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Abstract 

The construction industry is dynamic and complex that demands continuous quality, productivity, 

and performance improvement; making it challenging to achieve organizational success, superior 

performance, and competitive advantage. Organizational competencies have a significant 

influence on performance; hence, it is vital that construction organizations assess and enhance their 

competencies in order to improve performance. In addition, relating organizational competencies 

to performance is essential to identify target areas leading to improved performance. Furthermore, 

the variables that characterize organizational competencies and performance are both quantitative 

and qualitative in nature, and thus require measurement methods and modeling techniques such as 

artificial intelligence (AI) that can handle both variable types. However, stand-alone AI techniques 

have limitations for handling complex real-world problems. For instance, fuzzy systems are strong 

in reasoning and inference and explicit knowledge representation while weak in learning 

capabilities. On the other hand, artificial neural networks (ANNs) have powerful learning ability 

while poor in reasoning and inference. Thus, hybrid modeling approaches that combine two or 

more AI methods such as neuro-fuzzy systems (NFS), that combine the learning power of ANNs 

and functionality of fuzzy systems (i.e., improving reasoning and inference and explicit knowledge 

representation), are viable options used for modeling and solving practical real-world problems 

such as predicting performance. 

NFS models have proven to be very effective for a wide range of real-world applications in 

construction owing to their robust, fast, and effective characteristics for solving complex problems. 

However, the application of different types of NFS models have some limitations such as (1) 

handling multiple outputs that are common in real-world construction processes and practices, and 
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(2) suffering from local minima and poor generalization that may lead to provide less accurate 

results and/or inadequate explanations for problems. Therefore, a hybrid NFS that combines 

evolutionary optimization technique i.e., genetic algorithm (GA) and multi-output adaptive neuro-

fuzzy inference systems (MANFIS) is developed in this research to analyze multiple inputs and 

multi-outputs, that relate organizational competencies to performance, and predict multiple 

organizational performance metrics. 

A systematic review and detailed content analysis of selected articles was conducted to identify, 

categorize, and rank organizational competencies affecting organizational performance. The 

categorization of competency and performance metrics, verified by the focus group, provides 

organizations with a systematic method to evaluate their competencies and improve their 

performance. The list of organizational competencies and performance metrics were piloted tested 

with a construction company prior to the data collection to ensure construct validity and the 

reliability of evaluation and measurement techniques used for data collection. 

This research provides both researchers and construction industry practitioners a hybrid NFS 

modeling approach to analyze multiple organizational competencies as model inputs, relate them 

to performance, and predicting organizational performance. The hybrid NFS model enables to 

identify potential competencies for performance improvement, which provide organizations as 

well as construction practitioners with insight into targeted areas for future investment and 

expansion strategies in order to improve organizational performance, which further helps them to 

make the best decisions. Additionally, the hybrid NFS model has a great advantage since it can 

predict multiple organizational performance metrics simultaneously rather than developing 

independent models for each output. 



iv 

   

Preface 

This thesis is an original work by Getaneh Gezahegne Tiruneh. The research project, on which this 

dissertation is based on, received research ethics approval from the University of Alberta Research 

Ethics Board, Project Name “Fuzzy Hybrid Techniques for Competency Modeling for 

Construction Organizations and Projects”, Study ID: Pro00068907, approved on November 04, 

2016. This research was funded by the Natural Sciences and Engineering Research Council of 

Canada Industrial Research Chair in Strategic Construction Modeling and Delivery (NSERC 

IRCPJ 428226–15), which is held by Dr. Aminah Robinson Fayek. 

Parts of Chapter 2 of this thesis have been published in Automation in Construction: Tiruneh, G. 

G., A. R. Fayek, and S. Vuppuluri. 2020. “Neuro-fuzzy systems in construction engineering and 

management research.” Autom. Constr., 119: 103348. 

https://doi.org/10.1016/j.autcon.2020.103348. Chapter 3 and parts of Chapter 2 of this thesis has 

been accepted for publication on May 26, 2020, and Published on the web on May 29, 2020, in the 

Canadian Journal of Civil Engineering: Tiruneh, G. G. and A. R. Fayek. 2020. “Competency and 

performance measures for organizations in the construction industry.” Can. J. Civ. Eng., 50 

manuscript pages, https://doi.org/10.1139/cjce-2019-0769. Chapters 5 and Chapter 6 and parts of 

Chapter 2 of this thesis have been submitted for publication in Journal of Computing in Civil 

Engineering: Tiruneh, G. G. and A. R. Fayek. 2021. Hybrid GA-MANFIS model for 

organizational competencies and performance in construction. J. Comput. Civ. Eng., 43 manuscript 

pages, submitted Jan. 15, 2021. I was responsible for the data collection and analysis, as well as 

the composition of the three manuscripts. Dr. Aminah Robinson Fayek was the supervisory author 

and was involved with concept formation and composition of each of the three manuscripts. 

https://doi.org/10.1016/j.autcon.2020.103348
https://doi.org/10.1139/cjce-2019-0769


v 

   

Dedication 

 

 

 

To my beloved wife, Kokeb Tamirat Assefa. 

Without your love, support, and patience, I would not be able to get to this stage. 

 

 

To my son, Nolawi Getaneh Gezahegne. 

I took your precious time to make this happen. 

 

 

To my parents, Fantanesh Tibebu Mengesha and Gezahegne Tiruneh Belay. 

You laid the foundation and discipline needed to complete this research work. 

 

 

 



vi 

   

Acknowledgements 

I owe my special thanks to the almighty God for blessings with good gifts, great family, and giving 

me strength to complete this study. I would like to take this opportunity to acknowledge my 

supervisor, Dr. Aminah Robinson Fayek, for her guidance, encouragement, and support. I have 

benefited from her knowledge, technical expertise, and hard work culture which has been inspiring 

during my research. I want to extend my thanks to my doctoral committee: Dr. Ming Lu, and Dr. 

Yasser Mohamed for their contribution, valuable comments, and advice in the course of this 

research.  

I would like to express my appreciation to the company and to all experts who participated in this 

study (during the focus group and data collection) for their cooperation, time, and the valuable 

information they provided; without which it would have been not only difficult but impossible to 

complete this work. 

I want to particularly commend Dr. Nasir Siraj and Dr. Abraham Tsehayae for their perspectives 

on some problems during the fruitful discussions we held which helped me refine my work at 

various stages of the research. In addition, I want to mention fellow researchers at the Hole School 

of Construction Engineering at University of Alberta: Dr. Mohammad Raoufi, Dr. Nima Gerami 

Seresht, Dr. Sumati Vuppuluri, Sahand Somi, Nebiyu Kedir, and Yisshak Gebretekle for their help 

during my studies. I would like to thank my colleagues Renata Brunner Jass, Sarah Miller, and 

Cassandra Ommerli for their works on editing my research papers. 

I want to mention colleagues and friends: Dr. Ronald Ekyalimpa, Birhane Genet, Tadesse Alene, 

Yalemzewd Kassaye, Ayalew Kebede, Dr. Wendimagegn Ghidey, Ermias Atinafu, Dr. Tadesse 

Ayalew, Geremew Tarekegn, Kesete Hailu, Martha Zeleke, Worku Mengesha, Selam Yazew, 



vii 

   

Kassa Tarekegn, Yonas Halala, Dr. Haile Meskel Takele, Dr. Henock Asfaw, Eyerusalem Tessera 

Beniyam Tefera, Mesfin Fanta, Sisay Moltotal, Alem Amare, Habtamu Belachew, and Fasil 

Tebeje for their continuous encouragement.  

My special thanks go to my mother, Fantanesh Tibebu, and my father, Gezahegne Tiruneh, for 

their love and support. You raised me to be self-confident and not to give up whatsoever under 

difficult situations. Your love, support and encouragement laid the foundation and discipline 

needed to pursue excellence and complete this PhD. I want to mention my siblings – Mulunesh, 

Mequanint, Melissew, Yeshiwond, Elshaday, Yibeltal, Mulat, Aderajew, Tadilo, Teshome, 

Zemene, Amlake, and Nardos Gezahegne. I would like to express my deepest gratitude to my 

mother- and father-in-law, Nereaya Mehari and Tamirat Assefa for their continuous support and 

encouragement. In addition, I would like to thank my close family members, Degarege Belay, 

Tiruaynet Abebe, Enguday Tiruneh, Emawayish Abebe, Abebu Alebachew, Kahsay Mezgebu, 

Yohannes Solomon, Meron Tamirat, Solomon Kelkai, Elleni Haddis, Lidiya Belay, Meskerem 

Degarege, Amlake Degarege, and Selamawit Degarege for their encouragements to sustain the 

pursuit of my PhD study. 

Finally, it gives me a great pleasure to thank my beloved wife Kokeb Tamirat, my son Nolawi 

Getaneh, and my daughter expected with a great hope to join us soon. Koki, your unyielding 

support, continuous encouragements, patience, and love are my reliable resources not only during 

this research work but also in the journey of life. 

 

 

 



viii 

   

Table of Contents 

 

ABSTRACT ................................................................................................................................................................II 

PREFACE ................................................................................................................................................................. IV 

DEDICATION ............................................................................................................................................................ V 

ACKNOWLEDGEMENTS ..................................................................................................................................... VI 

TABLE OF CONTENTS ...................................................................................................................................... VIII 

LIST OF TABLES ................................................................................................................................................. XIV 

LIST OF FIGURES ................................................................................................................................................. XV 

LIST OF ABBREVIATIONS AND NOTATIONS ............................................................................................. XVI 

CHAPTER 1 INTRODUCTION ............................................................................................................................... 1 

1.1 BACKGROUND .................................................................................................................................................. 1 

1.2 PROBLEM STATEMENT ..................................................................................................................................... 3 

1.3 RESEARCH OBJECTIVES ................................................................................................................................... 7 

1.4 EXPECTED CONTRIBUTIONS ............................................................................................................................. 9 

1.4.1 Academic Contributions ........................................................................................................................ 9 

1.4.2 Industrial Contributions ....................................................................................................................... 10 

1.5 RESEARCH METHODOLOGY ........................................................................................................................... 11 

1.5.1 The First Stage ..................................................................................................................................... 12 

1.5.2 The Second Stage ................................................................................................................................ 12 

1.5.3 The Third Stage ................................................................................................................................... 13 

1.5.4 The Fourth Stage .................................................................................................................................. 13 

1.6 THESIS ORGANIZATION .................................................................................................................................. 14 

1.7 REFERENCES .................................................................................................................................................. 16 



ix 

   

CHAPTER 2 LITERATURE REVIEW ................................................................................................................. 21 

2.1 INTRODUCTION .............................................................................................................................................. 21 

2.2 ORGANIZATIONAL COMPETENCIES AND PERFORMANCE ................................................................................ 22 

2.2.1 Organizational Competency................................................................................................................. 22 

2.2.2 Organizational Performance ................................................................................................................ 25 

2.2.3 Categorization Methods for Organizational Competencies and Performance Metrics ........................ 26 

2.2.4 Relationship Between Organizational Competency and Performance ................................................. 29 

2.3 OVERVIEW OF ORGANIZATIONAL COMPETENCY AND PERFORMANCE MODELING METHODS ........................ 30 

2.4 NEURO FUZZY SYSTEMS ................................................................................................................................ 34 

2.4.1 General Background on NFS ............................................................................................................... 34 

2.4.2 Previous State of the Art Review Conducted on NFS ......................................................................... 35 

2.4.3 Application of NFS in Construction .................................................................................................... 36 

2.4.4 Application of NFS for Modeling Organizational Competency and Performance .............................. 37 

2.4.5 Integrating NFS and Evolutionary Optimization Techniques .............................................................. 38 

2.4.6 Application of Hybrid NFS in Construction ........................................................................................ 40 

2.5 MANFIS MODELING TECHNIQUES ................................................................................................................ 41 

2.6 CHAPTER SUMMARY ...................................................................................................................................... 44 

2.7 REFERENCES .................................................................................................................................................. 46 

CHAPTER 3 COMPETENCY AND PERFORMANCE MEASURES FOR ORGANIZATIONS IN THE 

CONSTRUCTION INDUSTRY: CONTENT ANALYSIS AND FOCUS GROUP STUDY .............................. 60 

3.1 INTRODUCTION .............................................................................................................................................. 60 

3.2 RESEARCH METHODOLOGY ........................................................................................................................... 61 

3.2.1 Selection of Journals and Relevant Articles ........................................................................................ 61 

3.2.2 Content Analysis .................................................................................................................................. 63 

3.2.3 Identification and Categorization of Organizational Competency and Performance Measures ........... 64 

3.2.4 Focus Group......................................................................................................................................... 70 

3.3 RESULTS AND DISCUSSION ............................................................................................................................. 75 



x 

   

3.3.1 Focus Group Survey Results ................................................................................................................ 75 

3.3.2 Focus Group Discussion Results ......................................................................................................... 83 

3.4 CHAPTER SUMMARY ...................................................................................................................................... 90 

3.5 REFERENCES .................................................................................................................................................. 92 

CHAPTER 4 COMPARATIVE ANALYSIS OF ORGANIZATIONAL COMPETENCIES AND 

PERFORMANCE INFLUENCING PERFORMANCE ........................................................................................ 97 

4.1 INTRODUCTION .............................................................................................................................................. 97 

4.2 PREVIOUS COMPARATIVE ANALYSIS STUDIES ............................................................................................... 98 

4.2.1 Comparative Analysis Studies on Respondent Perspectives ................................................................ 98 

4.2.2 Comparative Analysis in Competency Studies .................................................................................... 99 

4.3 RESEARCH METHODOLOGY ......................................................................................................................... 100 

4.3.1 Identify Organizational Competencies and Performance Metrics Through Literature Review ......... 100 

4.3.2 Verify List of Organizational Competencies and Performance Metrics Through Focus Group ........ 101 

4.3.3 Prepare Data Collection Forms .......................................................................................................... 101 

4.3.4 Determination of Sample Size ........................................................................................................... 106 

4.3.5 Collect Organizational Competencies and Performance Metrics Data .............................................. 107 

4.3.6 Data Analysis ..................................................................................................................................... 108 

4.4 FINDINGS OF ORGANIZATIONAL COMPETENCIES INFLUENCING PERFORMANCE .......................................... 116 

4.4.1 Data Reliability and Validity ............................................................................................................. 116 

4.4.2 Comparative Analysis Based on Ranking of SM and Staff Survey Results ...................................... 117 

4.4.3 Perspective Difference of Survey Respondent Groups ...................................................................... 125 

4.4.4 Relationship Between Organizational Competencies and Organizational Performance .................... 127 

4.5 DISCUSSIONS ................................................................................................................................................ 130 

4.6 CHAPTER SUMMARY .................................................................................................................................... 132 

4.7 REFERENCES ................................................................................................................................................ 135 

CHAPTER 5 HYBRID NEURO-FUZZY MODELLING METHODOLOGY ................................................. 140 



xi 

   

5.1 INTRODUCTION ............................................................................................................................................ 140 

5.2 IDENTIFY ORGANIZATIONAL COMPETENCIES AND PERFORMANCE METRICS AND COLLECT DATA .............. 140 

5.3 PREPARE ORGANIZATIONAL COMPETENCIES AND PERFORMANCE METRICS DATA ..................................... 142 

5.4 SELECT ORGANIZATIONAL COMPETENCY FEATURES ................................................................................... 142 

5.5 DEVELOPMENT HYBRID GA-MANFS MODEL ............................................................................................. 145 

5.5.1 Data Splitting ..................................................................................................................................... 145 

5.5.2 GA-MANFIS Model Training and Optimization .............................................................................. 147 

5.6 VERIFY AND VALIDATE GA-MANFIS MODEL ............................................................................................ 151 

5.7 CHAPTER SUMMARY .................................................................................................................................... 152 

5.8 REFERENCES ................................................................................................................................................ 153 

CHAPTER 6 CONSTRUCTION APPLICATION AND MODEL VALIDATION: CASE STUDY .............. 156 

6.1 INTRODUCTION ............................................................................................................................................ 156 

6.2 DATA PRE-PROCESSING ............................................................................................................................... 157 

6.2.1 Data Cleaning .................................................................................................................................... 158 

6.2.2 Data Normalization ............................................................................................................................ 158 

6.3 GA-BASED FS .............................................................................................................................................. 158 

6.3.1 FCM Parameter Optimization for GA-FS .......................................................................................... 159 

6.3.2 GA-FS to Identify Model Input Organizational Competencies ......................................................... 160 

6.4 GA-MANFIS MODEL DEVELOPMENT ......................................................................................................... 163 

6.4.1 GA-MANFIS Model Architecture ..................................................................................................... 164 

6.4.2 GA-MANFIS Model Input and Output Variables ............................................................................. 165 

6.4.3 GA-MANFIS Model Training and Optimization .............................................................................. 165 

6.4.4 GA-MANFIS Model Results ............................................................................................................. 166 

6.5 GA-MANFIS MODEL VERIFICATION AND VALIDATION ............................................................................. 169 

6.6 CHAPTER SUMMARY .................................................................................................................................... 173 

6.7 REFERENCES ................................................................................................................................................ 176 

CHAPTER 7 CONCLUSIONS AND RECOMMENDATIONS ......................................................................... 177 



xii 

   

7.1 INTRODUCTION ............................................................................................................................................ 177 

7.2 RESEARCH SUMMARY .................................................................................................................................. 177 

7.2.1 The First Stage ................................................................................................................................... 178 

7.2.2 The Second Stage .............................................................................................................................. 179 

7.2.3 The Third Stage ................................................................................................................................. 180 

7.2.4 The Fourth Stage ................................................................................................................................ 180 

7.3 RESEARCH CONTRIBUTIONS ......................................................................................................................... 182 

7.3.1 Academic Contributions .................................................................................................................... 182 

7.3.2 Industrial Contribution ....................................................................................................................... 184 

7.4 RESEARCH LIMITATIONS AND RECOMMENDATIONS FOR FUTURE RESEARCH .............................................. 187 

7.4.1 Content Analysis on Identification and Categorization of Organizational Competencies and 

Performance Metrics in Construction .............................................................................................................. 187 

7.4.2 Focus Group Verification and Validation of Organizational Competencies and Performance Metrics

 187 

7.4.3 Comparative Analysis of Organizational Competencies Influencing Organizational Performance .. 189 

7.4.4 Improvement of the GA-FS Method .................................................................................................. 189 

7.4.5 Further Improvement of Hybrid NFS Model ..................................................................................... 190 

7.5 REFERENCES ................................................................................................................................................ 192 

BIBLIOGRAPHY .................................................................................................................................................... 193 

APPENDICES .......................................................................................................................................................... 215 

APPENDIX A. SELECTED ARTICLES FOR THE CONTENT ANALYSIS ............................................... 216 

APPENDIX B. RII AND RANKING OF ORGANIZATIONAL COMPETENCIES AND PERFORMANCE 

BASED ON FOCUS GROUP SURVEY ANALYSIS ........................................................................................... 222 

APPENDIX B.1. RII AND RANKING OF FUNCTIONAL COMPETENCIES ................................................................. 222 

APPENDIX B.2. RII AND RANKING OF BEHAVIORAL COMPETENCIES ................................................................. 224 

APPENDIX B.3. RII AND RANKING OF ORGANIZATIONAL PERFORMANCE METRICS .......................................... 225 



xiii 

   

APPENDIX C. LIST AND DEFINITIONS OF ORGANIZATIONAL COMPETENCY AND 

PERFORMANCE METRICS USED FOR DATA COLLECTION ................................................................... 226 

APPENDIX C.1. LIST AND DEFINITIONS OF ORGANIZATIONAL FUNCTIONAL COMPETENCIES ............................ 226 

APPENDIX C.2. LIST AND DEFINITIONS OF ORGANIZATIONAL BEHAVIORAL COMPETENCIES ............................ 230 

APPENDIX C.3. LIST AND DEFINITIONS OF ORGANIZATIONAL PERFORMANCE METRICS, AND THEIR FORMULAE

 233 

APPENDIX D. SAMPLE DATA COLLECTION FORMS .............................................................................. 238 

APPENDIX D.1. BACKGROUND INFORMATION ................................................................................................... 238 

APPENDIX D.2. SAMPLE DATA COLLECTION FORM FOR ORGANIZATIONAL FUNCTIONAL COMPETENCIES ....... 239 

APPENDIX D.3. SAMPLE DATA COLLECTION FORM FOR ORGANIZATIONAL BEHAVIORAL COMPETENCIES ....... 240 

APPENDIX D.4. SAMPLE DATA COLLECTION FORM FOR SUBJECTIVE ORGANIZATIONAL PERFORMANCE METRICS

 241 

 

 



xiv 

   

List of Tables 

Table 2.1. Advantages and limitations of past competency and performance modeling methods 33 

Table 3.1. Organizational competencies ....................................................................................... 66 

Table 3.2. Organizational performance measures ......................................................................... 69 

Table 3.3. Focus group participants’ demographic information ................................................... 72 

Table 3.4. Ten top-ranked functional competencies ..................................................................... 81 

Table 3.5. Ten top-ranked behavioral competencies .................................................................... 82 

Table 3.6. Final list of organizational competencies .................................................................... 89 

Table 3.7. Final list of organizational performance measures ...................................................... 90 

Table 4.1. Final list of organizational competencies for data collection .................................... 103 

Table 4.2. Organizational performance categories and number of metrics ................................ 104 

Table 4.3. Categories of the Pearson correlation coefficient (𝝆) magnitude .............................. 116 

Table 6.1. FCM parameter optimization results ......................................................................... 159 

Table 6.2. GA-FS results for the optimized FCM parameters. ................................................... 162 

Table 6.3. Results of optimal GA-MANFIS model outputs. ...................................................... 167 

Table 6.4. Sensitivity analysis and comparison of best performing models. .............................. 171 

Table 6.5. Comparison of GA-ANFIS and GA-MANFIS model performance. ......................... 172 

 



xv 

   

List of Figures 

Figure 1.1. Research methodology stages ..................................................................................... 11 

Figure 2.1. Multilevel view of organizational competency .......................................................... 23 

Figure 2.2. Basic architecture of ANFIS ...................................................................................... 39 

Figure 2.3. Basic architecture of MANFIS ................................................................................... 42 

Figure 5.1. GA-MANFIS modeling methodology for construction organizational competencies 

and performance .................................................................................................................. 141 

Figure 5.2. FS using GA optimization ........................................................................................ 144 

Figure 5.3. GA-MANFIS model training and optimization ....................................................... 146 

Figure 5.4. Gaussian MF for fuzzy set representing “technical knowledge” .............................. 150 

Figure 6.1. Parameter optimization result for which RMSE is minimum .................................. 160 

Figure 6.2. GA-MANFIS model architecture for organizational competencies and performance

............................................................................................................................................. 164 

Figure 6.3. Optimized MFs for interdisciplinary alignment for (a) c = 3 and (b) c = 7 ............. 166 

Figure 6.4. Comparison of target, output, MSE, RMSE, mean error, and standard deviation (St. 

D.)  for overall organizational performance ...................................................................... 168 

Figure 6.5. Comparison of target, output, MSE, RMSE, mean error, and standard deviation (St. 

D.)  for employee satisfaction ............................................................................................. 168 

 

  



xvi 

   

List of Abbreviations and Notations 

Abbreviations 

ABC   Artificial bee colony   

ACO   Ant colony optimization 

AEC   Architecture, engineering, and construction 

AI   Artificial intelligence 

ANFIS  Adaptive neuro-fuzzy inference system  

ANNs  Artificial neural networks 

BIM   Building information modeling  

CEM   Construction engineering and management  

CI   Computational intelligence 

CII  Construction Industry Institute 

EAs   Evolutionary algorithms  

FCM  Fuzzy c-means  

FES   Fuzzy expert systems  

FIS   Fuzzy inference system  

FNN   Fuzzy neural network 

FS   Feature selection  

GA   Genetic algorithm  



xvii 

   

GA-ANFIS Genetic algorithm-based adaptive neuro-fuzzy inference systems 

GA-FS  Genetic algorithm-based feature selection 

GA-MANFIS Genetic algorithm-based multi-output adaptive neuro-fuzzy inference systems 

GWO   Grey wolf optimization  

ICA  Imperialist competitive algorithm  

IPMA  International Project Management Association  

KPIs   Key performance indicators   

KPOs   Key performance outcomes  

MIMO  Multi-input and multi-output  

MISO   Multi-input and single-output  

MF  Membership function 

MLM   Middle and lower-level management 

MLP   Multi-layer perception 

NFS   Neuro-fuzzy systems  

OPS   Office and project site staff  

PerMs   Perception measures  

PMI   Project management institute  

PSO   Particle swarm optimization  

RBF   Radial basis function 



xviii 

   

RII   Relative Importance Index 

RMSE   Root mean square error 

SEM   Structural equation model  

SM   Senior management  

SVM   Support vector machine  

Notations 

𝜇𝑋  Mean value of 𝑋 

𝜇𝑌  Mean value of Y 

𝑅𝑀  Weighted percentage of maturity  

𝑅𝐼  Weighted percentage of impact  

𝑅𝐼𝑚  Weighted percentage of immaturity 

𝑅𝐷  Weighted percentage of disagreement 

𝜌  Pearson correlation coefficient 

𝜎𝑋,𝑌  Covariance of the two variables (𝑋, 𝑌) 

𝜎𝑋  Standard deviation of 𝑋 

𝜎𝑌  Standard deviation of Y 

𝑢𝑖𝑘  Partition matrix  

𝑣𝑗  Cluster centers 

𝑥𝑁  Normalized values 



1 

 

Chapter 1 Introduction1  

 

1.1 Background 

The construction industry is dynamic, complex, and demands continuous quality, productivity, and 

performance improvement, due to the emergence of new procurement methods, contracts, and 

project delivery methods (Hanna et al. 2016; Kwak et al. 2015). The environment within which 

organizations in the construction industry operate is becoming more complex due to increasing 

uncertainties present in technology, budgets, and development processes, making it challenging to 

achieve organizational success and competitive advantage (Acur et al. 2010; Radujković et al. 

2010). Several studies (e.g., Beatham et al. 2004; Hanna et al. 2016; Radujković et al. 2010) have 

criticized the construction industry for its underperformance. For instance, Radujković et al. (2010) 

argue that the construction industry still suffers from inefficiency and ineffectiveness and lags far 

behind all other industries in terms of performance. Hanna et al. (2016) concur that the construction 

industry continues to suffer from declining productivity at a rate of -0.5% per year since 1960, 

compared to other industries that are growing at a rate of 1.7% annually. Some of the challenges 

that have long been recognized as inhibiting the performance of the construction industry include 

 
1 Parts of this chapter have been published in Automation in Construction: Tiruneh, G. G., A. R. Fayek, and 

S. Vuppuluri. 2020. “Neuro-fuzzy systems in construction engineering and management research.” Autom. 

Constr., 119: 103348; accepted for publication on May 26, 2020 and published on the web on May 29, 

2020 in the Canadian Journal of Civil Engineering: Tiruneh, G. G. and A. R. Fayek. 2020. “Competency 

and performance measures for organizations in the construction industry.” Can. J. Civ. Eng., 50 manuscript 

pages; submitted for publication in the Journal of Computing in Civil Engineering: Tiruneh, G. G., and A. 

R. Fayek. 2021. “Hybrid GA-MANFIS model for organizational competencies and performance in 

construction.” J. Comput. Civ. Eng., 43 manuscript pages, submitted Jan. 15, 2021. 
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problems in its structure (e.g., fragmentation), the dynamic nature of the industry and business 

environment, the changing nature of the work, and the increasing competition (Beatham et al. 

2004; Kwak et al. 2015). Researchers therefore emphasize the importance of adopting effective 

strategies and performance measurement methods that will improve the performance of 

organizations in the construction industry (Acur et al. 2010; Horta and Camanho 2014). Loufrani-

Fedida and Missonier (2015) argue that recent developments in theory and practice have placed 

competencies at the center of an organization’s success, resulting in a focus on defining critical 

competencies that must be implemented in the organization’s context to ensure better performance. 

Therefore, in order to achieve better performance and competitiveness, construction organizations 

(i.e., owners, consultants, and contractors) need to explore new approaches for assessing and 

enhancing their competencies (Giel and Issa 2016; Omar and Fayek 2016; Sparrow 1995). 

Previous competency studies emphasize only select aspects, such as individual/personal or 

managerial competencies (Salajeghe et al. 2014). Some studies have been conducted at the project 

level (Hanna et al. 2016, 2018; IPMA 2006, 2015; Omar and Fayek 2016; Salajeghe 2014). 

However, competency studies at the organizational level are few (Edgar and Lockwood 2008; 

Escrig-Tena and Bou-Llusar 2005; Sparrow 1995). Competency studies at an organizational level 

need to account for the unique nature of construction, which is widely regarded as complex, full 

of uncertainties, and contingent on changing environments. As such, there remains a need for a 

comprehensive analysis of all aspects of organizational competencies that improve performance 

for construction organizations operating in a highly competitive global market.  
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1.2 Problem Statement 

The existing body of knowledge provides a solid foundation for competencies identification in the 

literature, there are still some gaps in competency and performance research in construction. For 

instance, evaluating organizational competencies has received significant attention by past 

researchers, based on its importance in organizational effectiveness, competitiveness, and 

performance, although most of the research is in domains other than construction (Acur et al. 2010; 

Lokshin et al. 2009). Studies in developing a comprehensive framework for evaluating and 

measuring organizational competencies; assessing its impact on organizational performance; and 

identifying competency and performance relationship at an organization level is few. Thus, further 

investigation is required to categorize and measure competencies necessary for organizations in 

different construction industry sectors to perform well. The current gaps that will be addressed in 

this research are summarized in this section.  

To outperform the competition in the long run and achieve sustained competitive advantage in the 

market, it is critical for organizations in the construction industry to identify and define their 

competencies (Giel and Issa 2016; Medina and Medina 2014; Omar and Fayek 2016). Published 

literature is one of the main sources of information for identifying organizational competencies 

influencing organizational performance. Although organizational competency is a major research 

focus in many disciplines such as business, human resources, and management, limited research 

has been conducted in the construction domain (Tiruneh and Fayek 2020). Moreover, there has 

been no systematic literature review and detailed content analysis done on articles that deal with 

identification and categorization of organizational-level competencies and performance measures 

in construction. Thus, the first gap that will be addressed in this thesis is the lack of systematic 
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review and content analysis of published articles related to organizational competencies and 

performance measures in construction. 

Real-world construction problems are characterized by their non-specificity, uncertainty, 

complexity, dynamism, and non-linearity, which challenges construction management and makes 

accurate predictions difficult (Elbaz et al. 2020). It is also difficult to explicitly represent such 

complex construction engineering and management (CEM) problems in a deterministic 

mathematical or statistical model due to lack of sufficient data (i.e., limitations in quantity and 

quality of data), and subjective uncertainty associated with the problem. Therefore, artificial 

intelligence (AI) based models such as hybrid neuro-fuzzy systems (NFS) are suitable to solve 

complex problems with nonlinear relationship and subjective uncertainty that offer high accuracy 

and low cost is one feasible approach to predict performance (Cheng et al. 2015; Tiruneh et al. 

2020). However, a review of past studies showed that NFS are limited to select aspects of 

construction applications such as cost, risk, human resource, quality, and performance 

management. Major challenges of these studies are to find synthesized information in the existing 

literature and useful recommendations to researchers regarding the suitability of NFS techniques 

to any specific application of the construction domain. To date, there has been no systematic 

literature review and detailed content analysis done on NFS in construction applications. 

Moreover, suitability of a particular NFS to problems within construction application, detailed and 

integrated categorization of the various NFS, and identification of criteria that enables 

categorization of NFS and recommend a suitable subset of NFS approaches for construction 

applications has not been done. Thus, the second gap that will be addressed in this thesis is the 

lack of systematic review and content analysis of published articles related to NFS modeling 

techniques in construction. 
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The variables that capture construction organizational competencies and performance are highly 

dimensional as well as both quantitative and qualitative in nature. Organizational competency and 

performance modeling techniques that can handle both quantitative and qualitative variable types, 

uncertainty, complex, and nonlinear relationships is also very important. Implementing 

dimensionality reduction techniques such as feature selection (FS) is critical to develop a concise 

and interpretable model with low model complexity and improved accuracy. Therefore, an FS 

approach that is suitable for high dimensionality of features and limited data instances is critical 

for obtaining features that represent the original feature subset well. FS using population-based or 

evolutionary algorithms (EAs) such as a genetic algorithm (GA), particle swarm optimization 

(PSO), artificial bee colony (ABC), and ant colony optimization (ACO) are employed, which can 

yield optimum results and are computationally feasible (Tiruneh and Fayek 2019). In this research, 

GA optimization is used for FS to reduce the dimensionality of input features (i.e., organizational 

competencies) to select a reduced number of features that represent the original feature subset for 

modeling. Thus, the third gap that will be addressed in this thesis is the lack of systematic GA-

based FS methodology for data attributes with high dimensionality and limited data instances 

common in construction problems. 

Modeling techniques that relate construction organizational competency to performance is 

essential for identifying target areas to improve organizational performance. However, most 

proposed methods in literature are conceptual models while the remaining are regression models 

to relate competency and performance. Therefore, AI techniques are suitable to solve such 

complex real-world problems for an uncertain environment (Elmousalami 2020). However, 

Existing literature indicates that stand-alone AI techniques have limitations for handling real-world 

problems mainly because of the complexity of real-world problems and uncertain/unclear or lack 
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of enough information (Aydin and Kisi 2015; Chan et al. 2009; Tokede et al. 2014). Hybrid NFS 

modeling approach that combine the strength of artificial neural networks (ANNs) and fuzzy 

systems are viable options used for modeling and solving practical real-world problems such as 

predicting performance. For instance, fuzzy systems are strong in reasoning and inference and 

explicit knowledge representation while weak in learning capabilities (Aydin and Kisi 2015; 

Chan et al. 2009). On the other hand, ANNs have powerful learning ability while poor in reasoning 

and inference (Cheng and Ko 2003; Tokede et al. 2014; Jin 2010). Thus, a NFS model that 

combine the learning power of ANNs and functionality of fuzzy systems (i.e., improving reasoning 

and inference and explicit knowledge representation) is developed in this research to analyze 

organizational competencies and predict multiple performance metrics. Despite their broad 

applicability to several fields of engineering, conventional NFSs have a multi-inputs single-output 

(MISO) structure, as in adaptive neuro-fuzzy inference system (ANFIS), so they fail to directly 

deal with multi-input multi-output (MIMO) systems (Acampora et al. 2014; Cheng et al. 2002). 

As a result, various approaches have used improved ANFIS that can handle MIMO systems, such 

as MANFIS (Acampora et al. 2014; Benmiloud 2010; Cheng et al. 2002). Although the use of NFS 

that can handle MIMO problems is widely used in research disciplines other than construction, 

few research has been conducted in the construction domain which is characterized by complex 

and nonlinear multiple input-output relationship of real-world problems. To date, a great gap has 

existed in addressing MIMO NFS modeling techniques for construction problems, specifically for 

predicting multiple performance metrics. 

NFS models such as ANFIS have good performance with desirable accuracy compared to the 

conventional mathematical or regression models in real engineering practice (Yuan et al. 2014). 

However, an argument exists as to whether ANFIS can yield reasonable solutions with robustness 
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because AI models still suffer from local minima and poor generalization (Elbaz et al. 2020; Yuan 

et al. 2014). As a result, it may provide less accurate results and/or distorted or inadequate 

explanations for problems (Elbaz et al. 2019). To overcome these limitations, ANFIS needs to be 

optimized with EA techniques, such as GA, PSO, ABC, ACO etc. (Elbaz et al. 2019, 2020). 

MANFIS has similar limitations that ANFIS has (i.e., slow computational convergence and 

potential of being trapped in local minima), which results in low accuracy and poor generalization. 

Using a hybrid of MANFIS and EAs techniques, such as GA is vital to improving MANFIS 

performance. As a result, a hybrid model of GA and MANFIS i.e., GA-MANFIS is developed in 

this research. Thus, the fourth gap that will be addressed in this thesis is the lack of a hybrid NFS 

model capable of capturing the complex non-linear relationships between organizational 

competencies and performance that can handle MIMO problems. Moreover, enhancing model 

prediction performance by hybridizing MANFIS with GA will be addressed in this thesis for 

predicting multiple organizational performance metrics using organizational competencies.   

1.3 Research Objectives 

The hypothesis of this research is as follows:  

“Construction organizational competencies that influence organizational 

performance can effectively be modeled and analysed using a hybrid NFS with 

EAs such as GA to predict multiple organizational performance metrics by 

analyzing multiple organizational competencies.”  

The main objective of this research is to develop a hybrid NFS model that can handle MIMO 

problems to evaluate and analyze organizational competencies, relate competencies to 
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performance, and predict multiple organizational performance metrics simultaneously. The 

detailed objectives of this research are grouped under the following six main categories: 

1. To address the lack of systematic review and content analysis of published articles related 

to organizational competencies and performance in construction; perform a critical 

examination of commonly used organizational competencies and performance metrics in 

construction; and identify, systematically categorize, and rank organizational competencies 

influencing organizational performance.  

