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Abstract 11 

High-quality communication among stakeholders is salient to securing and maintaining 12 

collaboration in construction projects. Indeed, the absence of such communication among the 13 
workforce leads to inefficiency, low productivity, and substandard deliverables. Against this 14 

backdrop, the body of relevant knowledge is bereft of a study investigating the association between 15 
workers' interpersonal skills and interpersonal communication (IC) quality. Thus, this study aims 16 
to predict the quality of professionals' IC through a multi-pronged artificial intelligence-based 17 

methodological approach. In doing so, the literature is reviewed to capture noticable interpersonal 18 
skills (IPSs), followed by utilizing a fuzzy-based algorithm to prioritize them. Then, an extreme 19 

Gradient Boosting (XGBoost)-based algorithm is developed to predict the quality of workers' IC. 20 
The developed XGBoost is finally applied to three real-life construction projects to check its 21 
efficacy. Based on the application of the developed model to the selected case studies, the following 22 

conclusions are drawn: (1) the significant skills are "Leadership Style," "Listening," "Team 23 

Building," and "Clarifying Expectations"; and (2) the predictions of the developed model equal to 24 

what happens to the workers' IC quality in more than 78% of the cases. The developed algorithm 25 
can warn interpersonal conflicts before they escalate, enhance job-site productivity, team 26 

development, and human resources management, and guide construction managers in developing 27 
IPSs training. 28 

Keywords Construction; Communication Quality; Interpersonal Skills; Machine Learning. 29 

1. INTRODUCTION 30 

The role Efficient communication plays in enhancing the performance of construction project is 31 

unignorable (Pamidimukkala et al., 2023). The link between communication and performance has 32 

been well established. Across countries as diverse as Norway, Indonesia, and Australia, we see that 33 

the overall structure of project teams, procedures, and working norms, must be constantly adjusted 34 

and fine-tuned in order to raise communication efficiency in the pursuit of productivity (Elghaish 35 

et al., 2023). In the same vein, Yolanda et al. (2021) found that barriers to communication stifle 36 

employee performance. 37 
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There is a need for measuring the Communication Quality (CQ) in the construction industry (Mohr 1 

and Sohi, 1995, Kwofie, 2015, Forcada et al., 2017, Hosseini et al., 2017, Safapour et al., 2020), however, 2 

few methods such as those utilized by Rahimian et al. (2022) have been proposed for evaluating the 3 

CQ, as determined by an individual’s IPSs (Nogueira, 2022). 4 

Strong IPSs are a prerequisite for enhancing stakeholder communication and in fostering strong 5 

relationships (Ghorbani, 2023). They are also necessary to the cultivation of employee loyalty to an 6 

organization (Nogueira, 2022). Previous studies, however, have only placed emphasis on indicators 7 

affecting project communication. Yet we know IPSs are integral to managing IC (Kundi et al., 2023). 8 

An in-depth understanding of the impact of the IPSs of workers on the CQ can potentially alert 9 

managers to conflicts before they escalate. This will in turn improve team development and 10 

promote productivity gains and intelligent human resource management. 11 

Previous studies have been limited to methods based on structural equation modeling (Hosseini et 12 

al., 2017), the chi-square test (Forcada et al., 2017), and factor analysis (Safapour et al., 2020). In 13 

summary, this study aims to address the following Research Question (RQ): 14 

RQ. How could a predictive model for evaluating the CQ among workers, in which the uncertainty 15 

of IPSs is overcome, be developed and validated? 16 

To address this question, a machine learning algorithm – XGBoost (XGB) – was developed to 17 

evaluate CQ based on the individual's set of IPSs. The tailored predictive model can be used by 18 

managers to quantify the CQ with their workers, leading to the identification of conflict-prone 19 

communication, enhanced job-site productivity and team development, and improved analysis of 20 

the IPSs of job applications during recruitment. 21 

The paper is structured as follows. First, a review of the literature is presented. The research 22 

methods section outlines data collection protocols and the analysis techniques. This is followed by 23 

a description of the findings, along with a discussion. The implications of findings, research 24 

limitations, and future avenues for research are summarized in the final section.  25 

2. CONTEXTUAL BACKGROUND  26 

2.1 Quality of communication 27 

High-quality communication is essential in construction organizations (Mithas et al., 2011), 28 

primarily because of its role in improving the effectiveness of project teams (Segerstedt et al., 2010, 29 
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Bosch-Sijtsema and Henriksson, 2014). Claimed by Mohr and Sohi (1995), researchers apply two 1 

indicators when evaluating the CQ. They are communication flow, i.e., the manner and 2 

communication frequency and the CQ. Aubert et al. (2013) identify the central features of 3 

communications to be timeliness and accuracy, with both of equal importance. 4 

CQ indicators in the context of construction project management have been captured (Ochieng and 5 

Price, 2010, Affare, 2012, Senescu et al., 2013, Kwofie, 2015, Forcada et al., 2017, Safapour et al., 2020). 6 

Armstrong and Taylor (2003) asserted that the number of distinct geographic regions and CQ have a 7 

negative correlation. Moreover, a large proportion of cultural and ethnic groups are associated with 8 

low communication effectiveness (Nam et al., 2009). Tone et al. (2009) reported that CQ can be 9 

thoroughly affected by bureaucracy level within an organization. Senescu et al. (2013) established 10 

that communication complexity significantly impacts an organization's CQ. Westin and Sein (2014) 11 

defined accessibility as an essential element of communication while highlighting the breadth of 12 

complicated tasks assigned to construction workers. Hosseini et al. (2017) identified five more 13 

indicators (i.e., sense of presence, documentability, persuasiveness, accessibility, and relevancy). 14 

They determined that team members must have a holistic appreciation of a project while also 15 

maintaining high-quality communication. Similarly, Wang et al. (2014) determined that construction 16 

project teams must establish strong interrelationships. A summary of CQ indicators is provided in 17 

Table 1.                                                                                       18 

Table 1. Compilation of CQ indicators  19 

Indicator Definition/relevance 
Reference(s) 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 

Accuracy Whether data are correctly 

transferred without bias, distortion, 

or withheld information.  

✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 
            

Accessibility The speed and accuracy with which 

the exchange of information occurs. 

 

      ✓  ✓            

Bidirectionality The obtainability of verification 

through feedback and clarifications. 

 

    ✓  ✓   ✓           

Clarity of scope 

and objectives 

There is a positive correlation 

between clarity of scope, objectives 

and CQ. 

