cohesion) at both the individual and crew levels. Crew-level situation attributes are defined to 389 

model situational/contextual factors at the crew level. 390 

State charts are developed in the model to update state variables representing agent attributes. 391 

A state chart in the project agent class is used to represent the attribute “the situation at the project 392 

level” for each project during the simulation experiments. This state chart is responsible for 393 

updating the current project-level situation. Two state charts in the crew agent class are also used: 394 

(1) a state chart to represent the attribute of “the situation at the crew level” for each crew during 395 

the simulation experiments and (2) a state chart to represent the attribute of “crew motivation” for 396 

each crew during the simulation experiments. 397 

In this model, the mathematical equation shown in Equation 1 is used to represent the effect 398 

of the interactions of crew agents on the level of motivation of a crew. Based on Equation 1, the 399 

level of motivation of a crew agent is calculated based on the level of motivation of that crew and 400 

the level of motivation of other crews in the project.  401 

𝑀𝑖
𝑡 = (1 − 𝑍 × 𝐶 × 𝑆) × 𝑀𝑖

𝑡−1 + (𝑍 × 𝐶 × 𝑆) ×
∑ 𝑀𝑗

𝑡−1𝑁
𝑗=1

𝑁
, (1) 402 
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where t and t-1 refer to the current and the previous simulation time steps, i and j are crew indices, 403 

M refers to crew motivation, Z refers to the type of crew agent (i.e., zealot or not zealot agent), C 404 

refers to crew agent contact rate (i.e., the rate that crew agents contact each other over the 405 

simulation time unit), S refers to susceptibility (i.e., the probability that an interaction leads to 406 

change of motivation level), and N refers to the number of other crew agents that are interacting 407 

with crew i. 408 

Z takes two binary values 0 and 1. Z is 0 when the crew agent is a zealot and never changes 409 

its motivation when interacting with others, and Z is 1 when the crew agent is not a zealot and may 410 

change its motivation when interacting with others. C is 0 when there is no contact between crews; 411 

when there is contact between crews, C takes positive real numbers. S takes real numbers between 412 

0 and 1. S is 0 when there is no susceptibility, and S is 1 when there is full susceptibility. The 413 

values of S between 0 and 1 indicate how much the interacting crew agents affect the motivation 414 

level of crew agent i. 415 

Development of Fuzzy Attributes and Behavioral Rules of Agents 416 

Fuzzy membership functions are defined in the model for subjective variables, and a fuzzy 417 

inference system is defined to represent subjective relationships in the model (Raoufi and Fayek 418 

2018c). In this research, crew behavioral rules (i.e., how crews perform based on their level of 419 

motivation and the project environment) are developed by applying FCM clustering on the 420 

collected field data. Then, a fuzzy inference system, a Mamdani fuzzy rule-based model, is 421 

constructed using the identified fuzzy rules. The fuzzy inference system has three inputs (i.e., crew 422 

motivation, crew-level situation, and project-level situation) and one output (i.e., crew 423 

performance) and uses Gaussian membership functions as suggested and implemented by Raoufi 424 

and Fayek (2018c). MATLAB is used to perform FCM clustering on the collected field data and 425 
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fuzzy rules and membership function parameters are defined. For example, one of the fuzzy rules 426 

is “If crew motivation is very low, and the crew-level situation is unsatisfied, and the project-level 427 

situation is unsatisfied, then crew performance is very low.” Very low motivation is represented by 428 

a Gaussian membership function with =0.7192 and =0.0550; unsatisfied crew-level situation is 429 

represented by a Gaussian membership function with =0.6426 and =0.0472; unsatisfied project-430 

level situation is represented by a Gaussian membership function with =0.6013 and =0.0849; 431 

and very low crew performance is represented by a Gaussian membership function with =0.6957 432 

and =0.0392. Table 2 show the fuzzy rules of the fuzzy inference system. 433 

Table 2. Fuzzy rules of fuzzy inference system 434 

Rule number Crew motivation Crew-level situation Project-level situation 
Crew 

performance 

Rule 1 Low Satisfied Slightly satisfied Medium 

Rule 2 Medium Slightly unsatisfied Moderate Low 

Rule 3 High Slightly satisfied Slightly unsatisfied Very High 

Rule 4 Very High Moderate Satisfied High 

Rule 5 Very Low Unsatisfied Unsatisfied Very Low 

 435 

Development of Monte Carlo Simulation Experiments 436 

Monte Carlo simulation is a technique that uses random sampling to simulate a model 437 

representing a real system. A large number of random samplings of the model’s stochastic input 438 

parameters are used to provide a large number of random samples of the model output 439 