2. To provide a systematic literature review and content analysis on NFS techniques in 

construction applications, classify NFS in CEM research, identify criteria to evaluate 

appropriateness and suitability of NFS in CEM applications, and recommendations to 

researchers regarding suitable subsets of NFS techniques for solving different types of 

CEM problems.  

3. To provide a systematic GA-based FS approach for dimensionality reduction of data 

attributes to develop a concise model that helps reduce computational time and improve 

model accuracy. 

4. To develop a hybrid NFS model to (a) handle MIMO problems inherent in construction 

processes and practices; and (b) relate organizational competencies to performance and 

predict multiple organizational performance metrics by analyzing organizational 

competencies. 

5. To advance the state of the art in NFS modeling for organizational competencies and 

performance by providing a membership function (MF) optimization to improve the hybrid 

NFS model prediction performance using EAs techniques (i.e., GA).  
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6. To provide construction industry practitioners with (a) a competency and performance 

modeling and analysis approach that will help industry practitioners to understand the 

effect of organizational competencies on organizational performance; (b) an approach that 

will assist construction industry practitioners to model and analyze the impact of 

organizational competencies on performance; and (c) an approach  to identify potential 

competencies for performance improvement, which provide organizations as well as 

construction practitioners with insight into targeted areas for future investment and 

improvement strategies in order to increase organizational performance. 

1.4 Expected Contributions 

The expected contributions of this research are categorized as academic and industrial 

contributions, based on their relevance to academic researchers and construction industry 

practitioners, respectively. 

1.4.1 Academic Contributions 

The expected academic contributions of this research are as follows: 

1. Providing a systematic and in-depth content analysis of published articles related to 

organizational competencies and performance metrics in construction, and a useful 

reference on a comprehensive hierarchical list of competencies and performance metrics 

for future analysis and modeling purposes. 

2. Providing a systematic literature review and content analysis of NFS techniques in different 

construction applications and recommendations to researchers regarding suitable subsets 

of NFS techniques for solving different types of CEM problems. 

3. Providing an approach, using hybrid NFS modeling, that can handle multiple outputs in 
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analyzing multiple organizational competencies as model inputs and predicting multiple 

organizational performance metrics simultaneously with a good accuracy. 

4. Contributing to the advancement of the state of the art in NFS modeling for organizational 

competencies and performance in construction by: 

a) providing a method for handling MIMO problems; 

b) providing a structured and systematic GA-FS approach to reduce the 

dimensionality of data to develop a concise model with a better accuracy; and 

c) implementing MF/parameter and model optimization to improve model 

performance. 

1.4.2 Industrial Contributions 

The expected industrial contributions of this research are as follows: 

1. Providing a useful reference of a comprehensive hierarchical competency and performance 

metrics for organizations in construction for future competency and performance 

identification, analysis, and modeling purposes. 

2. Provide an analysis approach to identify organizational competencies that have a 

significant impact on organizational performance and determine competencies that need 

improvement that help to increase performance. 

3. Providing a modeling and analysis approach that allows construction industry practitioners 

to assess organizational competencies and predict organizational performance. 

4. Providing a hybrid NFS modeling approach to understand the impact of organizational 

competencies on performance and predict multiple organizational performance metrics.  
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1.5 Research Methodology 

Figure 1.1 depicts a four-stage process adopted in this research to achieve the objectives listed in 

Section 1.3. A description of these stages are provided in this section.  

Factor identification

1. A comprehensive hierarchical list of organizational competencies and performance metrics
2. Theoretical framework and rationale for selecting NFS modeling approach 

Focus group

Construction application case study results 
and analysis

Highly regarded journals 
in CEM research

Competency and performance 
studies in construction

Verified list and categorization of organizational 
competencies and performance metrics

Pilot testing

Hybrid NFS model 
development

Stage 1

Stage 2

Stage 4

State of the art literature review 
and detailed content analysis 

Focus group survey
Focus group discussion

Develop data collection forms

Fuzzy hybrid and NFS 
techniques

Data collection

Stage 3

Finalize forms and collect data

Organizational competency and 
performance metrics data

GA-based feature selection

Model training and optimization

Develop GA-MANFIS model

Model validation and 
sensitivity analysis

 

Figure 1.1. Research methodology stages 
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1.5.1 The First Stage 

In the first stage of this research, the research commenced by conducting comprehensive state of 

the art review on competency and performance in general, with a specific focus on organizational 

competency and performance in construction. A systematic review and detailed content analysis 

was conducted. Organizational competencies and performance commonly used in the construction 

were investigated. A comprehensive list of organizational competencies and performance metrics 

were identified from the selected articles; categorized systematically based on the nature of the 

competencies; and ranked based on their frequencies, i.e., the total number of references (hits) 

each competency had. 

Past studies focusing on hybrid fuzzy techniques and NFS for organizational competencies and 

performance were closely examined to identify the research gaps outlined in Section 1.2. After 

conducting the literature review, the main theoretical framework of the research and rationale for 

selecting the NFS modeling approach for organizational competencies and performance were 

established. A systematic review and detailed content analysis related to NFS in construction was 

also conducted. Common NFS methods used in the construction domain were investigated. Also, 

commonly used NFS modeling approaches in construction were identified and suitability of NFS 

in CEM applications was investigated. 

1.5.2 The Second Stage 

In the second stage of this research, a focus group was conducted to verify and validate the list and 

categorization of identified organizational competencies influencing organizational performance 

as well as performance metrics and their hierarchically structured categorization. The experts 

participated in the focus group reviewed the list and proposed additional competency and 
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performance metrics they thought important at an organization level. The initial list of 

organizational competencies was then updated to incorporate feedbacks from the focus group and 

include proposed additional competencies which are backed by literature. The focus group allowed 

for the development of a comprehensive list of organizational competencies and performance 

metrics that not only considers the literature in construction and non-construction domains but also 

captures the opinions of construction experts practicing in the construction industry. 

1.5.3 The Third Stage 

In the third stage of this research, data collection forms were prepared, and pilot tested prior to the 

data collection. Data collection forms were developed based on the finalized list of organizational 

competencies and performance metrics based on the focus group results. Furthermore, the list of 

organizational competencies and performance metrics were pilot tested with a construction 

company prior to the data collection to ensure that respondents understood the data collection 

forms as well as to check applicability of the evaluation, assessment, and measurement scales and 

techniques of the data collection forms in CEM organizations. Then, data collection was performed 

in a construction company actively involved in industrial projects. Data collection for 

organizational competencies was conducted via an online survey through Survey Monkey. Actual 

company performance metrics data were collected and extracted from relevant actual 

organizational/project documents at the organizational level (operational) and project level. 

1.5.4 The Fourth Stage 

In the fourth stage of this research, the hybrid NFS model was developed in two phases: (i) 

performing GA-FS to reduce the dimensionality of data and (ii) development of a hybrid GA-

MANFIS model that can handle MIMO real-world engineering problems to predict multiple 
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organizational performance metrics. Performing the GA-based FS encompasses FCM parameter 

optimization and GA-FS to reduce the dimensionality of original raw data to build a concise and 

efficient predictive model. Therefore, a GA-based FS is conducted to reduce the dimensionality of 

data attributes and help reduce computational time and improve model accuracy. The hybrid GA-

MANFIS model is developed using input features (i.e., competencies) identified as a result of the 

GA-FS. The GA- MANFIS is designed by decomposing it into seven MISO adaptive neuro-fuzzy 

systems that corresponds and predicts a single output. The training and optimization of the 

MANFIS model is conducted using GA optimization. Finally, the hybrid GA-MANFIS models 

were validated by evaluating the performance of the GA-MANFIS model by comparing model 

outputs (i.e., predicted results) against the testing dataset using the fitness function (i.e., root mean 

square error, RMSE). Sensitivity analysis is also conducted to identify the main parameters of the 

GA-MANFIS model that affect the model outputs significantly. 

1.6 Thesis Organization 

Chapter 1 presents a brief background of the research, the problem statement, and objectives of 

this research. The expected academic and industrial contributions, and the research methodology 

are also provided in this chapter. The rest of this thesis is organized as follows. 

Chapter 2 presents an overview of organizational competencies and performance metrics 

commonly used in construction domain. In addition, state of the art review on NFS modeling 

techniques in construction is presented.  

Chapter 3 presents a content analysis and focus group study to verify and validate the proposed 

comprehensive list of systematically categorized and ranked organizational competencies 

affecting organizational performance commonly used in construction. The proposed classification 
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method and the identified organizational competencies and performance metrics were used as 

input to develop the data collection forms.  

Chapter 4 presents a comparative analysis of organizational competencies influencing 

organizational performance based on perspectives of survey respondent groups. Furthermore, 

Pearson correlation analysis was performed to investigate relationship between organizational 

competency and organizational performance. 

Chapter 5 presents the overall methodology and the detailed steps for developing the hybrid NFS 

model that can handle multiple outputs. Finally, model verification and validation methods applied 

are also described. 

Chapter 6 presents a case study to illustrate the proposed NFS modeling methodology for analyzing 

organizational competencies and predicting multiple organizational performance metrics. The 

verification and validation for the NFS models are also presented in this chapter.  

Chapter 7 presents the conclusions, contributions, and limitations of this research along with 

recommendations for future research. 
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Chapter 2 Literature Review2  

 

2.1 Introduction 

This chapter aims to provide the background related to this research by conducting state of the art 

review on organizational competencies and performance as well as NFS modeling techniques, with 

a specific focus on organizational competencies influencing performance. Also, this chapter 

presents the main theoretical framework of the research and the rationale for selecting the proposed 

modeling method for organizational competencies and performance. In the following sections, a 

brief background on organizational competencies and performance and their categorization is 

provided. A background on the relationship between competency and performance is presented 

which establishes the theoretical framework and rationale of this research. An overview of 

competency and performance modeling methods are presented; and their limitations established. 

The different NFS modeling techniques and their applications in construction is also discussed. 

Moreover, the limitations of conventional NFS models for construction applications as well as for 

 
2 Parts of this chapter have been published in the Proceedings of ASCE Construction Research Congress, 

Tiruneh, G. G. and A. R. Fayek.  2018. “A framework for modeling organizational competencies and 

performance.” ASCE Constr. Resear. Congr., New Orleans, LA., USA, 712–722; published in Automation 

in Construction: Tiruneh, G. G., A. R. Fayek, and S. Vuppuluri. 2020. “Neuro-fuzzy systems in construction 

engineering and management research.” Autom. Constr., 119: 103348; accepted for publication on May 26, 

2020 and published on the web on May 29, 2020 in the Canadian Journal of Civil Engineering: Tiruneh, 
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analyzing competency and predicting performance are highlighted. Finally, a summary of this 

chapter is provided.  

2.2 Organizational Competencies and Performance  

2.2.1 Organizational Competency 

The concept of “competency” was first proposed in McClelland’s (1973) seminal paper, which 

argues that traditional intelligence tests do not predict future life success. Boyatzis (1982) coined 

the definition of competency as “an underlying characteristic of a person, which results in effective 

and/or superior performance in a job.” Succar et al. (2013) view competency in terms capability 

(i.e., the ability to perform a task) and/or maturity (i.e., the degree of excellence in performing a 

task). The term competency reflects a generic set of abilities suitable for implementing a task and 

assessing the capability and/or maturity to perform a task (Succar et al. 2013). Competency is a 

combination of knowledge, skills, and abilities as well as experience to accomplish a specific task 

(IPMA 2015; Succar et al. 2013). Having a skill presupposes some relevant knowledge, while 

having ability presupposes relevant skills and knowledge for implementing a specific task, in the 

right manner, and at the right time. Furthermore, experience plays a significance role in 

competency. Without experience, competency can neither be demonstrated nor improved. To 

successfully perform assigned roles, individuals need to accumulate enough experience to 

complement their competencies (IPMA 2015). In general, competencies are defined as 

combinations of (1) motives, (2) traits, (3) self-concepts, (4) attitudes or values, (5) content 

knowledge or cognitive behavioral skills, and (6) any individual characteristic that can be reliably 

measured or counted and that can be shown to differentiate superior from average performers 

(Hanna et al. 2018). 
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The literature indicates a widespread misconception of organizational competencies, which are 

often perceived narrowly as individual employee skills and capabilities, rather than overall cross-

company core competencies that drive integrated business execution (Edgar and Lockwood 2008). 

Past studies (e.g., Loufrani-Fedida and Missonier 2015; Loufrani-Fedida and Saglietto 2016; 

Succar et al. 2013) attempt to capture organizational competency using a multi-level approach at 

an individual, team/collective, and organizational level as shown in Figure 2.1. For instance, 

enhancing individual competencies showed an increase in individual performance (Ahadzie et al. 

2009, 2014; Levenson et al. 2006). Project team/crew task completion competency showed 

improvement of task performance (Liu et al. 2010). An increase in project performance in terms 

of cost and schedule metrics was achieved by improving project competencies (Omar and Fayek 

2016). Studies also showed development of competencies, a particular set of skills, and capabilities 

helped to achieve superior performance (Bolivar-Ramos et al. 2012; Liang et al. 2013; 

Subramanian et al. 2009). 

 

Figure 2.1. Multilevel view of organizational competency 

• Ahadzie et al. (2009, 2014), Levenson et al. 
(2006)  Individual level 

• Liu et al. (2010)Project team/crew 
level

• Omar and Fayek (2016)Project level

• Bolivar-Ramos et al. (2012), Subramanian et 
al. (2009), Liang et al. (2013)  Organization level
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Some studies differentiate between capabilities and competencies (Succar et al. 2013; Walsh and 

Linton 2001). For instance, Succar et al. (2013) view organizational competency as multi-level, 

consisting of competency (i.e., an individual's ability) and capability (i.e., a team or organization’s 

ability) to perform a specific task, as well as maturity (i.e., a team or organization’s excellence) in 

performing a task. Their study argues that organizational competency is an aggregation of 

individual and/or team/group competencies. According to Crawford (2015), the concept of 

maturity is used to describe the state of an organization’s effectiveness at performing certain tasks. 

The competency versus maturity approach perceives organizational competency (i.e., capability 

and/or maturity) as an aggregation of individual and/or team capability/maturity. This approach 

enables performance assessment and improvement that teams and/or organizations aspire to 

achieve (Succar et al. 2013; Walsh and Linton 2001). However, the competency versus maturity 

approach fails to capture the overall aspect of an organization that goes beyond simply aggregating 

individual competency and/or team capability or maturity. Escrig-Tena and Bou-Llusar (2005) 

assert that the concept of competencies consists of individual/personal competency (e.g., 

experience, technical knowledge, skills, and abilities) and corporate competencies (i.e., a 

combination of skills and knowledge that belong to the organization itself. They argue that 

organizational competencies are a combination of skills and knowledge, not only possessed by 

individual members, but also embedded in company processes and systems; thus, these skills and 

knowledge remain in the organization even when individuals leave the company. Accordingly, 

Loufrani-Fedida and Missonier (2015) view competency in a broad sense as “the ability of an 

individual, a team, or a company to mobilize and combine resources in order to implement an 

activity.” Acur et al. (2010) consider the development of organizational competencies as 

antecedents of performance. For example, Sparrow (1995) stresses that innovative technologies, 
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resources, and capabilities of the organization that are connected to overall performance are 

necessary to sustain a high level of competitiveness. Rosas et al. (2011) maintain that 

organizational competency is the ability of an organization to perform activities, tasks, or processes 

aimed at achieving a specified number of outcomes (i.e., performance). Accordingly, many 

companies define required competencies based on the goals that are identified within the context 

of their strategic plan. Thus, organizational competencies are a set of processes and practices that 

form the organization’s main system for storing knowledge and that determine the regular 

operation of organizational functions (Escrig-Tena and Bou-Llusar 2005). For this research, 

Tiruneh and Fayek’s (2018) working definition of organizational competency as “an integrated 

combination of resources, particular sets of skills, necessary information, technologies, and the 

right corporate culture that enable an organization to achieve its corporate goals, competitive 

advantage, and superior performance” will be used. 

2.2.2 Organizational Performance 

Performance is of particular interest to the construction industry, where organizations focus on 

improving their performance (Rathore and Elwakil 2015). Predicting construction organizational 

performance helps identify weak organizational processes and practices, which can then be 

enhanced, improving efficiency and profitability (Rathore and Elwakil 2015). However, Poveda 

and Fayek (2009) argue that performance is such a complex process that no single factor can be 

used to predict or evaluate it. It is a major challenge to predict performance in measurable terms 

such that it can be used for budgeting and control activities (Georgy et al. 2005; Lin and Shen 

2007). Yun et al. (2016) stresses the need for effective and flexible performance measurement 

methods for organizations so they can be successful in a dynamic business environment such as 
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the construction industry. An organization’s performance depends greatly on its people and their 

competencies (Chung and Wu 2011). Practitioners in construction companies always strive to 

measure performance, compare planned performance to actual performance, and take corrective 

action in order to improve performance (Georgy et al. 2005; Lin and Shen 2007). Therefore, 

research in the construction domain has largely been focused on establishing performance 

measurement frameworks for construction companies (Deng and Smyth 2014; Horta and Camanho 

2014).  

2.2.3 Categorization Methods for Organizational Competencies and Performance Metrics 

2.2.3.1 Categorization of Organizational Competencies 

A wide range of competency models and frameworks were reviewed in order to identify and 

categorize organizational competencies. Some of the reviewed studies include the International 

Project Management Association (IPMA) individual competence baseline (ICB) models (i.e., 

IPMA Competence Baseline, Version 3.0 (IPMA 2006) and Individual Competence Baseline 

Version 4.0 (IPMA 2015)), and the fuzzy hybrid model (Omar and Fayek 2016), competency 

frameworks (Janjua 2012; Salajeghe et al. 2014). These competency models and frameworks are 

reviewed and summarized below. 

Past competency models categorize competencies in various ways. For instance, IPMA (2006) 

identified 46 project management competencies and classified them into three major categories: 

technical, behavioral, and contextual. Omar and Fayek (2016) categorized 41 construction project 

competencies into two groups as functional and behavioral. IPMA (2015) developed 28 

competencies categorized as practice, people, and perspective competencies, which are analogous 

to the technical, behavioral, and contextual competencies of IPMA (2006). Janjua et al. (2012) 
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derived five competency classes: functional, generic management, social skills, cognitive skills, 

and personal characteristics. Salajeghe et al. (2014) developed a framework for competency 

assessment with five categories of competencies: knowledge, performance, personal, industry, and 

organizational competencies. Takey and Carvalho (2015) classified project management 

competencies into the four categories of project management processes, personal, technical, and 

context and business. Loufrani-Fedida and Missonier (2015) grouped competencies into three 

categories: functional, integrative, and collective. The variety of and approaches to competency 

categorization indicate that organizations define their competencies and categorize them on the 

basis of their needs and strategic goals. Escrig-Tena and Bou-Llusar (2005) developed a model to 

evaluate organizational competency, which grouped nine competencies into four categories: 

managerial, input-based, transformation-based, and output-based. Walsh and Linton (2001) 

differentiated between competencies and capabilities: competencies refer to firm-specific 

technologies and production-related skills (i.e., technical competencies), while capabilities refer 

to firm-specific business practices, processes, and culture (i.e., managerial capabilities). Walsh and 

Linton (2001) proposed an organizational competencies pyramid that defines organizational 

competencies as an aggregation of both technical competencies and managerial capabilities. Giel 

and Issa (2016) developed a framework for evaluating building information modeling (BIM) 

competencies in three categories: strategic, administrative, and operational. Their framework 

provides an assessment of BIM maturity for owner organizations to evaluate their technical 

knowledge, improve their BIM requirements during design and construction, and improve the 

efficiency of their postconstruction operations (Giel and Issa 2016). Loufrani-Fedida and Saglietto 

(2016) proposed an integrative approach to map multi-level competencies to the knowledge 

management, human resource management, and strategy of the organization. However, their study 
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does not link these competencies to organizational performance and lacks external validity to apply 

it broadly. The framework proposed by Salajeghe et al. (2014) may be applicable at an 

organizational level, given the multi-level approach of the categories developed, although it was 

developed for measuring project manager effectiveness (i.e., an individual level). The model 

developed by Omar and Fayek (2016) can be extended to the organizational level, since it captures 

behavioral and functional competencies at the project level and links those competencies to project 

performance. 

Relating organizational competency to performance is essential for identifying target areas where 

performance can be improved. Previous studies do not capture overall organizational competency 

and performance and the dynamic and complex nature of organizations. Such studies consider 

either individual (IPMA 2015; Janjua et al. 2012; Salajeghe et al. 2014; Takey and Carvalho 2015) 

and/or project-level competencies (IPMA 2006; Loufrani-Fedida and Missonier 2015; Omar and 

Fayek 2016), but fail to frame them at the organizational level. Other studies that model 

organizational competencies focus only on one specific aspect of the organization, such as quality 

management competency (Escrig-Tena and Bou-Llusar 2005; Walsh and Linton 2001), BIM 

competency (Giel and Issa 2016; Succar et al. 2013), and software project management (Loufrani-

Fedida and Saglietto 2016). To address these gaps, a more comprehensive categorization of 

organizational competencies is developed in this research that can be applied at different levels 

within an organization; it also proposes a model to relate competencies to organizational 

performance measures. The proposed categorization of organizational competency and 

performance measures, identified through a thorough literature review and detailed content 

analysis, will help to capture organizational processes and practices as a whole for companies 

involved in the construction industry. 
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2.2.3.2 Categorization of Organizational Performance 

The highly competitive environment of the construction industry creates pressure on organizations 

to implement systematic performance measurement methods so they can continuously improve 

their performance (Horta and Camanho 2014). The use of key performance indicators (KPIs) 

dominates the practice of performance measurement in construction (Deng and Smyth 2014). 

Many performance measurement frameworks exist for organizations in the construction industry, 

such as those developed by Beatham et al. (2004), Horta and Camanho (2014), Radujković et al. 

(2010), and Yun et al. (2016). However, the literature indicates that along with KPIs, key 

performance outcomes (KPOs) and perception measures (PerMs) can also be used effectively in 

the construction industry to measure performance (Beatham et al. 2004; Radujković et al. 2010). 

KPIs are leading indicators that can predict future trends in organizational operations, thus helping 

to identify problems at early stages and providing opportunities for change. In contrast, KPOs are 

results of completed tasks, activities, or processes; hence, KPOs are lagging indicators and do not 

provide opportunities for change. PerMs can be either leading or lagging, depending on the time 

at which they are measured. PerMs are subjective in nature and are often measured through surveys 

and interviews (Radujković et al. 2010). 

2.2.4 Relationship Between Organizational Competency and Performance 

A review of past studies revealed a significant positive relationship between competencies and 

organizational performance (Bolivar-Ramos et al. 2012; Liang et al. 2013). For instance, Levenson 

et al. (2006) revealed a positive relationship between higher managerial competency levels and 

individual-level performance. On the other hand, Rambe and Makhalemele (2015) argued the 

relationship between managerial competencies and firm performance is not necessarily direct but 
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is rather mediated by some intervening organizational and environmental variables. Levenson et 

al. (2006) also found a positive relationship between mentoring on the competency system and 

individual performance, suggesting a route through which organizations can use competency 

systems to improve performance.  Managerial competence is considered a key factor contributing 

to the performance and survival of any organization (Rambe and Makhalemele 2015). Bolivar-

Ramos et al. (2012) verified fostering of competencies (i.e., technological distinctive 

competencies, organizational learning, and organizational innovation) and strategic capabilities 

have positive effects on improving organizational performance. If the organization is able to 

successfully generate market intelligence, disseminate it across departments and then respond to 

it, it should result in the development of a particular set of skills and resources (or organizational 

competencies) that will produce the outcome of superior performance (Subramanian et al. 2009). 

2.3 Overview of Organizational Competency and Performance Modeling Methods 

Competency models are a realization of a specific combination of knowledge, skills, and other 

personal characteristics necessary for efficient execution of tasks (i.e., that are needed for effective 

performance) in the organization (Campion et al. 2011; Krajcovicova et al. 2012). Competency 

models can be developed for specific jobs, job groups, organizations, occupations, or industries 

(Campion et al. 2011; Krajcovicova et al. 2012; Salajeghe et al. 2014). Krajcovicova et al. (2012) 

stresses that the development of competency model depends primarily on the intentions and 

direction of the company. According to Salajeghe et al. (2014) competency models can help 

industries align their initiatives to their overall business strategy. Past competency and 

performance modeling methods available in literature can be categorized into six groups: 

conceptual, correlation/regression, ANN, fuzzy expert systems (FES), and hybrid fuzzy methods 

(Tiruneh and Fayek 2018). Each of these modeling methods are discussed below. 
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Competency-based multidimensional conceptual models have been proposed to determine the 

performance of project managers. For instance, project manager competency development model 

(PMCDF) model (PMI 2007), international competence baseline (ICB) model (IPMA 2006, 2015), 

and competency assessment model (Salajeghe et al. 2014) are some of the conceptual models. 

Moreover, conceptual models that links competencies to performance showed the positive impact 

of competencies on performance (Ahadzie et al. 2009, 2014; Boucher et al. 2007; Suhairom et al. 

2014). However, the conceptual models are generic and limited to specific aspects; hence do not 

capture industry and organizational contexts.  

Statistical and structural equation model (SEM), correlation, and/or regression models have been 

used to analyze competencies and determine performance. Dainty et al. (2004, 2005) developed a 

statistical model to determine competencies defining superior management performance. Cheng et 

al. (2007) developed an empirical model using path analysis to examine the effects of 

competencies and job performance on overall project performance. Bolivar-Ramos et al. (2012) 

developed an SEM model to determine organizational performance. Altuncan and Tanyer (2018) 

proposed a performance assessment methodology for conflict management based on competency 

theory. However, these statistical and SEM models do not capture overall organizational 

competency and performance as well as the dynamic and complex nature of organizations.  

Some studies employed regression models that correlate project managers’ behavior with the final 

project outcomes (Ling 2002, 2004; Cheng 2007).  A regression model developed by past studies 

confirmed the impact of organizational competency on organizational performance (Liang et al. 

2013; Levenson et al 2006; Liu et al. 2010; Subramanian et al. 2009). Liang et al. (2013) indicated 

that the variables of core competences are positively correlated with organizational performance. 
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However, the regression models discussed do not capture complex relationships and subjective 

uncertainty. 

Few studies used ANN and FES to determine and predict performance (Elwakil et al. 2009; Poveda 

and Fayek 2009). However, ANN models lack inference and explicit knowledge representation 

while FES lacks learning capability. Fuzzy hybrid models that combine ANN and fuzzy systems 

have also been developed to remedy the drawbacks of fuzzy systems and ANN models (Georgy et 

al. 2005; Omar and Fayek 2016).  

Modeling techniques that relate construction organizational competency to performance that 

enable to determine and predict performance are essential for organizations in the construction 

industry (Tiruneh and Fayek 2020). Moreover, predicting organizational performance helps to 

identify weak organizational processes and practices in order to improve performance (Georgy et 

al. 2005; Elwakil et al. 2009). However, most modeling techniques in previous studies do not 

capture overall organizational competency and performance. Table 2.1 presents a summary of 

advantages and limitations of past competency and performance modeling methods. 

The majority of competency and performance modeling methods presented in Table 2.1 are 

statistical and regression models, which are deterministic that cannot capture subjective 

uncertainty, complex and nonlinear relationships inherent in construction, which makes accurate 

predictions difficult. Thus, hybrid NFS that combine the learning power of ANN and functionality 

of fuzzy systems has been utilized previously in past studies to develop an accurate predictive 

model. In the following section, the review of NFS modeling technique and its application in 

construction, with a specific focus on modeling organizational competencies and performance is 

presented. 
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Table 2.1. Advantages and limitations of past competency and performance modeling methods 

Method and References Advantages Limitations 
Conceptual models 
Ahadzie et al. (2009, 2014); 
Boucher et al. (2007); IPMA 
(2006, 2015); PMI (2007); 
Salajeghe et al. (2014); 
Suhairom et al. (2014)  

▪ Clear distinction between 
competency and performance  

▪ Map competencies to 
performance 

▪ Limited to specific aspects that do 
not capture organizational aspects  

▪ Lack evidence-based relation; 
hence, needs validation 

Statistical and SEM models 
Altuncan and Tanyer (2018); 
Bolivar-Ramos et al. (2012); 
Cheng et al. (2007); Dainty 
et al. (2004, 2005) 

▪ Develops empirical evidence of 
the effects of competencies on 
organizational learning and 
innovation  

▪ Demonstrate how competencies 
influence organizational 
performance 

▪ Relates only top management 
support and technological skills 
to organizational performance  

▪ Survey data based on self-reports 
from top management; hence, 
may be subject to bias  

▪ Lacks context 
Correlation and/or 
Regression models  
Levenson (2006); Liang et 
al. (2013); Ling (2002); 
Ling (2004); Liu et al. 
(2010); Subramanian et al. 
(2009)  

▪ Captures relationships between 
competency and performance 

▪ Establishes causal link between 
competencies and performance  

▪ Predicts performance using 
competencies 

▪ Generic and developed with 
limited data; hence, difficult to 
generalization  

▪ Self-reports measures used for 
modeling cast doubts about 
findings 

ANN models 
Elwakil et al. (2009) 

▪ Captures complex relationships  
▪ Captures both subjective and 

objective measures 
▪ Possesses learning capability 
▪ Predicts organization 

performance based on critical 
success factors (CSFs)  

▪ Developed for construction 
organizations 

▪ Considers CSFs instead of 
competencies  

▪ Model output is performance 
measures in terms of CSFs. 

▪ Do not capture uncertainty which 
is common in construction 

FES (Fuzzy Logic) models 
Poveda and Fayek (2009) 

▪ Represent conditional 
relationships i.e., rule-based 
knowledge  

▪ Uses linguistic terms to assess 
the degree of interactions 

▪ Capture expert knowledge on 
casual factors 

▪ Lacks learning capability 
▪ Model input factors consider only 

behavioral aspect of competency  
▪ Developed with limited data  

Hybrid Fuzzy Models 
Georgy et al. (2005), Georgy 
and Chang (2005), Omar 
and Fayek (2016) 

▪ Models complex competency-
performance relationships  

▪ Captures both subjective and 
objective measures 

▪ Possesses learning capability  

▪ Lack model flexibility for varying 
contexts 
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2.4 Neuro Fuzzy Systems  

A comprehensive literature review and detailed content analysis on NFS was conducted to identify 

and categorize NFS modeling techniques in CEM application, identification of evaluation criteria 

to investigate suitability of a particular NFS technique to a given CEM application, and 

recommend a suitable subset of NFS approaches for different construction applications. More 

details about the classification of NFS for construction applications, evaluation criteria of NFS, 

comparison of different NFS suitability to solve construction problems, and recommendation of 

NFS techniques for CEM applications can be found in Tiruneh et al. (2020). In this section, 

different NFS modeling techniques and their applications in construction are reviewed, their 

limitations established, and the rationale for selecting the proposed NFS modeling method for 

organizational competencies and performance are presented.  

2.4.1 General Background on NFS 

NFS has emerged as a dominant technique in modeling and solving complex real-world problems, 

and it has attracted the growing interest of researchers in various business, scientific, and 

engineering application areas because of its effective learning and reasoning capabilities (Chen et 

al. 2018; Georgy et al. 2005; Shihabudheen and Pillai 2018; Tokede et al. 2014). NFS are hybrid 

models that combine the learning power of ANN and functionality of fuzzy systems (i.e., 

improving reasoning and inference and explicit knowledge representation) (Aydin and Kisi 2015; 

Chan et al. 2009; Shihabudheen and Pillai 2018). There are different ways of combining fuzzy 

systems and ANNs such as a fuzzy-neural network (FNN) equipping a neural network to execute 

fuzzy information or NFS developed through augmenting neural networks in a fuzzy system (Jin 

2010, 2011; Mitra and Hayashi 2000; Vieira et al. 2004). The resulting NFS perform better than 
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any single method alone and is suited to handle real-world problems in a practical and effective 

manner taking advantage of complementary characteristics of ANNs and fuzzy systems (Chan et 

al. 2009; Chen et al. 2018; Georgy et al. 2005; Kar et al. 2014; Rajab and Sharma 2018). 

Knowledge representation, automated learning, and ability to use linguistic variables to model the 

input–output relationships of a given system makes NFS a powerful technique to solve complex 

real-world problems (Chen et al. 2018; Georgy et al. 2005; Shihabudheen and Pillai 2018). 

2.4.2 Previous State of the Art Review Conducted on NFS 

A wide range of survey papers on NFS are available for various application areas. For instance, 

Shihabudheen and Pillai (2018) conducted a comprehensive survey on recent advances in NFS. 

The study presents different classification methods of NFS based on learning algorithm (gradient, 

hybrid, population, extreme learning machine (ELM), and support vector machine (SVM)), fuzzy 

techniques (type-1 and type-2), and structure (Shihabudheen and Pillai 2018). A review of NFS 

applications in business is presented in Rajab and Sharma (2018). Mitra and Hayashi (2000) 

conducted an exhaustive survey on neuro-fuzzy rule generation that explains different ways to 

integrate fuzzy logic and neural networks for rule generation. Veira et al. (2004) presented a brief 

survey that classified NFS as cooperative, concurrent, and hybrid. Sahin et al. (2012) conducted a 

survey of hybrid expert systems including NFS that classifies NFS based on their structure, 

algorithm, application, and building/implementation tools. Kar et al. (2014) presented a review of 

the different applications of NFS such as student modeling system, electrical and electronics 

system, economic system, feature extraction and image processing, manufacturing, forecasting, 

medical system, and traffic control. Viharos and Kis (2015) presented a detailed survey of neuro-

fuzzy applications in technical diagnostics and measurement.  
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According to Kar et al. (2014) it is difficult to collect, study, and classify the concerned articles 

since research work on NFS is distributed over a wide domain. Despite the abundance of published 

articles focusing on NFS topics, there are only few studies in the construction domain. 

Furthermore, studies dedicated to bibliometric or content analysis have not been done in the 

construction domain. Therefore, this section specifically focuses on NFS techniques used in 

construction applications, and it helps address the lack of a systematic review and content analysis 

of literature on these topics. 

2.4.3 Application of NFS in Construction 

Real-world problems in CEM are characterized by their non-specificity, uncertainty, complexity, 

dynamism, and non-linearity (Aydin and Kisi 2015; Chan et al. 2009). NFS combines knowledge 

representation with the learning power of ANN, consequently enabling it to represent qualitative, 

vague, and imprecise concepts (Chan et al. 2009). Thus, NFS possess a significant potential for a 

variety of applications in construction owing to its robust, fast, and effective characteristics for 

solving complex problems. As a result, NFS has been one of the most popular prediction modeling 

techniques capable of input-output mapping of complex and nonlinear relationships widely used 

successfully for various construction applications (Shahtaheri et al. 2015; Tiruneh et al. 2020). For 

instance, Jin (2010, 2011) applied the most commonly used NFS, ANFIS, for the decision-making 

process of efficient risk allocation. Elmousalami (2020) showed the suitability of computational 

intelligence (CI) techniques, which combine fuzzy logic, neuro computing, and evolutionary 

computing for parametric cost prediction models. Tokede et al. (2014) developed a neuro-fuzzy 

hybrid cost model for predicting the final cost of small water infrastructure project. Shahhosseini 

and Sebt (2011) proposed ANFIS for selecting and assigning employees for construction projects 
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based on competency. Shahtaheri et al. (2015) developed an ANFIS-based model for estimating 

baseline rates for on-site work categories in the construction industry. Rashidi et al. (2011) used 

ANFIS and neuro-fuzzy genetic system for decision making to select construction project 

managers in line with project conditions and company priorities. Polat et al. (2014) developed 

ANFIS-based bid/no bid decision model.  Azadeh et al. (2017) proposed an adaptive intelligent 

flexible algorithm composed of ANFIS, radial basis function (RBF), and multi-layer perception 

(MLP) for performance assessment and optimization of a pipe manufacturing factory. 

Furthermore, NFS is effectively used for many construction applications such as predicting 

compressive strength of concrete (Siraj et al. 2016), cost estimation (Wang et al. 2017), and multi-

criteria decision making (Cheng and Roy 2010; Tavana et al. 2016). Thus, a review of past studies 

in general and the discussion made in this section indicates extensive application of NFS 

techniques for real-world construction problems. 

2.4.4 Application of NFS for Modeling Organizational Competency and Performance 

Although NFS has been emerged and proven to be very effective for a wide range of construction 

applications, there has been very few uses in modeling competency and performance.  For instance, 

Omar and Fayek (2016) proposed a FNN to model construction project competencies and 

performance. The study showed that project performance can be improved by enhancing 

construction project competencies (Omar and Fayek 2016). Georgy et al. (2005) utilized neuro-

fuzzy intelligent systems for estimating or predicting engineering performance in a construction 

project. Cheng et al. (2015) employed evolutionary fuzzy SVM to predict productivity loss. Cheng 

et al. (2012) used evolutionary fuzzy hybrid neural network for dynamic project success 

assessment in construction industry. Most studies except Omar and Fayek (2016), focus on 
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performance prediction using various factors other than competency. NFS modeling techniques 

can explicitly represent and model the input–output relationships of complex problems and non-

linear systems, such as predicting performance (Tiruneh et al. 2020). Thus, there is still a great 

potential in using NFS for modeling organizational competencies and performance capable of 

analyzing organizational competencies, relate them to performance and predict organizational 

performance. 