 

   ✓       ✓          

Completeness The completeness of data and 

essential information in the 

exchange.  

✓ ✓   ✓  ✓ ✓    ✓         

The complexity 

level of 

communication 

Communications become distorted 

as complexity increases. 

 

            ✓        
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Documentability Tacit documentation of information 

exchanged is an attribute of high-

quality communications. 

 

      ✓              

Frequency Denotes how frequently parties 

partake in communication with 

each other. 

 

      ✓   ✓    ✓       

Formality The extent to which communication 

flows are planned, structured, 

planned, and made routine. 

 

         ✓           

The inexperience 

of project managers 

Inability to apply effective 

techniques, tools, knowledge, and 

skills needed meet project 

requirements. 

 

              ✓      

Persuasiveness Degrees to which people can 

convince others of an idea or the 

value of an action. 

 

      ✓         ✓     

Reliability The perceived accuracy and value of 

the information received. 

 
✓ ✓  ✓  ✓              

Relevancy Relevancy of communications is a 

measure of the extent to which 

information is helpful and applicable 

to the required task. 

 

      ✓              

Sense of presence Team members must feel connected 

with others to maintain high-quality 

communication. 

 

      ✓          ✓    

Timeliness Information is provided when 

needed, not late nor too early. 

 

✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓            

Top-down 

bureaucracy 

It negatively affects the CQ. 

 

          ✓       ✓   

Understandability The receiving party must correctly 

comprehend and interpret the 

information provided.  

✓ ✓ ✓ ✓ ✓  ✓              

Variety of 

geographic regions 

A much smaller range of cultural and 

ethnic groups are able to establish 

effective communication. 

                  ✓ ✓ 

Note: 1: Thomas et al., 1998; 2: Kahn et al., 2002; 3: Miller, 2005; 4: Xie et al., 2010;5: Aubert et al., 2013; 1 
6: Forcada et al., 2017; 7: Hosseini et al., 2017; 8: Trach et al., 2021;9: Westin and Sein, 2014; 10: Mohr 2 
and Sohi, 1995; 11: Safapour et al., 2020; 12: Xu et al., 2003;13: Senescu et al., 2013; 14: Ellwart et al., 3 
2015;15: Safapour et al., 2019; 16: Den Otter and Emmitt, 2007; 17: Wang et al., 2014; 18: Tone et al., 4 
2009; 19: Armstrong and Taylor, 2003; 20: Nam et al., 2009. 5 

2.2 Interpersonal skills 6 

Robbins and Hunsaker (2011) extensively reviewed the most common IPSs. They can be divided into 7 

the sub-categories of motivation, leadership, and communication process (Figure 1). It has been 8 

suggested that negotiation is yet another related skill that does not fall into a specific category 9 

(Arabi and Khoshneyat, 2022). 10 
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 1 

Figure 1. Conceptualization of IPSs  2 

As claimed by Robbins and Hunsaker (2011), practical IPSs involve four skill sets. The first is 3 

leadership. Leaders must be able to energize teams to accomplish tasks while supporting the 4 

integration of members in achieving that task (Ghorbani, 2023). To that end, leadership style, the 5 

ability to handle conflicts, approaches to running meetings, team-building skills, and the ability to 6 

promote and foster change all contribute to the success or otherwise of the leader. Secondly, 7 

another important role of the manager is to create conditions that foster a sense of motivation to 8 

achieve the group's mission (Nogueira, 2022). This involves the leaders' ability to set goals, clarify 9 

expectations, and persuade others. Thirdly, the preceding depends on the leaders' ability and 10 

process used in communicating with others. Finally, although the mission presented by the leader 11 

may appear fixed, its realization involves many parties, each of whom may have specific views on 12 

the value of the mission and how it will be realized. The leader must navigate a mutually acceptable 13 

compromise in bringing people to a common purpose. 14 

2.3. Point of departure 15 

Although numerous papers on CQ evaluation have been published, there is a relative dearth of 16 

information on the IC of workers. This type of communication significantly influences team 17 

development, productivity, and facilitates intelligent resource management. This study critically 18 

examines the IC of construction workers and focuses on their IPSs, as the core of IC, to make 19 

predictions accordingly. To address the aforementioned limitation, a hybrid AI-based model was 20 
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suggested in this study. The predictive nature of the suggested approach could allow managers to 1 

identify and address interpersonal conflicts before escalation. 2 

3. RESEARCH METHODOLOGY AND MODEL DEVELOPMENT 3 

This section elaborates on the data gathering protocols, the data analysis techniques, and the 4 

developed XGB algorithm. Overall, the method comprises three steps: data collection and 5 

preparation, XGB development, and XGB performance in a real context (Figure 2). Step 1 6 

commences upon data collection, considers the IPSs and preparation, followed by the ranking of 7 

these skills using Fuzzy Analytic Hierarchy Process (F-AHP). The essential skills are then fed into 8 

the XGB algorithm to train and tailor it (step 2). The suitability of these techniques is well explained 9 

in the respective sub-sections. In the third and last step, the developed algorithm is implemented in 10 

three construction projects to assess its capability to predict the quality of IC between construction 11 

professionals within a specified time period. 12 

 13 
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Figure 2. Flowchart of the established three-step method 1 

3.1 Step 1: Data collection and preparation 2 

3.1.1. Communication structure typical of the construction industry  3 

At the outset, a typical construction project communication network was modeled, given the 4 

experience and views of experts with broad knowledge about a variety of construction projects. 5 

The information about the experts was clarified in the sampling sub-section. These relationships 6 

defined the connection between construction project workers, for example, a site-head, and other 7 

practitioners in a project. In practice, the relationships imply the connections between individuals, 8 

which revealed the respondents of the questionnaire whose IPSs should be assessed. 9 

3.1.2. Interpersonal skills compilation 10 

As mentioned in sub-section 2-2, the IPSs set identified by Robbins and Hunsaker (2011) was used 11 

in this study. It is important to appropriately collect the data required in relation to these skills and 12 

to follow the ultimate goal of the study, which is to develop a predictive algorithm. However, the 13 

development of algorithms of this kind demands specific data types. Therefore, before presenting 14 

the other sub-sections, a brief explanation of the rationale for the questionnaire used to gather the 15 

required data is examined. 16 

3.1.3 Rationale behind the data types that were utilized 17 

Predictive models allow decision-makers to identify routes to the available information (Zhang et 18 

al., 2021) and while demonstrating the odds that something will (or will not) occur. Broadly 19 

speaking, they consist of three principal types: 1) Reinforcement learning, 2) supervised learning, 20 

and 3) unsupervised learning (Kapoor et al., 2022). In addition, if the outputs are discrete, the 21 

problem involves classification, whereas if the outputs are continuous, the problem involves 22 

regression. The model proposed in this report is a supervised classification problem. This category 23 

involves a predictive model design with data containing the results that will be predicted (targets). 24 