(Thomopoulos 2013). Thus, Monte Carlo simulation allows for the observation of variations in 440 

model parameters, such as variations in susceptibility, and the effect of these variations on the 441 

output of the model (e.g., overall crew performance). In this paper, the Monte Carlo simulation 442 

experiments include initiating the simulation runs based on generated random variates of the 443 

attributes of construction crews and the situations in which the crews are performing. Crews 444 
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interact in the simulation environment, which allows changes in their attributes (e.g., motivation) 445 

and thus changes in their behavior (e.g., improving their performance). Following numerous 446 

iterations of the model, the collective actions of all crews in the simulation environment will then 447 

provide the outputs of the model. 448 

To develop Monte Carlo simulation experiments, data collected about agent attributes are used 449 

to define the model’s initial conditions and to perform the simulation experiments. First, collected 450 

data are used to define probability distributions for all model parameters associated with stochastic 451 

variables. 452 

The model has three stochastic parameters: susceptibility, non-interactive motivation 453 

variability, and crew-level situation variability. The typical probability distribution candidates for 454 

continuous random variables, such as uniform, normal, exponential, lognormal, gamma, beta, and 455 

Wiebull, are fitted to data. Beta distributions are fitted better than others to the collected field data, 456 

and the resulting beta distributions are used to initiate the Monte Carlo simulation. The beta 457 

distribution is a continuous distribution that has both upper and lower finite bounds, which makes 458 

it suitable when the data are bounded on both upper and lower ends. The resulting beta distributions 459 

for susceptibility, non-interactive motivation variability, and crew-level situation variability are 460 

shown in Table 3. Second, the initial parameters for initiating the fuzzy Monte Carlo agent-based 461 

simulation are set as shown in Table 3. Third, the number of iterations is set to 1000, and the 462 

simulation experiments are executed. Finally, histograms of crew performance data are developed 463 

to provide the results of fuzzy Monte Carlo agent-based simulation. 464 
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Table 3. Initial parameters for fuzzy Monte Carlo agent-based simulation 465 

Parameter 
Range of 

values 

Initial value for simulation 

experiments  

 (Based on collected field data) 

Description 

Number of crews ℤ+
  9 Number of crews in the project 

Contact rate ℝ+ 1.00000 Number of contacts between crews per 

simulation time unit 

Zealot percentage [0,1] 0.28570 Percentage of zealots in the project 

Susceptibility [0,1] Beta (0.2276, 2.1886, 0.0, 0.4286) Probability that an interaction leads to a 

change in motivation 

Non-interactive 

motivation variability 

[0,1] Beta (0.1538, 13.846, 0.0, 0.2888) Rate of change in motivation level 

without contact with other agents  

Initial motivation 

states of crews 

[0,1] 0.28570 for “low” 

0.42860 for “high” 

Percentages of crews in each motivation 

state at the start of the simulation. The 

percentage for “medium” is calculated by 

the model after the user defines 

percentages for “low” and “high.” 

Initial states of crew-

level situation 

[0,1] 0.14260 for “unsatisfied crew-

level situation” 

0.00000 for “satisfied crew-level 

situation” 

Percentages of crews in each crew-level 

situation state at the start of the 

simulation. The percentage for “medium 

crew-level situation” is calculated by the 

model after the user defines percentages 

for “unsatisfied crew-level situation” and 

“satisfied crew-level situation”. 

Initial state of project-

level situation 

String “medium project-level situation” 

 

String parameter representing initial 

states of the project-level situation such 

as “unsatisfied,” “medium,” and 

“satisfied.” 