2.4.5 Integrating NFS and Evolutionary Optimization Techniques 

NFS modeling techniques such as ANFIS has been one of the most popular prediction models 

capable of input-output mapping of complex and non-linear relationships, and it’s been widely and 

successfully used for various construction applications. ANFIS is a class of adaptive networks 

composed of two classes of nodes: adaptive nodes and fixed nodes (Acampora et al. 2014). 

Adaptive nodes are characterized by a collection of modifiable parameters, called a parameter set, 

whereas fixed nodes only deal with unmodifiable parameters (Acampora et al. 2014; Kumar and 

Hynes 2020). Adaptive networks are multi-layered feedforward structures whose overall output 

behavior is determined using the value of a collection of modifiable parameters (Kumar and Hynes 

2020; Siraj et al. 2016; Tiruneh et al. 2020). Adaptive networks achieve a desired input–output by 

updating the parameter sets according to given training data (Acampora et al. 2014; Elbaz et al. 

2019, 2020; Kumar and Hynes 2020). Figure 2.1 depicts the architecture of a typical ANFIS, which 

has two inputs, each with two MFs; two rules; and one output. The two fuzzy rules can be 

expressed as: If x is Ai, and y is Bi, then c is Zi. 
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Figure 2.2. Basic architecture of ANFIS 

NFS models such as ANFIS have good performance with desirable accuracy compared to the 

conventional mathematical or regression models in real engineering practice (Yuan et al. 2014). 

However, there has been an argument as to whether ANFIS can yield reasonable solutions with 

robustness since AI models still suffer from local minima and poor generalization (Elbaz et al. 

2020; Rini et al. 2016; Yuan et al. 2014). As a result, it may lead to provide less accurate results 

and/or distorted/inadequate explanations for problems (Elbaz et al. 2019, 2020). To overcome 

these limitations, ANFIS needs to be optimized with EA techniques (Elbaz et al. 2019, 2020). EAs 

such as GA, PSO, ABC, ACO etc. have been widely used for optimization owing to their ability 

in searching for optimal solutions in an irregular and high dimensional solution space (Eftekhari 

and Katebi 2008). EAs are population-based algorithms which allow for the simultaneous 

exploration of different parts of the search space and achieve multiple optimal solutions (Rini et 

al. 2016).  

Integrating EAs with other AI methods such as NFS in engineering problems leads to increased 

accuracy (Kamarian et al. 2014; Qasem et al. 2017). Furthermore, hybridizing of a robust 

optimization algorithm such as GA with NFS provides a scope to improve the effectiveness of 
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MFs and fuzzy rules in the model (Elbaz et al. 2019, 2020; Karaboga and Kaya 2019). It has been 

observed that there is a trend toward EA based training algorithms for better performance of NFS 

models in recently published studies (Elbaz et al. 2019, 2020; Karaboga and Kaya 2019; Tiruneh 

et al. 2020). Thus, in this research GA is implemented for optimizing the NFS model. 

2.4.6 Application of Hybrid NFS in Construction 

Recent studies showed that combining conventional NFS with other modeling techniques or 

optimization algorithms enables achieving an improved performance of the resulting model. For 

instance, Golafshani et al. (2020) used ANN and ANFIS hybridized with the grey wolf 

optimization (GWO) for predicting compressive strength of normal and high-performance 

concrete. Likewise, Yuan et al. (2014) proposed GA-ANFIS for predicting concrete compressive 

strength. Pamučar et al. (2016) used ANFIS with ABC optimization for decision making related 

to cost and risk aggregation in multi-objective route planning. Nazari and Sanjayan (2015) 

proposed a hybrid model based on ANFIS and imperialist competitive algorithm (ICA) capable of 

predicting the compressive strength of ordinary portland cement (OPC) based geopolymers. 

However, literature on application of hybrid of EAs and NFS for modeling organizational 

competencies and performance are very few. Elbaz et al. proposed a hybrid GA-ANFIS (Elbaz et 

al. 2019) and PSO-ANFIS (Elbaz et al. 2020) model to predict performance for tunneling projects. 

Although many studies indicated that EAs had significant ability in performance improvement of 

NFS for prediction, the application of hybrid NFS in construction research has still limitations in 

handling multiple outputs. The configuration of most of the NFS architectures e.g., ANFIS shown 

in Figure 2.1 is only suitable for MISO problems. As such, there remains a need for developing a 

modeling approach that can improve NFS so that it can handle complex and nonlinear MIMO 
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CEM problems. Thus, a novel methodology for developing a modeling approach that combines 

NFS (i.e., MANFIS) and GA capable of handling MIMO problems is developed in this research 

to model construction organizational competencies and performance. The following section 

provides an overview and applications of MANFIS modeling techniques. 

2.5 MANFIS Modeling Techniques  

Many real-world engineering problems, particularly in construction, are complex and non-linear 

MIMO systems (Acampora et al. 2014; Fattahi et al. 2018), in which the system’s multiple output 

variables may each depend on all input variables (Acampora et al. 2014). This strong dependence 

among variables leads to highly complex and dynamic systems that make MIMO models too 

imprecise and uncertain to be trained using conventional system modeling approaches (Acampora 

et al. 2014; Fattahi et al. 2018). However, because conventional NFSs are configured as MISO 

systems (e.g., ANFIS) and therefore have limitations in handling MIMO systems (Acampora et al. 

2014; Cheng et al. 2002), various approaches have used improved ANFIS methods for learning 

the behavior of MIMO systems, such as MANFIS (Acampora et al. 2014; Benmiloud 2010; Cheng 

et al. 2002; Das and Winter 2016; Nayak et al. 2015). MANFIS can be viewed as an aggregation 

of many independent ANFISs and capable of modeling highly non-linear and complex systems 

(Cheng et al. 2002; Das and Winter 2016; Nayak et al. 2015). The core of the proposed framework 

is a processing layer that contains ANFIS modal blocks that each corresponds to and predicts a 

single output, as shown in Figure 2.2 (Benmiloud 2010; Cheng et al. 2002; Das and Winter 2016; 

Malik and Arshad 2011). 
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Figure 2.3. Basic architecture of MANFIS 

Past studies that used MANFIS showed its good performance in approximating multiple outputs 

with the desired precision simultaneously (Benmiloud 2010; Das and Winter 2016; Malik and 

Arshad 2011; Nayak et al. 2015). Benmiloud (2010) confirmed the performance of MANFIS in 

predicting multiple outputs with the desired accuracy. Malik and Arshad (2011) proposed a 

MANFIS to model the multivariable primary pressure control system of a nuclear power plant that 

predict control valve positions with the highest accuracy. Das and Winter (2016) presented a 

MANFIS model that predicts multi-output urban transport modes (bus, train, tram, and walking) 

with high accuracy. Agah and Soleimanpourmoghadam (2020) developed a MANFIS model to 

predict the existence of pollutant heavy metals in the environment that predicts the concentration 

of four heavy metals in mine drainages with high accuracy. Furthermore, MANFIS does not need 
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a lot of manual configuration because the parameters are adjusted through the learning and/or 

optimization process, based on input data (Nayak et al. 2015). However, the choice of clustering 

method for input data is critical, because it can impact the number of rules and the generalization 

power of the model (Fattahi et al. 2018; Nayak et al. 2015). For instance, Fattahi et al. (2018) 

showed the impact of clustering method comparing the results of three MANFIS prediction models 

based on grid partitioning, subtractive clustering, and fuzzy c-means (FCM) clustering. The 

comparison showed that subtractive clustering and FCM clustering provided a comparable 

predictive accuracy. However, studies recommend using FCM to avoid an exponential growth of 

rules due to the number of input variables. The learning process of the MANFIS network 

terminates when the error measure is reduced to a designated threshold level and therefore the 

desired mappings between the independent variables and the outputs are obtained (Cheng et al. 

2002). MANFIS has similar limitations that ANFIS has (i.e., slow computational convergence and 

potential of being trapped in local minima), which results in low accuracy and poor generalization. 

Using a hybrid of MANFIS and evolutionary optimization techniques, such as GA, PSO, ABC, 

and ACO, is vital to improving MANFIS performance.  

Optimization of a multi-output system is performed by integrating a MANFIS network and various 

EAs such as GA to improve the prediction capacity (Cheng et al. 2002). For instance, Cheng et al. 

(2002) proposed a hybrid MANFIS neuro-fuzzy network that uses GA to optimize multiple-

objective decision-making problem. Tahmasebi and Hezarkhani (2012) investigated the 

performance of integrated neural-fuzzy and GA (GA–ANFIS) for MIMO problems to predict the 

ore grade from the boreholes of copper deposits. The result showed that their proposed approach 

has an excellent performance for grade estimation (Tahmasebi and Hezarkhani 2012). Review of 

past studies shows that very few studies have focused on MANFIS in general and incorporating 
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EA methods, especially GA. As a result, this research developed a hybrid of GA and MANFIS to 

develop a model that predicts organizational performance using organizational competencies. 

Thus, the GA-MANFIS model developed in this research enables construction organizations to 

identify and evaluate their competencies that have significant impact on performance and to predict 

multiple organizational performances simultaneously.  

2.6 Chapter Summary 

This chapter provided a brief literature review on concepts related to organizational competencies 

and performance. A review of literature revealed that many past studies emphasize only select 

aspects of competency, such as individual/personal or project-level competencies, while 

competency studies at the organizational level are few. In this chapter, the existence of a positive 

relationship between organizational competency and performance has been established. Also, the 

literature review indicated that there is a lack of systematic review and content analysis of 

published articles related to organizational competencies and performance. 

In this chapter, an overview of organizational competency and performance modeling methods 

employed in construction applications are presented. Different modeling methods for 

organizational competency and performance were discussed and their respective advantages and 

limitations were presented. Despite availability of wide array of robust modeling techniques, only 

few are commonly used in construction applications in general and specifically for modeling 

competencies and performance. Most of the models discussed in published articles are statistical 

and regression deterministic models that cannot capture subjective uncertainty, complex and 

nonlinear relationships inherent in construction. To address these limitations, some efforts have 

been made to integrate fuzzy systems (fuzzy logic) and ANNs; hence, NFS. Conventional NFS 
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have limitations related to slow computational convergence and potential of being trapped in local 

minima that may provide less accurate results and poor generalization. Thus, efforts made to 

integrate NFS and EAs in construction (i.e., to improve accuracy and generalization capability) 

were examined and limitations were established. Accordingly, most of conventional and hybrid 

NFS such as ANFIS fails to directly deal with MIMO systems due to their MISO structure. Thus, 

an overview of MANFIS modeling techniques that can handle MIMO problems was explored. The 

next chapter presents results of the focus group study on organizational competencies and 

performance measures in construction. 
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Chapter 3 Competency and Performance Measures for Organizations in 

the Construction Industry: Content Analysis and Focus Group Study3 

 

3.1 Introduction 

Organizational competency is as an integrated combination of resources, particular sets of skills, 

necessary information, technologies, and the right corporate culture that enable an organization to 

achieve its corporate goals, competitive advantage, and superior performance (Tiruneh and Fayek 

2018, 2020). However, many past studies emphasize only select aspects of competency at 

individual/personal or (Salajeghe et al. 2014) project level (IPMA 2006,2015; Hanna et al. 2016, 

2018; Omar and Fayek 2016; Salajeghe 2014). However, competency studies at the organizational 

level are few (Edgar and Lockwood 2008; Escrig-Tena and Bou-Llusar 2005; Sparrow 1995). 

Although organizational competency is a major research focus in many disciplines such as 

business, human resources, and management, limited research has been conducted in the 

construction domain. Competency studies at an organizational level need to account for the unique 

nature of construction, which is widely regarded as complex, full of uncertainties, and contingent 

on changing environments. As such, there remains a need for a comprehensive analysis of all 

aspects of organizational competencies that improve performance for construction organizations 

operating in a highly competitive global market. Thus, this chapter has the following objectives: 

 
3 This chapter has been accepted for publication on May 26, 2020 and published on the web on May 29, 

2020 in the Canadian Journal of Civil Engineering: Tiruneh, G. G. and A. R. Fayek. 2020. “Competency 

and performance measures for organizations in the construction industry.” Can. J. Civ. Eng., 50 manuscript 

pages. 
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(1) to conduct an extensive review and detailed content analysis on organizational-level 

competency and performance studies in the construction domain; (2) to identify and systematically 

categorize organizational competency and performance measures; (3) to evaluate, rank, refine, and 

validate the list of organizational competency and performance measures and their categorization.  

The rest of this chapter is structured as follows. First, the research methodology adopted in this 

chapter is discussed and provides the outcomes of the content analysis. Second, the results and 

discussion of the focus group findings are presented. Third limitations of the focus group results 

are explained. Finally, a summary of this chapter is provided. 

3.2 Research Methodology  

The research methodology for this study had three major stages. First, relevant articles from highly 

regarded journals mostly in construction research were selected. Then, a comprehensive literature 

review and detailed content analysis was conducted to identify and categorize organizational 

competency and performance measures. Finally, a focus group study was carried out to evaluate 

and rank identified competency and performance measures and validate their categorization. The 

detailed procedures of the research methodology are presented below. 

3.2.1 Selection of Journals and Relevant Articles 

In stage 1, journals that are highly-ranked in the construction engineering and management 

research community were selected. Scopus, a powerful search engine that includes most research 

publications in construction, engineering, management, and business, was initially used. However, 

most of the competency studies—including those published earliest—were from business, human 

resources, and management studies; therefore, journals outside the construction domain were also 

considered for selection. Thus, to maximize the coverage of journal coverage focusing on 
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competency studies, databases that provide highly-ranked and relevant research work were also 

used, such as the American Society of Civil Engineers (ASCE) library, the International Journal 

of Project Management (IJPM) database, Elsevier, Emerald, Taylor & Francis Online, the Wiley 

Online Library, and Scopus. Journals that have a CiteScore of 0.90 and above according to 2017 

Scopus journal metrics were considered.  

The search for relevant articles was restricted to articles published between 1985 and 2018 and 

conducted using the title, abstract, and keywords (T/A/K) field of the above bibliographical 

sources. Then, articles relevant to the study were selected using appropriate search terms, including 

“competency”, “performance measurement”, “organizational competency”, “organizational 

performance”, “competency and performance measures”, and “organizational competency and 

performance measures”. As a result, 354 articles focusing on competency and performance from 

50 journals were initially identified. The contents of the articles were further examined, and the 

number of articles was reduced to 125 from 33 journals. The complete list of selected articles used 

for the content analysis is provided in Appendix A. Articles were selected based on the following 

criteria: (1) the article should focus on competency and performance in general and on construction 

in particular; (2) the article should mention, discuss, or list competency and performance measures; 

and (3) the article should use a specific classification and categorization technique of competency 

and performance measures. The 354 articles were considered to have met the initial requirement 

for further analysis since the search terms appeared in the titles, abstracts, or keywords. Due to 

widespread use of the search terms used for this chapter in CEM research, the abstract of each 

article was used to filter out irrelevant papers for the content analysis (Chan et al. 2009; Yi and 

Chan 2014). Therefore, articles that included any of the search terms in their titles, abstracts, or 

keywords but that did not focus on topics related to discussing, classifying, and categorizing 
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competency and performance measures were excluded. Thus, the 354 articles were reduced to 125. 

Of the 125 articles considered, 108 (86%) of the articles were from 16 journals that each include 

at least three articles. The largest number of articles selected were from the following journals: 

Construction Management and Economics (17 articles), Expert Systems with Applications (8 

articles), International Journal of Project Management (10 articles), Journal of Construction 

Engineering and Management (9 articles), and Journal of Management in Engineering (7 articles). 

The remaining 17 articles from 17 journals listed in Appendix A were included because of their 

relevance to the objectives of this chapter based on the article selection criteria.  

3.2.2 Content Analysis 

A comprehensive review of articles selected in stage 1 was conducted to identify relevant articles 

that focus on competency and performance for content analysis. Content analysis is a robust 

technique for collecting and organizing information in order to examine trends and patterns and 

determine major facets of and valid inferences from analyzed documents (Siraj and Fayek 2019). 

Content analysis can be qualitative or quantitative. Qualitative content analysis focuses on 

grouping data into categories based on the contents. Quantitative content analysis determines the 

numerical values of categorized data (i.e., frequencies, ratings, and rankings) by counting the 

number of times a topic is mentioned (Chan et al. 2009; Siraj and Fayek 2019). In this chapter, a 

combination of qualitative and quantitative content analysis was adopted in order to (1) review 

recent advances in competency and performance studies applicable to the construction domain, (2) 

develop a comprehensive list of competency and performance measures; (3) identify and examine 

common competency and performance measures and their categorization methods, and (4) 

systematically identify and categorize the most commonly used organizational competency and 
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performance measures. As a result, a comprehensive list of organizational competency and 

performance measures was identified and the measures were categorized, as presented in the 

following section. 

3.2.3 Identification and Categorization of Organizational Competency and Performance 

Measures    

3.2.3.1 Identification and Categorization of Organizational Competency 

According to Campion et al. (2011), competencies can be hierarchically arranged into categories 

and subcategories to simplify their presentation for the user, especially if there are a large number 

of competencies. By performing content analysis and conducting a comprehensive review of the 

literature, 18 commonly used competency categories were identified. These competency 

categories were further reduced to 12 by merging categories to avoid redundancy and similarity. 

In addition, the content analysis indicated that competencies have been viewed from two different 

perspectives: (1) as assets, skills, or resources belonging to the company that allow an activity to 

be performed systematically; and (2) as the activities themselves, that is, the operations that the 

firm is able to carry out by integrating a series of assets, emphasizing what the company does as 

opposed to what the company has (Escrig-Tena and Bou-Llusar 2005; Omar and Fayek 2016; 

Succar et al. 2013; Walsh and Linton 2001). The first perspective identifies the cognitive aspect, 

which is related to the knowledge and skills the firm possesses (i.e., behavioral competencies); the 

second perspective identifies the processes and practices of implementing the activities, functions, 

and/or operations the firm undertakes (i.e., functional competencies). Accordingly, 157 

competencies were identified and grouped into two sets of organizational competencies: functional 

(how the organization operates and functions) and behavioral (individual/organizational 
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attributes). The list of competencies was further refined to avoid redundancy and similarity. For 

instance, competencies described as strategic thinking, strategic planning, strategic policy, and 

strategic management were merged into one competency. As a result, a total of 101 competencies 

(i.e., 58 functional and 43 behavioral competencies) were selected and grouped under 12 

categories, as shown in Table 3.1. The competency categories that already exist in the literature 

are limited to a select few aspects of competency, such as individual/personal, managerial, and 

cost estimation competencies. In contrast, the categorizations of organizational competencies 

proposed in this chapter capture an overall view of organizational processes and practices. 

Therefore, this chapter categorizes organizational competencies hierarchically that considers how 

the organization operate their functions and organize their resources especially human resources. 

Functional competencies are the technologies, abilities, and knowledge necessary to perform 

work-related tasks effectively and to produce specific desired outcomes within the functional 

domains of the organization (Loufrani-Fedida and Missonier 2015; McDermott 2003). In line with 

past studies and taking into account construction organizational operations, a total of 58 identified 

functional competencies are organized into seven categories based on specialized functional areas 

or departments (e.g., general administration, production/operations, project management, and 

construction and engineering research and development) and those spanning intra-organization or 

interdisciplinary functional domains (i.e., cross-functional, technical, and supervisory/managerial 

competencies).  
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Table 3.1. Organizational competencies 

Group Competency category No. of 
competencies 

Competencies (No. of articles that cite the competency) 

Functional  General administration 5 Staff development/training (22); human resources/personnel management (22); 
results orientation (5); goal orientation (5); managing and support of diversity (8)  

 Technical  9 Quality of work (22); technical/job knowledge (19); commitment to safety (6); 
planning and organizing (10); strategic planning and management (20); attention to 
detail (3); business acumen/business management skills (13); market management 
(12); finance management (13)   

 Cross-functional  5 Cooperation and coordination (collaboration) (13); stakeholder focus (26); 
communications management (16); delegation (3); public and government relations 
(5)   

 Production/operation  6 Construction technology/integration management (9); operations and maintenance 
(5); process engineering management (17); construction, production, and 
manufacturing (8); materials management (5); product engineering (7) 

 Construction and 
engineering research and 
development  

4 Business, legal, and public policy (3); construction law and regulation (3); 
management information systems/technology (22); new technology/product 
development (17) 

 Project management  24 Safety, health, security, and environment (13); quality management (15); schedule 
(time) management (15); scope management (5); change management (11); 
managing performance (4); cost management (8); commissioning and start-up (3); 
project monitoring and controlling (3); project resource management (5); risk 
management (15); design development (3); integration management (7); project 
materials management (5); stakeholder management (5); contract administration (4); 
project communications management (6); environmental management (3); team 
building (12); procurement management (8); project human resource management 
(9); program management (3); conflict management (6); commitment to 
sustainability (3) 

 Supervisory/managerial  5 Values and ethics (3); engagement (5); management excellence (3); resource 
management (5); strategic thinking (3) 
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Group Competency category No. of 
competencies 

Competencies (No. of articles that cite the competency) 

 Subtotal 58  
Behavioral  Organizational attributes 7 Ability to build trust (5); competitiveness (3); adaptability/flexibility (27); 

achievement drive (27); innovation (30); organizational awareness, culture, and 
values (9); risk-taking (5) 

Top management 4 Leadership (26); strategic thinking (9); judgement (5); analytical ability (14) 
Middle management  7 interpersonal skills (15); decision-making (15); consultation (4); negotiation (8); 

reasoning (3); conflict and crisis resolution/issue management (13); assertiveness (6) 
First-line management  8 Problem-solving (6); integrity/high standards (4); planning and organizing (8); results 

orientation (3); responsiveness (3); influence (12); communication (20); incisiveness 
(3) 

Individual/personal  17 Reliability/dependability (8); teamwork (17); ethics (4); initiative (14); commitment 
(5); effectiveness (8); self-regulation/control (16); motivation (10); resourcefulness 
(3); perseverance (3); attention to detail (4); professionalism (9); cognitive skills (6); 
self-confidence (10); creativity (11); sales mindset/selling skills (3); enthusiasm (3) 

 Subtotal  43  
 Total 101  
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Behavioral competencies are the individual or organizational attributes that enable the effective 

and consistent execution of organizational functions, thereby ensuring market competitiveness 

(IPMA 2006; Rosas et al. 2011). Forty-three behavioral competencies are arranged in five 

categories according to organizational hierarchy and managerial levels. The first competency 

category deals with the overall organizational attributes that identify a given construction 

organization as a single entity. The managerial attribute competencies are grouped into top, 

middle, and first-line management competencies. Individual/personal attributes make up the fifth 

behavioral competency category, which encompass competencies that are important for all sets of 

individuals in the organization. 

3.2.3.2 Identification and Categorization of Organizational Performance Measures 

In this chapter, a total of 44 organizational performance measures and classified them as KPIs, 

KPOs, and PerMs. Performance measures can be either leading indicators (KPIs), lagging 

indicators (KPOs), or both (PerMs). KPIs are made up of five categories (i.e., cash flow, quality 

of work, market shares, safety, and financial stability). The performance measures under the KPI 

categories are leading indicators that enable the prediction of future trends and identify problems 

in the early stages of organizational operations and/or projects, which provides the opportunity for 

intervention to improve performance. KPOs are made up of four categories (i.e., profitability, 

growth, business efficiency, and effectiveness of planning). The performance measures under the 

KPO categories are lagging indicators, which are measured as a result of an outcome and which 

do not enable change. PerMs are categorized as internal customer satisfaction, external customer 

satisfaction, or competitiveness, dependent on the manager’s/individual’s perception and/or focus. 

PerMs can be either leading or lagging indicators, depending on when they are measured. The full 

list of identified organizational performance measures and their categories is shown in Table 3.2.  
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Table 3.2. Organizational performance measures 

Group Category No. of 
performance 

measures 

Performance Measures 
(No. of articles that cite the performance 

measure) 
KPIs Cash flow 1 Cash flow (5) 
 Quality of work 2 Rework factor (4); prevention, appraisal, and 

failure (PAF) model (3) 
 Market share 2 Market returns (3); market share (11) 
 Safety 5 Incident rate (4); time lost (4); safety 

performance (4); accident frequency rate (5); 
accident cost (3) 

 Financial stability 2 Debt ratio (4); liquidity (3) 
 Subtotal 12  
KPOs Profitability 10 Profitability (13); return on investment (5); 

return on capital (3); return on assets (8); net 
income (3); return on equity (3); economic 
value added (3); return on sales (5); financial 
autonomy (3); hanging invoice (3) 

 Growth 3 Revenue growth (9); sales growth (9); volume 
of works growth (7)  

 Business efficiency 2 Net profit margin (3); efficiency ratio (2) 
 Effectiveness of 

planning 
5 Cost predictability (5); time predictability (5); 

change cost factor (3); cost growth/increase 
(4); time growth/increase (4) 

 Subtotal 20  
PerMs Internal customer 

satisfaction 
5 Employee satisfaction (8); employee turnover 

rate (2); average remuneration per employee 
(2); profit per employee (2); turnover/revenue 
per employee (2) 

 External customer 
satisfaction 

4 Customer satisfaction (13); customer 
retention/loyalty (3); percentage of repeat 
customers (2); number of complaints (3) 

 Competitiveness 3 Company image/reputation; (6) competitive 
advantage (3); market advantage (2) 

 Subtotal 12  
 Total 44  
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3.2.4 Focus Group 

In stage 3, a focus group study was conducted to evaluate, rank, refine, and validate the list of 

organizational competency and performance measures and their categorization, which were 

identified through extensive literature review and detailed content analysis. A focus group consists 

of a group discussion with a moderator prompting the participants to exchange ideas and explore 

expert opinions based on the participants’ experiences (Leung et al. 2014).  

The focus group study, approved by the University of Alberta Human Research Ethics Board, was 

conducted in two phases: the focus group survey and the focus group discussion. The first phase 

consists of a focus group survey, where participants evaluate the list of organizational competency 

and performance measures based on their importance with respect to their respective categories. 

A five-point importance scale was used for evaluation (i.e., extremely unimportant, unimportant, 

neither unimportant nor important, important and extremely important). The second phase was the 

focus group discussion session with five discussion points. An interactive semi-structured focus 

group discussion led by two moderators/facilitators was conducted. The moderators encouraged 

the participants to exchange ideas and describe their experiences pertaining to identifying, 

measuring, and evaluating competency and performance in their organizations. 

3.2.4.1 Size of the Focus Group 

An invitation to participate in the focus group study was sent out via email to individuals working 

in the construction industry, through eight member organizations of an industry-based research 

partnership program involving a wide range of company types operating in the construction 

industry, such as owners, contractors, consultants, trades. Some of these members organizations 

are associations, who sent out the invitation to their members. A purposive sampling was adopted, 
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in which participants had to fulfill at least the following criteria: (1) they all had either a managerial 

or senior position and had experience and knowledge of how organizations operate in the 

construction industry so they could effectively evaluate the competency and performance measures 

at the organizational level and (2) they were still actively working and had at least five years of 

practical experience in organizations and/or projects in the construction industry. The purposive 

sampling that was adopted helped to ensure both the quality of data collected and a mix of wide-

ranging interdisciplinary participants (Leung et al. 2014). 

There were 13 participants in the focus group study representing eight organizations operating in 

the construction industry. The North America Industry Classification System (NAICS) – Canada 

published by Statistics Canada (2017) was used to determine the construction industry sector 

categories. The participants’ demographic information is presented in Table 3.3. The participants 

of the focus group were highly experienced professionals (the majority are 40 years old and above 

with an average work experience of 20 years or more) who hold a management position in their 

respective organizations. As practitioners working in the construction industry, participants 

provided their expert opinion in the focus group discussion on issues applicable to their specific 

organizations. The participants represented eight companies, the majority of which (five) are 

owner companies involved in heavy and civil engineering construction, specifically in the energy 

(i.e., oil and gas, and power) sector. Of the three remaining companies, one of them is a general 

contractor and two are specialty subcontractors. Of the eight companies represented, seven of them 

are large organizations with more than 300 employees and one is small with less than 50 

employees. 
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Table 3.3. Focus group participants’ demographic information 

Background information Categories Number of 
participants 

Age 18–30 0 
 31–40 3 
 41–50 6 
 51–60 4 
Company type Owner 9 
 General contractor 1 
 Specialty/Subcontractor 3 
Position  Senior management 5 
 Project management 4 
 Engineering management 1 
 Project controls 1 
 Product manager 1 
 Construction manager 1 
Overall years of work 
experience  

<10 2 
11–20 5 

 21–30 3 
 31–40 3 
Gender Male 11 
 Female 2 

 

3.2.4.2 Focus Group Session Procedures 

The focus group consisted of three parts: (1) introduction and presentation, (2) focus group survey 

evaluation, and (3) focus group discussion. At the beginning of the focus group, participants 

introduced themselves and stated their position and organization. The moderators described the 

purpose of the study and the function of the focus group (i.e., processes, procedures, and 

anticipated outcomes), the focus group rules (i.e., equal status and voice of each participant to 

provide suggestions), and confidentiality of the discussions. In addition, the moderators briefly 

presented the definitions of organizational competency and performance measures, the categories 

of competency and performance measures proposed based on the content analysis, and a planned 

framework to relate competencies to performance.  
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Participants were provided with two sets of documents. The first document was a focus group 

survey consisting of a list of organizational competencies classified as functional or behavioral 

and grouped under seven and five categories, respectively. This document also included 

organizational performance measures classified as KPIs, KPOs, and PerMs. Participants were 

asked to review the list and categorization of each competency and performance measure and 

evaluate it within its respective category, using a 5-point importance scale (1 = extremely 

unimportant and 5 = extremely important). As a reference, a second document consisting of the 

definitions of each organizational competency and performance measure was also provided to help 

participants understand and evaluate them effectively and validate their categorization.  

Following the focus group survey, a semi-structured participative discussion was conducted. For 

the discussion session, the moderators provided five semi-structured open-ended questions to 

explore participants’ experiences and opinions pertaining to identifying, evaluating, and validating 

the categorization of organizational competency and performance. The moderators made notes 

during the focus group discussion to capture participants’ opinions and feedback. The moderators 

also facilitated the discussion by elaborating on and further explaining the suggestions and 

questions posed by participants. The explanations allowed the moderators and participants to 

cross-check their respective understandings of the ideas and opinions provided during the course 

of the discussion, thus helping to minimize data distortion and misrepresentation.  

3.2.4.3 Focus Group Survey Data Analysis 

All 13 focus group participants completed the survey. The Relative Importance Index (RII) for 

each of the competency and performance measures is calculated using Equation (3.1) to identify 
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the importance of each competency or performance measure relative to the other competency or 

performance measures in a given category and to rank them accordingly (Gündüz et al. 2013).  

𝑅𝐼𝐼 =
∑ 𝑎𝑖

5
𝑖=1 𝑛𝑖

𝐴𝑁
                                                                        (3.1) 

where 𝑎𝑖 , 𝑖 = 1, … ,5, is a constant representing importance scales 1 to 5 (i.e., 1 representing 

extremely unimportant and 5 representing extremely important); 𝑛𝑖 , is the number of respondents 

who selected importance scales of 𝑎𝑖; A is the highest score of the importance scale (i.e., 5); and 

N is the total number of respondents (i.e., 13) who participated in the focus group. 

The RII value has a range of 0 to 1, where the higher the RII, the more important the competency 

and/or performance measure relative to the other competency or performance measures in the same 

category. RII helps to identify the most important competency and performance measures based 

on their values of RII and their ranking. 

3.2.4.4 Focus Group Discussion Data Analysis 

A participative discussion was conducted after the focus group survey was completed. The 

moderators posed a set of semi-structured questions to initiate full participation and interaction 

from all participants. The semi-structured questions asked were participants’ opinions on the 

categorization of competency and performance measures; show gaps and provide 

recommendations for improving the proposed approach; feasibility of collecting data on 

competency and performance measures from various organizations using the proposed approach; 

and whether the proposed approach mirrors each participant’s organization’s approach to defining 

and measuring organizational competency and performance. The data collected from the 

discussion were encoded and analyzed in conjunction with the focus group survey data. 
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The purpose of the focus group was to evaluate and identify important competency and 

performance measures at the organizational level and refine the full list of competency and 

performance measures for future data collection and modeling. The relative importance of 

competency and performance measures was quantified using the RII and ranked accordingly 

within each respective category. To refine the list of competency and performance measures, 60 

percent of the top-ranked competencies were selected for categories having ten or fewer 

competencies and 40 percent of the top-ranked competencies were considered for categories with 

more than ten competency or performance measures. If a category had fewer than five 

competencies or performance measures, all of them were selected. The rationale for applying these 

refining criteria was to provide a balanced number of competencies within each competency 

category. 

3.3 Results and Discussion 

3.3.1 Focus Group Survey Results 

The focus group analysis is implemented following the approach presented in Gündüz et al. (2013). 

The complete list of ranked organizational competencies and performance measures based on the 

focus group survey analysis is provided in Appendix B. 

3.3.1.1 Organizational Competencies 

The results showing the RII values and the rankings of organizational competencies are provided 

in Appendices B.1 and B.2 for functional and behavioral competencies, respectively. The mean 

RIIs and the competency category rankings are discussed below. The three top-ranked 

competencies in each of the competency categories from Appendices B.1 and B.2 are discussed in 

the following sections, based on the mean RII and the ranking order of the competency categories.  
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A. Functional Competencies 

Among the seven functional competency categories (Appendix B.1), the three top-ranked 

functional competency categories are supervisory/managerial competencies (RII = 0.874), 

production/operation competencies (RII = 0.867), and project management competencies (RII = 

0.853), respectively. Cross-functional competencies (RII = 0.852) are the fourth-ranked 

competency category. The three lowest-ranked competency categories are construction and 

engineering research and development competencies (RII = 0.849), technical competencies (RII = 

0.836), and general administration competencies (RII = 0.785), respectively.   

i. Supervisory/managerial competencies (RII = 0.874) 

The supervisory/managerial category is the top ranked functional competency category. Values 

and ethics (RII = 0.923) is the top ranked competency in this category. Values and ethics encourage 

adherence to the appropriate and effective core values, culture, and work ethic of the organization. 

Engagement and management excellence are the two second ranked competencies in this category, 

each with an RII of 0.877. Engagement helps supervisors and managers lead across organizational 

boundaries in order to unite a broad-based group of stakeholders, partners, and clients/customers 

in a shared agenda and strategy. Management excellence is critical for ensuring that people have 

the support and tools they need and that the workforce as a whole has the capacity and diversity to 

meet current and long-term organizational objectives. 

ii. Production/operation competencies (RII = 0.867) 

Production/operation is the second ranked competency category. In this category, construction 

technology/integration management and operations and maintenance are the two top ranked 

competencies, each with an RII of 0.908, followed by process engineering management (RII = 
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0.862). Construction technology/integration management helps to optimize specific activities and 

coordinate the diverse components of production, operation, and/or construction works through 

the application of current technology available in the industry. Operations and maintenance ensure 

awareness of procedures/systems and safety considerations for setup, process/procedures, control, 

maintenance, and improvement of technologies that support production, operations, and 

maintenance in order to meet stakeholder requirements. Process engineering management enables 

the planning and coordination of process development and improvement across the organization, 

by identifying and analyzing the strengths and weaknesses of each process relative to acceptable 

standards. 

iii. Project management competencies (RII = 0.853) 

Project management is the third ranked competency category. Safety, health, security, and 

environment (RII = 0.954) is the top ranked project management competency. Quality 

management, schedule (time) management, and scope management are the three second ranked 

project management competencies, each with an RII of 0.923. Organizations in the construction 

industry are largely project-based companies (Kwak et al. 2015; Deng and Smyth 2013; Lin and 

Shen 2007); thus, project management competencies play a critical role in organizational success 

and performance. 

iv. Cross-functional competencies (RII = 0.852) 

The fourth ranked category is cross-functional competencies. Cooperation and coordination (RII 

= 0.933) is the top ranked cross-functional competency; it enables the integration of various 

interdisciplinary functional domains that span an organization. Stakeholder focus (RII = 0.877) 
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and communication management (RII = 0.867) are the second and third ranked competencies, 

respectively, in this category. 

v. Construction and engineering research and development competencies (RII = 0.849)  

Construction and engineering research and development is the fifth ranked competency category. 

