
WORKING TOWARDS IMPROVED 

CONCEPTUALISATION AND IDENTIFICATION OF 

GAMING DISORDER AND CO-OCCURRING 

ADDICTIONS IN GAMERS 
 

 

 

 

 

 

 

 

 

TYRONE L. BURLEIGH 
School of Social Sciences 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

A thesis submitted in partial fulfilment of the requirements of the Nottingham Trent University for the degree of 

Doctor of Philosophy. 

 

 

September 2022 



 I 

Copyright Statement 

This work is the intellectual property of the author. You may copy up to 5% of this work for private study, or 

personal, non‐commercial research. Any re‐use of the information contained within this document should be fully 

referenced, quoting the author, title, university, degree level and pagination. Queries or requests for any other use, 

or if a more substantial copy is required, should be directed in the owner(s) of the Intellectual Property Rights. 

 

 

Statement of Originality 

I declare that the work presented in this thesis is, to the best of my knowledge and belief, original and my own 

work, except as acknowledged in the text. The material (presented as my own) has not been submitted previously, 

in whole or in part, for a degree at any other institution. 

 

 

Statement of Contribution of Others 

In those cases, in which the work presented in this thesis was the product of collaborative efforts I declare that my 

contribution was substantial and prominent, involving the development of original ideas, as well as the definition 

and implementation of subsequent work. Detailed information about my contribution to collaborative work in this 

thesis is outlined in Appendix I. 



 II 

Dedication 

 

I would like to dedicate this work to my loving family, especially my mum and dad, who have supported and 

celebrated my achievements from the other side of the world. I would not have been able to move to the other side 

of this planet and complete such a huge project without their love and support.  

 

I would also like to dedicate this work to my amazing husband, David. I had started this PhD journey with a rule 

in mind not to date because it would be a distraction. Little did I know that I would meet the most amazing person, 

who would first become my novio, then my prometido, and now my marido. I feel truly blessed to have met you, 

David. Thank you for always supporting me and helping me through thick and thin. You are a guiding light in my 

life, and I will always be thankful to this PhD journey for leading me to you.  

 

There is no doubt that all their love and dedication is what helped me thrive and kept me motivated to complete 

this PhD journey. From the bottom of my heart, thank you. 



 III 

Acknowledgments 

 

I would first like to give credit to my director of studies Daria Kuss for her unending encouragement, support, and 

feedback. It has been an absolute pleasure to be under her supervision and I am truly grateful for the help and 

guidance I have received. Daria always made me feel like I had a voice, that I was capable, that my mental health 

and wellbeing were always important, and that I was valued. Thank you so much for making this one of the best 

educational experiences of my life. I would also like to give a special thanks to Mark Griffiths for his invaluable 

feedback and insight to various aspects of writing, and the doors he has no doubt opened from being a part of my 

esteemed supervision team. I would also like to thank Alex Sumich, who has been immensely helpful and 

constructive in the process of learning brand new concepts around EEG technology, ML methods, and the 

NeuCube. These were challenging concepts, and I appreciated Alex’s guidance immensely. I had the privilege of 

having an excellent supervision team, and I will be forever thankful for the dedication, attention, and guidance I 

received.  

 

I would like to thank all my collaborators from around the world. Vasileous Stavropoulos from Victoria University 

and Lee Kannis-Dymand from the University of the Sunshine Coast in Australia for taking the time to distribute 

my survey at their universities. I would like to give a huge thank you to Grace Wang from the Auckland University 

of Technology in New Zealand (and now at the University of Southern Queensland in Australia) for helping me 

with data collection from multiple populations. Lastly, I would like to thank Zohreh Doborjeh from the University 

of Auckland for her invaluable help and guidance on the implementation and interpretation of the NeuCube 

architecture. Thank you all for your contributions to the research projects.  