The primary and cross-sectional dataset were gathered using the designed questionnaire.  25 

3.1.4 Designing the questionnaire: the preliminary step 26 

In eliciting information from participants, quantitative data collection is desirable since it allows 27 

for a generalization of findings (Chun Tie et al., 2019). The preliminary step includes the 28 
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identification of salient IPSs. According to experts from academia and industry, the skills must first 1 

be ranked to select the most important ones. This ranking was done using the F-AHP.  2 

3.1.4.1 F-AHP utilization 3 

As previously indicated, this study adopted the model developed by Robbins and Hunsaker (2011), 4 

in which 13 skills were synthesized in total. Assessing all these skills is would be ideal. 5 

Nevertheless, there is a time constraint. The more skills that are assessed using the questionnaire, 6 

the more time is needed to address them, with the respondents’ patience being a limited commodity. 7 

Therefore, it was decided to rank the different skills according to their relative importance 8 

(weights).  9 

AHP, developed by Saaty (1980), was utilized as a suitable approach for two reasons. It ranks a 10 

decision maker's judgment by assessing the vitality of a decision maker's intuitive decisions and 11 

the consistency of the comparison alternatives in the decision-making process.  12 

However, simple AHP alone cannot manage the uncertainties associated with criteria decision-13 

making problems based on quantitative data. Fuzzy set theory is required for greater robustness 14 

and accuracy in judgments (Khan et al., 2021). This combination of the two approaches has the 15 

benefit of being able to manage decision-making problems based on both quantitative and 16 

qualitative data. The criteria priority weight and preferred rating were measured using Fuzzy 17 

triangular numbers. The concept of the F-AHP approach developed by (Khan et al., 2021) was 18 

utilized to calculate the priority weight of IPSs. 19 

Let 𝑉 = {𝑣1, 𝑣2, … , 𝑣𝑛} be a set of objects for the main categories and 𝑈 = {𝑢1, 𝑢2, … , 𝑢𝑛} represent 20 

the goal set of each category. (Khan et al., 2021)stated that the extent analysis for each object and 21 

goal (gi) should be performed respectively. Therefore, the (m) extent analysis of each object is 22 

performed using Eq. (1): 23 

𝑋𝑔𝑖
1 , 𝑋𝑔𝑖

2 , … , 𝑋𝑔𝑖
𝑚, 𝑖 = 1,2, … , 𝑛 (1) 24 

where 𝑋𝑔𝑖
𝑖  (i = 1, 2, …, n) are Fuzzy triangular numbers (TFNs). The in-depth extent analysis 25 

instructions by (Khan et al., 2021) are considered next. 26 

Step 1. The ith object Fuzzy synthetic extent value should be calculated using Eq. (2): 27 
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𝑆𝑖 =∑𝑋𝑔𝑖
𝑗
⨂[∑ ∑ 𝑋𝑔𝑖

𝑗
𝑚

𝑗=1

𝑛

𝑖=1
]

−1𝑚

𝑗=1

(2) 1 

where ∑ 𝑋𝑔𝑖
𝑗𝑚

𝑗=1  is calculated using the m extent analysis Fuzzy addition operation such as: 2 

∑𝑋𝑔𝑖
𝑗

𝑚

𝑗=1

= (∑𝑋𝑔𝑖
𝑙

𝑚

𝑗=1

,∑𝑋𝑔𝑖
𝑗𝑚

𝑚

𝑗=1

,∑𝑋𝑔𝑖
𝑟

𝑚

𝑗=1

) (3) 3 

Similarly, [∑ ∑ 𝑋𝑔𝑖
𝑗𝑚

𝑗=1
𝑛
𝑖=1 ]

−1
is calculated using an extensive Fuzzy addition operation on the 4 

𝑋𝑔𝑖
𝑗
 (𝑗 = 1, 2, … ,𝑚) value: 5 

∑∑ 𝑋𝑔𝑖
𝑗

𝑚

𝑗=1
= (∑ 𝑋𝑖

𝑙
𝑛

𝑖=1
,∑ 𝑋𝑖

𝑚
𝑛

𝑖=1
,∑ 𝑋𝑖

𝑟
𝑛

𝑖=1
)

𝑛

𝑖=1

(4) 6 

Eq. 5 is utilized to calculate the inverse of the vector: 7 

[∑∑ 𝑋𝑔𝑖
𝑗

𝑚

𝑗=1

𝑛

𝑖=1

] = (
1

∑ 𝑋𝑖
𝑟𝑛

𝑖=1

,
1

∑ 𝑋𝑖
𝑚𝑛

𝑖=1

,
1

∑ 𝑋𝑖
𝑙𝑛

𝑖=1

) (5) 8 

Step 2. Both X1 and X2 are Fuzzy triangular numbers, and Eq. 6 defines the degree to which 9 

𝑋2 = (𝑋2
𝑙 , 𝑋2

𝑚, 𝑋2
𝑟) ≥ 𝑋1 = (𝑋1

𝑙 , 𝑋1
𝑚, 𝑋1

𝑟): 10 

𝑌(𝑋2 ≥ 𝑋1) = 𝑠𝑢𝑝[𝑚𝑖𝑛(𝜇𝑥1(𝑣))] , (𝜇𝑥2(𝑣))] (6) 11 

Eq. 6 can be simplified as follows: 12 

𝑌(𝑋2 ≥ 𝑋1) = ℎ𝑔𝑥(𝑋1 ∩ 𝑋2) = 𝜇𝑥2(𝑑) =

{
 
 

 
 

1 𝑖𝑓 𝑥2
𝑚 ≥ 𝑥1

𝑚

0 𝑥1
𝑙 ≥ 𝑥2

𝑟

𝑥1
𝑙𝑥2
𝑟

(𝑥2
𝑚 − 𝑥2

𝑟) − (𝑥1
𝑚 − 𝑥1

𝑙)
𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

}
 
 

 
 