The three top ranked competencies in this category are business, legal, and public policy (RII = 

0.883), construction law and regulation (RII = 0.877), and management information 

systems/technology (RII = 0.850). Construction and engineering research and development 

competencies are vital for ensuring organizational work processes remain effective, and they help 

create innovative processes and products that give the company a short-term and long-term 

competitive advantage. 

vi. Technical competencies (RII = 0.849) 

The sixth ranked competency category is technical competencies. The first and second ranked 

competencies in this category are quality of work (RII = 0.969) and technical/job knowledge (RII 

= 0.954), respectively, which indicate the ability of an organization to execute its operations and 

projects with the desired quality and appropriate expertise. Commitment to safety (RII = 0.938) is 

ranked third in this category. 

vii. General administration competencies (RII = 0.849) 

The general administration competency category is the lowest ranked functional competency 

category. In this category, staff development/training and results orientation are the two top ranked 

competencies, each with an RII of 0.831. The third ranked competency in this category is goal 

orientation (RII = 0.800). Staff development/training addresses knowledge gaps by providing 

coaching, training, and continuous learning to help staff develop professionally and to support 
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organizational improvement. Results orientation enables an organization to achieve expected 

results through successful and timely completion of organizational operations. Goal orientation 

helps identify short- and long-term organizational objectives and strategies, as well as how to use 

resources effectively and efficiently to achieve these goals. 

B. Behavioral Competencies 

Based on the mean RII and ranking shown in Appendix B.2, the three top ranked behavioral 

competency categories are top management competencies (RII = 0.900), organizational attributes 

(RII = 0.882), and first-line management competencies (RII = 0.877), respectively. Middle 

management (RII = 0.855) and individual/personal competencies (RII = 0.835) are the fourth and 

fifth ranked behavioral competency categories, respectively. 

i. Top Management competencies (RII = 0.900) 

The top ranked behavioral competency category is top management competencies. The three top 

ranked competencies in this category are leadership (RII = 0.969), strategic thinking (RII = 0.954), 

and judgment (RII = 0.846), respectively. 

ii. Organizational attribute competencies (RII = 0.882) 

The second ranked behavioral competency category is organizational attributes. The two top 

ranked competencies in this category are ability to build trust (RII = 0.933) and competitiveness 

(RII = 0.908), respectively. Adaptability/flexibility and achievement drive are both ranked third, 

each with and RII of 0.908. 
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iii. First-line management competencies (RII = 0.877) 

The third ranked behavioral competency category is first-line management competencies. 

Problem-solving (RII = 0.938), integrity/high standards (RII = 0.908), and planning and 

organizing (RII = 0.892) are the three top ranked competencies, respectively. 

iv. Middle management competencies (RII = 0.855) 

Middle management competencies is the fourth ranked behavioral competency category. 

Interpersonal skills and decision-making, each with an RII of 0.923, are the two top ranked 

competencies in the category. Consultation, negotiation, and reasoning ranked third, with an RII 

of 0.923. 

v. Individual/personal competencies (RII = 0.835) 

Individual/personal competencies is the fifth ranked behavioral competency category. 

Reliability/dependability, with an RII of 0.938, is the top ranked competency in this category. The 

two second ranked competencies in this category are teamwork and ethics, each with an RII of 

0.908. 

C. Top ten ranked organizational Competencies 

This section presents the top ten ranked functional and behavioral competencies shown in Tables 

3.4 and 3.5, based on their RII values and irrespective of their competency category. Based on the 

ranking in Table 3.4, quality of work is the top ranked competency (RII = 0.969). The second top 

ranked competencies are technical/job knowledge and safety, health and environment, both with 

RII = 0.954. Commitment to safety (RII = 0.969) and cooperation and coordination (RII = 0.969) 

are ranked fourth and fifth respectively. The sixth ranked competencies include quality 

management, schedule management, scope management, and values and ethics, each with RII = 
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0.923. Construction technology/integration management and operations and maintenance are 

ranked tenth with RII = 0.908. Competencies from the technical and project management 

competency categories dominate the ten to-ranked competencies (Table 3.4), which reflects the 

priorities of organizations in the construction industry. 

Table 3.4. Ten top-ranked functional competencies 

No. Competency Competency category RII Overall rank 

1 Quality of work Technical  0.969 1 
2 Technical/job knowledge Technical  0.954 2 
3 Safety, health, security and 

environment  
Project management  0.954 2 

4 Commitment to safety Technical  0.938 4 
5 Cooperation and coordination Cross-functional  0.933 5 
6 Quality management  Project management  0.923 6 
7 Schedule/time management Project management  0.923 6 
8 Scope management Project management  0.923 6 
9 Values and ethics (integrity and 

respect) 
Supervisory/managerial  0.923 6 

10 Construction technology/ 
integration management 

Production/operation  0.908 10 

11 Operations and maintenance Production/operation  0.908 10 
 

Based on the rankings in Table 3.5, the first and second top ranked behavioral competencies are 

leadership (RII = 0.969) and strategic thinking (RII = 0.954), respectively. Problem solving and 

reliability/dependability, each with RII = 0.938, are ranked third, followed by ability to build trust 

(RII = 0.933) in fifth place. The sixth ranked competencies include interpersonal skills and 

decision-making, both with RII = 0.923. Competitiveness (RII = 0.917) is ranked eighth, followed 

by adaptability/flexibility and achievement drive, each with RII = 0.908 ranked ninth.  
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Table 3.5. Ten top-ranked behavioral competencies 

No. Competency  Competency category RII Overall rank 

1 Leadership  Top management  0.969 1 
2 Strategic thinking  Top management  0.954 2 
3 Problem solving First-line management  0.938 3 
4 Reliability/dependability Individual/personal  0.938 3 
5 Ability to build trust Organizational attributes 0.933 5 
6 Interpersonal skills Middle management  0.923 6 
7 Decision-making Middle management  0.923 6 
8 Competitiveness Organizational attributes 0.917 8 
9 Adaptability/flexibility Organizational attributes 0.908 9 

10 Achievement drive Organizational attributes 0.908 9 
 

The proposed classification of organizational competencies, which was validated through the focus 

group, helps organizations to identify, classify, categorize, and prioritize their competencies based 

on their contexts (i.e., the size and type of organization as well as the construction industry sector 

in which they operate). 

3.3.1.2 Organizational Performance Measures 

The complete list of ranked organizational performance measures based on the focus group survey 

analysis is provided in Appendix B.3. Based on the rankings in Appendix B.3, among the ten top-

ranked performance measures are, Profitability (RII = 0.967) is the top ranked performance 

measure. The second ranked performance measures include return on investment, incident rate, 

time lost, and company image/reputation, each with RII = 0.938. Cash flow (RII = 0.933) and cost 

predictability (RII = 0.933) are ranked sixth, followed by return on capital (RII = 0.923) and safety 

performance (RII = 0.917), ranked eighth and ninth, respectively. Return on assets and competitive 

advantage are the tenth most important performance measures, with RII = 0.908.  
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The top-ranked performance measures in their respective categories are as follows. Cash flow (RII 

= 0.933), rework factor (RII = 0.892), and market returns (RII = 0.800) are the top ranked 

performance measures in the KPI categories of cash flow, quality of work, and market share 

performance measures, respectively. Revenue growth (RII = 0.862), net profit margin (RII = 

0.846), and cost predictability (RII = 0.933) are the top ranked performance measures in the KPO 

categories of growth, business efficiency, and effectiveness of planning, respectively. Employee 

satisfaction (RII = 0.908), customer satisfaction (RII = 0.877) and company image/reputation (RII 

= 0.938) were the top ranked performance measures in the PerM categories of internal customer 

satisfaction, external customer satisfaction, and competitiveness, respectively. 

Quantitative analysis also enables the prioritization of organizational performance measures by 

ranking them based on their RII values in each category. For example, market returns, which shows 

an organization’s sales as a percentage of an industry’s total revenue over a fiscal year, is the top-

ranked performance measure in the market share category. Revenue growth, which measures an 

organization’s growth over time compared to the previous reporting period’s performance, is the 

top-ranked performance measure in the growth category. Company image/reputation, which 

indicates how an organization is perceived by people when the organization’s name is mentioned, 

is the top-ranked performance measure in the competitiveness category. 

3.3.2 Focus Group Discussion Results 

3.3.2.1 Categorization of Organizational Competency and Performance Measures 

The majority of participants agreed that the categorization of both competency and performance 

measures is good, but one participant questioned the need for categorization. The moderators 

explained the rationale behind categorizing the long list of competency and performance measures 



84 

 

in order to systematically group them to capture and depict the functional domains of a given 

organization (e.g., planning, design, construction etc.) in the construction industry. Categorization 

also helps the development of a technique for measuring and mapping competency to performance 

measures. A participant questioned why safety is included in some competency and performance 

categories given that it is an industry requirement. The majority of participants maintained that 

even if safety is a requirement, it is greatly important to evaluate it given the differences in 

implementation between organizations and between various construction industry sectors (i.e., 

safety requirements in the commercial construction sector are different than those in the heavy 

industrial construction sector). Two participants maintained that the behavioral competencies 

category is clearly defined, especially in terms of organizational attributes and managerial 

competencies. However, they argued that the items included under individual/personal 

competency category appear to be “characteristics” instead of competencies. The moderators cited 

past studies (e.g., IPMA 2015; Salajeghe et al. 2014; Takey and Carvalho 2015) to explain the 

basis for developing those individual competencies. In addition to individual cognitive abilities 

and traits, individual/personal competencies also include the knowledge, skill, ability (known as 

KSA) and experience that characterize a particular individual; hence, they are considered 

competencies. After a thorough discussion, the focus group reached consensus, agreeing that the 

categorization of organizational competency and performance measures is suitable and appropriate 

for use in construction organizations. Thus, the focus group validated the categorization of 

organizational competency and performance. 
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3.3.2.2 Gaps in Organizational Competency and Performance Measures 

One of the issues participants highlighted is the overlap and repetition of competencies, such as 

human resource management and resource management, across different categories. The 

moderators explained that the competencies that are repeated in different categories have different 

levels of detail (e.g., they exist at the project and/or organizational level). It was also pointed out 

that some of the competencies (e.g., human resources/personnel) are at a higher (i.e., macro) level 

than some other competencies (e.g., project human resource management), which are at the micro 

level. The moderators explained that similar competencies in different categories were designed 

to capture organizational competency measures at different levels (e.g., project, business, and/or 

corporate levels). Such an approach is supported by the majority of participants.  

A participant suggested that safety measures need to be grouped under KPOs instead of KPIs. The 

moderators explained that safety measures were grouped under KPIs because this categorization 

is supported by the literature, although some of the measures can also be considered KPOs. 

Another participant suggested that safety measures can be both KPIs and KPOs, stating, for 

instance, that the occurrence of a safety incident is an indicator that something serious might 

happen.  

A participant raised the issue that some performance measures that are applicable to a certain 

organization type may not be appropriate for another organization type, such as owner versus 

contractor/service provider. For instance, performance measures that include return on assets and 

return on investment capture owners’ perspectives. On the other hand, measures such as market 

growth and sales growth are more appropriate from the service perspective (i.e., for contractors 

and consultants). The moderators explained that the purpose of developing a comprehensive list 
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of performance measures is to account for the context variables of organization type, organization 

size, and construction sector type, so that individual organizations can select the most appropriate 

performance measures.  

3.3.2.3 Improvements Suggested by the Focus Group 

These suggestions were also discussed during the focus group discussion. In order to address the 

presence of similar or repetitious competencies in different categories, participants recommended 

making more distinction between repeated competencies. The moderators explained that the 

competencies are distinguished by the definition of each individual competency and performance 

measure. Improvements to overall categorization and specific categories were suggested. 

Feedback from both the focus group survey and the discussion helped to capture practitioners’ 

experiences in order to improve the list of competency and performance measures and their 

categorizations at an organizational level. The competency and performance measures that were 

recommended for inclusion or removal from the list were thoroughly analyzed, and those that were 

determined to exist and/or effectively capture competency or performance at the organizational 

level and that were supported by literature are included in order to meet the study objectives.  

Competencies incorporated in the functional competency categories based on participants’ 

feedback include: interdisciplinary alignment (general administration), technical innovation 

(technical), and interface management (cross-functional). Few competencies were suggested to be 

moved from their original category to a different category. Delegation is moved to the 

managerial/supervisory category from the cross-functional category, while strategic planning and 

management and financial management are taken out of the technical category and included under 

the cross-functional and project management categories, respectively.  
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Suggested additions to the list of performance measures include revenue diversification (cash 

flow), near misses (safety), and work force growth and asset growth (growth). Cash flow is moved 

to the financial stability category under KPIs based on focus group feedback. In addition, a new 

performance metric category, community relationships, which includes performance measures 

such as equity, diversity, charitable institutions, and indigenous involvement (aboriginal 

engagement targets), was suggested for addition. However, equity and diversity are elements of 

manage and support diversity under the general administration competency category, whereas 

charitable institutions and indigenous involvement needed to be added. 

3.3.2.4 Suitability of Competency and Performance Measures for Collecting Data 

Almost all participants agreed that the competency and performance measures provided were 

suitable for data collection. Furthermore, participants agreed that the presented approach mirrors 

most of their organizations’ approaches to defining and measuring competency and performance. 

However, one participant felt strongly that measuring competency and performance is contingent 

on what the top management needs and also depends on where these priorities fit in the hierarchies 

of the organization. The moderators explained that the differences in organization type (i.e., owner, 

consultant, and contractor) and the construction sector in which these companies operate were 

taken into consideration when developing the categorization. For instance, site priorities include 

schedule and cost, while corporate priorities will include profit. Performance measures should be 

put on a spectrum that accounts for the perspective (i.e., owners, contractors, consultants, etc.) 

from which they are being considered. As a result, the competencies required by an owner 

organization may differ from those required by contractors or consultants. Therefore, the 

comprehensive list of organizational competency and performance measures was developed to 
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help different types of organizations to select the appropriate competencies and performance 

measures based on the nature of their organization and the construction sector in which they 

operate. 

3.3.2.5 Verified List of Organizational Competency and Performance Measures 

All participants agreed that the list of competency and performance measures and their categories 

were appropriate for use in their respective organizations, thus verifying the list of competency 

and performance measures and validating their categorization. Based on quantitative and 

qualitative analyses of the focus group discussion, the final refined list of organizational 

competency and performance measures is presented in Tables 3.6 and 3.7, respectively. 

In addition to competency and performance measures that were based on RII values, those 

recommended by the focus group were incorporated based on their relevance to the assessment of 

organizational-level competencies and based on supporting literature. Accordingly, the following 

competencies i.e., interdisciplinary alignment (Brassler and Dettmers 2017), technical innovation 

(Ozorhon et al. 2016), and interface management (Ahn et al. 2016) were included. In addition, 

performance measures such as revenue diversification (Sung et al. 2017), and near misses (Pereira 

et al. 2017) were included.  
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Table 3.6. Final list of organizational competencies 

Group Competency category Competencies 
Functional  General administration Staff development/training; results orientation; goal orientation; 

human resources/personnel; interdisciplinary alignment*  
 Technical  Quality of work; technical/job knowledge; commitment to safety; 

planning and organizing; technical innovation* 
 Cross-functional  Cooperation and coordination (collaboration); strategic planning 

and management**; stakeholder focus; communications 
management; interface management* 

 Production/operation  Construction technology/integration management; operations and 
maintenance; process engineering management; construction, 
production, and manufacturing; materials management 

 Construction and 
engineering research 
and development  

Business, legal, and public policy; construction law and 
regulation; information management systems/technology 

 Project management 
competencies 

Safety, health, security, and environment; quality management; 
schedule (time) management; scope management; change 
management; managing performance; cost management; 
commissioning and start-up; project monitoring and controlling; 
project resource management 

 Supervisory/managerial  Values and ethics; engagement; management excellence; resource 
management; delegation*** 

Behavioral  Organizational 
attributes 

Ability to build trust; competitiveness; adaptability/flexibility; 
achievement drive; innovation; organizational awareness, culture, 
and values 

Top management Leadership; strategic thinking; judgement; analytical ability 
Middle management  Interpersonal skills; decision-making; consultation; negotiation; 

reasoning; conflict and crisis resolution/issue management 
First-line management  Problem-solving; integrity/high standards; planning and 

organizing; results orientation; responsiveness 
Individual/personal  Reliability/dependability; teamwork; ethics; initiative; 

commitment; effectiveness; self-regulation/control; motivation 
* Incorporated based on focus group feedback, ** Moved from technical competency category,                    

*** Moved from cross-functional competency category 
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Table 3.7. Final list of organizational performance measures 

Metrics group Category Performance measures 
KPIs Quality of work Rework factor; prevention, appraisal, and failure 

(PAF) model 
 Market share Market returns; market share 
 Safety Incident rate; time lost; safety performance; near 

misses* 
 Financial stability Cash flow; debt ratio; liquidity; revenue 

diversification*; credit availability* 
KPOs Profitability Profitability; return on investment; return on 

capital; return on assets; net income; return on 
equity 

 Growth Revenue growth; sales growth; volume of works 
growth; workforce growth*; asset (equipment and 
facility) growth* 

 Business efficiency Net profit margin; efficiency ratio 
 Effectiveness of planning Cost predictability; time predictability; change 

cost factor 
PerMs Internal customer 

satisfaction 
Employee satisfaction; employee turnover rate; 
average remuneration per employee 

 External customer 
satisfaction 

Customer satisfaction; customer retention/loyalty; 
percentage of repeat customers 

 Competitiveness  Company image/reputation; competitive 
advantage; market advantage 

 Community relationship* Indigenous involvement; charitable institutions; 
local community project spending 

      *Incorporated based on focus group feedback 

 

3.4 Chapter Summary 

This chapter presents a review of competency and performance studies focusing on competency 

and performance measures at the organizational level in the construction industry. Common 

approaches to competency and performance identification and classification were explored. A 

focus group study was conducted to rank, verify and validate the list and categorization of 

organizational competency and performances measures, evaluate the importance of these measures 

in a given category based on their RII values and rankings, and refine the list of competency and 

performance measures. The list of competency and performance measures and validated their 
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categorizations in that they can be used to collect data for measuring competency and performance 

at an organizational level.  

The contributions of this chapter are threefold. First, this chapter presents a critical review of past 

studies and shows that competency studies at the organizational level for the construction domain 

are limited. This chapter contributes by addressing the gap in the research on organizational-level 

competency and performance studies specifically for the construction domain. Second, this chapter 

identifies, categorizes, and ranks a comprehensive list of organizational competency and 

performance measures. Third, the proposed competency and performance measure classification 

method was validated through a focus group, helping organizations in the construction industry to 

identify and categorize their competency and performance measures according to their context and 

construction industry sector. In the next chapter, a comparative analysis of organizational 

competencies influencing organizational performance as well as a correlation analysis to determine 

the relationship between competencies and organizational performance is presented. 
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Chapter 4 Comparative Analysis of Organizational Competencies and 

Performance Influencing Performance 

 

4.1 Introduction  

The current economic situation is challenging, which creates a more competitive environment for 

organizations operating in the construction industry. Developing dynamic-capability in fast-

changing environments such as construction is critical for organizations to ensure effective firm 

competitiveness and performance (Lin and Wu 2014). Competitive advantage exists while 

organizations outperform competitors and is gained through having superior organizational 

resources, capabilities, and competencies to provide competitive products or services (Aydiner 

2019a). Some organizations are more successful than others in the process of resource 

accumulation and resource deployment to create distinct capabilities and/or competencies 

(Aydiner 2019b). Thus, these capabilities create a broader view of a firm by combining the 

resources and competencies in order to achieve superior performance (Aydiner 2019a).  

Competency is the ability of an organization to perform activities, tasks, or processes that enable 

to achieve specified performance goals (Tiruneh and Fayek 2020). Past studies perceived 

organizational competencies as a multi-level construct at an individual, team/collective, and 

organizational level (Loufrani-Fedida and Missonier 2015). Accordingly, this chapter presents an 

illustrative analysis that uses surveys to identify the critical competencies influencing 

organizational performance and competencies with a higher potential for performance 

improvement according to senior management (SM), middle and lower-level management 

(MLM), as well as office and project site staff (OPS) respondents. Thus, this chapter has the 
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following objectives: (1) identify critical competencies influencing performance; (2) identify 

competencies with a high potential for organizational performance improvement; (3) evaluate 

differences in respondent groups’ perspectives; and (4) investigate relationship between 

organizational competencies and performance. In this chapter the critical competencies, as well as 

competencies with a high potential for improvement in organizational performance are evaluated 

based on survey responses from SM, MLM and OPS participants. Thus, incorporating construction 

practitioners’ opinions through surveys ensures that critical parameters (e.g., competencies) 

influencing performance are identified for further analysis and modeling (Tsehayae and Fayek 

2014).  

The rest of this chapter is structured as follows. First, a review of past comparative analysis is 

presented. Second, the research methodology adopted in this chapter is discussed. Fourth, findings 

of the survey analysis is provided. Fifth, discussion on the findings of the survey analysis results 

is made. Finally, a summary of this chapter is provided. 

4.2 Previous Comparative Analysis Studies 

4.2.1 Comparative Analysis Studies on Respondent Perspectives 

Comparative analysis of perspectives from different respondent groups is common in construction 

research. For instance, a study by Dai et al. (2009) and Tsehayae and Fayek (2014) conducted 

perspective analysis to compare the responses of project managers or foremen with the responses 

of tradespeople on factors affecting productivity. Raoufi and Fayek (2018) compared the 

perspectives of supervisors and craftspeople on factors influencing construction crew motivation 

and performance. Dai and Goodrum (2012) carried out perspective analysis to compare 

generational difference among Baby Boomers, Generation X, and Generation Y on craftworkers’ 
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perceptions on factors affecting labor productivity. Naoum et al. (2020) investigated the 

perceptions of women in construction consultancies, including project managers, architects, 

engineers, and surveyors, and compared them to men’s perceptions in the same discipline and age 

groups. Zou and Zhang (2009) investigated and compared the perceptions of major safety risk 

factors in the Chinese and Australian construction industries. Although statistical significance test 

was not performed, the comparison of the top five construction safety risks showed that differences 

in perceptions between the chines and Australian construction industries (Zou and Zhang 2009).  

4.2.2 Comparative Analysis in Competency Studies 

Perspective analysis among different respondent groups help to gain a better understanding of 

differences among respondent groups (Dai and Goodrum 2012, Naoum et al. 2020, Wu and Issa 

2013). It is important to determine instances where there is a lack of consensus on competencies 

among respondent groups to formulate effective improvement strategies, since competencies 

influencing organizational performance are multi-level. A higher level of agreement among the 

respondent groups will help in implementing improvement strategies while a lack of agreement 

will demand further investigation into the sources of difference before taking action (Dai et al. 

2007, 2009; Dai and Goodrum 2012; Raoufi and Fayek 2018; Tsehayae and Fayek 2014). Thus, 

such analysis helps to compare perspectives on competencies influencing organizational 

performance as well as developing performance improvement strategies. 

Comparative analysis studies related to competencies are few and limited to select aspects of 

competencies. For instance, a comparative analysis of stakeholder perceptions on BIM 

education/competencies was conducted, where the result showed agreement between academic 

and professional communities on the BIM competencies (Wu and Issa 2013). Likewise, Zou et al. 
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(2019) investigated the perceptions between architecture, engineering and construction (AEC) 

students and AEC industry professionals on BIM practices. Statistical tests using t-value and F-

values were performed where the result showed there is no significant difference among the 

perceptions of the two respondent groups (Zou et al. 2019). A comparative analysis of participants’ 

perceptions was conducted to evaluate the benefits, factors, challenges, or benefited parties in BIM 

implementation among Chinese practitioners (Jin et al. 2017a). Chong (2013) conducted a 

comparison of managerial competencies of Singaporean and British managers. The result showed 

similarity on eight out of 19 common competencies that suggests common values within different 

cultures (Chong 2013). On the other hand, the competency differences observed between British 

and Singaporean managers are the result of differences in private and public sector work 

environments (Chong 2013). The comparative analysis in the above competency studies are based 

on a single evaluation scale and descriptive statistics (i.e., mean score or RII). Furthermore, most 

of the studies carry out the analysis using respondent groups rankings which is not indicative of 

the statistical significance of the agreement and/or difference. Thus, this chapter provides a 

methodological approach for a comprehensive analysis of critical competencies influencing 

performance and competencies with a high potential for performance improvement. 

4.3 Research Methodology 

4.3.1 Identify Organizational Competencies and Performance Metrics Through 

Literature Review 

A systematic literature review and detailed content analysis was conducted to identify 

organizational competencies and performance metrics in construction as discussed in Chapter 3. 

As a result, a total of 101 competencies (i.e., 58 functional and 43 behavioral competencies) were 
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selected and grouped under 12 categories. Furthermore, a total of 44 organizational performance 

metrics and classified them as KPIs) KPOs, and PerMs. Performance metrics can be either leading 

indicators (e.g., KPIs), lagging indicators (e.g., KPOs), or both (e.g., PerMs). 

4.3.2 Verify List of Organizational Competencies and Performance Metrics Through 

Focus Group  

A focus group was conducted to verify and validate the list and categorization of organizational 

competencies influencing organizational performance as well as performance metrics. Experts 

participating in the focus group reviewed the list and proposed additional organizational 

competencies and performance metrics they thought important at an organization level. The initial 

list of organizational competencies was then updated to incorporate feedback from the focus group 

and include proposed additional competencies that are backed by the literature. The focus group 

allowed for the development of a comprehensive list of organizational competencies and 

performance metrics that not only considers the literature in construction and non-construction 

domains, but also captures the opinions of construction experts practicing in the industry. More 

details about the focus group results can be found in Tiruneh and Fayek (2020). 

4.3.3 Prepare Data Collection Forms 

In this stage, data collection forms were prepared, and pilot tested prior to data collection. Data 

collection forms were developed using the finalized list of organizational competencies and 

performance metrics based on the focus group results. Furthermore, the list of organizational 

competencies and performance metrics were pilot tested with a construction company prior to data 

collection to ensure that respondents understood the data collection forms as well as to check 

applicability of the evaluation, assessment, and measurement scales and techniques of the data 
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collection forms in construction organizations. Final data collection forms were then developed 

incorporating feedback from the pilot survey. Tables 4.1 and 4.2 presents the updated list and 

categorization of organizational competencies and performance metrics used to develop the 

surveys. Moreover, a definition of organizational competencies and performance metrics is 

provided to help respondents understand the meaning of each competency and performance metric 

while completing the surveys. Appendix C provides the complete list and definition of each 

competency and performance metrics in the data collection forms. Two surveys – the SM survey 

and the staff survey – were developed to collect organizational competencies influencing 

organizational performance. The SM survey addressed a total of 85 competencies (48 functional 

and 37 behavioral competencies). The staff survey consisted of 63 competencies (34 functional 

and 29 behavioral competencies). The SM survey addresses everything in the staff survey plus 

additional organizational competencies and performance metrics that can only be evaluated by SM 

and were not known to the other respondent group. Appendix D depicts sample data collection 

forms. 

The first section of the data collection forms addresses respondents’ background information, 

which includes demographic information, respondent position, years of experience, and 

respondents’ general opinion regarding the company’s organizational competency and 

performance in general. Appendix D.1 shows a sample data collection form for background 

information. The second section addresses organizational functional competencies evaluated based 

on their maturity (i.e., the extent to which a specific competency exists in the organization) and 

impact on performance (i.e., the level of impact of a specific competency on overall performance 

of the organization). Maturity of functional competencies is measured on a scale ranging from 1 

(“Informal”) to 5 (“Optimized”) (Crawford 2015; Willis and Rankin 2012). A seven-point Likert 



103 

 

Table 4.1. Final list of organizational competencies for data collection 

Group Competency category No. of 
competencies 

Competencies  

Functional  General administration 5 Staff development/training; human resources/personnel management; goal orientation; 
management and support of diversity; interdisciplinary alignment  

 Technical  8 Quality of work; technical/job knowledge; commitment to safety; planning and organizing of 
tasks/activities; technical innovation; business acumen/business management skills; market 
management; finance management 

 Cross-functional  6 Cooperation and coordination (collaboration); strategic planning and management; 
customer/stakeholder focus; communications management; interface management; 
digitalization implementation   

 Production/operation  6 Construction technology/integration management; operations and maintenance; process 
engineering and management; construction, production, and manufacturing; product 
engineering; materials management 

 Construction and 
engineering research and 
development  

4 Business, legal, and public policy; construction law and regulation; management information 
systems/technology; new technology/product development 

 Project management  15 Quality management; health and safety management; schedule (time) management; scope 
management; change management; managing performance; cost management; 
commissioning and start-up; risk management; design development; integration management; 
contract administration; procurement management; commitment to sustainability  

 Supervisory/managerial  4 Engagement; management effectiveness/excellence; delegation; resource management  
 Subtotal 48  
Behavioral  Organizational attributes 6 Ability to build trust; competitiveness; adaptability/flexibility; achievement drive; innovation; 

organizational awareness 
Top management 5 Leadership; strategic thinking; judgement; Analytical ability/thinking, values and ethics 
Middle management  7 Interpersonal skills; decision-making; consultation; negotiation; reasoning; Conflict and crisis 

resolution/issue management; assertiveness 
First-line management  7 Problem-solving; integrity/high standards; results orientation; responsiveness; influence; 

communication; incisiveness 
Individual/personal  12 Reliability/dependability; teamwork; ethics; initiative; commitment; effectiveness; self-

regulation/control; motivation; resourcefulness; perseverance; attention to detail; 
professionalism  

 Subtotal  37  
 Total 85  
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Table 4.2. Organizational performance categories and number of metrics 

Level  Organizational 
performance metrics 

category  

Organizational 
performance metrics 

subcategory  

Number 
of metrics 

Metrics  

Organizational/o
perational 

KPIs Market performance 2 Market share, market returns 
 Financial stability 2 Cash flow; revenue diversification 

 KPOs Profitability ratio 4 Profitability; net income; return on sales; 
hanging invoice 

  Growth 4 Revenues growth; sales growth; volume of 
works growth rate; work force growth 

  Business efficiency 2 Efficiency ratio; net profit margin 
 PerMs Employee 

satisfaction 
5 Employees' satisfaction; remuneration; 

employee turnover rate; compensation and 
benefits; merit increase; social services 

  Customer 
satisfaction 

4 Customer satisfaction; customer 
retention/loyalty; percentage of repeat 
customers; number of complaints 

  Competitiveness  3 Company image/reputation; competitive 
advantage; market advantage 

Project KPIs Quality of work 2 Rework factor; prevention, appraisal and 
failure (PAF) model 

  Safety  9 Incidents rate; safety performance; accident 
frequency rate; near misses; behavior-based 
observation (BBO) rate; total injury rate; 
project total recordable incident frequency 
(PTRIF); severity; total incidents rate (non- 
medical) 

 KPOs Effectiveness of 
planning 

5 Cost predictability; time predictability; 
change cost factor; cost growth/increase; 
time/schedule growth/increase 

Total   42  
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scale was adopted to evaluate impact on performance ranging from 1 (“Extremely low”) to 7 

(“Extremely high”) (CII 2006; Dai and Goodrum 2012; Dai et al. 2009; Tsehayae and Fayek 2014). 

Appendix D.2 shows a sample data collection form for functional competencies. The third section 

covers behavioral competencies evaluated based on agreement (i.e., the extent to which the 

respondent agrees that a specific competency exists in the organization) and impact on 

performance. As proposed by CII (2006), Dai and Goodrum (2012), Dai et al. (2009), and 

Tsehayae and Fayek (2014) a seven-point Likert scale was adopted to evaluate agreement and 

impact. Agreement is measured on a scale ranging from 1 (“Strongly disagree”) to 7 (“Strongly 

agree”). Appendix D.3 shows a sample data collection form for behavioral competencies. The 

fourth section addresses subjective evaluation of organizational performance metrics based on the 

respondent’s opinion. Performance metrics related to PerMs were evaluated using a satisfaction 

scale ranging from 1 (“extremely unsatisfied”) to 5 (“extremely satisfied”). Subjective 

performance metrics related to KPIs and KPOs are evaluated using a scale ranging from 1 (“very 

low”) to 5 (“very high”). Appendix D.4 shows a sample data collection form for subjective 

performance metrics. 

Each of the categories of organizational performance have several metrics (Table 4.2). A total of 

11 different organizational performance metrics categories were identified, which consist of 42 

performance metrics (Tiruneh and Fayek 2020). Table 4.2 lists the number of performance metrics 

in each category used for data collection. Appendix C.3 presents a detailed list of the different 

organizational performance metrics, their definitions, and formulae.  

Performance metrics related to KPIs and KPOs are collected at the organizational (operational) 

level and project level. Performance data for KPI and KPO metrics are extracted from relevant 
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actual organizational/project documents. For performance metrics related to PerMs, evaluation 

forms were distributed to SM, MLM, and OPS respondent groups.  

4.3.4 Determination of Sample Size 

The surveys were designed to be administered in any construction company (e.g., industrial, 

commercial, and institutional). The population (i.e., the number of workers in a given project or 

department) for the surveys was assumed to be made up of all construction personnel in the 

construction company (and/or projects) under study. This population composition ensures that the 

critical competencies identified through the surveys are applicable to the company’s context and 

its project work force. 

Determination of sample size (i.e., the number of respondents to be surveyed from the population 

of workers) is essential to ensure the reliability and accuracy of results. Since the surveys address 

competencies from individual level up to an organizational level (i.e., multi-level at individual, 

project, and organization levels), respondents representing different levels of the participating 

company and its project sites were asked to participate in the study (Dai and Goodrum 2012; Dai 

et al. 2009; El-Gohary and Aziz 2014; Jarkas and Radosavljevic 2013; Robinson 2014). 

Accordingly, the survey population was stratified based on the list of employees provided by the 

participating construction company into the following levels: SM, MLM, and OPS (i.e., staff 

working at head/regional office and project sites). Once the population for each stratum is 

established, random sampling is done. Stratified random sampling is an appropriate method in this 

situation, as the structure within the population of each stratum is assumed to be similar in terms 

of role and function. Random sampling also ensures that respondents have an equal chance of 

being selected, which helps to prevent biased selection based on convenience (Robinson 2014). 
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The construction company had 14 SM, 28 MLM and 90 OPS (i.e., a total population of 132 

people). Among a survey population of 132 in the participating company, a total of 68 respondents 

were required in order to achieve a 90% confidence interval with a 10% margin of error. 

4.3.5 Collect Organizational Competencies and Performance Metrics Data 

Data collection for organizational competencies was performed with a construction company 

actively involved in industrial projects, via an online survey through Survey Monkey with the 

company’s office and project personnel, including senior management, project managers, field 

supervisors, and foremen. Actual company performance metrics data related to KPIs and KPOs 

were collected at the organizational level (operational) and project level. Thus, performance data 

for KPIs and KPOs were extracted from relevant actual organizational/project documents. For 

performance metrics related to subjective performance metrics such as PerMs, evaluation forms 

were distributed to SM, MLM, and OPS. 

Participants holding SM positions (e.g., VPs, GMs, Directors/Managers of departments, etc.) 

completed the SM survey, while all other participants completed the staff survey. Of the 132 

surveys distributed, 80 participants returned the survey. From 14 SM, 11 responded to the SM 

survey.  Likewise, from 28 MLM, 21 responded and from 90 OPS, 48 responded to the staff survey. 

The target of this study was to achieve a 10% margin of error and 90% confidence interval. Among 

a survey population of 132 in the participating company, a total of 68 respondents were required 

in order to achieve a 90% confidence interval with a 10% margin of error. The required 90% 

confidence level was achieved because 80 respondents returned the survey, which provides 92% 

confidence interval with 10% margin of error. All collected surveys were then anonymized using 

a code sheet. 
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4.3.6 Data Analysis 

The data analysis approach presented in this section is used to determine the critical competencies 

influencing organizational performance and to identify the competencies with a high potential for 

organizational performance improvement. A comparative analysis of SM and staff survey results 

was performed to reveal the differences in perspectives between each group. Statistical tests, 

including t-tests and F-tests, were performed to determine if there was a statistically significant 

difference between the mean and variance of the evaluations among the respondent groups. 

Furthermore, a correlation analysis was also performed to assess the relationship between 

organizational competencies and organizational performance. 

The analysis approach and calculations shown in the following two sub-sections are used to 

determine the evaluation scores and ranks for each competency in the survey (Dai and Goodrum 

2012; Dai et al. 2009; Raoufi and Fayek 2018; Tsehayae and Fayek 2014). The analysis used in 

this section follows the approach by Raoufi and Fayek (2018) with some differences in 

formulation. These differences originate from the fact that in Raoufi and Fayek (2018), evaluation 

scores were based on agreement-importance, whereas this chapter bases evaluation scores on 

maturity/agreement-impact. The data analysis steps are discussed as follows. 

4.3.6.1 Analysis for Identifying Critical Competencies Influencing Performance  

Survey responses were combined to calculate evaluation scores based on the maturity/agreement 

and impact of each competency. The evaluation scores were then normalized based on the 

maximum evaluation score, and the competencies were ranked accordingly. The critical 

competencies influencing organizational performance are the ones that have high evaluation 

scores, i.e., competencies with high maturity/agreement and high impact. The rankings for the 
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competency categories were based on the average evaluation scores of competencies in each 

category. The average evaluation scores were then normalized based on the maximum average 

evaluation score, and the competency categories were ranked accordingly. However, the category 

evaluation scores, and the ranking will also depend on the number of competencies within the 

competency category. As shown in Table 4.1, the number of competencies per category varies, 

and therefore the category evaluation scores will be skewed towards categories with fewer 

competencies where any of the competencies have a high evaluation score. All competencies are 

analyzed using the calculations presented in Equations (4.1) to (4.7) below in order to identify 

critical competencies influencing organizational performance. 