Crew-level situation 

variability 

ℝ+ Beta (0.3127, 9.6465, 0.0, 0.1429) Rate of change in crew-level situation 

states per simulation time unit 

Project-level situation 

variability 
ℝ+ 0.03333 Rate of change in project-level situation 

states per simulation time unit 

 466 

In this paper, the model is developed and simulated using AnyLogic©, a simulation software 467 

based on the Java environment, and connected to a fuzzy inference model developed in MATLAB. 468 

AnyLogic© is used for development of the agent-based model as well as development of the Monte 469 

Carlo simulation experiments. MATLAB is used for the development of fuzzy attributes and 470 

behavioral rules of agents. 471 

Results and Discussion 472 

The results of fuzzy Monte Carlo agent-based simulation of construction crew performance 473 

for 1000 iterations are provided in the histograms shown in Figs. 5–7. Fig. 5 shows the 3D (i.e., 474 
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three-dimensional) histogram of the simulation experiments, which provides the frequency with 475 

which a single value of crew performance was observed during each day of the project. For 476 

example, for day 10 and a crew performance of 0.730, the frequency is 0, which indicates that over 477 

the performed 1000 simulation runs, a crew performance of 0.730 was never observed on day 10. 478 

Higher numbers of frequency in Fig. 5 are related to higher numbers of observing a crew 479 

performance in the simulation experiments. Fig. 5 provides the probability of observing a crew 480 

performance value on a certain day, and the cross sections of this figure over the day’s axis are 2D 481 

(i.e., two-dimensional) histograms that can be used to fit the PDFs of crew performance associated 482 

with that day of the project. Having the PDF of crew performance on each day of the project allows 483 

for planning of resources (e.g., crews) for a certain day of the project. 484 

Fig. 6 shows the 3D histogram of the simulation experiments from the top. It shows the 485 

possible ranges (i.e., minimum and maximum) of crew performance on each day over the project 486 

timeline. The 3D histograms in Figs. 5 and 6 provide a good understanding of crew performance 487 

variations over the project timeline. Thus, they can be used in project scheduling, resource 488 

allocation, and decision-making on when and how to improve crew performance. 489 

Fig. 7 shows the 2D histogram of the simulation experiments. The frequency of each category 490 

of crew performance is shown in this histogram. Fig. 7 shows that the crew performance categories 491 

0.790-0.795 and 0.795-0.800 occur more frequently during the project, with a frequency of 0.186 492 

(i.e., 18.6%). Fig. 7 also shows that the histogram is left-skewed. Considering the fact that at 493 

simulation start time, crew performance was 0.780, this left-skewed histogram indicates an 494 

improvement in crew performance over the timeline of the project. This improvement in 495 

performance occurred due to the interaction of crews in the simulation environment and the effect 496 

of crew interactions on crew motivation and performance, as shown in Equation 1. It should also 497 
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be noted that the skewness is also toward lower values of crew performance. In other words, the 498 

categories of higher crew performance have higher frequencies than the categories of lower crew 499 

performance. This observation is in agreement with the findings of Raoufi and Fayek (2018c) that 500 

the positive interactions of crews lead to improved crew performance. 501 

 502 
Fig. 5. 3D histogram of the simulation experiments. 503 
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 504 
Fig. 6. 3D histogram of the simulation experiments (top view) 505 
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 506 
Fig. 7. 2D Histogram of the simulation experiments 507 
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Some of the practical applications of the developed model of construction crew motivation 508 

and performance are: (1) to analyze the influence of subjective and random variables on crew 509 

performance; (2) to identify the resources (e.g., number of crews) required to best execute work 510 

packages; (3) to predict the progress of the project during project execution; (4) to monitor project 511 

progress and observe the effect of changes in the project situation on crew performance; and (5) 512 

to experiment with changes to the project situation to improve crew performance based on the 513 

results of scenario analysis. 514 

Validation of the Fuzzy Monte Carlo Agent-Based Model 515 

To validate the fuzzy Monte Carlo agent-based model, three steps need to be followed: 516 

conceptual validity, data validity, and operational validity. In this research, the first two steps (i.e., 517 

conceptual validity and data validity) have previously been performed (Raoufi and Fayek 2018a, 518 