(7) 13 

where d is the highest intersection point between 𝜇𝑥1 and 𝜇𝑥2. 14 

Step 3. The value of the convex Fuzzy number 𝑋𝑖(𝑖 = 1, 2, … , 𝐾) could be measured using the 15 

following equation: 16 

𝑌(𝑋 ≥ 𝑋1, 𝑋2, … , 𝑋𝑘) = 𝑚𝑖𝑛 𝑌(𝑋 ≥ 𝑋𝑖) (8) 17 
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Suppose that 𝑑′(𝑋𝑖) = 𝑚𝑖𝑛  𝑌(𝑋𝑖 ≥ 𝑋𝑘) for 𝐾 = 1, 2, … , 𝑛; 𝐾 ≠ 𝑖. 1 

The weight vector of each element could be calculated using Eq. 10: 2 

𝑊′ = (𝑑′ (𝑋1), 𝑑′ (𝑋2), 𝑑′ (𝑋𝑒), 𝑑′ (𝑋𝑛))
𝑋

(10) 3 

where 𝑋𝑖(𝑖 = 1, 2, … , 𝑛) consists of n distinct elements. 4 

Step 4. The priority weight criteria could be determined using Eq. 11 by normalizing the weight 5 

vector and converting the results into a non-fuzzy number: 6 

𝑊 = (𝑑(𝑋1), 𝑑(𝑋2), 𝑑(𝑋3), … , 𝑑(𝑋𝑛))
𝑋

(11) 7 

The value of W shows a non-Fuzzy number. 8 

Step 5. Checking the consistency ratio:  9 

It is necessary to evaluate the consistency of the pairwise comparison matrices (Mohandes et al., 10 

2022). In this study, the graded mean integration ratio was used to check the consistency of the 11 

results obtained as follows:  12 

𝑄𝑐𝑟𝑖𝑠𝑝 =
(4𝑚 + 𝑙 + 𝑟)

6
(12) 13 

After the preceding calculations are performed, the following equations are used to determine the 14 

Consistency Index values (CI) and Consistency Ratio (CR), respectively: 15 

𝐶𝐼 =
𝜆𝑚𝑎𝑥 − 𝑛

𝑛 − 1
(13) 16 

𝐶𝑅 =
𝐶𝐼

𝑅𝐼
(14) 17 

where 𝜆𝑚𝑎𝑥 is the maximum eigenvalue, n is the size of the pairwise comparison, and RI could be 18 

determined using the predefined tables. The comparison matrices are consistent if the value of CR 19 

is greater than 0.1; otherwise, the consistency ratio should be re-evaluated until an acceptable deal 20 

is achieved. 21 

3.1.5 Designing the questionnaire: the complementary step 22 

3.1.5.1. Checking the reliability, face validity, and content validity of the questionnaire 23 
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Next, a close-ended survey questionnaire containing a Likert scale ranging from 1 (Novice) to 5 1 

(Expert) for the first two sections and from 1 (Very Low) to 5 (Very High) for the third section was 2 

designed and developed based on interviews with experts and a literature review (see Appendix 3 

A). 4 

The reliability or internal consistency of the questionnaire was verified using Cronbach's alpha (α) 5 

(Blunch, 2012), calculated based on Eq. (15). 6 

 𝛢 =
𝑘

𝑘 − 1
(1 −

∑ 𝜎𝑖
2𝑘

𝑖=1

𝜎𝑋
2 ) (15) 13 

where k is the number of items, 𝜎𝑖
2 is the variance of the ith item, and 𝜎𝑋

2 is the variance of the total 7 

score formed by summing all the items. Notably, Α ranges from 0 (unreliable) to 1 (reliable). If the 8 

items that make up the score have such a perfect correlation, then α = 1. However, the reverse is 9 

true when they are independent, in which α = 0. Therefore, it is evident that the reliability of the 10 

generated scale is positively correlated with the score. In the present study, α was 83%, much higher 11 

than the threshold value of 70%. 12 

Moreover, the questionnaire's face and content validity were confirmed both qualitatively and 14 

quantitatively by 20 experts using the approach suggested by Hosseini et al. (2018). The quantitative 15 

value of face validity indicated that all the items in the questionnaire had an impact score of more 16 

than 1.5. The content validity of the items (selected IPSs for use in the questionnaire) in the 17 

quantitative analysis was also measured and validated based on the Content Validity Ratio (CVR) 18 

(Spoto et al., 2023), calculated using Eq. (16): 19 

𝐶𝑉𝑅 =
𝑛𝑒−(

𝑁

2
)

𝑁

2

(16)20 

where 𝑛𝑒 is the number of experts indicating "essential," and N is the total number of experts. The 21 

final evaluation to retain the items based on the CVR depends on the number of experts. Since the 22 

number of experts was 20, the minimum CVR could not be less than 0.42—all the items met this 23 

condition, and the CVR value was not lower than 0.53 for any item. 24 

The questionnaire was then operationalized, as is discussed next. In the first section, respondents 25 

were required to perform a self-assessment and rate their IPSs level—the exact meaning of each 26 

level is described in appendix C. The second section asked the respondents to assess another 27 
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employee with whom they communicate interpersonally, given the predetermined connections. 1 

Finally, in the third section, they were asked to rate the CQ with the employee in question. Using 2 

this approach, the data necessary for developing the machine learning model were gathered. 3 

3.1.6 Sampling and data collection 4 

A list of certified construction companies working in Iran was downloaded from the licensed 5 

contractors' data bank. Generally, the sample sizes were large. However, this difficulty is inherent 6 

when a host of samples is gathered. Cochran's sample size formula (Eq. 7) reduces the sample size 7 

and logically allows the representative statistical population to be determined. The precision was 8 

±5%, the confidence level was 95%, q was 0.5, and Z was 1.96 (Z2 = 3.8461) for the first 9 

recommended sample which consisted of 240 construction firms in Tehran (the capital of Iran). 10 

Seventy-five companies were ultimately used to conduct the survey. Blank survey questionnaires 11 

were distributed by mail or in person to 230 senior employees. The details, including the 12 

respondents' occupation, major concentration, educational qualification, working party, work 13 

experience, and gender, are tabulated in Table 2. The data were collected over five months, and, in 14 

total, 185 correctly completed questionnaires (166 by men and 19 by women) were retrieved, with 15 

an 80% response rate. The Population size is calculated using Eq. 17: 16 

𝑛 =

𝑍2𝑝𝑞
𝑒2

1 +
1
𝑁
(
𝑍2𝑝𝑞
𝑒2

− 1)
(17) 20 

where N is the population size, e is the desired level of precision, z is the selected critical value of 17 

the desired confidence level, p is the estimated proportion of an attribute present in the population, 18 

and q = 1 – p. Given that the value of p is unknown, the value of 0.5 usually is used. 19 