The functional competencies are evaluated using maturity-impact scales as shown in Equation 

(4.1) through Equation (4.4). First, the weighted percentage of maturity (RM) for a given functional 

competency is computed using Equation (4.1), where the maximum possible weighted percentage 

of maturity equals 33.33.  

𝑅𝑀 =
(𝐴∗ 1+𝐵∗ 2+𝐶∗ 3+𝐷∗ 4+𝐸∗ 5) 

(1+2+3+4+5)
∗ 100                                                              (4.1) 

where A, B, C, D, and E = percentage of respondents rating the maturity of the competency as 1 

(“informal”) to 5 (“optimized”), respectively. 

Next, the weighted percentage of impact (RI) of a given functional competency is computed using 

Eq. (4.2), where the maximum possible weighted percentage of impact equals 25. 

𝑅𝐼 =
(𝑇∗ 1+𝑈∗ 2+𝑉∗ 3+𝑊∗ 4+𝑋∗ 5+𝑌∗6+𝑍∗7) 

(1+2+3+4+5+6+7)
∗ 100                                                 (4.2) 

where T, U, V, W, X, Y, and Z = percentage of respondents rating the impact of the competency 

as 1 (“extremely low”) to 7 (“extremely high”), respectively.  
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Finally, the evaluation index and evaluation scores for each competency is computed using 

Equation (4.3) and Equation (4.4). The evaluation index is the product of the weighted percentage 

of maturity (RM) and the weighted percentage of impact (RI). The evaluation score is computed by 

dividing the evaluation index of a given competency by the maximum possible evaluation score, 

which equals 833.33. The maximum possible evaluation score is the product of the maximum 

values of weighted percentage of maturity (=33.33) and impact (=25). 

𝐸𝑣𝑎𝑙𝑢𝑎𝑡𝑖𝑜𝑛 𝐼𝑛𝑑𝑒𝑥𝑀𝐼 = 𝑅𝑀 ∗ 𝑅𝐼                                                                      (4.3) 

𝐸𝑣𝑎𝑙𝑢𝑎𝑡𝑖𝑜𝑛 𝑆𝑐𝑜𝑟𝑒𝑀𝐼 =
𝐸𝑣𝑎𝑙𝑢𝑎𝑡𝑖𝑜𝑛 𝐼𝑛𝑑𝑒𝑥𝑀𝐼 

833.33
∗ 100                                             (4.4) 

The behavioral competencies are evaluated using agreement-impact scales as depicted in Equation 

(4.5) to Equation (4.7). The weighted percentage of agreement (RA) for a given competency is 

computed using Equation (4.5), where the maximum possible weighted percentage of agreement 

equals 25. The weighted percentage of impact (RI) of a given behavioral competency is determined 

using Equation (4.2), where the maximum possible weighted percentage of impact equals 25. 

𝑅𝐴 =
(𝐹∗ 1+𝐺∗ 2+𝐻∗ 3+𝐼∗ 4+𝐽∗ 5+𝐾∗6+𝐿∗7) 

(1+2+3+4+5+6+7)
∗ 100                                                    (4.5) 

where F, G, H, I, J, K, and L = percentage of respondents rating the agreement with the existence 

of the factor in the project from 1 (“strongly disagree”) to 7 (“strongly agree”), respectively. 

The evaluation index and evaluation scores for each behavioral competency is computed using 

Equations (4.6) and (4.7). The evaluation index is the product of the weighted percentage of 

agreement (RA) and the weighted percentage of impact (RI). The evaluation score is computed by 

dividing the evaluation index of a given competency by the maximum possible evaluation score, 

which equals 625. The maximum possible evaluation score is the product of the maximum values 

of weighted percentage of maturity (=25) and impact (=25). 
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𝐸𝑣𝑎𝑙𝑢𝑎𝑡𝑖𝑜𝑛 𝐼𝑛𝑑𝑒𝑥𝐴𝐼 = 𝑅𝐴 ∗ 𝑅𝐼                                                                         (4.6) 

𝐸𝑣𝑎𝑙𝑢𝑎𝑡𝑖𝑜𝑛 𝑆𝑐𝑜𝑟𝑒𝐴𝐼 =
𝐸𝑣𝑎𝑙𝑢𝑎𝑡𝑖𝑜𝑛 𝐼𝑛𝑑𝑒𝑥𝐴𝐼 

625
∗ 100                                               (4.7) 

4.3.6.2 Analysis for Identifying Potential Competencies for Performance Improvement 

The competencies influencing performance are the ones that showed high maturity/agreement and 

high impact. These competencies are important targets for improvement, or if they are already 

fully satisfied, it is vital to make efforts to keep them at their highest possible maturity/agreement 

level. However, it should be noted that improving a competency that is already close to its highest 

possible maturity/agreement level is very difficult and is sometimes not feasible (Raoufi and Fayek 

2018). In such cases, there is simply no space for the improvement of a competency because it is 

already close to perfect or desired condition. Therefore, the competencies with the highest potential 

improvement in terms of their effect on organizational performance are those competencies that 

simultaneously exhibit the lowest levels of maturity/agreement and the highest levels of impact on 

performance. It is critical to identify these competencies and find ways to enhance them in order to 

achieve performance improvement. Potential competencies for performance improvement were 

analyzed in terms of their potential improvement score calculated based on the procedures described 

in Equations (4.8) to (4.13). If those competencies are enhanced, they have the highest potential to 

improve organizational performance. The potential improvement scores were normalized based 

on the maximum score, and the potential competencies for performance improvement were ranked 

accordingly. The rankings for the categories of potential competencies for performance 

improvement are based on the average potential improvement scores of competencies in each 

category.  
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The potential improvement functional competencies are evaluated as shown in Equations (4.8) to 

(4.10). First, the weighted percentage of immaturity (RIm) for a given functional competency is 

computed using Equation (4.8), where the maximum possible weighted percentage of immaturity 

equals 33.33.  

𝑅𝐼𝑚 =
(𝐴∗ 5+𝐵∗ 4+𝐶∗ 3+𝐷∗ 2+𝐸∗ 1) 

(1+2+3+4+5)
∗ 100                                                             (4.8) 

where A, B, C, D, and E = percentage of respondents rating the agreement with the maturity of the 

competency as 1 (“informal”) to 5 (“optimized”), respectively. 

Next, the weighted percentage of impact (RI) of a given functional competency is computed using 

Equation (4.2), where the maximum possible weighted percentage of impact equals 25. Then, the 

potential improvement index for each competency is computed using Equation (4.9). The potential 

improvement index is the product of the weighted percentage of immaturity (RIm) and the weighted 

percentage of impact (RI).  

𝑃𝑜𝑡𝑒𝑛𝑡𝑖𝑎𝑙 𝐼𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡 𝐼𝑛𝑑𝑒𝑥𝐼𝑚𝐼 = 𝑅𝐼𝑚 ∗ 𝑅𝐼                                               (4.9) 

Finally, potential improvement scores for each competency are calculated using Equation (4.10). 

The potential improvement scores is computed by dividing the potential improvement index of a 

given competency by the maximum possible potential improvement score, which equals 833.33. 

The maximum possible potential improvement score is the product of the maximum values of 

weighted percentage of immaturity (=33.33) and impact (=25). 

𝑃𝑜𝑡𝑒𝑛𝑡𝑖𝑎𝑙 𝐼𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡 𝑆𝑐𝑜𝑟𝑒𝐼𝑚𝐼 =
𝑃𝑜𝑡𝑒𝑛𝑡𝑖𝑎𝑙 𝐼𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡 𝐼𝑛𝑑𝑒𝑥𝐼𝑚𝐼 

833.33
∗ 100    (4.10) 

The potential improvement behavioral competencies are evaluated using disagreement-impact 

scales as shown in Equations (4.11) to (4.13). First, the weighted percentage of disagreement (RD) 
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for a given competency is computed using Equation (4.11), where the maximum possible weighted 

percentage of agreement equals 25.  

𝑅𝐷 =
(𝐹∗ 7+𝐺∗ 6+𝐻∗ 5+𝐼∗ 4+𝐽∗ 3+𝐾∗2+𝐿∗1) 

(1+2+3+4+5+6+7)
∗ 100                                                  (4.11) 

where F, G, H, I, J, K, and L = percentage of respondents rating the agreement with the existence 

of the factor in the project from 1 (“strongly disagree”) to 7 (“strongly agree”), respectively. 

Next, the weighted percentage of impact (RI) of a given behavioral competency is determined using 

Equation (4.2), where the maximum possible weighted percentage of impact equals 25. Then, the 

potential improvement index for each behavioral competency is computed using Equation (4.12). 

The evaluation index is the product of the weighted percentage of disagreement (RD) and the 

weighted percentage of impact (RI).  

𝑃𝑜𝑡𝑒𝑛𝑡𝑖𝑎𝑙 𝐼𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡 𝐼𝑛𝑑𝑒𝑥𝐷𝐼 = 𝑅𝐷 ∗ 𝑅𝐼                                                4.(12) 

Finally, potential improvement scores for each competency are calculated using Equation (4.13). 

The potential improvement score is computed by dividing the potential improvement index of a 

given competency by the maximum possible potential improvement score, which equals 625. The 

maximum possible potential improvement score is the product of the maximum values of weighted 

percentage of maturity (=25) and impact (=25). 

𝑃𝑜𝑡𝑒𝑛𝑡𝑖𝑎𝑙 𝐼𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡 𝑆𝑐𝑜𝑟𝑒𝐷𝐼 =
𝑃𝑜𝑡𝑒𝑛𝑡𝑖𝑎𝑙 𝐼𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡 𝐼𝑛𝑑𝑒𝑥𝐷𝐼 

625
∗ 100      (4.13) 

4.3.6.3 Comparative Analysis of Respondents’ Perspectives 

The difference of perspectives among the respondent groups was investigated based on the ranking 

of each respondent groups. In addition, statistical tests were performed to investigate if there is a 

statistically significant difference between each group’s perspectives regarding critical 
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competencies influencing performance. Statistical significance tests of perception differences 

among different respondent groups have been previously applied in construction research. 

Subgroup analysis using parametric methods such as analysis of variance (ANOVA) and the two-

sample t-test were commonly used for surveys divided into subgroups (Aksorn and Hadikusumo 

2008; Jin et al. 2017a, b; Xu et al. 2018; Zou et al. 2019). The robustness of parametric methods 

was demonstrated in data samples that were either small or not normally distributed (Xu et al. 

2018). The two-sample t-test was adopted to test the mean values for consistencies among 

respondent groups’ perceptions. In this chapter, the t-test and F-test were conducted using SPSS 

version 24 software to compare group means to evaluate differences in their perspectives. The 

significance of the differences based on the t-test and F-test based on the null hypothesis that there 

is no perception difference among the groups, will be rejected for p-value (significance level) 

lower than 0.05 (i.e., 95% confidence level).  

4.3.6.4 Correlation Analysis to Determine Relationship Between Competency and 

Performance 

Pearson correlation analysis is performed to investigate the relationships between organizational 

competencies and organizational performance. Pearson correlation analysis was chosen since it is 

the most common technique for correlation analysis (Bobko 2001, Hair et al. 2018). Pearson 

correlation analysis applies Equations (4.14) and (4.15), shown below, to measure the degree of 

linear relationship between a pair of variables (Fellows and Liu 2015; Kline 2013; Lee et al. 2000). 

𝜎𝑋,𝑌 =  ∑ ∑ (𝑋𝑖 − 𝜇𝑋)(𝑌𝑗 − 𝜇𝑌)𝑛
𝑖=1

𝑚
𝑗=1 𝑃(𝑋𝑖 , 𝑌𝑗)                                                 (4.14) 

where 𝜎𝑋,𝑌 stands for the covariance of the two variables (𝑋,𝑌), 𝑋𝑖 stands for the value of 𝑋 in the 

observation number 𝑖, and 𝜇𝑋 represents the mean value of the 𝑋 values. Similarly, 𝑌𝑖 stands for 
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the value of 𝑌 in the observation number 𝑗, and 𝜇𝑌 represents the mean value of the 𝑌 values. 

Additionally, P(𝑋𝑖, Yj) represents the probability of occurrence of (𝑋𝑖, Yj). The Pearson correlation 

coefficient for the two sets of data 𝑋 and 𝑌 can be calculated using Equation (4.15). 

𝜌 =  
𝜎𝑋,𝑌

𝜎𝑋𝜎𝑌
                                                                            (4.15) 

where 𝜌 stands for the Pearson correlation coefficient, 𝜎𝑋 stands for the standard deviation of 𝑋, 

and 𝜎𝑌 stands for the standard deviation of 𝑌. 

The Pearson correlation coefficient is used to determine the direction and magnitude of the 

relationships between a pair of variables. The direction of the relationship between two sets of 

variables can be positive or negative (Hair et al. 2018). A positive relationship shows that the two 

variables change in the same direction (i.e., simultaneously increasing or simultaneously 

decreasing), while a negative relationship shows that the two variables change in opposite 

directions (i.e., if one variable increases the other variable will decrease).  

The magnitude of the relationship between the two variables is determined by the value of the 

Pearson correlation coefficient. The Pearson correlation coefficient varies between –1 and 1; a 

value of –1 shows a perfect negative relationship, while a coefficient of 1 shows a perfect positive 

relationship. Moreover, a Pearson correlation coefficient of zero shows that the correlation analysis 

cannot confirm the existence of any relationship between the two variables. Based on the value of 

the Pearson correlation coefficient, the magnitude of the relationship between a pair of variables 

may fall into one of the three categories presented in Table 4.3, which were originally introduced 

by Cohen (1988). Bajpai (2017) used similar categories to determine the magnitude of 

relationships between two variables.  
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Table 4.3. Categories of the Pearson correlation coefficient (𝝆) magnitude 

Pearson correlation coefficient 
value   

Magnitude of the relationship  

0.1≤|𝜌|<0.3 Weak correlation  
0.3≤|𝜌|<0.5 Moderate correlation  

0.5≤|𝜌| Strong correlation  
 

4.4 Findings of Organizational Competencies Influencing Performance 

4.4.1 Data Reliability and Validity 

The reliability and validity of the survey were checked by examining the consistency with which 

different items express the same concept (De-Vaus 2001). Cronbach (1951) developed Cronbach’s 

alpha, to measure the average correlation or internal consistency amongst the survey and estimates 

the reliability of a questionnaire set (Jin et al. 2017b; Tsehayae and Fayek 2014; Xu et al. 2018). 

Cronbach’s alpha was used to examine the internal consistency or reliability of the SM and staff 

surveys. Equations (4.4) and (4.7) indicate that the evaluation scores are based on weighted 

percentages of all responses. Since the survey statistical values require individual response values, 

it is not possible to use the evaluation scores to measure the different competency survey statistical 

values. Thus, the use of the impact rating for each competency is appropriate for such survey 

designs (Dai and Goodrum 2012; Dai et al. 2009; Tsehayae and Fayek 2014). The impact rating 

responses of the 85 competencies included in the SM survey and 62 competencies included in the 

staff survey were extracted from the surveys collected. Then, using SPSS version 24 software, the 

Cronbach’s alpha statistical values for the SM and staff surveys for the three respondent groups 

were determined. As the Cronbach’s alpha closer to 1.0, the greater the internal consistency of the 

data collected among the different respondents. George and Mallery (2003) indicated that a 

Cronbach’s alpha of 0.7 or greater is considered acceptable internal consistency. The Cronbach’s 



117 

 

alpha used to analyze the consistency of the SM, MLM, and OPS had a value of 0.980, 0.958 and 

0.989, respectively. Although all sets of evaluation showed excellent consistency, it is evident that 

the evaluation of the OPS have the highest internal consistency compared to the SM and MLM 

evaluations.  Next, the survey results in terms of competency category rankings and top 10 critical 

competencies influencing performance for each respondent group are presented. Furthermore, an 

investigation into the differences in perspective on critical competencies is also presented. 

4.4.2 Comparative Analysis Based on Ranking of SM and Staff Survey Results 

In this section, the perspectives of the SM, MLM, and OPS are compared based on the ranking of 

competencies that are common to both SM and staff survey. In all, 32 common functional 

competencies in 6 categories and 28 behavioral competencies in 5 categories were evaluated 

between the SM survey and the staff survey. Rankings for the common competencies were derived 

from the evaluation scores assigned by each respondent group. The evaluation scores were then 

normalized, based on the maximum score in the range of 0 to 1, and the competencies were ranked 

accordingly. The rankings for the common competency categories are based on the average 

evaluation scores of competencies in each category.  

4.4.2.1 Competency Category Ranking 

The rankings of the competency categories, according to their average evaluation scores are shown 

in Table 4.4. These rankings are based on the average evaluation scores of competencies in each 

category. The result showed that individual/personal competency category appeared in the top 

three ranked categories for all respondent groups.  
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Table 4.4. Ranking and evaluation scores of critical competency categories influencing 
performance 

Competency category  SM survey   Staff survey  
SM  MLM OPS 

Functional competency      

General administration  5(0.661)  6(0.721) 6(0.815) 

Technical  2(0.927)  1(1.000) 1(1.000) 

Cross-functional  4(0.732)  3(0.807) 3(0.917) 

Production/operations  6(0.635)  5(0.732) 5(0.855) 

Project management  1(1.000)  2(0.932) 2(0.984) 

Supervisory/managerial  3(0.835)  4(0.739) 4(0.868) 

Behavioral competency      

Organizational attributes 5(0.759)  5(0.767) 5(0.854) 

Top management  4(0.872)  2(0.856) 1(1.000) 

Middle management  2(0.962)  4(0.845) 2(0.999) 

First line management  3(0.904)  3(0.837) 4(0.940) 

Individual/personal  1(1.000)  1(1.000) 3(0.941) 

Note: The values in brackets indicate the normalized evaluation score of each category; 
values in bold represent the top three categories. 

Differences in perspectives among the SM survey and staff survey (MLP and OPS) respondents 

regarding the critical competency categories influencing performance were analyzed. The results 

show strong agreement by the respondent groups on critical competency categories common to 

both SM and staff surveys. Of the top three critical functional competency categories identified by 

the SM respondents, two were included in the top three critical competency categories identified 

by both MLM and OPS respondents: “project management” and “technical” competency 

categories. Of the top three critical behavioral competency categories identified by the SM 

respondents, two were included in the top three critical competency categories identified by both 

MLM and OPS respondents: “individual/personal” and “top management” competency categories. 

The three respondent groups have similar views on critical competency categories influencing 
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organizational performance. Even though they have different evaluation score values, the top three 

ranked functional and competency categories identified by both MLM and OPS respondents were 

found to be similar. Thus, MLP and OPS respondent groups have very similar views on critical 

competency categories influencing organizational performance. 

4.4.2.2 Critical Competencies Influencing Organizational Performance 

Table 4.5 presents the top 10 critical competencies influencing performance as ranked by the SM 

survey and staff survey respondents. Of the top 10 critical functional competencies identified by 

SM respondents, seven and six competencies were included in the top 10 critical competencies 

identified by MLM and OPS respondents, respectively. The five critical functional competencies 

included in the top 10 critical competencies based on the SM, MLM, and OPS respondents include 

“commitment to safety”, “quality of work”, “project health and safety management”, 

“customer/stakeholder focus” and “project scope management”. In the same manner, of the top 10 

critical behavioral competencies identified by SM respondents, seven were included in the top 10 

critical competencies identified by MLM and OPS respondents. The five critical behavioral 

competencies included in the top 10 critical competencies in the SM, MLM, and OPS respondents 

include “motivation”, “professionalism”, “responsiveness” and “values and ethics”. Thus, SM and 

MLM respondent groups have highly similar views regarding critical functional and behavioral 

competencies that influence organizational performance. SM and OPS respondent groups have 

highly similar views regarding critical behavioral competencies while they revealed similar views 

regarding critical functional competencies that influence organizational performance. However, 

the MLM and OPS respondent groups have somewhat similar views regarding critical 

competencies that influence organizational performance. 
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Table 4.5 Top 10 critical competencies influencing performance common in SM and staff survey 

Rank Competency  

SM survey  

Competency 

 Staff survey  
SM 

Evaluation 
score 

MLM 
Evaluation 

score 

Competency OPS 
Evaluation 

score 
 Functional       

1 Commitment to safety 1.000 Commitment to safety  1.000 Commitment to safety  1.000 
2 Quality of work 0.858 Quality of work  0.881 Project health safety 

management  
0.938 

3 Project cost management 0.843 Project health safety 
management  

0.838 Quality of work  0.833 

4 Project health safety 
management 

0.836 Customer/stakeholder 
focus  

0.835 Management and support 
of diversity  

0.808 

5 Project change 
management 

0.820 Project quality 
management  

0.769 Technical/job knowledge  0.801 

6 Customer/stakeholder 
focus 

0.809 Technical/job knowledge  0.755 Communications 
management  

0.787 

7 Project scope management 0.786 Project finance 
management  

0.693 Customer/stakeholder 
focus  

0.769 

8 Project schedule (time) 
management 

0.766 Project scope management  0.682 Project scope management  0.755 

9 Management 
effectiveness/excellence 

0.723 Project cost management  0.670 Project schedule (time) 
management  

0.752 

10 Resource management 0.714 Project change 
management  

0.640 Product engineering  0.713 

 Behavioral       
1 Motivation/commitment 1.000 Teamwork  1.000 Values and ethics  1.000 
2 Reasoning 0.983 Professionalism/ethics  0.893 Decision making  0.978 
3 Influence 0.904 Attention to detail  0.853 Judgment  0.967 
4 Attention to detail 0.900 Problem solving  0.849 Responsiveness  0.961 
5 Professionalism/ethics 0.898 Values and ethics  0.834 Analytical ability/thinking  0.950 
6 Interpersonal skills 0.881 Motivation/Commitment  0.834 Interpersonal skills  0.950 
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Rank Competency  

SM survey  

Competency 

 Staff survey  
SM 

Evaluation 
score 

MLM 
Evaluation 

score 

Competency OPS 
Evaluation 

score 
7 Decision making 0.869 Reliability/dependability  0.821 Conflict and crisis 

resolution / issue 
management  

0.944 

8 Responsiveness 0.858 Conflict and crisis 
resolution / issue 
management  

0.802 Ethics/professionalism  0.904 

9 Teamwork 0.854 Responsiveness  0.786 Motivation/commitment  0.904 
10 Values and ethics 0.849 Effectiveness  0.780 Leadership  0.900 
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4.4.2.3 Competencies with a High Potential for Organizational Performance Improvement 

Table 4.6 presents the top 10 competencies with a high potential for improvement in organizational 

performance, as ranked by the SM survey and staff survey respondents. The functional 

competencies listed in Table 4.6 are the ones that have both a low level of maturity and a high 

level of impact on performance. Increasing the maturity of these competencies will improve the 

performance of the organization (and/or its projects) since those competencies demonstrate high 

levels of impact. Therefore, identifying the competencies with a high potential for improvement 

in performance will provide companies with insight into competencies that may possibly affect 

performance on future organizational operations and projects.  

The behavioral competencies listed in Table 4.6 are the ones that have both a low level of 

agreement and a high level of impact. For such competencies, if the agreement levels are increased 

(i.e., if respondents display a high level of agreement regarding the existence of these competencies 

across the organization and its project), because those competencies demonstrate high levels of 

impact, the organizational performance will be improved. The perspectives of the SM survey 

respondents and the staff survey respondents (Table 4.6) were very close in terms of the potential 

competencies for organizational performance improvement. Of the top 10 potential functional 

competencies identified by SM respondents, three and five competencies appeared in the top ten 

potential functional competencies identified by the MLM and OPS respondents, respectively. The 

three competencies included in the top 10 potential functional competencies based on the SM, 

MLM, and OPS respondents include “project procurement management”, “resource management” 

and “interdisciplinary alignment”. In the same manner, of the top 10 potential behavioral 

competencies identified by SM respondents, five and two competencies appeared in the top ten  
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Table 4.6 Top 10 potential competencies for performance improvement common in SM and staff survey 

Rank Competency  

SM survey  

Competency 

 Staff survey  
SM Potential 
improvement 

score 

MLM Potential 
improvement 

score 

Competency OPS Potential 
improvement 

score 
 Functional       

1 Project procurement 
management  

1.000 Materials management  1.000 Management 
effectiveness/excellence  

1.000 

2 Resource management  0.892 Project procurement 
management  

0.970 Project change management 0.982 

3 Interdisciplinary 
alignment  

0.885 Planning and organizing 
of tasks/activities  

0.939 Materials management  0.980 

4 Interface management  0.879 Resource management  0.907 Resource management  0.978 
5 Management 

effectiveness/excellence  
0.850 Project schedule (time) 

management  
0.901 Project procurement 

management  
0.977 

6 Project integration 
management  

0.847 Human resource 
(personnel) management  

0.889 Human resource (personnel) 
management  

0.971 

7 Project cost management  0.842 Interdisciplinary 
alignment  

0.889 Project cost management  0.963 

8 Goal orientation  0.841 Project change 
management  

0.878 Interdisciplinary alignment  0.960 

9 Communications 
management  

0.841 Delegation  0.878 Project schedule (time) 
management  

0.955 

10 Engagement 0.841 Project risk management  0.876 Delegation  0.948 
 Behavioral       

1 Leadership  1.000 Results orientation  1.000 Attention to detail  1.000 
2 Innovation  0.916 Innovation  0.976 Teamwork  0.979 
3 Strategic thinking  0.905 Conflict and crisis 

resolution / issue 
management  

0.974 Adaptability/flexibility  0.957 

4 Results orientation  0.861 Leadership  0.968 Resourcefulness/initiative  0.953 
5 Achievement drive  0.823 Judgment  0.963 Perseverance/self-regulation 

and control  
0.935 
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Rank Competency  

SM survey  

Competency 

 Staff survey  
SM Potential 
improvement 

score 

MLM Potential 
improvement 

score 

Competency OPS Potential 
improvement 

score 
6 Judgment 0.818 Strategic thinking  0.944 Achievement drive  0.932 
7 Interpersonal skills  0.809 Influence  0.938 Influence  0.928 
8 Adaptability/flexibility  0.807 Communications  0.928 Reliability/dependability  0.918 
9 Effectiveness 0.804 Problem solving  0.922 Conflict and crisis resolution / 

issue management  
0.906 

10 Organizational 
awareness and culture  

0.802 Decision making  0.920 Effectiveness  0.905 
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potential behavioral competencies identified by the MLM and OPS respondents, respectively. 

There were no common potential behavioral competencies included in the top 10 potential 

competencies in the SM, MLM, and OPS respondents. Thus, the three respondent groups have 

somewhat different views regarding potential functional competencies for organizational 

performance improvement whereas they have different views regarding potential behavioral 

competencies for organizational performance improvement.  

4.4.3 Perspective Difference of Survey Respondent Groups 

Further analysis was conducted to examine differences in perspectives based on evaluation scores 

between the respondent groups. Table 4.7 depicts the top 10 functional and behavioral 

competencies with the greatest difference in evaluation scores among the respondent groups. 

Statistical analysis based on the impact ratings of competencies was conducted to compare group 

means using a t-test and an F-test. An unpaired t-test assuming unequal variance was performed 

to determine if there is a statistically significant difference between the mean values of each 

respondent group’s evaluation scores since the respondents were from different populations. The 

null hypothesis is that there is no difference between the means/variance of the groups, which will 

be rejected at a significance level (p-value = 0.05) of 5% (i.e., 95% confidence level).  

Among the 10 functional competencies presented in Table 4.7, “management and support of 

diversity,” “communications management,” “product engineering,” “process engineering 

management,” “management effectiveness/excellence,” and “project change management” 

showed statistically significant differences between the perspectives of the respondent groups. In 

addition, five out of 10 behavioral competencies that include “assertiveness,” “influence,” 

“decision-making,” “interpersonal skills,” and “results orientation” showed statistically significant 
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Table 4.7 Top 10 functional and behavioral competencies with a great difference in evaluation scores 

 Rank Competency   Evaluation score Difference 
(Max-min) t-valuea F-valueb SM MLM OPS 

 Functional competency        
1 Management and support of diversity  0.470 0.579 0.808 0.338 3.94c 2.23 
2 Construction technology and integration 

management  0.374 0.539 0.675 0.301 1.52 1.66 

3 Interface management  0.458 0.547 0.685 0.227 1.42 2.32 
4 Communications management  0.561 0.561 0.787 0.226 2.15c 1.41 
5 Materials management  0.396 0.574 0.614 0.217 0.83 1.47 
6 Product engineering  0.501 0.542 0.713 0.212 1.93c 0.74 
7 Project cost management  0.843 0.670 0.635 0.208 1.39 3.75d 
8 Process engineering management  0.473 0.560 0.677 0.204 3.31c 1.69 
9 Management effectiveness/excellence  0.723 0.541 0.672 0.182 1.56 2.69d 

10 Project change management  0.820 0.640 0.707 0.180 0.88 4.41d 
 Behavioral competency        

1 Judgment 0.775 0.687 0.967 0.280 1.36 1.21 
2 Assertiveness 0.758 0.685 0.964 0.279 1.91c 1.38 
3 Influence 0.904 0.626 0.888 0.277 0.18 2.95d 
4 Decision-making  0.869 0.731 0.978 0.247 2.28c 2.66 
5 Analytical ability/thinking  0.827 0.703 0.950 0.246 1.68 1.36 
6 Conflict and crisis resolution/ Issue 

management  0.804 0.650 0.867 0.217 1.14 1.70 

7 Organizational awareness and culture  0.634 0.622 0.827 0.205 1.37 0.83 
8 Strategic thinking  0.683 0.750 0.877 0.195 0.59 1.12 
9 Interpersonal skills  0.881 0.757 0.950 0.193 1.85c 0.77 

10 Results orientation  0.815 0.668 0.850 0.183 0.91 2.96d 
Note: The t-test and F-test values in bold are the competencies that show statistically significant differences between the perspectives of the groups. 
at-values are calculated based on impact scale. 
bF-values are calculated based on impact scale. 
cIndicates that the difference between the mean values of the evaluation scores of the respondent groups were statistically significant at p < 0.05. 
dIndicates that the difference between the variances of evaluation scores of the respondent groups were statistically significant at p < 0.05. 
 



127 

 

differences between the perspectives of the respondent groups. Thus, identifying the competencies 

for which there are differences in evaluations will help to minimize the sources of differences 

among SM, MLM, and OPS, leading to an improved understanding of the target areas that need to 

be improved to increase organizational performance. 

4.4.4 Relationship Between Organizational Competencies and Organizational 

Performance 

This section presents the results of the correlation analysis to investigate the relationships between 

organizational competencies and organizational performance. Pearson correlation analysis was 

performed in order to assess the relationship between organizational competencies and 

organizational performance metrics. First, a performance metric is calculated based on the average 

of its performance metric categories. For example, PerM is calculated based on the mean (average) 

of the following metrics subcategories: employee satisfaction, customer satisfaction, and 

competitiveness. However, each performance metric category has different performance metrics 

with different ranges of KPI, KPO, or PerM values. Therefore, for calculation of each performance 

metrics category, KPI, KPO, or PerM in that category is normalized in order to achieve a value 

between 0 and 1 and then the average of the normalized performance metrics is calculated. For 

example, competitiveness is calculated as the mean (average) of the following metrics: company 

image/reputation, competitive advantage, and market advantage. The actual 

operational/organizational-level KPI and KPO data collected from the participating company are 

for a single year; hence, the data show no variability where standard deviation is equal to zero for 

these metrics. Therefore, Pearson correlation analysis cannot be performed for factors for which 

the denominator of the division operation is equal to zero (see Equation 4.15). Pearson correlation 
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analysis can be performed for these factors (e.g., market performance, financial stability, 

profitability ratio, growth, business efficiency) in the future if data that covers multiple years are 

available and upon collecting data from multiple organizations. Table 4.8 presents the results of 

the Pearson correlation analysis between organizational competencies and organizational 

performance metric categories. 

Table 4.8 Correlation coefficients (𝝆) of organizational competencies:  
Organizational performance metric categories 

Competency categories Organizational-
level 

Project-level 

PerMs KPIs KPOs 
Functional 0.637 0.545 0.671 
General administration competencies 0.562 0.543 0.629 
Technical competencies 0.555 0.569 0.575 
Cross-functional competencies 0.631 0.429 0.556 
Production/operations competencies 0.475 0.482 0.550 
Project management competencies 0.566 0.435 0.579 
Supervisory/managerial competencies 0.566 0.464 0.666 
Behavioral 0.636 0.482 0.583 
Organizational attributes  0.598 0.488 0.577 
Top management competencies 0.573 0.441 0.582 
Middle management competencies 0.587 0.419 0.433 
First-line management competencies 0.523 0.399 0.510 
Individual/personal competencies 0.565 0.366 0.471 

 

In Table 4.8, each value represents a correlation coefficient of one competency category to one 

performance metric. For example, the correlation of cross-functional competencies to PerMs 

(column 2) is 0.631. Each correlation coefficient represents the strength and direction of the 

relationship between a competency category and organizational performance metric. The values 

shown in Table 4.8 indicate that functional competencies have a moderate to strong relationship 

with PerMs and project-level KPIs and a strong relationship with project level-KPOs. For instance, 

cross-functional competencies show a moderate relationship (0.429) with project KPIs but a strong 
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relationship with PerMs and project-level KPOs. The results in Table 4.8 also indicate that only 

production/operations competencies have moderate relationship (0.475) with PerM while the other 

functional competencies showed strong relationship. Behavioral competencies have strong 

relationship with PerMs and a moderate to strong relationship with project-level KPIs and KPOs. 

In terms of the lowest correlation coefficient, individual/personal competencies have moderate 

relationship (0.366) with project-level KPIs while middle management competencies show 

moderate relationship (0.433) with project-level KPOs. Thus, it is suggested that the company 

designs its policies and procedures to improve those competencies that exhibit moderate 

relationship with performance metrics, for example, improving cross-functional and 

individual/personal competencies enables to ensure a better performance in terms of project KPIs.  

The overall performance of the organization is calculated as the mean (average) of performance 

metric categories (KPIs, KPOs, PerMs). Table 4.9 shows the correlation of organizational 

competencies with the overall performance of the organization.  

Table 4.9 Correlation coefficients (𝝆) of organizational competencies:  

Overall organizational performance 

Organizational competency categories  Overall organizational performance  
Functional 0.623 
General administration competencies 0.611 
Technical competencies 0.526 
Cross-functional competencies 0.579 
Production/operations competencies 0.504 
Project management competencies 0.577 
Supervisory/managerial competencies 0.653 
Behavioral 0.654 
Organizational attributes  0.631 
Top management competencies 0.624 
Middle management competencies 0.576 
First-line management competencies 0.538 
Individual/personal competencies 0.523 
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All organizational competencies have a strong positive relationship with the overall organizational 

performance. The strongest relationship is related to supervisory/managerial competencies (0.653 

for functional competencies) and organizational attributes (0.631 for behavioral competencies). 

The weakest relationship was observed for production/operation competencies (0.504 for 

functional competencies) and individual/personal competencies (0.523 for behavioral 

competencies). Findings from this result suggest that company policies be directed to place a 

greater focus on enhancing competencies such as production/operations and individual/personal 

competencies in order to further improve overall organizational performance. 

4.5 Discussions 

All the SM, MLM and OPS respondents perceived “commitment to safety” as the most critical 

functional competency influencing organizational performance. Furthermore, “project health and 

safety management” was identified as second and third ranking critical competency influencing 

performance by OPS and MLM, respectively. The findings are in line with Aksorn and 

Hadikusumo (2008) and Raoufi and Fayek (2018) which identified “appropriate safety education 

and training” and “safety precautions,” respectively among the top three major factors influencing 

performance.  The result further indicates that the company under study had a high safety culture 

and that all the survey respondents perceive commitment to safety as a critical competency. In 

addition, “quality of work” was ranked second by both SM and MLM while it was identified as 

the third ranking critical functional competency by OPS. Thus, the result showed consistency 

among the respondent perspectives regarding quality of work to maintain high standard in 

executing design, construction, and other related works. There was no common competency 

identified in the top three ranking behavioral competencies; hence, the respondent groups showed 

different views related to critical behavioral competencies influencing performance.  
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SM and MLM identified “project procurement management” as the top and second ranking 

functional competency, respectively as having a high potential for improvement in organizational 

performance. Likewise, “materials management” was considered as the top and third ranking 

functional competency by MLM and OPS, respectively as having a high potential for performance 

improvement. However, “management effectiveness/excellence” was perceived by OPS as having 

a high potential for improvement in organizational performance. “Leadership,” “results 

orientation,” and “attention to detail” are the top-ranking behavioral competencies with a high 

potential for performance improvement identified by SM, MLM, and OPS, respectively. 