2018b, 2018c). First, conceptual validity was performed by basing the model on validated 519 

motivational concepts from past literature (Sargent 2013). Motivational factors, 520 

situational/contextual factors, and crew performance metrics were defined based on past literature 521 

in the construction and nonconstruction domains. Then, the identified list of factors was validated 522 

by both motivation experts and construction experts (Raoufi and Fayek 2018a). Second, data 523 

validity was performed as suggested by Sargent (2013) by developing a data collection protocol, 524 

following a structured data collection methodology, and testing for construct validity and the 525 

reliability of the measures (Raoufi and Fayek 2018b). Third, the operational validity of the fuzzy 526 

agent-based model was performed using (1) sensitivity analysis and (2) tenfold cross-validation 527 

(Raoufi and Fayek 2018c). The sensitivity analysis performed for the parameters of the model 528 

suggested that contact rate, susceptibility, non-interactive motivation variability, and initial 529 

motivation states of crews had a significant influence on the output of the model. The tenfold cross-530 
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validation technique suggested a good accuracy of the developed fuzzy agent-based model in 531 

predicting crew performance. The calculated mean absolute percentage error was 2.48%, and the 532 

calculated root mean square percentage error was 0.79%, indicating a very good prediction of crew 533 

performance by the developed fuzzy agent-based model. 534 

Both sensitivity analysis and cross-validation are internal validity techniques used to test for 535 

operational validity. There are other operational validity techniques (i.e., external validity 536 

techniques) that can be performed when validated models exist for the problem under study. 537 

External validity compares the results of a model with previously validated models to discuss the 538 

predictive ability of the new model compared to the previously validated models. In this paper, the 539 

predictive ability of the fuzzy Monte Carlo agent-based model for the prediction of crew 540 

performance is compared to the predictive ability of the fuzzy agent-based model by Raoufi and 541 

Fayek (2018c) to test the external validity of the fuzzy Monte Carlo agent-based model. This 542 

allows the researchers to see if the fuzzy Monte Carlo agent-based model provides better 543 

predictions of crew performance than the fuzzy agent-based model. Table 4 shows the result of the 544 

external validity test in the form of absolute percentage errors in predicting overall crew 545 

performance for each method compared to the actual field data. 546 

Table 4. External validity test (error in predicting overall crew performance)  547 

Method 
Overall crew 

performance  

Absolute percentage error (APE) in  

predicting overall crew performance 

Actual field data 0.7992 — 

Fuzzy agent-based model 0.7896 1.21% 

Fuzzy Monte Carlo agent-based 

model (1000 runs) 

0.7902 1.13% 

 548 
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The results in Table 4 indicate that the fuzzy Monte Carlo agent-based model provides a better 549 

prediction of overall crew performance than the fuzzy agent-based model. This paper provides a 550 

fuzzy Monte Carlo agent-based model of construction crew performance based on data from a real 551 

construction project. More projects need to be investigated to improve the external validity of this 552 

model and to expand the scope of applicability of the developed methodology. 553 

Conclusions and Future Research 554 

In this paper, a methodology for the development of fuzzy Monte Carlo agent-based models 555 

in construction is provided in an attempt to close the gap in ABM regarding the ability to assess 556 

both random and subjective uncertainty. The methodology is then tested using collected field data 557 

from a real construction project, and fuzzy Monte Carlo agent-based simulation of construction 558 

crew motivation performance is performed. The developed fuzzy Monte Carlo agent-based 559 

simulation model simulates the performance of crews using deterministic input variables such as 560 

number of crews, stochastic input variables such as susceptibility, and subjective inputs such as 561 

crew motivation. This paper demonstrates that the developed methodology is able to expand the 562 

applicability of fuzzy agent-based models by addressing random uncertainty in addition to the 563 

subjective uncertainties that exist in many construction systems. The fuzzy Monte Carlo agent-564 

based model is then validated based on collected field data. The results show that the fuzzy Monte 565 