Table 2. Demographic profile of questionnaire respondents 21 

Characteristic Category Percentage (%) 

Occupational position Technical Office 12 % 

Sub-Contractors 15 % 

Contractor Project Manager 9 % 

Supervision Consultancy Team 7 % 

Consultant Project Manager 7 % 

Industrial Engineer 11 % 

Site Manager 24 % 

Design Team Members 11 % 

Client Project Manager 4 % 

Major concentration Civil Engineering 52 % 

Construction Engineering and Management 20 % 

Architectural Engineering 11 % 
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Industrial Engineering 8 % 

Structural Engineering 9 % 

Educational background B.Sc. 72 % 

M.Sc. 15 % 

Ph.D. 13 % 

Work experience 5 to 10 19 % 

11 to 15 33 % 

16 to 20 22 % 

21 to 30 26 % 

Gender Female 8 % 

Male 92 % 

Prefer not to Answer 0 % 

Working party Contractor 71 % 

Consultant 25 % 

Client 4 % 

 1 

3.1.7 Data pre-processing: data encoding and formatting 2 

Generally, data fall into three categories: structured, semi-structured, and unstructured. Structured 3 

data, contrary to the other two, are represented in matrix form with rows and columns. The collected 4 

data of this study were structured and contained ordinal variables with a finite number of classes 5 

or categories. However, this is not the appropriate category of data for machine learning algorithms. 6 

Instead, they need data in numerical form. As such, each category was assigned an integer value 7 

between 1 to 5. Thus, "Expert" was encoded as 5, "Journeyman" as 4, etc. In addition, ordinal 8 

encoding was used to encode target labels (last column) representing the CQ. Ordinal encoding 9 

assigns a sequence of numerical values between 0 and the number of classes minus one (𝑛𝑐𝑙𝑎𝑠𝑠 −10 

1), per the order of data. As such, "Very High" was encoded as 4, "High" as 3, and so forth (see 11 

Table 3). Ordinal encoding was performed using the Scikit-learn library in PYTHON. 12 

It is noteworthy that the dataset consists of 5616 numerical values, 624 rows and nine columns 13 

(eight features and one target). Appendix B includes a table containing some of the data used in 14 

this paper. 15 

Table 3. The selection approach for encoding numerical values in the present study 16 

Proficiency 

 Level 

Equivalent 

 Value 

Communication 

 Quality 

Ordinal Encoded 

 Value 

Expert 5 Very high 4 

Journeyman 4 High 3 

Apprentice 3 Medium 2 

Initiate 2 Low 1 
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Novice 1 Very low 0 

 1 

The survey data were then cleaned. This task dealt with missing values (NaN entries). PYTHON 2 

data manipulation library was used for this purpose (Wu, 2013). Furthermore, classes of CQ were 3 

formatted using one-hot encoding to develop the intended model that predicts the probability of an 4 

instance that belongs to each of the five classes.  5 

3.2 Step 2: XGB model establishment 6 

In this study, the XGB algorithm was chosen to forecast the quality of IC for two principal reasons. 7 

First, XGB is one of the most well-known boosting tree algorithms for gradient boosting machines 8 

(GBM). It is frequently employed in the field since it performs well in problem-solving tasks, and 9 

the minimal requirement for feature engineering is high (Möller et al., 2016, Tamayo et al., 2016, Dong 10 

et al., 2020). Second, compared to deep learning algorithms, XGB is better suited to small datasets 11 

running on a CPU (Dong et al., 2020). Considering the database size in this study (624 instances), 12 

the XGB algorithm may be more appropriate than deep learning approaches. XGB is an open-13 

source library that provides a boosting algorithm in Python and other languages such as C++ and 14 

Java. 15 

3.2.1 Classification model 16 

The classification model in Figure 3 depicts how the dataset was interrogated in the model. The 17 

dataset includes testing and training data. Both sets were consolidated into one data file. Python 18 

was used to combine the data and XGB and Anaconda, which was an in-built package. The dataset 19 

was opened using Python based on various parameters pertinent to XGB used to run the dataset.  20 
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 1 

Figure 3. Classification model 2 

As previously indicated, the data were labeled, and the predictive model was used to learn the 3 

relationships between the training inputs and targets; hence, the task involved supervised learning. 4 

The problem is also s multi-class classification given that the IPSs were rated on a five-point scale 5 

and were single-label since each data point should be classified into one category. Thus, 6 

respondents were only allowed to choose the extent to which they were proficient in specific IPSs; 7 

therefore, the problem is a single-label, multi-class classification. As new data was received, it was 8 

mapped onto the already-established functions, which in turn, improved the algorithm, and is the 9 

core of machine learning (Talukder et al., 2023). 10 

3.2.2 Boosting 11 

Boosting is a machine-learning algorithm that reduces dataset bias and variance. It allows weak 12 

learners to become more robust. Algorithms achieve this outcome in a process called "boosting" 13 

(Dhaliwal et al., 2018). In XGB, trees are optimized with gradient boosting (Friedman, 2001, 14 

Linardatos et al., 2020). Let the output of a tree be: 15 

𝑓(𝑥) = 𝑤𝑞(𝑥𝑖) (18) 16 
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where x is the input vector and 𝑤𝑞 is the score of the corresponding leaf q. The output of an 1 

ensemble of K trees includes: 2 

𝑦𝑖 =∑𝑓𝑘(𝑥𝑖)

𝐾

𝑘=1

(19) 3 

The XGB algorithm seeks to minimize the following objective function J at step t: 4 

𝐽(𝑡) =∑𝐿(𝑦𝑖 , 𝑦̂𝑖
𝑡−1 + 𝑓𝑡(𝑥𝑖))

𝑛

𝑖=1

+∑𝛺(𝑓𝑖)