“Innovation” is identified by SM and MLM as the second ranking behavioral competency with a 

high potential for performance improvement. These results indicate that organizational 

performance may improve with increasing the competencies identified as having a high potential 

for performance improvement. The identification and awareness of those competencies that may 

contribute to significant performance improvements might help management (board or top 

management) to direct company policies and procedures towards these competencies. 

The t-test and F-test results revealed perspectives differences among respondents although the 

comparative analysis suggest high agreement on most of the critical competencies influencing 

performance. Statistically significant differences were reported between different generations of 

craft workers (Dai and Goodrum 2012), foremen and craft workers (Dai et al. 2007), union and 

non-union craft workers, and trades (Dai et al. 2009), project managers and trades (Tsehayae and 

Fayek 2014), supervisors and craftspeople (Raoufi and Fayek 2018). There were statistically 

significant differences between each group’s perspectives in terms of the mean and variance of the 

evaluation scores. For instance, OPS ranked highly for “management and support of diversity,” 

“communication management,” “product engineering,” and “process engineering” as the most 
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critical functional competencies influencing performance while SM did not perceive these 

competencies as such critical. Likewise, SM ranked highly of “project cost management” and 

“project change management” while OPS did not see these competencies as critical influencing 

performance. On the other hand, “assertiveness,” “influence,” “decision making,” “interpersonal 

skills,” and “results orientation” are the behavioral competencies that showed significant 

difference among respondent groups.   Thus, it is important to focus on the competencies that 

showed significant difference and investigate the sources of difference before implementing 

improvement strategies.  

The Pearson correlation analysis showed a positive relationship between organizational 

competencies and organizational performance. The findings indicate that, an increase in 

organizational competencies (functional and behavioral competencies) enable improvement of 

organizational performance. While all organizational competencies have a strong positive 

relationship with the overall performance of the organization, the strongest relationship is related 

to supervisory/managerial competency (functional) and organizational attributes (behavioral). The 

weakest relationship was observed for production/operation competencies (functional) and 

individual/personal competencies (behavioral). Thus, it is important that company policies be 

directed to place a greater focus on enhancing competencies identified as having low 

maturity/agreement but exhibit strong relationship in order to further improve overall 

organizational performance. 

4.6 Chapter Summary 

This chapter presents a comparative analysis to identify organizational competencies influencing 

organizational performance. In addition, competencies that have a great potential for 
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organizational performance improvement are also identified. Moreover, differences in 

respondents’ perspectives on competencies influencing organizational performance and 

competencies having a great potential for performance improvement are investigated. Pearson’s 

correlation analysis was performed to assess the relationship between organizational competencies 

and organizational performance.  

A comparative analysis was conducted for the perspectives of SM, MLM, and OPS regarding the 

common critical competencies that influence performance. The results showed that respondents 

have highly similar views regarding common critical behavioral competencies and somewhat 

similar views regarding functional competencies. A comparative analysis regarding potential 

competencies for performance improvement was also conducted. Accordingly, few common 

competencies appeared in the top ten competencies between the three respondent groups. Although 

the results of the comparative analysis suggest an agreement among the perspectives of respondent 

groups, the results of both the t-test and F-test indicate that there were statistically significant 

differences between each group’s perspectives in terms of the mean and variance of the evaluation 

scores. These statistical tests consider the sample size in calculating the critical values (i.e., t-

critical and F-critical) and are thus able to identify if there is a significant difference among the 

perspectives of respondent groups, even if the respondents’ sample sizes are small. However, 

because of the limitation in the sample size of SM respondents, the results associated with this 

group are limited and should not be generalized to the entire construction industry. 

The results of the Pearson correlation analysis show that all organizational competencies have a 

strong positive relationship with the overall performance of the organization. A strong positive 

relationship indicates that the increase in competency results in an increase in performance. For 
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example, organizational competencies have a moderate to strong positive relationship with 

operational/organizational-level PerMs as well as project-level KPIs and KPOs (see Table 4.10). 

These findings indicate that, an increase in organizational competencies (functional and behavioral 

competencies) enable improvement of organizational performance.  

The contributions of this chapter are fourfold. First, this chapter provides a methodological 

approach for identifying and measuring organizational competencies adopting a comprehensive 

and hierarchical category of competencies to capture the multi-level nature of organizations. The 

comprehensive hierarchical set of competencies provides researchers and industry practitioners 

with a broader view of competencies affecting organizational performance. Second, this chapter 

presents a methodology to evaluate and rank critical competencies influencing performance and 

competencies with a high potential for improvement in performance. Third, this chapter compares 

the differences among the perspectives of the respondent groups i.e., SM, MLM, and OPS on the 

critical competencies influencing organizational performance that can help management in 

developing performance improvement strategies. Fourth, the Pearson correlation analysis 

identified both the strong and weak relationships of organizational competencies to overall 

organizational performance. The findings help both construction organizations and construction 

practitioners to maintain competencies with strong relationship while preparing improvement 

strategies for those competencies showing weak relationship with organizational performance. 

Thus, company policies and strategies be directed to place a greater focus on enhancing 

competencies that have a high impact but weak relationship with performance in order to further 

improve overall organizational performance. 
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Chapter 5 Hybrid Neuro-Fuzzy Modelling Methodology4  

 

5.1 Introduction 

In this chapter, the overall methodology and detailed steps for developing the hybrid NFS model 

to analyze organizational competencies and predict multiple organizational performance metrics 

are presented. The model developed in this research is a hybrid GA-MANFIS that combines the 

optimization capacity of GA and the ability of MANFIS in handling multiple outputs in modeling 

MIMO problems. The methodology is illustrated in Figure 5.1 and the details are described in the 

following sections.  

5.2 Identify Organizational Competencies and Performance Metrics and Collect 

Data 

The identification and data collection of organizational competencies and performance metrics as 

well as results of the comparative and correlation analysis are discussed in Chapter 4. Therefore, 

the 60 organizational competencies (i.e., 32 functional and 28 behavioral competencies) common 

to both the SM and staff surveys identified in Chapter 4 are used for model development. Actual  

 

 
4 Parts of this chapter have been published in the Proceedings of FUZZ-IEEE International conference on 

fuzzy systems: Tiruneh, G. G. and A. R. Fayek.  2019. “Feature selection for construction 

organizational competencies impacting performance.” Proc. FUZZ-IEEE Int. Conf. Fuzz. Syst., New 

Orleans, LA., USA, 05 pages; submitted for publication in the Journal of Computing in Civil Engineering: 

Tiruneh, G. G., and A. R. Fayek. 2021. “Hybrid GA-MANFIS model for organizational competencies and 

performance in construction.” J. Comput. Civ. Eng., 43 manuscript pages, submitted Jan. 15, 2021. 
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Figure 5.1. GA-MANFIS modeling methodology for construction organizational competencies 

and performance 

company performance metrics data collected related to KPIs and KPOs are limited as they are 

obtained only for a single year; hence, lacks data variability and sufficiency for modeling purpose. 

Thus, subjective performance metrics that have sufficient data collected via the online survey were 

used for model development. As a result, six organizational performance metrics that include 
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employee satisfaction, customer satisfaction, competitiveness, quality of work, safety 

performance, and effectiveness of planning are considered for modeling.  

5.3 Prepare Organizational Competencies and Performance Metrics Data 

Data preprocessing techniques for modeling include data cleaning and data transformation. These 

data preprocessing steps are usually implemented prior to any data-driven system modeling in 

order to eliminate responses or data instances that include outliers (i.e., noisy data), missing values, 

or bad data (Acampora et al. 2014; Cheng et al. 2015; Fattahi et al. 2018). This step ensures that 

the raw data collected or retrieved from the database and/or obtained from actual company and 

project documents is suitable for modeling. Once the data is cleaned, the next stage is performing 

normalization to transform the dataset in the range of [0 1]. Efficiency and accuracy of any 

estimating algorithm are highly dependent on the accuracy of the original or experimental data 

used to develop the predictive model (Tahmasebi and Hezarkhani 2012). To simplify and enhance 

the training performance and improve prediction accuracy, the data for both input and output 

variables are normalized in the range of [0 1] using Equation (5.1). Furthermore, normalizing the 

input-output data helps to avoid domination of attributes in greater numeric ranges over smaller 

numeric ranges and to avoid numerical difficulties (Cheng and Roy 2010).  

𝑥𝑁 =
𝑥𝑖−𝑥𝑚𝑖𝑛 

𝑥𝑚𝑎𝑥−𝑥𝑚𝑖𝑛
                                                                   (5.1) 

where, xi and xN are the original and normalized values, respectively, while xmin and xmax are the 

minimum and maximum values of x, respectively. 

5.4 Select Organizational Competency Features 

Once the data are cleaned, the number of input variables must be reduced using dimensionality 

reduction techniques to increase the accuracy of the predictive model. FS is an important and 
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frequently used technique to reduce data dimensionality and obtain reduced data representation 

(i.e., features or data attributes) while producing the same or similar results (Cheng et al. 2015; 

Tiruneh and Fayek 2019). FS reduces computational time, thus improving model performance 

(e.g., predictive accuracy and interpretability) and removing redundant or noisy attributes (Cheng 

et al. 2015; Tiruneh and Fayek 2019). In this research, an FCM-based fuzzy inference system (FIS) 

that incorporates an evolutionary search method, GA, is used to identify the best subset of data for 

which the predictive model has the highest accuracy (e.g., the lowest RMSE). Figure 5.2 presents 

the steps for FS to identify representative input features. Prior to GA optimization, FCM 

parameters (number of clusters c, and fuzzification coefficient m) are optimized. Then an FIS is 

developed using the optimized FCM parameters. Finally, the FIS is used to conduct GA-based FS, 

which is implemented through the following steps (see Figure 5.2):  

1. Randomly generate an initial subset of the population, or system variables, represented by 

binary strings of zeros and ones. 

2. Evaluate the compatibility of each chromosome using the fitness function, which is usually 

the RMSE, as expressed in Equation (5.2).  

𝑅𝑀𝑆𝐸 = √
1

𝑁
∑ (𝑥𝑡 − 𝑥𝑝)2𝑁

𝑖=1                                                                  (5.2) 

where, xt and xp are the actual/target and predicted values of x, respectively while N is the 

number of data instances. 

3. A new generation or population is created based on the fittest individual from the previous 

generation using the three genetic operators of selection, crossover, and mutation. 
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4. Parents of the generated population (i.e., old chromosomes) are replaced in the new 

generation partially or fully by the new best offspring chromosomes. 

5. Steps 2–4 are repeated until the termination condition is satisfied. The chromosome with 

the highest accuracy in the last generation (i.e., the organizational competencies) 

represented by ones are selected as the best subset of system variables for model 

development. 

Clean and 
normalized full  

feature set

Initial population of binary 
chromosomes 

Chr 1: 1 1 0 0 . . . 0 1 0 1
Chr 2: 10 1 0 . . . 0 0 1 1

.

.
Chr N: 0 1 0 0 . . . 1 0 0 1

Fitness evaluation of initial 
population (RMSE)

Select parent 
chromosomes

New generationFitness evaluation 
(RMSE)

Are termination 
conditions met?

Best chromosome 
(selected features)

End GA

No

Yes

Elite 
chromosome

Perform 
Crossover 

Apply 
Mutation 

 

Figure 5.2. FS using GA optimization 
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5.5 Development Hybrid GA-MANFS Model  

In this Section, the hybrid NFS model i.e., a hybrid GA-MANFIS model for organizational 

competencies and performance was developed using model input variables obtained from the GA-

FS. The core of the modeling framework is a processing layer that contains a number of ANFIS 

modal blocks, which each corresponds to a single output (Das and Winter 2016; Malik and Arshad 

2011). Thus, every single ANFIS in a MANFIS predicts a single output as shown in Figure 2.2 

(Benmiloud 2010; Das and Winter 2016; Malik and Arshad 2011).  The model development 

process is performed in three steps: data splitting; model development and optimization; and model 

verification and validation. The model development steps depicted in Figure 5.3 are discussed 

below. 

5.5.1 Data Splitting 

The first step of GA-MANFIS model development is preparing the input variable data identified 

from the GA-FS. These data are then randomly divided into training and testing datasets. The 

training data are applied in the MANFIS learning process to predict model outputs, whereas the 

testing data are applied to the trained model to evaluate its prediction performance. To ensure the 

training data are chosen randomly, all data are shuffled in rows before the training and testing 

datasets are selected. Past studies used different ratios of training to testing data for modeling 

purposes, depending on the availability of data. The most common ratio of data percentages 

applied for model development (training data) to model validation (testing data) is 70/30. 

However, many studies that developed limited-data models used a ratio of 80/20 for training to 

testing data (Fattahi et al. 2018; Agah and Soleimanpourmoghadam 2020). Some studies even used 

a ratio of 85/15 for training to testing data (Cheng and Roy 2010; Tahmasebi and Hezarkhani  
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Figure 5.3. GA-MANFIS model training and optimization 

2012). For example, Cheng et al. (2010) used 25 training data and 3 testing data to develop a model 

that can help construction project stakeholders to estimate construction cost. In this research, a 

ratio of 80/20 is used for model development. 
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5.5.2 GA-MANFIS Model Training and Optimization 

ANFIS is a building block of MANFIS. For K outputs, there will be K number of ANFIS modal 

blocks in the MANFIS model (Cheng et al. 2002; Das and Winter 2016; Malik and Arshad 2011). 

The selected input features and the optimized FCM parameters are used to develop the MANFS 

model. First, an FCM-based initial FIS is created to develop the ANFIS modal blocks for each 

output. Then, the ANFIS modal blocks are incorporated into the MIMO modal block (Figure 2.2). 

Finally, the MANFIS model is trained using GA optimization as shown in Figure 5.3. Model 

development, training, and optimization procedures are discussed as follows. 

5.5.2.1 Create FCM-based Initial FIS 

Creating an FCM-based initial FIS is the first step in developing the GA-MANFIS model. FCM 

clustering results in the development of a partition matrix (U = [uik]) that includes the data points 

in each cluster (Pedrycz 2013). Furthermore, FCM clusters the input-output dataset into c numbers 

of clusters (V = [vj]) by determining a prototype (cluster center) for each cluster. Fuzzy 

partitioning is carried out through an iterative optimization by updating the partition matrix uik and 

cluster centers vj using Equations (5.3) and (5.4), respectively (Pedrycz 2013). 

𝑢𝑖𝑘 =  
1

∑ (
‖𝒙𝑘−𝒗𝑖‖

‖𝒙𝑘−𝒗𝑗‖
)2 𝑚−1⁄𝑐

𝑗=1

, 𝑖 = 1, … , 𝑐,   𝑘 = 1, … , 𝑁                                   (5.3) 

𝑣𝑗 =  
∑ 𝑢𝑖𝑘

𝑚𝑥𝑘
𝑁
𝑘=1

∑ 𝑢𝑖𝑘
𝑚𝑁

𝑘=1
, 𝑖 = 1, … , 𝑐,   𝑘 = 1, … , 𝑁                                            (5.4) 

The FCM clustering algorithm maximizes the membership degree of each data point close to the 

cluster center, while minimizing the membership degrees of the data away from the cluster center 

(Elbaz et al. 2019). This method allows the development of data-driven FIS using rules for defining 

the relationships between input and output variables (Pedrycz 2013). Accordingly, the input-output 
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data set, in the form (xi, y), i = 1, 2, …, N, where input variables (competencies) as xi = [x1i, x2i, 

…, xki] and output (organizational performance) as y = [yi], is combined to form the (N + 1)− 

dimensional vector p = (xi, y). Then, using FCM clustering, c prototypes {v1, v2, …, vj} and a 

partition matrix U = [uki] representing the membership degree of a data instance in the jth cluster 

are developed by applying Equation (5.3) in the product space of X×Y. The process results in c 

prototypes, each of which has an MF and corresponding to each of the fuzzy rules Rj, j = 1, 2, …, 

c. Then, projecting the prototypes on the output space Y by considering their last coordinates as v1 

[y], v2 [y], …, vj [y] results in the MFs of the output variable, which are denoted as B1, B2, …, Bj. 

Similarly, projecting the prototypes on the input space X as v1 [x], v2 [x], …, vj [x] results in the 

MFs of the input variables, which are denoted as A1, A2, …, Aj. Each cluster represents a fuzzy 

rule; thus, FCM clustering results in the development of c number of fuzzy rules in the form of 

“Rj: If X is Aj, then Y is Bj, j = 1, 2, …, c.” An example of a fuzzy rule is shown below, where 

words in italics are the features (i.e., competencies) and the variables are shown in bold: 

If interdisciplinary alignment is poor and project safety management is average and project cost 

management is high and technical knowledge is good and motivation is low and commitment is 

average then quality of work is average and competitiveness is low. 

The initial FCM-generated FIS is used to develop ANFIS modal blocks for each output (Figure 

2.2). Two types of FIS (i.e., Mamdani and Takagi-Sugeno) have been widely used in various 

applications. In Mamdani FIS, both the condition and consequent of the system are represented as 

a fuzzy set; hence, needs defuzzification to obtain a crisp output value (Pedrycz 2013). In the case 

of Takagi-Sugeno FIS, the conclusion is represented using a function; either a zero- or first-order 

polynomial function that fits the model output data in the region specified by the fuzzy Cartesian 



149 

 

product of the condition fuzzy sets is used (Pedrycz and Gomide, 2007). Mamdani FIS are intuitive 

and have better interpretability (i.e., explicit knowledge representation). On the other hand, 

Takagi-Sugeno FIS have capability for numeric processing (i.e., accuracy of prediction). In this 

research, Takagi-Sugeno FIS is used because of its superior performance in terms of accuracy. 

Although they are automatically generated and tuned during the learning processes, it is important 

to set the type of parameters, or MFs, that represent the variables. Different realizations of MFs 

exist (e.g., triangular, trapezoidal, Gaussian, and bell shaped). According to Elbaz et al. (2019), 

there are no explicit methods or formula for predicting the necessary type MFs. Studies have 

indicated that Gaussian MFs are a better option because they are efficient with higher performance 

in prediction for their continuity and smoothness, simplicity in representation (only two parameters 

are required, modal value 𝜇 representing the typical value and 𝜎 representing the spread), ease of 

construction using a data-driven approach, faster convergence during optimization of membership 

functions, and suitability for models that seek high-control accuracy (Elbaz et al. 2019; Siraj et al. 

2016). In this research, Gaussian MFs based on Equation (5.5) have been used for representing 

model input variables. The Gaussian MF parameter σ represents the standard deviation, denoting 

the spread of A, and μ represents the modal value, denoting the typical element of A. 

𝐴(𝑥, 𝜎, 𝜇) = 𝑒−(𝑥−µ)2 (2𝜎2)⁄                                                                  (5.5) 

Figure 5.4 shows a fuzzy set A, representing a linguistic variable is characterized using its MF 

which represents numerically the degree to which an element x belongs to the fuzzy set and fits 

the linguistic variable over a continuous range A: X → µ = [0 1]. For example, Figure 5.4 shows 

an example of a fuzzy set which characterize organizational competencies, say technical 

knowledge or interdisciplinary alignment using linguistic variables low, average, and high. 
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Figure 5.4. Gaussian MF for fuzzy set representing “technical knowledge” 

5.5.2.2  GA-MANFIS Model Training and Optimization 

The use of GA optimization enables the MANFIS training to optimize the parameters of input-

output in the system (i.e., premise and consequent MFs). The process of GA optimization follows 

a similar approach as described above in Section 5.4. The only difference at this stage is that real-

coded parameters are used to represent model input variables instead of binary coded strings. For 

FS, binary coded chromosomes of the GA represent individual features or variables (i.e., 

organizational competencies) using zeros or ones. However, model input variables are further 

represented by a number of parameters or MFs. Furthermore, Kumar and Hynes (2020) indicated 

that the use of real-coded parameters helps to obtain the optimal solution in the least number of 

iterations. Thus, the variables are represented by a real-code (i.e., real numbers) that encodes the 

parameters of the MANFIS with a corresponding range of input parameter value. Each 

chromosome (individual) consists of several genes that represent the network’s parameters. The 

premise and consequent parameters are updated by the GA during the learning process. The RSME 

is commonly used as the fitness or cost function for GA that utilizes a training dataset for 
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optimizing MANFIS parameters (Kaveh et al. 2018). The learning and parameter optimization 

process of the MANFIS network terminates when the fitness error measure, RMSE, between two 

consecutive iterations is reduced to a satisfied level, which is the set threshold of 10-5.  

5.6 Verify and Validate GA-MANFIS Model 

Oberkampf et al. (2004) stated that verification is the process of determining that a model’s 

implementation accurately represents the developer’s conceptual description of the model. 

According to Lucko and Rojas (2010), verification confirms the technical correctness of a model 

in accordance with its established specifications; that is, model verification is conducted to ensure 

that model components are working as expected. To verify the GA-MANFIS model, all 

mathematical equations and components of the model, such as MATLAB codes, are checked for 

their correctness. Further, running the model multiple times to check for the replicability of its 

results as well as use of tracing and plot graphs is conducted to track changes in the variables of 

the model.  

The model is validated to determine how well it reflects a real-world system (Oberkampf et al. 

2004). To validate the GA-MANFIS model, conceptual validity and data validity are conducted. 

Conceptual validity refers to basing the model on factors identified from literature that were 

validated by construction experts and practitioners through a focus group. Data is validated 

through pilot testing of a data collection protocol and by following a structured data collection 

methodology, testing for construct validity, and testing the reliability of the data-collection 

measures. The GA-MANFIS model performance is evaluated by comparing the model outputs 

(i.e., predicted results) against the testing dataset. The RMSE expressed in Equation (5.2) is used 

as the fitness or cost function to check the conformity of the predicted values with the actual 
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observed or measured values with a minimum RMSE. Additionally, sensitivity analysis is 

conducted to determine whether the model behaves realistically, by changing model parameters 

and evaluating changes in the behavior of model output.  

5.7 Chapter Summary 

This chapter presented a methodology for developing hybrid NFS model to analyze organizational 

competencies and predict multiple organizational performance metrics. A GA-based FS is 

implemented to identify organizational competencies to be considered as model inputs for the 

hybrid NFS model development. Furthermore, a methodology to develop a hybrid GA-MANFIS 

for organizational competencies and performance is presented. 

The main contributions of this chapter can be grouped into three areas. First, the chapter provides a 

modeling approach for organizational competencies and performance that can be applied for 

organizations in the construction industry. Second, the chapter provides a hybrid NFS modeling 

approach that can model MIMO problems inherent in construction and predict multiple 

performance metrics simultaneously. Third, it contributes to the advancement of the state of the art 

in NFS modeling for organizational competencies and performance by (i) providing a GA-FS 

methodology to reduce the dimensionality of data that enables to develop a concise model with 

improved accuracy; (ii) providing a method for modeling MIMO problems using MANFIS that can 

handle multiple outputs; and (iii) implementing evolutionary optimization for parameter/MF 

optimization and model training using GA optimization to enhance the prediction performance of 

the mode. The next chapter presents a case study to illustrate the application of the proposed GA-

MANFIS modeling methodology for organizational competencies and performance in construction. 

 



153 

 

5.8 References 

Acampora, G., W. Pedrycz, A. V. Vasilakos. 2014. “Efficient modeling of MIMO systems through 

Timed Automata based Neuro-Fuzzy Inference Engine.” Int. J. Approx. Reason., 55: 1336–

1356.   https://doi.org/10.1016/j.ijar.2014.02.003. 

Agah, A., and N. Soleimanpourmoghadam. 2020. “Design and implementation of heavy metal 

prediction in acid mine drainage using multi-output adaptive neuro-fuzzy inference systems 

(ANFIS) - A case study.” Int. J. Min. Geo-Eng., 54(1): 59–64.  

https://doi.org/10.22059/ijmge.2019.278558.594794. 

Benmiloud, T. 2010. “Multioutput adaptive neuro-fuzzy inference system.” Recent Advances In 

Neural Networks, Fuzzy Syst. Evolut. Comput., pp. 94–98. ISBN: 978-960-474-195-3. 

Cheng, C.-B, C.-J., Cheng, and E. S., Lee. 2002. “Neuro-fuzzy and GA in multiple response 

optimization.” Comput. Math. Appl., 44: 1503-1514. PII: SO898–1221(02)00274–2. 

Cheng, M., D. K. Wibowo, D. Prayogo, and A. F. V. Roy. 2015. “Predicting productivity loss 

caused by change orders using the evolutionary fuzzy support vector machine inference 

model.” J. Civ. Eng. Manage., 21(7): 881–892. 

https://doi.org/10.3846/13923730.2014.893922. 

Cheng, M., and A. F. V. Roy. (2010). “Evolutionary fuzzy decision model for construction 

management using support vector machine.” Expert Syst. Appl., 37: 6061–6069. 

https://doi.org/10.1016/j.eswa.2010.02.120. 

https://doi.org/10.1016/j.ijar.2014.02.003
https://doi.org/10.22059/ijmge.2019.278558.594794
https://doi.org/10.3846/13923730.2014.893922
https://doi.org/10.1016/j.eswa.2010.02.120


154 

 

Das, R. D., and S. Winter. 2016. “Detecting urban transport modes using a hybrid knowledge 

driven framework from GPS trajectory.” Int. J. Geo-Inf., 5(207). 

https://doi.org/10.3390/ijgi5110207. 

Elbaz, K., S. Shen, A. Zhou, D. Yuan, and Y. Xu. 2019. “Optimization of EPB shield performance 

with adaptive neuro-fuzzy inference system and genetic algorithm.” Appl. Sci., 9, 780. 

https://doi.org/10.3390/app9040780. 

Fattahi, H., A. Agah, and N. Soleimanpourmoghadam. 2018. “Multi-output adaptive neuro-fuzzy 

inference system for prediction of dissolved metal levels in acid rock drainage: A case study.” 

J. AI Data Min., 6(1): 121–132. 

Kaveh, A., S. M. Hamze-Ziabari, and T. Bakhshpoori. 2018. “Feasibility of PSO-ANFIS-PSO and 

GA-Anfis-GA models in prediction of peak ground acceleration.” Int. J. Optim. Civ. Eng., 

8(1):1–14.  https://ijoce.iust.ac.ir/article-1-321-en.html. 

Kumar, R., N. R. J. Hynes. 2020. “Prediction and optimization of surface roughness in thermal 

drilling using integrated ANFIS and GA approach.” Eng. Sci. Technol. Int. J., 23: 30–41. 

https://doi.org/10.1016/j.jestch.2019.04.011. 

Lucko, G., and E. M. Rojas. 2010. “Research validation: Challenges and opportunities in the 

construction domain.” J. Constr. Eng. Manage., 136(1): 127–135. https://doi.org/ 

10.1061/(ASCE)CO.1943-7862.0000025. 

Malik, A. H., and F. Arshad. 2011. “Design of multi-input multi-output hybrid adaptive neuro-

fuzzy intelligent system for primary pressure control system of pressurized heavy water 

reactor.” Proc. the Pakistan Academy of Sciences, 48 (2): 65–77. ISSN: 0377–2969. 

https://doi.org/10.3390/ijgi5110207
https://doi.org/10.3390/app9040780
https://ijoce.iust.ac.ir/article-1-321-en.html
https://doi.org/10.1016/j.jestch.2019.04.011


155 

 

Oberkampf, W. L., T. G. Trucano, and C. Hirsch. 2004. “Verification, validation, and predictive 

capability in computational engineering and physics.” Computational engineering and physics, 

Appl. Mech. Rev., 57(5): 345–384. https://doi.org/10.1115/1.1767847. 

Pedrycz, W. 2013. Granular Computing: Analysis and Design of Intelligent Systems. CRC Press, 

Taylor & Francis Group. 

Pedrycz, W., and F. Gomide. 2007. Fuzzy systems engineering: Toward human-centric computing. 

John Wiley & Sons. 

Siraj, N. B., A. R. Fayek, and A. A. Tsehayae. 2016. “Development and optimization of artificial 

intelligence-based concrete compressive strength predictive models.” Int. J. Str. Civ. Eng. 

Resear., 5(3): 156–167. https://doi.org/10.18178/ijscer.5.3.156-167. 

Tahmasebi, P., and A. Hezarkhani. 2012. “A hybrid neural networks-fuzzy logic-genetic algorithm 

for grade estimation.” Comput. Geosci., 42: 18–27. 

https://doi.org/10.1016/j.cageo.2012.02.004. 

Tiruneh, G. G., and A. R. Fayek. 2019. “Feature selection for construction organizational 

competencies impacting performance.” Proc., FUZZ-IEEE 2019 International conference on 

fuzzy systems, New Orleans, LA, USA, 05 pages. https://doi.org/10.1109/FUZZ-

IEEE.2019.8858820. 

 

https://doi.org/10.1115/1.1767847
https://doi.org/10.18178/ijscer.5.3.156-167
https://doi.org/10.1016/j.cageo.2012.02.004
https://doi.org/10.1109/FUZZ-IEEE.2019.8858820
https://doi.org/10.1109/FUZZ-IEEE.2019.8858820


156 

 

Chapter 6 Construction Application and Model Validation: Case Study5  

 

6.1 Introduction 

In this chapter, the modeling approach proposed in Chapter 5 was applied to develop a hybrid GA-

MANFIS model for analyzing organizational competencies and predict organizational 

performance. Although MANFIS is widely used in research disciplines other than construction, 

limited research has been conducted in the construction domain which is characterized by complex 

and nonlinear multiple input-output relationship of real-world problems. To date, there have been 

few studies on MIMO NFS for modeling construction problems specifically for predicting multiple 

performance metrics. As such, there remains a need for developing modeling approaches that can 

handle complex and nonlinear MIMO performance prediction problems. To address the need for 

developing modeling approaches that can handle complex, non-linear MIMO performance 

prediction problems and improve effectiveness of handling multiple outputs for construction 

applications, this research proposes a novel methodology for developing a hybrid GA-MANFIS 

model for construction organizational competencies and performance. Thus, the objectives of this 

chapter include (1) illustrate the modeling methodology presented in chapter 5 with a case study for 

developing a hybrid GA-MANFIS modeling approach which can handle MIMO problems inherent 

in construction processes and practices, (2) relate organizational competencies with performance, 

and predict multiple organizational performance metrics using organizational competencies, (3) 

 
5 Parts of this chapter have been submitted for publication in the journal of Computing in Civil Engineering: 

Tiruneh, G. G., and A. R. Fayek. 2021. “Hybrid GA-MANFIS model for organizational competencies and 

performance in construction.” J. Comput. Civ. Eng., 43 manuscript pages, submitted Jan. 15, 2021. 
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provides a GA-based FS approach to reduce dimensionality of data, which enables the identification 

of organizational competencies that have significant influence on organizational performance. 

The rest of this chapter is structured as follows. First, data pre-processing for model development 

is presented. Second, the results of the GA-based FS steps involved in identifying model input 

variables are presented. Third, the procedure in developing the GA-MANFIS model is explained. 

In addition, model training and optimization results are presented and discussed. Finally, the 

verification and validation process of the GA-MANFIS model is presented.      

6.2 Data Pre-processing 

Data collection and analysis of organizational competencies and performance metrics is presented 

in Chapter 4. Thus, the 60 organizational competencies (i.e., 32 functional and 28 behavioral 

competencies) common to both the SM and staff surveys identified in chapter 4 are used for model 

development. In addition, six organizational performance metrics that include employee 

satisfaction, customer satisfaction, competitiveness, quality of work, safety performance, and 

effectiveness of planning, which have sufficient data variability, are considered for modeling. 

Organizational competencies are the predictor variables (i.e., antecedent) to organizational 

performance, which is the dependent variable in the model.  

Data preprocessing was implemented to eliminate responses that had outliers, missing values, and 

noisy or bad data, in order to facilitate modeling. Different data preprocessing techniques such as 

data cleaning, normalization, and FS were implemented in this study. 

 



158 

 

6.2.1 Data Cleaning 

All online survey responses and actual performance data extracted from actual company and/or 

project documents were encoded to an Excel sheet. A total of 80 data instances were recorded and 

considered for model development. Then all survey responses and performance data were checked 

for missing values, outliers, and inconsistencies. As part of the data cleaning, survey responses 

and performance data with missing values and outliers are removed from the data. The data 

cleaning resulted in 62 data instances which were used to develop the hybrid GA-MANFIS model. 

Organizational competencies and performance metrics data were characterized as having: 60 input 

features (i.e., competencies); 6 output features (i.e., performance metrics); and 62 data instances 

(i.e., complete survey responses or data points). Thus, the input data matrix is 62×60 while the 

output data matrix is 62×6. Thus, the overall input-output MIMO system data matrix is 62×66.  

6.2.2 Data Normalization  

The input-output of the cleaned data were normalized using Equation (5.1) to achieve a value 

between 0 and 1 and to avoid domination of attributes in greater numeric ranges over smaller 

numeric ranges. Normalization of data also helped simplify and enhance the training and improve 

the performance and prediction accuracy of the model. Thus, the original cleaned data that was 

normalized was then used to implement the GA-based FS to reduce the dimensionality of the data. 

6.3 GA-based FS  

As described in Section 6.2 above, the 60 organizational competencies (32 functional and 28 

behavioral competencies) were features/attributes that needed to be reduced for model 

development. It was evident that the dimensionality of original raw data was very high, which 

makes it difficult to build a concise and efficient predictive model. Therefore, GA-based FS was 
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conducted to reduce the dimensionality of data attributes, help reduce computational time, and 

help improve model accuracy following the steps described in the methodology section (Section 

5.4). Performing the GA-based FS encompassed implementing FCM parameter optimization and 

performing FS using GA optimization.  

6.3.1 FCM Parameter Optimization for GA-FS  

The MATLAB programming language was used to develop a code for finding the optimum value 

of clusters c and fuzzification coefficient m, with FCM performed on the cleaned input-output 

data. The optimum parameters of FCM (i.e., c and m) were obtained by running the MATLAB 

code multiple times. A total of 60 different runs were implemented where the minimum RMSE 

and FCM parameters for which the RMSE was minimum were recorded in each run. Table 6.1 

shows the best results obtained from the FCM parameter optimization.  

Table 6.1. FCM parameter optimization results 

Code* c m Minimum RMSE Rank 
Opt_S10 6 2.50 0.037141 1 
Opt_Sug7 6 1.45 0.038779 2 
Opt_Sug18 7 2.55 0.040223 3 
Opt_S25 3 1.75 0.042300 4 
Opt_Sug11 7 2.50 0.042737 5 
Opt_Sug2 7 1.90 0.047960 6 
Opt_Sug8 7 2.35 0.048160 7 
Opt_S2 7 1.75 0.065234 8 
Opt_S16 6 1.85 0.066222 9 
Opt_S6 6 2.25 0.077706 10 

                 * FCM parameter optimization run 

The parameter optimization result indicated that the RMSE tended to be minimum when the values 

of m were low irrespective of the number of clusters, especially closer to 2. For FCM parameter 
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optimization, c = 3 to 7 and m = 1.25 to 3.75 with 0.05 step were used. Accordingly, the optimum 

values determined for c = 6 and m = 2.50, as shown in Figure 6.1.  

 

  Figure 6.1. Parameter optimization result for which RMSE is minimum 

6.3.2 GA-FS to Identify Model Input Organizational Competencies 

Applying the optimum FCM parameters, an FIS was developed using the genfisOptions of 

MATLAB 2020b. Then FS was conducted using binary coded GA optimization on the FIS. The 

RMSE was used as the fitness function for GA optimization. GA selects features (i.e., 

competencies used as input) by optimizing the RMSE between the output of the FIS (i.e., predicted 

output) and the output from the actual (testing) data as a fitness value. The crossover and mutation 

probabilities were set as 0.8 and 0.1, respectively, while the number of generations was 100. Table 

6.2 shows the results of the GA-FS ranked based on average fitness values. The top five results in 

Table 6.1 were considered for the GA-FS step. For each result, a population of 50, 60, 80, and 100 

was used, keeping the number of generations at 100. Therefore, 20 different combinations of GA-
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FS were conducted to identify the results with the best fitness values (RMSE). The values in Table 

6.2 indicate that the FCM parameters that provided the best five results with minimum error during 

the GA-FS step were for c = 6, m = 1.45 and c = 3, m = 1.75, respectively. The results further 

indicated that the best optimum parameters identified in Table 6.1 (i.e., c = 6, m = 2.50) showed 

poor results in terms of the GA-FS fitness function (see Table 6.2). The poor performance is the 

result of the higher value of m = 2.50: as the m value gets higher, the MFs will become “spiky” 

(i.e., the membership grades are equal to 1 at the prototypes/cluster centers, and the values rapidly 

decline when moving away from the prototypes) with minimum overlap of adjacent MFs, and 

hence, the process provides less accurate results. Furthermore, the results showed that the number 

of features selected got lower as the values of m used for the FS increased. Moreover, results with 

the best fitness function provided almost similar numbers of features. For instance, four of the top 

five ranked results in Table 6.2 selected 19 features as a representative subset of the original data 

while the remaining result obtained 18 features. For model development, the result with lower 

value of c and m value closer to 2 was considered. Pedrycz and Gomide (2007) recommended that 

a value of m = 2.00 or closer is appropriate for the application of FCM clustering. Therefore, c = 3 

and m = 1.75 is the optimum FCM parameter selected for GA-MANFIS model development. 