Carlo agent-based model of construction crew motivation and performance provides more accurate 566 

predictions on crew performance than the fuzzy agent-based model. Thus, the developed 567 

methodology helps in the creation of more accurate predictive models in construction. 568 

This paper makes three contributions. Previous research on ABM in construction addressed 569 

either random uncertainty through the use of Monte Carlo simulation or subjective uncertainty 570 

through the use of fuzzy logic. This paper incorporates both Monte Carlo simulation and fuzzy 571 
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logic ABM to simultaneously address both types of uncertainty. Therefore, the first contribution 572 

of this paper is to expand ABM’s scope of applicability by showing how to model both random 573 

and subjective uncertainty in ABM. There are different methodologies for performing fuzzy Monte 574 

Carlo simulation in construction modeling; however, there was no methodology in past literature 575 

that showed how to develop a fuzzy Monte Carlo agent-based simulation model. Thus, the second 576 

contribution of this paper is to provide a novel methodology for integrating fuzzy logic and Monte 577 

Carlo simulation in ABM, which allows for the development of fuzzy Monte Carlo agent-based 578 

models in construction. Previous simulation models of construction crew motivation and 579 

performance used only fuzzy logic, and there was no fuzzy Monte Carlo model of construction 580 

crew motivation and performance in past research. Thus, the third contribution of this paper is to 581 

develop and illustrate fuzzy Monte Carlo agent-based simulation of construction crew 582 

performance, which improves the assessments of crew performance by considering both random 583 

and subjective uncertainties in model variables. 584 

In the future, the developed fuzzy Monte Carlo agent-based model will be expanded to 585 

simulate various scenarios of different combinations of the input factors affecting construction 586 

crew performance in order to identify drivers of performance. For example, a project with different 587 

combinations of crew motivation and contact rates would be assessed in order to compare the 588 

effect of these factors on the performance of crews. 589 

Construction research on simulation modeling faces considerable challenges when selecting 590 

optimum and feasible scenarios for improving crew performance. There is a need in construction 591 

research on simulation modeling to develop decision support systems that account for the complex 592 

relationships and social interactions between crews and the dynamic construction environment. 593 

One of the limitations of the developed fuzzy Monte Carlo agent-based model is the lack of a 594 
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decision-making process for selecting the best case scenario from a number of feasible scenarios. 595 

Such a decision-making process should be able to capture the subjective, deterministic, and 596 

probabilistic factors that influence crew performance. Therefore, in future, the fuzzy Monte Carlo 597 

agent-based model presented in this paper will be integrated with multi-criteria decision-making 598 

to develop a decision support system that allows for the selection of optimum and feasible 599 

scenarios for improving crew performance. In this paper, the context in which the data are collected 600 

and used is industrial construction. Data from projects in other construction contexts (e.g., 601 

commercial construction and building construction) will be collected to expand the scope of 602 

applicability of the developed methodology and make fuzzy Monte Carlo agent-based models 603 

applicable to other contexts in construction. 604 
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Appendix. Sample data collection form for situational/contextual factors 721 

Factors Scale of measure Sub-factors Range of values 

Task type Categorical 
 

1. Civil 

2. Mechanical 

3. Electrical 

4. Instrumentation 

Task repetition Percentage (% of identical tasks in work 

package over total tasks in work package) 

  [0%, 100%] 

Crew size Integer  ℤ+
  

Performance 

monitoring 

Five-point rating scale  (1) Very poor to  

(5) Very good 

Goal-setting Five-point rating scale Goal clarity 

Goal specificity 

Goal difficulty 

(1) Very poor to  

(5) Very good 

Working relationship Five-point rating scale  (1) Extremely 

ineffective to  

(5) Extremely 

effective 

Project cost 

management 

Five-point rating scale Project cost estimates 

Project budget 

Project cash flow 

(1) Very poor to  

(5) Very good 

Location of facilities Real number (average distance, m)  ℝ+ 
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