𝑡

𝑖=1

(20) 5 

where the first term encompasses the train loss function L (e.g., mean squared error) between real 6 

class y and output 𝑦̂ for the n samples, and the second term is the regularization term, which 7 

controls the complexity of the model and aids in avoiding overfitting. In XGB, the complexity can 8 

be defined as: 9 

𝛺(𝑓) = 𝛶𝑇 +
1

2
𝜆∑𝑤𝑗

2

𝑇

𝑗=1

(21) 10 

where T refers to the number of leaves, γ is the pseudo-regularization hyperparameter, depending 11 

on each dataset, and λ to the L2 norm for leaf weights. 12 

Applying gradients for second-order approximation of the loss function and finding the optimal 13 

weights w, the optimal value of the objective function is: 14 

𝐽(𝑡) = −
1

2
∑

(∑ 𝑔𝑖𝑖∈𝐼 )2

∑ ℎ𝑖𝑖∈𝐼 + 𝜆

𝑇

𝑗=1

+ 𝛾𝑇 (22) 15 

where 𝑔𝑖 = 𝜕𝑦̂𝑡−1𝐿(𝑦, 𝑦̂
𝑡−1)and ℎ𝑖 = 𝜕𝑦̂𝑡−1

2 𝐿(𝑦, 𝑦̂𝑡−1)are the gradient statistics of the loss function, 16 

and I is the set of leaves.  17 

3.2.3. XGB parameters and evaluation 18 

XGB has many hyper-parameters, which can be used to perform specific tasks. The tuned hyper-19 

parameters are listed in Table 4. A corresponding model is generated given the pre-processed 20 

training set after setting the (initial) values for the hyper-parameters to train the XGB algorithm. 21 

During this, the K-fold cross-validation method is used to refine the training performance by 22 
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randomly splitting the training set into k distinct subsets, called folds. Next, it trains and evaluates 1 

the established XGB model k times, picking one of the folds for evaluation every time and training 2 

on the other (k − 1) folds. The readers are referred to the following reference (Dhaliwal et al., 2018) 3 

for a more thorough review of the hyper-parameters used in this study. 4 

Table 4. Set values of the tree booster hyperparameters for the XGB model. 5 

Hyperparameters Values 

Max_depth 3 

Learning_rate 0.3 

N_estimators 100 

N_splits 10 

Objective Multi: Softprop 

Random_state 7 

Booster Gbtree 

Reg_alpha 10 

Num_class 5 

 6 

The correctness of classification can be evaluated by computing the number of correctly recognized 7 

class examples (True Positives), the number of correctly identified examples that do not belong to 8 

the class (True Negatives), and examples that were incorrectly assigned to the class (False 9 

positives) or that were not recognized as class examples (False negatives). According to the 10 

confusion matrix values, the most often used measures for a multi-class setting are Accuracy (Zhu 11 

et al., 2010), Recall (Sokolova and Lapalme, 2009), and Precision (Sokolova and Lapalme, 2009), as 12 

was the case for XGB. Thus, classification accuracy is the proportion of correct predictions. 13 

Classification accuracy is generally converted into a percentage, where 100% is a perfect classifier, 14 

and an accuracy of 0% is a perfectly wrong classifier. The Recall is the proportion of the true class 15 

predictions that are correctly predicted over the number of true predictions. This is also known as 16 

the True Positive Rate or Sensitivity. A Recall of 1 is a perfect Recall, while 0 is a "bad" Recall. 17 

Precision is the proportion of a class predicted to be in a given class and is actually in that class. 18 

These metrics were calculated using the following equations: 19 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑁 + 𝑇𝑃

𝑇𝑁 + 𝑇𝑃 + 𝐹𝑁 + 𝐹𝑃
(23) 20 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑀 =
∑

𝑇𝑃𝑖
𝑇𝑃𝑖 + 𝐹𝑃𝑖

𝑙
𝑖=1

𝑙
(24)

 21 
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𝑅𝑒𝑐𝑎𝑙𝑙𝑀 =
∑

𝑇𝑃𝑖
𝑇𝑃𝑖 + 𝐹𝑁𝑖

𝑙
𝑖=1

𝑙
(25)

 1 

Where for an individual class 𝐶𝑖: 𝑇𝑃𝑖 are True Positive for 𝐶𝑖, and 𝐹𝑃𝑖 – False Positive, 𝐹𝑁𝑖– False 2 

Negative, and 𝑇𝑁𝑖  – are True Negative counts. 𝑙 and 𝑀 also represent the number of classes and 3 

macro-averaging (the average of the same measures calculated for 𝐶1, … , 𝐶𝑖) showing the quality 4 

of overall classification, respectively. 5 

3.3 Step 3: XGB conducted in real context 6 

The trained XGB was evaluated using three real illustrative cases to evaluate its predictions (Figure 7 

2). One case (illustrative example I) was an airport development project, and the other two 8 

(illustrative example I and II) were both the construction of residential buildings. They were 9 

selected for two primary reasons. Firstly, the contractors and consultants had a good reputation and 10 

extensive history in the field and were successful in various construction projects. According to  11 

Iran’s classification of contractors, their firms were also classified in the top-rank organizations. 12 

The second reason is because of their employees' interest in this research, their commitment, and 13 

the cooperation of clients in providing access to the research-related data. Appendix D provides 14 

the detailed introductory information in each instance. 15 

In each case, an expert with the most connections related to project personnel was tasked with 16 

validating the predictions of XGB based on what occurred between construction workers over time. 17 

To better capture the XGB's performance, evaluated workers accounted for a selection of team 18 

members from various departments and levels. The experts indicated whether a relationship 19 

exhibited interpersonal problems or mistreatment behaviors, contrary to the accepted norm of the 20 

workplace. This step of the study was carried out in 2020 over eight months, from predicting 183 21 

qualities to finalizing the experts' evaluation. 22 

4. RESULTS 23 

This section explains the results obtained from each step of the method. The first two sections 24 

outline the minor findings, which pave the way for preparing, training, and implementing the 25 

predictive model. 26 
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4.1 Interpersonal skills ranking 1 

All the IPSs are significant to a degree; however, considering all of them in the questionnaire was 2 

unreasonable. This could have caused the responding process to be unnecessarily time-consuming, 3 

resulting in a sub-optimal completion of the questionnaire by the experts. Having identified the 4 

relative importance of each skill using F-AHP, the authors narrowed down the skills pool to four—5 

based on the judgment and timeframe, the number of skills that require the shortest time to assess 6 

while maintaining the maximum accuracy of the responses was considered to be 4. They include 7 

leadership style, listening, team building, and clarifying expectations (Figure 4). The selected skills 8 

were considered in the questionnaire, and respondents were tasked to individually determine the 9 

extent to which they possessed these skills. In addition, the definition or explanation of each skill 10 

was presented to the respondents to better understand the assessed items. Notably, the prioritization 11 

consistency ratio was less than 10%, indicating that the given matrix was sufficiently consistent. 12 