After performing the FS using GA optimization, 19 competencies were selected out of 60, with 

the best and mean fitness values (RMSE) of 0.0386 and 0.0351, respectively (Table 6.2). More 

details about the GA-FS methodology can be found in Tiruneh and Fayek (2019). The list of 

competencies identified include: staff development (c1); goal orientation (c2); interdisciplinary 

alignment (c3); commitment to safety (c4); construction, production, and manufacturing (c5); 

project safety management (c6); project cost management (c7); project procurement management 

(c8); engagement (c9); ability to build trust (c10); organizational culture (c11); judgment (c12); values 
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Table 6.2. GA-FS results for the optimized FCM parameters. 

FCM parameter optimization values  GA-FS result values 
Code c m Min. RMSE  Population Selected features 

(no.) 
Average fitness 

(RMSE) 
Best fitness 

(RMSE) 
Rank based on 
average fitness 

Opt_S10 6 2.5 0.037141  50 18 0.047080 0.043382 14 
     60 18 0.046710 0.043402 11 
     80 16 0.046881 0.043083 12 
     100 15 0.046983 0.043477 13 
Opt_Sug7 6 1.45 0.038779  50 22 0.043843 0.040428 8 
     60 19 0.040227 0.037340 2 
     80 18 0.040837 0.036858 3 
     100 19 0.038646 0.035067 1 
Opt_Sug18 7 2.55 0.040223  50 15 0.045183 0.049491 9 
     60 16 0.047307 0.043375 15 
     80 17 0.046513 0.042393 10 
     100 16 0.048640 0.044637 19 
Opt_S25 3 1.75 0.042300  50 19 0.042157 0.040530 7 
     60 19 0.041731 0.039895 4 
     80 22 0.041968 0.039813 6 
     100 19 0.041967 0.040344 5 
Opt_Sug11 7 2.50 0.042737  50 15 0.048054 0.043580 17 
     60 16 0.049209 0.045792 20 
     80 16 0.048334 0.044543 18 
     100 15 0.047802 0.042622 16 
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and ethics (c13); conflict resolution (c14); results orientation (c15); influence (c16); communications 

(c17); motivation (c18); and perseverance (c19). The reduced number of organizational 

competencies identified as a result of GA-FS were used as input variables for model development. 

Furthermore, the competencies obtained from the GA-MANFIS were the best subset of the original 

organizational competencies; hence, they enable development of a model that provided high 

accuracy. In addition to reducing the dimensionality of model input variables to develop a concise 

mode, the GA-FS enabled identification of organizational competencies that have a significant 

impact on organizational performance. 

6.4 GA-MANFIS Model Development  

The hybrid GA-MANFIS model was programmed in MATLAB R2020b. A Takagi-Sugeno FIS 

with Gaussian MFs was applied to create the initial FIS to develop the GA-MANFIS model. The 

19 organizational competencies and 7 organizational performance metrics were the model input 

and output variables, respectively. The GA- MANFIS was designed by decomposing it into seven 

MISO adaptive neuro-fuzzy systems that correspond to and predict a single output. In this study, 

several attempts were performed in order to select the various parameter values that are required 

for GA to obtain the best model with optimal solutions. Thus, considering the limited data used 

for model development, a population size of 50, a crossover rate of 0.8, and a mutation rate of 0.1 

were selected. To evaluate the model predicting performance, the RMSE was used as a fitness 

function. The following sections present the model architecture, input and output variables, 

training and optimization, and results. 
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6.4.1 GA-MANFIS Model Architecture 

The hybrid GA-MANFIS model of construction organizational competencies and performance 

incudes three components: the input layer, the MIMO modal block layer, and the output layer, as 

shown in Figure 6.2. The input layer consists of organizational competencies obtained during the 

FS step that are utilized as the model’s inputs. The MIMO modal block, the core of the model 

framework, is a processing layer that contains a number of ANFIS modal blocks, which each 

correspond to a single output. The number of MFs are generated automatically by ANFIS, based 

on the FCM-based initial FIS used to build the ANFIS. Each ANFIS in the MIMO modal block is 

trained and optimized in parallel and predicts a single output. In this way, the model can predict 

multiple outputs by using the same multiple inputs. Finally, the output layer consists of 

organizational performance metrics as the model’s output.  

MIMO Block

Interdisciplinary 
alignment (c1)

Project cost 
management (c2)

ANFIS 1

ANFIS 2

Organizational 
performance (p1)

Layer 1 Layer 2 Layer 3

Employee 
satisfaction (p2)

Effectiveness of 
planning  (p7)

ANFIS 7Motivation (c19)

.

.

.

ANFIS 3 Customer 
satisfaction (p3)

ANFIS 4 Competitiveness (p4)

Quality of work (p5)

ANFIS 6 Safety performance 
(p6)

ANFIS 5

Input competencies Output performance

 

Figure 6.2. GA-MANFIS model architecture for organizational competencies and performance 
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6.4.2 GA-MANFIS Model Input and Output Variables 

The 19 organizational competencies obtained by GA-based FS were used as input variables. As 

shown in Figure 6.2, organizational competencies were introduced as the input parameters into the 

GA-MANFIS model. Six performance metrics that include employee satisfaction (p2), customer 

satisfaction (p3), competitiveness (p4), quality of work (p5), safety performance (p6), and 

effectiveness of planning (p7) were identified as model outputs. A seventh model output, overall 

organizational performance (p1), was added by taking the average of the normalized values of the 

other 6 performance metrics to determine the overall organizational performance. Thus, the MIMO 

modal block of the MANFIS is designed by incorporating seven MISO ANFISs. 

6.4.3 GA-MANFIS Model Training and Optimization 

The 62 data instances obtained from the data preprocessing stage were used for training and testing 

the GA-MANFIS model. All data were shuffled in rows before selecting training and testing data 

to ensure the training and/or testing datasets were chosen randomly. Thus, 80% (50) of the dataset 

was used for training the GA-MANFIS, and the remaining 20% (12) were used for validating the 

model. An FCM-based Takagi-Sugeno FIS was used to develop each ANFIS modal block in the 

MANFIS MIMO block. The real-coded GA was used to train and optimize the premise and 

consequent parameters (i.e., MFs of the GA-MANFIS model). As discussed in the methodology 

section, the crossover and mutation probabilities were set as 0.8 and 0.1, respectively, and a 

roulette wheel selection method was used. The learning and parameter optimization process of the 

GA-MANFIS network terminated when the fitness error measure, RMSE, between two sequential 

iterations or the maximum 100 iterations reduced to a satisfied level, which was the set threshold 

of 10-5. 
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6.4.4 GA-MANFIS Model Results 

In this research, 48 GA-MANFIS models were implemented for different GA parameters, such as 

population size and number of generations (iterations). For population size, values of 25, 50, 60, 

and 100 were tested; the number of generations used to run the model were 25, 50, and 100. 

Similarly, different initial FIS with 3, 5, and 7 clusters for developing the model were tested. The 

best optimized model is defined as the one that predicts the results of the test data with highest 

accuracy (i.e., minimum RMSE). The GA-MANFIS with a population size of 50, 100 generations, 

and 3 clusters was found to be the optimal model. The results indicate that increasing the number 

of clusters while developing a model with limited data reduces the model performance. Figure 6.3 

shows the optimized MFs of interdisciplinary alignment for c =3 and c =7 obtained after the GA-

MANFIS training and optimization. Moreover, an investigation of the MFs obtained for models 

with c = 7 were very close to one another and could therefore be merged to obtain better model 

performance. Thus, models with fewer clusters provided the best result.  

 

a) MFs for c = 3                                               b) MFs for c = 7  

Figure 6.3. Optimized MFs for interdisciplinary alignment for (a) c = 3 and (b) c = 7 

Table 6.3 presents results of the most optimal GA-MANFIS model. The values in Table 6.3 

indicate that the optimal model can predict 4 of the 7 organizational performance metrics with high 



167 

 

accuracy. The highest prediction accuracy for the testing data with a minimum RMSE = 0.13784 

was obtained for overall organizational performance. In addition, the optimal GA-MANFIS 

model predicted customer satisfaction, employee satisfaction, and effectiveness of planning with a 

higher prediction accuracy. The prediction performance of the model for quality of work was low, 

with RMSE = 0.32253, compared to the other metrics. However, the predictions for 

competitiveness and safety performance showed better accuracy than quality of work, with RMSE 

values of 0.24507 and 0.27596, respectively. 

Table 6.3. Results of optimal GA-MANFIS model outputs. 

Organizational 
performance metrics 

Training data  Testing data 
RMSE Error mean Error st. d.  RMSE Error mean Error st. d. 

Overall organizational 
performance 

0.12413 3.22E-8 0.12539  0.13784 0.05751 0.13084 

Employee satisfaction 0.20037 3.52E-8 0.20240  0.18901 0.00251 0.19740 
Customer satisfaction  0.25376 0.09181 0.23896  0.18078 0.15063 0.10441 
Competitiveness  0.21282 3.00E-8 0.21498  0.24507 0.11347 0.22688 
Quality of work 0.41657 -0.27040 0.32010  0.32253 -0.12542 0.31037 
Safety performance 0.29406 0.19591 0.22151  0.27596 0.13158 0.25336 
Effectiveness of 
planning 

0.23141 2.75E-8 0.22376  0.19329 -0.06933 0.18845 

 

A comparison between the actual and predicted values of performance metrics by the best optimal 

GA-MANFIS model (i.e., model with population = 50 and generations = 100) are depicted in 

Figures 6.3 and 6.4. As noted in the methodology, each ANFIS modal block (Figure 6.2) 

corresponds to the prediction of a single output. For instance, Figure 6.4 depicts ANFIS 1 

prediction of overall organizational performance with RMSE = 0.26406, error mean = 0.057513, 

and standard deviation = 0.13084 for the training data. The prediction for testing data provided 

RMSE = 0.13784, error mean = 0.057513, and standard deviation = 0.13084. A closer look at 
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Figure 6.4 further indicates that the model output value for the overall performance follows the 

behavior of the target or actual values of the testing data.  

 

a) training                                                          b) testing  

Figure 6.4. Comparison of target, output, MSE, RMSE, mean error, and standard deviation (St. 

D.)  for overall organizational performance  

 

 

a) training                                                          b) testing  

Figure 6.5. Comparison of target, output, MSE, RMSE, mean error, and standard deviation (St. 

D.)  for employee satisfaction  
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Figure 6.5 presents the prediction of ANFIS 2 for employee satisfaction with RMSE = 0.18901, 

mean error = 0.0025, and error standard deviation = 0.1974 for the testing data. The plots of results 

showed a good fit both for the training and testing data. Prediction for the remaining performance 

metrics was implemented in the same manner where the results showed a good fit, that is, followed 

the pattern of the actual target values.  

In summary, the results of the GA-MANFIS shown in these figures follow the trends of the actual 

test data and provided a good fit for many of the organizational performance metrics. Furthermore, 

the GA-MANFIS showed good performance in predicting 4 of the 7 organizational performance 

metrics including overall organizational performance, employee satisfaction, competitiveness, and 

effectiveness of planning. The relatively poor fit for customer satisfaction, quality of work, and 

safety performance results from the lack of adequate variability in the data. Furthermore, the 

testing errors are higher than the training errors in some cases. The reason for this issue may be 

due to the limitation of data (i.e., lack of variability, quality, and quantity as well as discreteness 

of data) used for model development.  

6.5 GA-MANFIS Model Verification and Validation 

Model verification was conducted by checking model components such as MATLAB codes and 

mathematical equations to leave no doubt for any possible errors in the model. Furthermore, the 

model was run multiple times to check replicability of results using graphical plots. The 

performance of the proposed GA-MANFIS was found to be excellent compared with the target 

goal. The performance curves, or graphical plots, for training and testing (Figures 6.4 and 6.5) are 

almost identical, which indicates that the model output shows a best fit that follows the patterns of 

the target results (actual values).  



170 

 

Conceptual validity and data validity were performed for the GA-MANFIS model as described in 

the methodology section. In addition, the performance of the GA-MANFIS model was evaluated 

by comparing the model outputs (predicted results) against the testing dataset using the fitness 

function (RMSE) given by Equation (5.2) (see Table 6.3). Sensitivity analysis was also conducted 

to identify the main parameters of the GA-MANFIS model that affect the model outputs 

significantly. The main parameters for the GA-MANFIS are the population size and number of 

generations (or iterations). Furthermore, the purpose of sensitivity analysis is to determine whether 

the model behaves realistically by changing the main model parameters (population size, number 

of generations). The results of the sensitivity analysis showed that the effect of number of 

generations on model output was insignificant. However, changes in the population size of the GA 

optimization showed a significant effect on model outputs. Table 6.4 presents the sensitivity 

analysis of the optimal model with respect to changes in population size of the GA optimization. 

The values in Table 6.4 reveal that the model’s prediction accuracy decreases as the population 

increases. Limited data used for model development coupled with a large search space for large 

population size results in reduced prediction accuracy. As the size of population increases, the 

search space for GA to find an optimal solution becomes large, which makes the optimization 

processes too complicated and much too time consuming. The model prediction patterns follow a 

similar trend to that of the optimal model, although with reduced prediction accuracy. Thus, 

population size is an important factor that needs to be chosen carefully in lieu of the data 

availability for model development. 
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Table 6.4. Sensitivity analysis and comparison of best performing models. 

Organizational performance 
metrics 

RMSE 
Population = 50  Population = 60  Population = 80  Population = 100 

Training Testing   Training Testing   Training Testing   Training Testing  
Overall organizational 
performance 

0.12413 0.13784  0.13035 0.11251  0.12925 0.09793  0.12947 0.09934 

Employee satisfaction 0.20037 0.18901  0.19356 0.23850  0.18572 0.23174  0.19707 0.21448 
Customer satisfaction  0.25376 0.18078  0.23836 0.25465  0.25457 0.25400  0.26481 0.16726 
Competitiveness  0.21282 0.24507  0.22140 0.16173  0.22610 0.16677  0.20713 0.23690 
Quality of work 0.41657 0.32253  0.40764 0.46990  0.37794 0.44287  0.39198 0.39410 
Safety performance 0.29406 0.27596  0.27086 0.31270  0.31124 0.25224  0.31774 0.30462 
Effectiveness of planning 0.23141 0.19329  0.23868 0.37885  0.27113 0.28610  0.27108 0.20100 
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For further validation, the results of the GA-MANFIS model were compared with a GA-ANFIS. 

For this comparison, 7 independent MISO ANFIS models were developed for each organizational 

performance metric and overall organizational performance. As shown in Table 6.5, the GA-

MANFIS performs better than the GA-ANFIS model in predicting 5 of the 7 organizational 

performance metrics. For instance, GA-MANFIS showed a significant 27.62% improvement in 

prediction accuracy for effectiveness of planning and 22.38% improvement for overall 

organizational performance. GA-MANFIS obtained a better performance with 7.25%, 5.16%, and 

5.06% improvement of prediction accuracy for safety performance, quality of work, and employee 

satisfaction, respectively. However, GA-ANFIS showed a better performance for competitiveness 

with 16.07% improvement of prediction accuracy, and 4.04% improvement for customer 

satisfaction.  

Table 6.5. Comparison of GA-ANFIS and GA-MANFIS model performance. 

Organizational performance 
metrics 

RMSE for testing data  Prediction improvement (%) 
GA-ANFIS GA-MANFIS  GA-ANFIS GA-MANFIS 

Overall organizational 
performance 

0.16855 0.13784  - 22.28 

Employee satisfaction 0.19885 0.18901  - 5.06 
Customer satisfaction  0.17348 0.18078  4.04 - 
Competitiveness  0.20569 0.24507  16.07 - 
Quality of work 0.33917 0.32253  - 5.16 
Safety performance 0.29598 0.27596  - 7.25 
Effectiveness of planning 0.24667 0.19329  - 27.62 

 

Overall, the GA-MANFIS model showed a better prediction performance than the corresponding 

GA-ANFIS model. The higher prediction accuracy obtained from GA-MANFIS in predicting 

multiple organizational performance metrics allows construction industry organizations to 
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determine realistic organizational performance by analyzing their competencies. Furthermore, the 

multiple inputs and outputs can be narrowed down based on the context of the company for 

practical application. In addition, the capability of the GA-MANFIS to analyze multiple inputs, 

relate them to organizational performance metrics, and predict organizational performance using 

organizational competencies enhances construction practitioners’ ability to identify potential 

competencies for performance improvement. Moreover, the GA-MANFIS model provides 

organizations and construction practitioners with insight into targeted areas for future investment 

and expansion strategies for improving organizational performance, which further helps them to 

make the best decisions. Thus, the proposed GA-MANFIS model has a great advantage over GA-

ANFIS in that it can predict multiple organizational performance metrics simultaneously rather 

than developing an independent model for each output. 

6.6 Chapter Summary 

In this chapter, a hybrid GA-MANFIS model is developed to analyze organizational competencies 

and predict multiple performance metrics. The input-output data is cleaned and normalized for 

model development. GA-based FS is implemented to reduce the dimensionality of the original data 

to identify representative model input features i.e., organizational competencies. Furthermore, the 

FS helps to reduce model complexity and improve prediction performance of the model to obtain 

good results with high accuracy. The GA-MANFIS model was developed using 19 organizational 

competencies obtained from the GA-FS and the 7 organizational performance metrics. The 

proposed model was validated based on data collected from a construction company active in 

various industrial projects. The proposed GA-MANFIS model is able to simultaneously predict 

multiple organizational performance metrics with high accuracy. The results showed that the 

optimal model for predicting organizational performance metrics with minimum RMSE is the GA-
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MANFIS model with 3 clusters, a population size of 50, and number of generations of 100. The 

proposed model showed a good performance with the highest accuracy in predicting multiple 

organizational performance metrics simultaneously. Sensitivity analysis was performed to identify 

the main parameters that affect model outputs. Accordingly, the size of population was found to 

have a significant impact on model outputs, especially when the model is developed and trained 

using limited data. Furthermore, results between GA-MANFIS and GA-ANFIS model outputs were 

compared, and the GA-MANFIS model performed better in predicting multiple organizational 

performance metrics simultaneously (Table 6.5) compared with individual, independent GA-

ANFIS models for each performance metric. 

This chapter makes three main contributions. First, it provides a novel methodology for developing 

GA-MANFIS models, which can model MIMO systems inherent in construction processes and 

practices. In addition, past studies focused mainly on MISO systems rather than modeling 

approaches that can handle multiple outputs. This chapter addresses the issue of handling multiple 

outputs common in real-world construction problems. Second, this chapter develops a hybrid GA-

MANFIS for construction organizational competencies and performance that predicts multiple 

organizational performance metrics using organizational competencies, unlike the conceptual and 

regression models of previous construction research. Moreover, the GA-MANFIS model captures 

the overall aspects of multiple organizational competencies and establishes their complex and non-

linear relationship to organizational performance. Third, this paper provides a GA-based FS 

approach that is not only vital for dimensionality reduction, but also for identifying organizational 

competencies influencing performance. Furthermore, the FS helps to reduce model complexity 

and improve model prediction performance to obtain good results with high accuracy. The 

proposed GA-MANFIS model enables construction organizations to identify and evaluate 
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competencies that have significant impact on performance as well as predict multiple 

organizational performance metrics simultaneously. Moreover, the GA-MANFIS modeling 

approach does not require manual configuration; hence, it can serve as a reference for construction 

researchers for developing concise and accurate models that can predict multiple outputs for other 

CEM disciplines, such as risk, cost, and schedule management. Additionally, the proposed GA-

MANFIS modeling methodology in this research is generalizable and can be adapted to different 

construction contexts and practical applications for different industry groups such as owners, 

consultants, and contractors. The next chapter presents summary of the work conducted in this 

research, research contributions, research limitations and recommendations for future research. 
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Chapter 7 Conclusions and Recommendations6   

 

7.1 Introduction 

This chapter presents summary of the work conducted in this research and outlines the academic 

and industrial contributions. Moreover, limitations of this research and recommendations for future 

research are presented.  

7.2 Research Summary 

The construction industry is dynamic and complex that demands continuous quality, productivity, 

and performance improvement; making it challenging to achieve organizational success and 

superior performance. Organizational competencies have a significant influence on performance; 

hence, it is vital that construction organizations (e.g., owners, consultants, contractors, specialty 

or subcontractors) assess and enhance their competencies in order to improve performance. 

Despite availability of wide array of robust modeling techniques, most of competency and 

performance models are statistical and regression models that cannot capture subjective 

uncertainty, complex and nonlinear relationships inherent in construction. To address these 

limitations, fuzzy systems (fuzzy logic) and ANN have been integrated; hence, NFS which is a 

 
6 Parts of this chapter has been published in Automation in Construction: Tiruneh, G. G., A. R. Fayek, and 

S. Vuppuluri. 2020. “Neuro-fuzzy systems in construction engineering and management research.” Autom. 

Constr., 119: 103348; accepted for publication on May 26, 2020 and published on the web on May 29, 

2020 in the Canadian Journal of Civil Engineering: Tiruneh, G. G. and A. R. Fayek. 2020. “Competency 

and performance measures for organizations in the construction industry.” Can. J. Civ. Eng., 50 manuscript 

pages; and have been submitted for publication in the Journal of Computing in Civil Engineering: Tiruneh, 

G. G., and A. R. Fayek. 2021. “Hybrid GA-MANFIS model for organizational competencies and 

performance in construction.” J. Comput. Civ. Eng., 43 manuscript pages, submitted Jan. 15, 2021. 
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viable option to capture dynamic and complex nature of construction. Conventional NFS have 

limitations related to slow computational convergence and potential of being trapped in local 

minima that may lead to provide less accurate results and inadequate explanations for problems. 

Thus, efforts have been made to integrate NFS and evolutionary optimization techniques in 

construction to improve accuracy and generalization capability. However, most of conventional 

and hybrid NFS such as ANFIS fails to directly deal with MIMO systems due to their MISO 

structure. The main objective of this research is thus to develop a hybrid neuro-fuzzy system model 

(NFS) i.e., GA-MANFIS to analyze multiple organizational competencies, relate them to 

performance, and predict multiple organizational performance metrics simultaneously. The stages 

followed to achieve the objectives of this research are discussed in the following subsections. 

7.2.1 The First Stage 

In the first stage of this research, a systematic review and detailed content analysis was conducted 

to identify and categorize organizational competencies and performance metrics commonly used 

in the construction domain. Common organizational competencies and performance metrics in 

construction and their classification methods were examined as well as potential organizational 

competencies affecting organizational performance were identified, systematically categorized, 

and ranked. In order to achieve these objectives, a systematic review and detailed content analysis 

was conducted. A detailed list of organizational competencies and performance metrics were 

identified. A comprehensive and structured categorization method was established for 

organizational competencies and performance metrics based on the existing category names in the 

selected articles. Organizational competencies are grouped into two as functional competencies 

(how the organization operates and functions) and behavioral competencies 
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(individual/organizational attributes). Furthermore, organizational performance metrics are 

organized into three categories as KPIs, KPOs, and PerMs. The comprehensive list and 

categorization of organizational competencies and performance metrics are verified and validated 

through a focus group. 

A systematic review and detailed content analysis was conducted to investigate common NFS 

modeling methods used in the construction domain. Although efforts have been made to integrate 

NFS and evolutionary optimization techniques in construction to improve accuracy and 

generalization capability; the results of literature review also identified limitations of hybrid NFS 

in handling multiple outputs. For instance, most of conventional and hybrid NFS such as ANFIS 

fails to directly deal with MIMO systems due to their MISO structure.  Furthermore, the results 

indicate a lack of effective method for modeling MIMO problems inherent in construction 

processes and practices. 

7.2.2 The Second Stage 

In the second stage of the research, a focus group was conducted to verify and validate 

organizational competencies and performance metrics identified and categorized in the first stage. 

The experts participated in the focus group reviewed the list and proposed additional competency 

and performance metrics they thought important at an organization level. The focus group allowed 

for the development of a comprehensive list of organizational competencies and performance 

metrics that not only considers the literature in construction and non-construction domains but also 

captures the opinions of construction experts practicing in the construction industry. The 

comprehensive list and categorization of organizational competencies and performance metrics 

validated through the focus group were used to design data collection survey forms. 
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7.2.3 The Third Stage 

In the third stage of this research, a data collection protocol was prepared to describe the 

methodology and data collection process for developing the hybrid NFS model. First, data 

collection forms were developed based on the finalized list of organizational competencies and 

performance metrics based on the focus group results. Second, the data collection forms were pilot 

tested with a construction company prior to the data collection to ensure respondents understood 

the data collection forms as well as to check applicability of the evaluation, assessment, and 

measurement scales and techniques of the data collection forms. Third, data collection forms were 

then finalized incorporating the feedbacks from the pilot survey. As a result, two surveys – the 

senior management survey and the staff survey – were developed in order to collect organizational 

competencies influencing organizational performance. Finally, data collection was performed in a 

construction company actively involved in industrial construction projects. The surveys were 

administered online through Survey Monkey with the company’s office and project personnel, 

including senior management, project managers, field supervisors, and foremen. Actual company 

performance metrics data were extracted and collected from relevant actual organizational/project 

documents at the organizational level (operational) and project level. 

7.2.4 The Fourth Stage 

In the fourth stage of this research, a hybrid NFS modeling methodology was developed to analyze 

organizational competencies, relate them to performance, and predict multiple organizational 

performance metrics. The proposed modeling methodology was applied to develop a hybrid GA-

MANFIS model for organizational competencies and performance. The hybrid NFS model was 

developed in four phases: (i) data pre-processing encompassing data cleaning and normalization 
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to resolve issues in the raw data such as outliers and missing values; (ii) performing GA-FS to 

reduce the dimensionality of data; (iii) development of the hybrid GA-MANFIS model to handle 

MIMO problems to predict multiple organizational performance metrics; and and GA-MANFIS 

model verification and validation.  

Data preprocessing techniques such as data cleaning and normalization are implemented in order 

to eliminate outliers, missing values and noisy or bad data in order to facilitate modeling. Then, 

the original cleaned data which is normalized is then used to implement the GA-based FS to reduce 

the dimensionality of the data. Performing the GA-based FS encompasses FCM parameter 

optimization and GA-FS to reduce the dimensionality of original cleaned data to build a concise 

and efficient predictive model (i.e., help reduce computational time and improve model accuracy).  

In developing the hybrid GA-MANFS model, 19 organizational competencies obtained from the 

GA-FS and the seven organizational performance metrics identified for modeling purpose are 

used. To verify the GA-MANFIS model all mathematical equations and components of the model, 

such as MATLAB codes are checked for their correctness. Besides, running the model multiple 

times to check for the replicability of its results as well as use of tracing and plot graphs is 

conducted to track changes in the variables of the model. In addition, the hybrid GA-MANFIS 

models were validated by evaluating the performance of the GA-MANFIS model by comparing 

model outputs (i.e., predicted results) against the testing dataset using the fitness function (i.e., 

RMSE). Sensitivity analysis is also conducted to identify the main parameters of the GA-MANFIS 

model that affect the model outputs significantly. Finally, the results of the GA-MANFIS model 

is compared with a GA-ANFIS model outputs. The result revealed that the GA-MANFIS model 

showed a better prediction performance than the corresponding GA-ANFIS model.  
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7.3 Research Contributions  

The academic and industrial contributions of this research relevant to academic researchers and 

construction industry practitioners, respectively are presented in the following subsections.   

7.3.1 Academic Contributions 

The main academic contributions of this research are summarised as follows: 

1. Providing a systematic and in-depth content analysis of published articles related to 

organizational competencies and performance metrics in construction, and a useful 

reference on a comprehensive hierarchical list of competencies and performance metrics 

for future analysis and modeling purposes. This research addresses the lack of systematic 

review and content analysis of published articles related to organizational competencies 

and performance metrics in construction and established research areas in need of further 

examination. Common competency and performance identification and classification 

methods used in construction were identified. Also, potential competencies affecting 

organizational performance were identified, systematically categorized, and ranked. 

Moreover, a comprehensive competency and performance classification method applicable 

to different types of organizations in the construction industry has also been proposed. The 

proposed classification method of organizational competencies and performance metrics, 

which is verified through a focus group of construction experts, helps to avoid redundancy 

and ambiguity and contributes to the effectiveness of competency and performance 

identification process because the categories are detailed and comprehensive. 

2. Providing a systematic literature review and content analysis of NFS techniques in different 

construction applications and recommendations to researchers regarding suitable subsets 
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of NFS techniques for solving different types of CEM problems. This research addresses the 

lack of systematic review and content analysis of published articles related to NFS 

modeling techniques in construction and established research areas in need of further 

examination. The most common NFS modeling techniques in construction in general and 

specifically for modeling construction organizational competencies and performance were 

identified. Also, commonly used NFS modeling approaches in construction were identified 

from the selected articles; categorized based on the nature of the NFs model learning 

algorithm; and provide recommendations to researchers regarding the suitability of NFS 

techniques in different CEM application categories.  

3. Providing an approach, using hybrid NFS modeling, that can handle multiple outputs in 

analyzing multiple organizational competencies as model inputs and predicting multiple 

organizational performance metrics with a good accuracy simultaneously. This research 

addresses the lack of NFS modeling techniques that can handle MIMO systems inherent in 

construction. NFS modeling techniques commonly used in construction applications are 

identified and their suitability for modeling real-world construction problems was assessed. 

Despite its broad applicability to several fields of engineering, conventional NFS fails to 

directly deal with MIMO systems inherent in construction due to their MISO structure such 

as ANFIS. To address the lack of NFS that handle MIMO systems, a multi-output adaptive 

neuro-fuzzy inference system (MANFIS) is proposed.  The core of the proposed MANFIS 

framework is a processing layer that contains a number of ANFIS modal blocks, which 

each corresponds to a single output. Thus, for K outputs, then there will be K numbers of 

ANFIS modal blocks in the MANFIS model. The proposed MANFIS model is trained 

using GA optimization to improve the performance of prediction accuracy.  The resulting 
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hybrid GA-MANFIS model showed a good accuracy and better performance compared to 

a GA-ANFIS model. 

4. Contributing to the advancement of the state of the art in NFS modeling for organizational 

competencies and performance in construction by (a) providing a method for handling 

MIMO problems; (b) providing a structured and systematic GA-FS approach to reduce the 

dimensionality of data to develop a concise model with a better accuracy; and (c) 

implementing MF/parameter and model optimization to improve model performance. The 

existing NFS modeling techniques in construction applications and specifically for 

organizational competency and performance modeling have limitations to handle multiple 

outputs due to their MISO configuration. This research addresses the lack of handling 

multiple outputs by developing a hybrid NFS modeling methodology that can analyze 

multiple-inputs and predict multiple-outputs. The proposed modeling methodology 

showed a good performance in predicting multiple organizational performance metrics 

simultaneously. The GA-FS methodology proposed in this research enables to represent 

large number of variables with high-dimensional data in the hybrid NFS model by selecting 

a representative feature subset of the original data and help reduce computational time and 

improve model accuracy. Moreover, this research addresses the lack of research on 

MF/parameter and model optimization by integrating NFS with evolutionary optimization 

techniques such as GA since they perform better in global search spaces to determine 

optimal solution.  

7.3.2 Industrial Contribution 

The main industrial contributions of this research are summarised as follows: 
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1. Providing a useful reference of a comprehensive hierarchical competency and performance 

metrics for organizations in construction for future competency and performance 

identification, analysis, and modeling purposes. This research provides industry 

practitioners with a detailed hierarchical list and classification of organizational 

competencies and performance metrics common in construction applicable to different 

types of organization in the construction industry such as owners, consultants, and 

contractors. The detailed list and categorization of organizational competencies are verified 

and validated through a focus group of construction practitioners. Thus, the detailed and 

comprehensive list of identified organizational competencies and performance metrics and 

the proposed classification method contributes to the effectiveness organizations in the 

construction industry in identifying and analyzing their competencies to improve their 

performance.  

2. Provide an approach to identify organizational competencies that have a significant impact 

on organizational performance and determine competencies that need improvement that 

help to increase performance. This research provides a data analysis methodology to 

identify critical competencies influencing organizational performance as well as 

competencies with a high potential for organizational performance improvement. 

Moreover, a comparative analysis of perceptions of different survey respondent groups on 

critical competencies influencing performance was done. Competencies that showed 

statistically significant differences of perception among survey respondent groups 

regarding the impact or influence of competencies on performance were identified. Thus, 

incorporating construction practitioners’ opinions through surveys ensures that critical 

competencies influencing performance are identified for further analysis and modeling.  
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3. Providing a modeling and analysis approach that allows construction industry 

practitioners to assess organizational competencies and predict organizational 

performance. This research provides an analysis approach to determine relationship 

between organizational competencies and organizational performance using correlation 

analysis. The findings indicate that, an increase in organizational competencies (functional 

and behavioral competencies) enable improvement of organizational performance. Thus, it 

is important that company policies be directed to place a greater focus on enhancing 

competencies for which the weakest relationship was observed in order to further improve 

overall organizational performance. 

4. Providing a hybrid NFS modeling approach to understand the impact of organizational 

competencies on performance and predict multiple organizational performance metrics. 

Unlike the conventional NFS methods, the proposed hybrid NFS modeling approach i.e., 

GA-MANFIS allows industry practitioners to predict multiple organizational performance 

metrics simultaneously with good accuracy. In addition, the capability of the proposed 

modeling methodology to analyze multiple inputs, relate them to organizational 

performance metrics, and predicting organizational performance using organizational 

competencies provides construction practitioners with the ability to identify potential 

competencies for performance improvement. Moreover, the proposed model provides 

organizations as well as construction practitioners with insight into targeted areas for future 

investment and improvement strategies to increase organizational performance. 
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7.4 Research Limitations and Recommendations for Future Research 

The limitations of this research and recommendations for future research are discussed in the 

following subsections. 

7.4.1 Content Analysis on Identification and Categorization of Organizational 

Competencies and Performance Metrics in Construction 

The systematic review and content analysis carried out to identify and categorize organizational 

competencies and performance metrics in construction is more general and not context specific. 

Using the research methodology adopted for the content analysis, future research should focus on 

the identification of common organizational competencies and performance metrics and their 

respective categorization methods for different contexts based on type of organization (e.g., owner, 

consultant, construction management, general contractor, specialty/subcontractor); size of 

firm/organization (e.g., small, medium, large); ownership type of organization (e.g., 

public/government owned, privately owned, employee owned, publicly traded); construction 

industry subsector type (e.g., building, commercial, industrial); and contracting strategies or 

delivery methods of projects the organization is involved in (e.g., design, design build, 

construction EPC (engineering, procurement, and construction), EPCM (engineering, 

procurement, and construction management), PPP (public-private partnership)). 

7.4.2 Focus Group Verification and Validation of Organizational Competencies and 

Performance Metrics 

Focus groups usually consist of six to eight preselected participants who have similar backgrounds 

or shared experiences related to the research topic being studied (Hennink 2014; Liamputtong 

2011). The relatively small number of participants in a focus group may affect the 



188 

 

representativeness of the study results. However, a large sample size for a focus group is not 

necessarily beneficial, as it does not facilitate sharing deep and intimate experiences and insights 

among participants (Millward 2006). For this research, only a single focus group with 13 

participants was conducted due to challenges of assembling highly experienced experts (e.g., 

continued commitment to participate in multiple focus groups). The number of focus group 

participants (i.e., n = 13) was sufficient for the focus group discussion; however, this number of 

participants may have been a limitation when calculating the RII and -ranking competency and 

performance metrics. Established credible data collection and analysis procedures were followed 

to ensure the validity and reliability of the results: (1) purposive sampling was adopted to ensure 

participants were qualified and had the required experience; (2) multiple sources of evidence, such 

as participants’ written suggestions in the focus group survey and notes taken during the focus 

group discussion, were collected to ensure data reliability; and (3) the focus group discussion was 

summarized and reproduced in the results section of chapter 3 to enhance the reliability of the 

results. The extensive and detailed content analysis conducted prior to the focus group as well as 

the participants’ expertise in evaluating and verifying the list of organizational competency and 

performance measures was helpful for generalizing the results.  

The ranking order of competency categories using the mean RII may have been impacted by the 

number of competencies in each category and the focus group size. Furthermore, the importance 

of each competency and/or performance measure may be dependent on the organizational and 

operational context of the company. Therefore, considering the broad nature of the construction 

industry, the ranking of competency and/or performance measures was done based on the context 

of the companies represented in the focus group. Therefore, future research can consider multiple 
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focus groups and alternative methods, such as the Delphi method, to obtain a more generalizable 

results.  

7.4.3 Comparative Analysis of Organizational Competencies Influencing Organizational 

Performance 

The data used for the analysis is collected from a single construction company; hence, the result 

cannot be generalized to the wider construction industry. Furthermore, the comparative analysis 

conducted on the three survey respondent groups (i.e., senior management, middle and lower 

management, office and project site staff) has limitations due to lack of adequate data. Although 

senior management in organizations are few, the relatively small number of SM survey 

respondents is a limitation that may affect the result. In order to generalize the results, additional 

data should be collected to capture the perspectives of SM as well as MLM and OPS from multiple 

organizations and further analysis needs to be performed. Thus, future research should focus in 

collecting data from multiple organizations from various construction industry subsectors for 

different contexts described in section 7.4.1. 