 13 

Figure 4. F-AHP output demonstrates the significance of IPSs based on experts' judgment. 14 

4.2 Communication structure typical of construction projects 15 

Error! Reference source not found. shows the ubiquitous Interrelated relationships among the c16 

onstruction stakeholders, consisting of 10 major roles and 23 connections. All the experts were 17 

unanimous on the ubiquitous of this formal communication network. As tabulated, the site manager 18 

and supervision team had the most links with other members. The tabulated connections played an 19 

essential role in the questionnaire. As indicated, in the first two sections of the questionnaire, 20 

respondents were requested to perform a self-assessment regarding the given four IPSs and to 21 
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assess other employees with whom they communicated regarding the predetermined connections 1 

shown in Table 5.  2 

Table 5. Interrelated relationships among the construction stakeholders 3 
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Client Project Manager - - - - - * * * - - 

Site Engineer - - - - - - * - * * 

Design Team - - - - - * * - - * 

Site Manager - * - - * * * * * * 

HSE - * - * - - - - * - 

Consultant Project Manager * - * * - - * * - - 

Supervision Team * * * * - * - * - * 

Contractor * - - * - * * - - - 

Sub-Contractor - * - * * - - - - - 

Technical Office - * * * - - * - - - 

Note: * denotes the relationships between the stakeholders 4 

4.3 Accuracy, Recall, and Precision  5 

All the preliminary steps were performed to train the machine learning algorithm and to save the 6 

metrics by which XGB was evaluated, including Accuracy, Recall, and Precision calculations. The 7 

accuracy calculated using XGB was 82% (0.82659574), higher than the conventional threshold 8 

value of 75%. The Recall was 79% (0.79089015). The Precision of the model was 78% (0. 9 

78555023), indicating that was correct just over 80% of the time. The best results for XGB were 10 

achieved for Accuracy, followed by Recall and Precision. Accuracy, Precision, and Recall were 11 

also tested as K fractions, the number of splits in tree formations. As the number of splits increased, 12 

there was a corresponding decrease in the values since splits allow the model to better learn about 13 

the datasets. 14 

4.4. Validating the results obtained from the method implementation 15 

In the final step, the trained algorithm was applied in a real context to evaluate its predictive 16 

capabilities. In total, it predicted 183 communication qualities. As Table 5 reveals that the site 17 

manager and supervision consultancy team shared the most connections with other project 18 
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members. They were asked to comment on any exhibited interpersonal problems or conflicts of 1 

interests. 2 

Among the predictions, fifty-five were rated as "Very High" or "High" quality. Among them, 48 3 

had no signs of mistreatment or interpersonal problems such as unwillingness to cooperate, tension, 4 

or IC issues. Seven experienced interpersonal conflicts or other types of interpersonal issues at 5 

some level. Eighty-nine qualities were predicted as "Medium." A total of 67 relationships did not 6 

exhibit conflicts of any kind, but 22 exhibited this issue. Among the rest, 39 relationships were 7 

predicted as "Low" or "Very Low," 12 had no conflicts, but 27 had struggled with interpersonal 8 

problems of high intensity, such as rudeness or yelling. If those predicted as "Medium" were not 9 

expected to demonstrate interpersonal problems, the developed XGB was correct in predicting 142 10 

IC qualities, meaning that it was accurate in nearly 78% of the cases. 11 

5. DISCUSSION 12 

5.1. Benchmarking against previous studies 13 

The outputs of F-AHP reveal that leadership style, listening, team building, and clarifying 14 

expectations are the most important skills. Leadership style is crucial to construction experts 15 

because it directly and significantly affects productivity, efficiency, and performance of not only 16 

themselves but also their team members (Matin et al., 2010, Nogueira, 2022). Listening is considered 17 

to be one of the four most important communication skills, which aligns with the finding by (Matin 18 

et al., 2010, Abbas et al., 2019). Effective communication cannot occur without proper team-building 19 

(Hassan et al., 2022), which is consistent with the results of (Pollack and Matous, 2019). This is why 20 

this skill ranked third in importance compared to the others. Clarifying expectations skill is among 21 

the most important owing to its critical role in addressing ambiguity (Matin et al., 2010, Nogueira, 22 

2022) and enhancing site safety (Mohammadi et al., 2018, Aldossary and Bubshait, 2022). 23 

This study presents several useful insights. First, the network of relationships Table 5 presented in 24 

this report highlighted the prevailing communication style used in construction projects (Gamil and 25 

Abd Rahman, 2021). It showed that there are significant differences between cultures that prioritize 26 

individualism (the United States and English-speaking countries) compared to collectivistic 27 

cultures (Asian countries), as well as between low-context (LC) and high-context (HC) 28 

communication cultures. Therefore, the results obtained for the network align with that of 29 
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(Balakrishnan, 2022) in that LC and HC communications are ubiquitous in individualistic and 1 

collectivistic cultures. However, the findings contradict the findings of Hosseini et al. (2018), who 2 

argued that national culture has no bearing on the effectiveness of construction project teams or 3 

how team members collaborate.  4 

The CQ indicators is shown in Table. 1 dominates the literature. Noticeably absent are IPSs, despite 5 

their recognized importance. This study augments this deficiency by proposing the developed 6 

XGB, which predicts and quantifies the relationship between IPSs indicators and the CQ, while 7 

also considering the effects of concurrent or co-existed indicators that may positively or negatively 8 

impact each other. Such considerations were achieved by using a developed machine-learning 9 

algorithm.  10 

This study can also lay the foundation for use in Social Network Analysis (SNA) when 11 

investigating networks of communication as weighted networks. This is significant as construction 12 

projects are now regarded as network-based organizations (Castillo et al., 2023). After forecasting 13 

the quality of IC via XGB, the links between workers will carry different weights. Such weightings 14 

distinguish links from points of resistance, intensity, or capacity. The weight of links can make a 15 

significant difference when using dependent network metrics, such as the most direct path between 16 

workers. Although other studies have also analyzed communication networks, they used weights 17 

derived from other indicators (Pryke et al., 2018, Trach and Bushuyev, 2020) or relied on the total 18 

number of links sent by one participant to another (Jafari et al., 2020). To date, none of these studies 19 

have considered weights based on IPSs. It is this insight that adds to the significance of this study. 20 