7.4.4 Improvement of the GA-FS Method 

In this research, a GA-FS method was employed to reduce dimensionality of input data attributes 

and help reduce computational time and improve model accuracy. It is important to investigate FS 

and instance selection (IS), as well as dimensionality reduction techniques such as principal 

component analysis (PCA), to improve the accuracy and generalization capability of the NFS 

model for construction application. For example, Ahmad and Pedrycz (2012) integrated FS and IS 

in the construction of fuzzy models and applying it simultaneously to the initial dataset, in order 

to obtain a suitable subset of feature and data to construct the parameters for the fuzzy model. 
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However, research in the area of construction engineering and management is characterized by 

high dimensionality of features (parameters or variables) compared to their associated data 

instances (Saitta et al. 2010). Due to limitation of the data instance (i.e., 62) only FS is performed 

in this research. Thus, future research should focus on to explore and develop an approach to 

integrate feature selection and data instance selection for more accurate and interpretable NFS for 

future modeling efforts. Additionally, dimensionality reduction techniques such as feature 

selection, feature extraction, principal component analysis, factor analysis, and/or subjective 

judgement should be explored to obtain fewer critical input (competencies)-output (performance 

metrics) for practical applications by different industry stakeholders, such as owners, consultants, 

and contractors based on the context of the company for which the model is developed. 

7.4.5 Further Improvement of Hybrid NFS Model  

The major challenge of construction engineering and management research is the presence of 

constraints on getting adequate data (Saitta et al. 2010). The hybrid NFS model developed in this 

research is only capable of predicting multiple organizational performance metrics based on the 

limited data obtained from a single context. Future research should strive to collect data from 

multiple organizations for varying contexts. Incorporating different contexts in the proposed 

hybrid NFS model helps the model to be flexible for varying contexts. Thus, future research should 

focus on to incorporate different contexts to expand the hybrid NFS model. Furthermore, future 

research should also explore the integration of evolutionary optimization algorithms and deep 

learning techniques, such as extreme learning machine, in order to enhance and speed up the model 

training and optimization process. Due to the limited amount of data available for modeling, a ratio 

of 80/20 of testing to training data was used for validation. Thus, future research should consider 
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k-fold cross-validation to compare the prediction performance of different models, particularly 

those developed using small data sets. 

Organizational competencies and performance metrics used for developing the hybrid NFS are 

considered to be independent without any interaction. Given the multi-level nature of 

organizational competencies, competencies in different levels (e.g., project vs organization-level 

for functional competencies, individual vs management for behavioral competencies) may have 

an impact on two or more performance metrics at the same time (i.e., concurrent impact). 

Moreover, the cumulative impact of interrelated and interacting competencies on two or more 

organizational performance metrics is different than the sum of the individual impacts of 

independent competencies on a specific organizational performance metric. Thus, this research 

should be extended in the future to develop a hybrid NFS model to determine the concurrent and 

cumulative impact of competencies on two or more organizational performance metrics. 

Furthermore, future research can explore different modeling approaches to integrate models at 

different levels (e.g., project team/crew, project, and organizational levels), such as fuzzy system 

dynamics (FSD) and fuzzy agent-based modeling (FABM), to effectively model concurrent and 

cumulative effects of competencies on two or more organizational performance metrics and on 

overall organizational performance. Additionally, future research can explore the integration of 

competency-performance models at different levels (e.g., project team/crew, project, and 

organizational). 
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Appendix B. RII and Ranking of Organizational Competencies and Performance based on Focus 

Group Survey Analysis 

Appendix B.1. RII and Ranking of Functional Competencies 

No. Competency category and 
competencies 

RII Rank in 
category 

Overall 
rank 

No. Competency category and 
competencies 

RII Rank in 
category 

Overall 
rank 

 General Administration Competencies 28 Management information 
systems/technology 

0.850 3 29 

1 Staff development/training 0.831 1 35 29 New technology/product 
development 

0.785 4 48 

2 Results orientation 0.831 1 35  Project Management Competencies 
3 Goal orientation 0.800 3 46 30 Safety, health, security, and 

environment 
0.954 1 2 

4 Human resources/personnel 0.738 4 53 31 Quality management 0.923 2 6 
5 Managing and support of 

diversity 
0.723 5 55 32 Schedule (time) 

management 
0.923 2 6 

 Technical Competencies    33 Scope management 0.923 2 6 
6 Quality of work 0.969 1 1 34 Change management 0.908 5 10 
7 Technical/job knowledge 0.954 2 2 35 Managing performance 0.908 5 10 
8 Commitment to safety 0.938 3 4 36 Cost management 0.892 7 15 
9 Planning and organizing  

(tasks/activities) 
0.908 4 10 37 Commissioning and start-up 0.892 7 15 

10 Strategic planning and 
management 

0.818 5 43 38 Project monitoring & 
controlling  

0.892 7 15 

11 Attention to detail (work 
processes and procedures) 

0.800 6 46 39 Project resource 
management 

0.877 10 19 

12 Business acumen/  
business management skills 

0.785 7 48 40 Risk management 0.862 11 25 

13 Market management   0.700 8 57 41 Design development 0.862 11 25 
14 Finance management 0.650 9 58 42 Integration management 0.862 11 25 

 Cross-Functional Competencies 43 Project materials 
management 

0.846 14 31 

15 Cooperation and coordination 0.933 1 5 44 Stakeholder management 0.831 15 35 
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No. Competency category and 
competencies 

RII Rank in 
category 

Overall 
rank 

No. Competency category and 
competencies 

RII Rank in 
category 

Overall 
rank 

16 Stakeholder focus  0.877 2 19 45 Contract administration 0.831 15 35 
17 Communication management 0.867 3 24 46 Project communications 

management 
0.831 15 35 

18 Delegation 0.831 4 35 47 Environmental management 0.831 15 35 
19 Public and government 

relations   
0.754 5 51 48 Team building 0.815 19 44 

 Production/Operations Competencies   49 Procurement management 0.815 19 44 
20 Construction technology/ 

integration management 
0.908 1 10 50 Project human resource 

management 
0.769 21 50 

21 Operations and maintenance 0.908 1 10 51 Program management 0.754 22 51 
22 Process engineering 

management 
0.862 3 25 52 Conflict management 0.738 23 53 

23 Construction, production, and 
manufacturing 

0.850 4 29 53 Commitment to 
sustainability  

0.723 24 55 

24 Materials management 0.846 5 31  Supervisory/Managerial competencies 
25 Product engineering 0.831 6 35 54 Values and ethics  0.923 1 6 

 Construction and Engineering Research and Development 
Competencies 

55 Engagement  0.877 2 19 

26 Business, legal, and public 
policy 

0.883 1 18 56 Management 
effectiveness/excellence  

0.877 2 19 

27 Construction law and regulation 0.877 2 19 57 Resource management 0.846 4 31 
     58 Strategic thinking  0.846 4 31 
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Appendix B.2. RII and Ranking of Behavioral Competencies 

No. Competency category and 
competencies 

RII Rank in 
category 

Overall 
rank 

No. Competency category and 
competencies 

RII Rank in 
category 

Overall 
rank 

 Organizational Attributes    20 Planning and organizing 0.892 3 14 

1 Ability to build trust 0.933 1 5 21 Results orientation 0.877 4 15 
2 Competitiveness 0.917 2 8 22 Responsiveness 0.877 4 15 
3 Adaptability/flexibility 0.908 3 9 23 Influence 0.846 6 24 
4 Achievement drive 0.908 3 9 24 Communication 0.846 6 24 
5 Innovation 0.862 5 20 25 Incisiveness 0.831 8 32 
6 Organizational awareness, 

culture, and values 
0.862 5 20  Individual/Personal Competencies 

7 Risk-taking 0.785 7 38 27 Reliability/dependability 0.938 1 3 
 Top Management Competencies  Teamwork 0.908 2 9 

8 Leadership 0.969 1 1 29 Ethics 0.908 2 9 
9 Strategic thinking 0.954 2 2 30 Initiative 0.877 4 15 

10 Judgement 0.846 3 24 31 Commitment 0.877 4 15 
11 Analytical ability 0.831 4 32 32 Effectiveness 0.877 4 15 

 Middle Management Competencies  Self-regulation/control 0.862 7 20 
12 Interpersonal skills 0.923 1 6 34 Motivation 0.862 7 20 
13 Decision-making 0.923 1 6 35 Resourcefulness 0.846 9 24 
14 Consultation 0.846 3 24 36 Perseverance 0.840 10 31 
15 Negotiation 0.846 3 24 37 Attention to detail 0.831 11 32 
16 Reasoning 0.846 3 24 38 Professionalism 0.831 11 32 
17 Conflict and crisis 

resolution/issue management 
0.831 6 32 39 Cognitive skills 0.815 13 37 

18 Assertiveness 0.767 7 40 40 Self-confidence 0.769 14 39 
 First-line Management Competencies  Creativity 0.754 41 41 

19 Problem-solving 0.938 1 3 42 Sales mindset/selling skills 0.708 16 42 
20 Integrity/high standards 0.908 2 9 43 Enthusiasm 0.692 17 43 
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Appendix B.3. RII and Ranking of Organizational Performance Metrics 

No. Performance measure 
category and metrics 

RII Rank in 
category 

Overall 
rank 

No. Performance measure category 
and metrics 

RII Rank in 
category 

Overall 
rank 

 KPIs     Growth    
 Cash flow    23 Revenue growth 0.862 1 17 

1 Cash flow 0.933 1 6 24 Sales growth 0.785 2 29 
 Quality of work    25 Volume of works growth 0.723 3 38 

2 Rework factor, 0.892 1 13  Business efficiency    
3 Prevention, appraisal, and 

failure (PAF) model 
0.846 2 21 26 Net profit margin 0.846 1 21 

 Market Share    27 Efficiency ratio 0.767 2 34 
4 Market share 0.800 1 28  Effectiveness of planning    
5 Market returns 0.708 2 40 28 Cost predictability 0.933 1 6 
 Safety     29 Time predictability 0.900 2 12 

6 Incident rate 0.938 1 2 30 Change cost factor 0.867 3 15 
7 Time lost 0.938 1 2 31 Cost growth/increase 0.867 3 15 
8 Safety performance 0.917 3 9 32 Time growth/increase 0.833 5 25 
9 Accident frequency rate 0.862 4 17  PerMs    

10 Accident cost 0.817 5 27  Internal customer satisfaction 
 Financial stability    33 Employee satisfaction 0.908 1 10 

11 Debt ratio 0.769 1 31 34 Employee turnover rate 0.846 2 21 
12 Liquidity 0.754 2 35 35 Average remuneration per 

employee 
0.769 3 31 

 KPOs    36 Profit per employee 0.738 4 37 
 Profitability    37 Turnover/revenue per employee 0.723 5 38 

13 Profitability 0.967 1 1  External customer satisfaction 
14 Return on assets  0.938 2 2 38 Customer satisfaction 0.877 1 14 
15 Return on investment 0.923 3 8 39 Customer retention/loyalty 0.846 2 21 
16 Net income 0.908 4 10 40 Percentage of repeat customers 0.785 3 29 
17 Return on capital 0.862 5 17 41 Number of complaints 0.769 4 31 
18 Return on equity 0.862 5 17  Competitiveness    
19 Economic value added 0.831 7 26 42 Company image/reputation 0.938 1 2 
20 Return on sales 0.750 8 36 43 Competitive advantage 0.908 2 10 
21 Financial autonomy 0.700 9 41 44 Market advantage 0.877 3 14 
22 Hanging invoice 0.677 10 42      
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Appendix C. List and Definitions of Organizational Competency and Performance Metrics Used 

for Data Collection 

Appendix C.1. List and Definitions of Organizational Functional Competencies 

No. Functional competency Competency definition 
1 General administration 

competencies 
The planning, acquisition, and management of personnel and the use of management objectives and 
participative decision-making to ensure due diligence in proper management practices. 

1.1 Staff development/training  Address knowledge gaps by providing training, continuous learning, and career and professional 
development 

1.2 Goal orientation  Set short-term and long-term goals and strive to achieve them through effective resources and utilization 
1.3 Human resource (personnel) 

management  
Recruitment, retention, reward, motivation, welfare, health, and safety to retain employees 

1.4 Management and support of 
diversity  

Manage diverse and multicultural workforce, treat all people with respect and provide supportive work 
environment 

1.5 Interdisciplinary alignment  Integrate interdisciplinary teams’ cooperation to facilitate work processes in a timely manner 
2 Technical competencies The technical/functional knowledge, skills, and experience (i.e., the ability to compare, innovate, 

compile, compute, analyze, coordinate, and synthesize) pertinent to a specific area of construction and/or 
engineering that allow a worker to execute a job/task at a high level of accomplishment. 

2.1 Quality of work  Maintain high standard in executing design, construction, and other related works 
2.2 Technical/job knowledge  Sound knowledge of design, construction, engineering, and supervision techniques, skills and procedures 
2.3 Commitment to safety  Demonstrate safety awareness and ensure compliance with organizational safety policies and procedures 

as well as national/international safety regulations 
2.4 Planning and organizing of 

tasks/activities  
Plan and organize operational tasks, prioritize multiple competing tasks for effective resource utilization 
and optimization 

2.5 Technical innovation  Develop and adopt innovative planning, design, construction, and engineering processes and technology 
to enhance competitive advantage 

2.6 Business acumen/business 
management skills  

Demonstrate application of business policies and procedures; and understand how business in the 
construction industry operates 

2.7 Market management  Conduct market research, develop strategic alliances with partners/stakeholders to win jobs and enhance 
market share 
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No. Functional competency Competency definition 
2.8 Finance management  Develop yearly spending plan, acquire, and utilize funds, and manage operational/project finances using 

proven financial management principles 
3 Cross-functional 

competencies 
The functional knowledge pertinent to processes and practices within the organization that enable the 
organization to achieve better integration of specialized and wide-ranging cross-functional knowledge. 
These competencies help to integrate, coordinate, and communicate knowledge among various 
organizational departments, projects, or work units. 

3.1 Cooperation and coordination 
(collaboration) 

Establish and maintain effective both internal (among teams, departments, and projects) and external 
(partners, stakeholders) cooperation, coordination, and collaboration 

3.2 Strategic planning and 
management  

Develop, execute, manage, monitor, and continuously analyze strategic goals to ensure plans, decisions, 
and actions reflect organizational strategic direction 

3.3 Customer/stakeholder focus  Maintain customer value, customer support, customer responsiveness, and prioritizing 
customer/stakeholder needs to ensure customer satisfaction 

3.4 Communications management  Manage internal and external communications through timely generation, collection, storage, and 
dissemination of information using proper channels 

3.5 Interface management  Use network-based interface management system for information sharing and tracking efficiency of 
operations/projects; and resolving interface issues timely i.e., design errors, system failures, coordination 
difficulties, and construction conflicts 

4 Production/operations 
competencies 

The integration of a broad range of knowledge and expertise (i.e., the amalgamation of the specialized 
knowledge of individuals and other organizational resources) that enables the organization to create value 
by transforming input to output. 

4.1 Construction technology and 
integration management  

Acquire and maintain newly developed technologies and integrate them within operational tasks i.e., 
planning, design, construction, production, and manufacturing 

4.2 Operations and maintenance  Manage organizational operations effectively and maintain the setup, operation, control, maintenance, 
and improvement of technology that support operations 

4.3 Process engineering 
management  

Establish, update, and effectively manage operational/business processes in general and design, 
construction, and engineering processes in particular 

4.4 Construction, production and 
manufacturing  

Effectively plan, execute, monitor and control construction, production and manufacturing tasks of 
organizational operations/projects 

4.5 Product engineering  Ensure product/service is fit for purpose through application of proper quality control during design, 
production, manufacturing and/or construction processes 

4.6 Materials management  Identify, quantify, order, and schedule material needs; ensure availability, and control flow, storage, and 
conversion of materials to finished product 
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No. Functional competency Competency definition 
5 Construction and engineering 

research and development 
competencies 

Competencies that help ensure current processes and products remain competitive. These competencies 
enable the organization to understand stakeholder needs, and they inspire the organization to strive to 
create innovative processes and products that give the company a unique competitive edge. 

5.1 Business, legal and public 
policy  

Demonstrate knowledge of local/national business policies, codes and regulations related to business 
management to ensure relevant legal duties and rights in conducting businesses 

5.2 Construction laws and 
regulations  

Awareness and understanding of local, national and/or international construction laws and regulations to 
align organizational operations accordingly 

5.3 Management information 
systems/technology  

Acquire, set up, and integrate up to date management information systems/technologies for effective 
execution/operation of tasks/projects 

5.4 New technology/product 
development  

Support research to develop new/emerging technologies to enhance new product/service development 
and operational/process optimization 

6 Project management 
competencies 

The organization’s project management processes and the continual improvement thereof. By applying 
the appropriate tools, methods, and concepts to maintain best practices, it is possible to achieve the 
organization’s strategic goals and specific project objectives (i.e., quality, cost, time, safety, etc.). 

6.1 Project quality management  Establish and demonstrate quality standards for business processes, operations and projects through 
proper quality planning, control, and assurance of quality 

6.2 Health and safety management  Ensure a safe, secure, and healthy work environment through proper health and safety planning 
and mitigation strategies 

6.3 Project schedule (time) 
management  

Ensure timely completion of projects through proper control, management and update of 
schedules pertaining to changes 

6.4 Project scope management  Ensure project includes all and only all the works required as well as control and manage scope changes 
for successful project completion 

6.5 Project change management  Identify, incorporate and manage effectively all changes made to project baselines scope, time, cost, and 
quality objectives 

6.6 Managing performance  Enable to set direction, building effective teams, and create high-performance climate to support all 
organizational activities/operations 

6.7 Project cost management  Effectively planning, estimating, budgeting, financing, and controlling of costs for successful project 
completion within approved budget 

6.8 Commissioning and start-up 
management  

Create alignment among stakeholders to create a shared vision for project commissioning and start-up 
based on established acceptance criteria 

6.9 Project risk management  Conduct proper planning, identification, analysis of project risks as well as develop risk mitigation and 
response strategy 
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No. Functional competency Competency definition 
6.10 Design development  Manage design development processes in line with statutory/code requirements and client 

functional/performance requirements 
6.11 Project integration 

management  
Coordinating diverse component of projects through state-of-the-art project planning, execution, and 
change control to ensure successful project completion 

6.12 Contract administration  Ensure contracts are in line with applicable national/regional laws and manage contracts in accordance 
with agreed terms 

6.13 Project procurement 
management  

Develop procurement strategy, select suppliers/subcontractors, provide adequate lead time to acquire 
resources required for projects timely 

6.14 Commitment to sustainability  Analyze societal and environmental impact of projects on diverse stakeholders to minimize waste, 
improve efficiency, and reduce resource use 

7 Supervisory/managerial 
competencies 

The capabilities of employees who supervise others (especially managers) to engage people, 
organizations, and partners in order to achieve organizational performance goals that are in line with the 
organization’s values and ethics. 

7.1 Engagement Leading across organizational boundaries to engage broad-based stakeholders and partners in a shared 
agenda and strategy in developing goals, executing plans, and delivering results 

7.2 Management 
effectiveness/excellence  

Effectively manage people, work, and systems with business strategy to harmonize them in meeting 
short-term and long-term organizational objectives 

7.3 Delegation Nurturing good supervision and management practices through empowering and delegating employees 
to manage diverse projects, operations, and people within the organization 

7.4 Resource management  Effectively plan, acquire, control and manage resources effectively to ensure activities/operations have 
the resources needed for timely completion 
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Appendix C.2. List and Definitions of Organizational Behavioral Competencies 

No. Behavioral competency Competency definition 
1 Organizational attributes The organization’s processes and practices and its methods of interacting with people (i.e., interactions 

between people and organizations, people within organizations, and organizations themselves).  
1.1 Ability to build trust  Encourage openness and honesty to develop mutual trust among employees and teams across the 

organization through actions and outcomes 
1.2 Competitiveness  Understand competitors in the market to provide better/unique services through incorporating innovative 

new technologies and value-adding processes and practices 
1.3 Adaptability/flexibility  Ability to adapt and adjust effectively to foreseeable changes or unforeseen challenges within the 

micro/macro environment of the organization 
1.4 Achievement drive  Ensure goal clarity among employees and teams at every level to achieve organizational/project objectives 

and satisfaction of stakeholder needs 
1.5 Innovation  Encourage creative ideas that challenge conventional practices to develop novel solutions through integration 

of new technology for improvement of organizational work processes 
1.6 Organizational awareness 

and culture  
Ensure employee commitment to collective objectives that demonstrate unique culture and values associated 
with the organization 

2 Top management 
competencies 

Competency of the relatively small group of executives who manage the organization’s overall goals, 
strategy, and operating policies. Top management make decisions about the overall direction and 
performance of the organization (e.g., CEOs and deputy CEOs).  

2.1 Leadership Establish clear organizational vision and direction as well as lead and align employees/teams towards a 
shared purpose to achieve organizational goals 

2.2 Strategic thinking  Develop strategic vision that reflect strategic direction of the organization and ensure employee/teams work 
towards this strategic vision 

2.3 Judgement Demonstrate sound judgement in evaluating multiple alternatives effectively weighing best and worst-case 
scenarios and make decisions based on facts rather than emotions 

2.4 Analytical ability/thinking  Demonstrate logical thought process and ability to understand the principles underlying the relationships 
between facts and apply this understanding in solving problems 

2.5 Values and ethics  Respect industry practices that enable to enhance shared beliefs, values, norms across the organization and 
its operations/projects 

3 Middle management 
competencies 

Competencies of the largest group of managers within an organization, they are primarily responsible for 
implementing the policies and plans of top managers. Middle managers translate the overall direction of the 
organization into specific objectives and plans. They supervise and coordinate the activities of lower-level 
managers (e.g., department directors, branch managers, project managers).  
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No. Behavioral competency Competency definition 
3.1 Interpersonal skills  Ability to with employees/teams from diverse backgrounds by managing their needs and feelings through 

maintaining open line of communication 
3.2 Decision-making  Evaluate available alternatives efficiently and make decisions timely taking the organization's context and 

strategic direction in to consideration) 
3.3 Consultation Strives to solicit employees'/teams' input when planning and executing tasks as well as making decisions and 

properly communicate outcomes of the consultation to employees/teams 
3.4 Negotiation Ability to achieve a win-win solution to settle differences with minimum disturbance while maintaining 

positive relationship 
3.5 Reasoning Ability to think in a logical way in order to arrive at sound decisions or draw conclusions in solving design, 

contractual, construction, and related engineering problems 
3.6 Conflict and crisis 

resolution/ Issue 
management  

Ability to identify and properly address conflicts to ensure that concerns and issues that threaten 
organizational/project objectives are resolved effectively 

3.7 Assertiveness Ability to explain complex issues and present cases in a self-assured manner clearly to the employees/teams 
4 First-line management 

competencies 
Competencies of Managers who supervise and coordinate the activities of operating employees. They 
implement directions and plans through production/operations and the delivery of services (e.g., team 
leaders). 

4.1 Problem solving  Ability to recognize and evaluate the sign of a problem in a timely manner to analyze relevant information 
for problem-solving and generate effective solutions by weighing merits of each alternative 

4.2 Integrity/high standards  Display strong moral principles and work ethic 
4.3 Results orientation  Sets achievable, yet aggressive, goals and constantly enables team members to be top performers who deliver 

the required results 
4.4 Responsiveness Ensures issues and requests are addressed in a timely manner as appropriate through follow up on issues 

regularly to meet customer satisfaction 
4.5 Influence Ability to have a continuous influence on employee attitudes and behavior towards a desired result to achieve 

organizational goals) 
4.6 Communications Ability to convey opinions clearly and concisely to direct employees/teams applying effective and 

professional communication tools 
4.7 Incisiveness Demonstrate intelligent and clear thinking and capable of getting to the heart of an idea and expressing it 

clearly and briefly in understandable terms 
5 Individual/personal 

competencies 
The ability to adopt appropriate, observable behaviors (i.e., attitude and skills) in work-related situations on 
projects and during other organizational functions/operations. 
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No. Behavioral competency Competency definition 
5.1 Reliability/Dependability  Demonstrate responsibility, reliability, and dependability in fulfilling obligations and completing 

works/tasks in a timely and consistent manner 
5.2 Teamwork Demonstrate the ability to work well harmoniously with staff, co-workers, peers, and managers to achieve 

common/team goals 
5.3 Ethics Ensures conformity to any organizational, legal, or regulatory framework and industry practices to meet 

professional standards 
5.4 Initiative Plans work and carries out tasks without detailed instructions and willfully undertake additional 

responsibilities  
5.5 Commitment  Demonstrates dedication to effective job performance by taking action until a task is accomplished in spite 

of difficult conditions, tight deadlines, or obstacles and setbacks 
5.6 Effectiveness Demonstrates a high level of quality in performing assigned tasks in a way that ultimately leads to higher 

overall performance 
5.7 Self-regulation/control  Display appropriate behavior that enable to control emotion and analyze stressful situations or loss of self-

control through open and honest communication 
5.8 Motivation Demonstrates desired behaviors in making an effort at all times to achieve favorable outcomes) 
5.9 Resourcefulness Capable of handling any issues in executing tasks by taking initiative to be part of a solution and competent 

enough to achieve the desired goals 
5.10 Perseverance Demonstrate self-control when facing challenges during the execution of tasks and stays with a plan of action 

or position until the desired objective is attained 
5.11 Attention to detail  Checks work plans and executions diligently to ensure that all essential details have been considered that 

enable to identify errors to take corrective actions timely 
5.12 Professionalism  Conducts duties with personal and professional integrity strictly abide by applicable (e.g., employer, 

professional society, client) codes of ethics 
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Appendix C.3. List and Definitions of Organizational Performance Metrics, and 

their formulae 

Appendix C.3.1. Organizational/operational-level KPIs 

KPI 
No. 

KPI name KPI formula KPI definition  

1.1 Profitability ratio    

1.1.1  Market share Company′s volume of work in a market

Total volume of work in that market
 

Company’s volume of work as a 
percentage of an industry’s total volume 
of work over a fiscal year 

1.1.2 Market returns Company′s revenue in a market

Total revenue available in the market
 

Company’s sales/revenue sales as a 
percentage of an industry’s total revenue 
over a fiscal year 

1.2 Financial stability   

1.2.1 Cash flow Cash flow generated from operation

Current liabilities
 

The ratio of cash flow generated from the 
organization’s operation to its current 
liabilities 

1.2.2 Revenue 
diversification 

Predetermined scale (1 - 5) (very poor, 

poor, average, high, very high) 

The business diversification of a company 
to compete in different market sectors to 
enhance revenue and business 
performance 
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Appendix C.3.2. Organizational/operational-level KPOs 

KPO 
No. 

KPO name KPO formula KPO definition  

2.1 Profitability ratio    

2.1.1  Profitability Company′s volume of work in a market

Total volume of work in that market
 

The profit of the company before tax and 
interest as a percentage of the company’s 
total revenue 

2.1.2 Net Income Total revenue − All expenses How profitable a company is over a 
period of time by subtracting the costs of 
doing business (e.g., depreciation, 
interest, taxes, and other expenses) from 
revenues 

2.1.3 Return on 

Sales 

Operating profit (net income before tax and interest)

Net sales
 Company's operational efficiency at 

generating profits from its revenue 

2.1.4 Hanging 

Invoice 

Accounts receivable

Value of sales
∗ 100 

The ratio of invoices not yet received 
from the total value of sales 

2.2 Growth   

2.2.1 Revenues 
growth 

Revenue this reporting period − Revenue last reporting period 

Revenue last reporting period
 Company's growth (revenue 

increase/decrease) over time (i.e., 
compared to the previous reporting 
period’s performance, such as quarterly, 
and annually 

2.2.2 Sales growth Value of sales − Value of sales in previous period

Value of sales in previous period
 The ability of a company to increase 
revenue over a fixed period of time, 
usually annually 

2.2.3 Volume of 
works growth 
rate 

Volume of works for this year − Volume of works for last year

Volume of works for last year
 Increment/decrement of the company’s 

volume of works (e.g., projects) compared 
to the previous year 

2.2.4 Work force 
growth Number of employees this year − Number of employees last year

Number of employees last year
 

Increment/decrement of employees in the 
company compared to the previous year 

2.3 Business efficiency   

2.3.1 Efficiency 
ratio 

Total expenses

Total revenue
 

Company's ability to use its assets and 

manage its liabilities effectively to 

generate revenue 

2.3.2 Net profit 
margin 

Net profit after taxes

Total revenue
 

The percentage of profit after deducting 
all operating expenses, interest, and taxes 
that an organization generates from its 
total revenues 
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Appendix C.3.3. Organizational/operational-level PerMs 

PerM 
No. 

PerM name PerM formula PerM definition  

3.1 Employee satisfaction    

3.1.1  Employees' 
satisfaction 

Predetermined Satisfaction scale (1–5): 
(extremely unsatisfied, unsatisfied, 
neither unsatisfied nor satisfied, satisfied, 
extremely satisfied) 

How content or satisfied employees are 
with their jobs, including workload, 
flexibility, work environment, career 
growth, etc. 

3.1.2 Remuneration Predetermined Satisfaction scale (1–5):  How satisfied employees are with the 
average remuneration (i.e. wages and 
salaries) and pay structure (e.g. equal pay 
for the same job) 

3.1.3 Employee 
turnover rate 

Employees who left 

Average number of employees
 

The percentage of employees who leave 
an organization during a certain period 

3.1.4 Compensation 
and benefits 

Predetermined Satisfaction scale (1–5):  How satisfied employees are with the 
company’s compensation and benefit plan 
(i.e., both financial and non-financial 
rewards such as bonuses, peer 
recognition, work freedom, profit sharing, 
pension plans, and paid leaves) 

3.1.5 Merit increase Predetermined Satisfaction scale (1–5):  How satisfied employees are with the 
opportunities for merit increase and 
promotion within the organization 

3.1.6 Social services Predetermined Satisfaction scale (1–5):  How satisfied employees are with the 
social services the organization offers 
such as social and recreational events 
(e.g., holiday party, annual retreat, and/or 
family get togethers, etc.), employee 
assistance programs, tuition 
reimbursement, and company-paid 
transportation. 

3.2 Customer satisfaction  

3.2.1 Customer 
satisfaction 

Predetermined Satisfaction scale (1–5): 
(extremely unsatisfied, unsatisfied, 
neither unsatisfied nor satisfied, satisfied, 
extremely satisfied) 

The degree of satisfaction based on 
whether the products and/or services 
provided by an organization meet or 
surpass customer expectations 

3.2.2 Customer 
retention/loyalty 

Predetermined Satisfaction scale (1–5) The percentage of customers the 
organization keep relative to the number 
at the start of the period 

3.2.3 Percentage of 
repeat customers 

Number of repeat customers

Total number of customers
 

The number of customers who come back 
to acquire/purchase the organization’s 
products or services for the second (third 
or fourth) time 

3.2.4 Number of 
complaints 

Quantitative (real numbers, percentage) The frequency and degree of customer 
dissatisfaction with the products and 
services of an organization 

3.3 Competitiveness   

3.3.1 Company 
image/reputation 

Predetermined Satisfaction scale (1–5): 
(extremely unsatisfied, unsatisfied, 
neither unsatisfied nor satisfied, satisfied, 
extremely satisfied) 

How visible a company is within the 
market (i.e., construction industry), and 
how the company is perceived and 
understood by people when the 
company’s name is mentioned 

3.3.2 Competitive 
advantage 

Predetermined Satisfaction scale (1–5) The conditions that allow the company to 
produce and provide products or services 
of equal value with a lower cost 

3.3.3 Market 
advantage 

Predetermined Satisfaction scale (1–5) The company's competitive edge gained 
through superior products or services, 
lower costs/prices, extensive distribution, 
and effective promotion 
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Appendix C.3.4. Project-level KPIs 

KPI 
No. 

KPI name KPI formula KPI definition  

4.1 Quality of work    

4.1.1  
Rework factor 

Total direct cost of field rework

Actual construction phase cost
 

The ratio of total cost incurred to rectify 
all defects as a percentage of actual 
construction phase cost 

4.1.2 Prevention, 
appraisal and 
failure (PAF) 
Model 

Prevention cost +  Appraisal cost 

+  Failure cost 

The defect level of deliverables as 
perceived and measured by the client or 
customer 

4.2 Safety   

4.2.1 Incidents rate Number of recordable incidents ∗ 200,000

Total site work hours
 The number of recordable incidents 

occurring among a given number of full-
time workers over a given period of time 
(usually one year, i.e., 2000 hours) 

4.2.2 Time lost Amount of time lost to incidents ∗ 200,000

Total site work hours
 The ratio of the time lost to incidents in 

hours measured over the total hours of 
site work 

4.2.3 Safety 
performance 

Number of reportable accidents in reporting period

Average number employed in that reporting period
 The results of the company's action taken 
before accidents occur 

4.2.4 Accident 
frequency rate 

Number of recordable incidents

Number of person-hours
∗ 1,000,000 The number of reportable accidents per 

1,000,000 worked hours 
4.2.5 Near misses Number of near misses ∗ 200,000

Total site work hours
 

The ratio of near misses recorded to the 
total hours of site work 

4.2.6 Behavior-
based 
observation 
(BBO) rate 

Number of BBO forms filled

Total site work hours
 

The number of BBO forms filled by 
workers to evaluate coworkers’ safety 
behavior to identify and avoid risky 
behaviors to reinforce safe work 
conditions 

Additional metrics provided by participating Company   

4.2.7 Total injury 
rate 

Number of injuries

Total exposure hours
∗ 200,000 

 

4.2.8 PTRIF Recordable incidents + (P2 and P3 incidents)

Total exposure hours

∗ 200,000 

 

4.2.9 Severity Number of lost time workdays

Total exposure hours
∗ 200,000  

4.2.10 Total incidents 
rate (non- 
medical) 

All incidents (not injuries)

Total exposure hours
∗ 200,000 
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Appendix C.3.5. Project-level KPOs 

KPO 
No. 

KPO name KPO formula KPO definition  

5.1 Effectiveness of planning   

5.1.1  Cost 
predictability  

Total cost of changes in works

Actual total cost of works
 

How well an organization predicts costs 
by comparing actual costs or outturn costs 
to the original budget 

5.1.2 Time 
predictability 

Actual cost − Anticipated cost

Anticipated cost
 

How closely the organization’s 
operations/projects/services were 
delivered compared to the original 
schedule 

5.1.3 Change cost 
factor 

Actual total cost − Baseline cost

Baseline cost
 

The cost of changes in works as a 
percentage of actual total cost of works 

5.1.4 Cost 
growth/increase   

Actual time − Anticipated time

Anticipated time
 

How the actual cost changes 
(increases/decreases) over time compared 
to the initial estimate or baseline cost 

5.1.5 Time/schedule 
growth/increase   

Actual total duration − Baseline duration

Baseline duration
 

The variation of actual time expressed as 
a percentage against anticipated baseline 
duration 
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Appendix D. Sample Data Collection Forms 

Appendix D.1. Background Information  

1.1.1 Name of respondent (Optional): ______________________________________________ 

1.1.2 Type of organization you are currently working in 

 Publicly traded      Privately owned   Employee owned 

Other (please specify): _____________________________________________________ 

1.1.3 Where in the organization are you currently working? 

Corporate (Head) office    Business (Regional) office  Project office/site 

Other (please specify): _____________________________________________________ 

1.1.4 Current position/occupation: 

Senior Management (e.g., President, VPs, GMs, Directors/managers of departments, etc.)    

Finance Manager                    Human Resource Manager            

Human resource management staff 

Project Manager          Operations Manager           Construction Manager 

Project management staff (e.g. Project control, Project coordinators, Quality lead, Safety 
lead, schedulers, etc.) 

Superintendent 

Other (please specify): _____________________________________________________ 

1.1.5 How long have you been working in your current stated occupation?  

____ Year(s) ____ Month(s)  

1.1.6 How long have you been working for your current employer organization?  

____ Year(s) ____ Month(s)  

1.1.7 How long have you been working in the construction industry (overall experience)? 

____ Year(s) ____ Month(s)  

1.1.8 Please specify your highest educational degree (please specify ALL that apply): 

PhD                                               Master’s degree               Bachelor’s degree  

      College diploma                           Technical, vocational, or trade school 

Other (please specify): _____________________________________________________ 

1.1.9 What is your age (years)? 

18–30               31–40                 41–50              51–60 years              >60 

1.1.10 What is your gender? 

Male                Female                Prefer not to answer
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Appendix D.2. Sample Data Collection Form for Organizational Functional Competencies 
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Appendix D.3. Sample Data Collection Form for Organizational Behavioral Competencies 
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Appendix D.4. Sample Data Collection Form for Subjective Organizational Performance Metrics 

 

 