5.2. Practical implications 21 

In terms of practical implications, (Mignone et al., 2016, Mani et al., 2022) showed that most leaders 22 

intervene immediately once disagreements and differences of opinions result in interpersonal 23 

conflict. Leaders, however, are expected to predict such issues and intervene as early as possible 24 

to avoid a loss of productivity. The developed XGB, with its predictive nature, provides a solution. 25 

Firstly, it evaluates the CQ, given different levels of CQ, which is consistent with the work by 26 

Pryke et al. (2018). The investigator of this study examined the CQ using three levels (low, medium, 27 

and high). Secondly, it was based on IPSs and made predictions accordingly. This lays the 28 

foundation for leaders to intervene, hopefully, before IC conflicts arise. This substantiates the claim  29 

(Ayodele et al., 2020) that early identification of interpersonal conflicts is one of two key ways of 30 
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cultivating an efficient and amicable workplace. Moreover, the developed XGB is novel in terms 1 

of shifting the discourse around CQ from an approach based on conflict resolution to a predictive 2 

one that helps management to anticipate conflicts in projects in advance, which is consistent with 3 

the argument about predictive modeling proposed by Omar et al. (2019).  4 

Job-site productivity is affected by many factors, including the IPSs of workers (Gamil and Abd 5 

Rahman, 2023). CQP shows how workers can relate to their peers effectively and productively. 6 

Understanding these abilities of workers is essential given that lower-skilled workers will reduce 7 

efficiency and productivity owing to the increase in the frequency of required communication, 8 

training, and cooperation (Guide, 2001, Karamoozian et al., 2019). 9 

6. CONCLUSION 10 

While the impact of IPSs on CQ is generally appreciated, no research has attempted to develop a 11 

machine-learning-based approach to predict the CQ given such skills. To fill this gap, this study 12 

aims at predicting the CQ of construction workforces based on their inherent IPSs, using a novel 13 

hybridization of a fuzzy-based algorithm and machine-learning-based technique. According to the 14 

application of the developed AI-based framework to the selected case studies, the following 15 

contributions are noted: 16 

(1) From a theoretical perspective, the conceptual linkages between IPSs and CQ are uncovered. 17 

(2) From a practical perspective, an accurate prediction of workers' CQ are achieved. It is observed 18 

that the selected skills with the highest importance, together with their weights, are Leadership 19 

Style (0.114), Listening (0.109), Team Building (0.096), and Clarifying Expectations (0.091).   20 

Project managers may utilize the proposed method to assess the quality of IC between project 21 

participants. This research contributes to the field by postulating an innovative way to draw more 22 

precisely from the predictive models. Practitioners may press this method into service to obtain 23 

further insight into their projects' quality of IC. The method may also warn managers of looming 24 

interpersonal conflicts. Furthermore, social network analysts in the project management domain 25 

can now model the IC networks as a weighted graph and calculate those weights-of-links dependent 26 

metrics. Such a prediction advances workers' understanding of the quality of their communication 27 

and forewarns them about potential interpersonal conflicts before they escalate. Future research 28 
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may as well be directed towards testing and using the rest of the predictive models and making 1 

real-time predictions possible using cyber-physical systems. 2 
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Appendix A: The designed questionniare used for gathering the required data 2 
 3 

 4 
Figure 5. Questionnaire used for gathering the data needed to train the predictive algorithm 5 

 6 
Appendix B: A bunch of data collected through the designed questionnaire 7 
Table 6. A bunch of data collected through the designed questionnaire 8 

Self-assessment Other Colleagues Assessment 
Communication 

Quality 
Leadership 

Style 
Listening 

Team 

Building 

Clarifying 

Expectations 

Leadership 

Style 
Listening 

Team 

Building 

Clarifying 

Expectations 

4 3 4 3 3 4 4 4 3 

5 5 5 5 4 4 5 4 3 

3 4 4 4 4 3 2 2 1 

3 5 4 3 2 3 2 3 1 

4 5 5 5 3 4 4 4 3 

4 5 4 5 3 3 3 3 3 

4 4 5 5 5 3 3 4 4 

3 4 3 4 3 4 3 3 3 

3 2 3 2 3 2 2 2 1 

4 4 3 3 2 2 2 3 1 

4 4 5 5 3 4 3 3 3 

4 4 3 3 4 3 3 4 3 

4 3 4 4 3 3 3 3 2 

4 5 5 4 4 4 4 4 4 

4 5 3 3 3 4 3 3 4 

3 4 3 4 4 4 3 3 2 

4 5 4 4 4 2 4 3 3 

4 3 4 4 4 3 3 4 3 

4 4 4 5 3 2 2 1 0 

4 5 5 4 2 2 2 3 2 

 9 

Appendix C: The proficiency scale used in the survey 10 

Table 7. The proficiency scale used in the survey (Hoffman, 1998, Ritchie et al., 2020) 11 

Proficiency level Definition 

Expert The distinguished or brilliant journeyman, highly regarded by colleagues, whose judgments are 

remarkably accurate and reliable, whose performance indicates consummate skill, and who can deal 

optimally with certain kinds of rare or "tough" cases. Also, an expert is one who has marked skills 

or knowledge derived from comprehensive experience with subdomains. 
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Journeyman Literally, a person who can perform a day's labor with no supervision, while following orders. A 

well-experienced and reliable worker, or one who has a level of competence. For all high levels of 

motivation, it is possible to remain at this proficiency level for life. 

 

Apprentice Literally, one who is learning. Traditionally, the apprentice is immersed in the domain by assisting 

someone at a higher level. The length of an apprenticeship hinges upon the domain, ranging from 

one to 12 years. 

 

Initiate Literally, a novice who has begun introductory instruction. 

 

Novice Literally, a probationary person. There has been some minimal exposure to the domain. 

 1 

Appendix D: Details of each construction case study 2 

Table 8. Details of each case study 3 

Projects 

Number of 

project 

participants 

Number of 

communication

-quality 

predicted 

Observation 

hours per day 

(hrs/day) 

Size 
Type of 

contract 
Sector Description 

Illustrative 

example I 
32 53 

Approximately 

5-10 hrs/day 

Large-

sized 

licensed 

Design-bid-

build 
Building 

Airport development 

project 

 

Illustrative 

example II 
41 66 

Approximately 

3-12 hrs/day 

Large-

sized 

licensed 

Design-bid-

build 
Building 

Construction of residential 

buildings 

 

Illustrative 

example III 
23 64 

Approximately 

3-15 hrs/day 

Large-

sized 

licensed 

Design-bid-

build 
Building 

Construction of residential 

buildings 

 4 