 

Another special aside to my first mentor and now dear friend Vasileous Stavropoulos. I will never forget that you 

are the reason I made it this far; it was your encouragement to apply for this PhD, and your willingness to help 

me succeed that made any of this possible. It is not an understatement to say that you changed the course of my 

life. I will be forever grateful to you and your support.  

 

I would also like to thank my dear friend Dr. Brad Jessup. He was a huge support to me when going for this PhD 

scholarship and beyond. Brad has been such an inspiration in my life, and he has truly helped me become a better 

person. He has always afforded me opportunities to increase my skills and knowledge in academia and was 

invaluable in the lead up to leaving Australia and moving to England to make this journey possible. Thank you 

for believing in me and pushing me to put myself out there and spread my wings.  

 

Moreover, I would like to thank Kristian and Tom, for opening up their home to me and allowing me to live with 

them while I attended Nottingham Trent University. To be able to live in such a lovely home and live with two 

beautiful dachshunds – Darcy & Cassie – was a dream come true. Thank you for giving me a home during my 

time in England.  

 

Also, thank you to my PhD colleagues and especially those who were apart of (the fondly named) Doctors and 

Dragons – Chloe W., Chloe R., Isabelle, Lef, and our DM Ceci – it was such a pleasure to talk videogames, 

comics, and play dungeons and dragons. It was a wild ride and know I will always cherish our time together – I 

truly believe I have made friends for life! A special aside to Chloe W. (and her partner Rob) – thank you for 

always being there for a chat and to provide insight into various aspects of my life. Bouncing ideas off you during 

the PhD and being able to hash out ideas together was so helpful. You have made my life richer by being in it. 

 

In tradition of saving the best for last, I would like to thank Lindsay Thurston, Adela Kratenova, and Liam Cahill 

who, like me, went into the doctoral office every single day without fail to work on their PhD. You all were a 

huge support to me. Being able to share our highs and lows truly helped me through this journey. Knowing we 

would be having lunch together, sharing stories, coming in early, or staying late always motivated me to come 

into the office and do the best I could do. On a day-to-day basis, it was you three that helped keep my spirits high 

and kept me sane. You are all the best.   

 

To all I may have missed, thank you. You know who you are, and I am grateful for your contribution.  

 

As demonstrated by this section, it takes a community to complete a PhD. It is no more my achievement than all 

those that were listed here, for without them none of this would have been possible.  

 

Once again, thank you all so much.  

 

It is done.  



 IV 

List of Publications 

Peer-Reviewed Journal Papers  

Burleigh, T. L., Griffiths, M. D., Sumich, A., Stavropoulos, V., & Kuss, D. J. (2019). A systematic review of the 

co-occurrence of gaming disorder and other potentially addictive behaviors. Current Addiction Reports, 

6(4), 383–401. https://doi.org/10.1007/s40429-019-00279-7 

Burleigh, T. L., Griffiths, M. D., Sumich, A., Wang, G. Y., & Kuss, D. J. (2020). Gaming disorder and internet 

addiction: A systematic review of resting-state EEG studies. Addictive Behaviors, 107, 106429. 

https://doi.org/10.1016/j.addbeh.2020.106429 

Burleigh, T. L., Griffiths, M. D., Sumich, A., Doborjeh, Z, & Kuss, D. J. (2022). Machine learning in gaming 

disorder: A systematic review. Behavior & Information Technology, under review.  

Burleigh, T. L., Griffiths, M. D., Sumich, A., Wang, G., & Kuss, D. J. (2022). Coping and Co-occurrence of 

Gaming Disorder and Substance Use in Recovering Substance Users, International Journal of Clinical 

Medicine, 11, 7370. doi: 10.3390/jcm11247370 

Burleigh, T. L., Griffiths, M. D., Sumich, A.,Wang, G., Stavropoulos, V., Kannis-Dymand, L., & Kuss, D. J. 

(2022). Co-Occurrence of Gaming Disorder and Other Potentially Addictive Behaviours Between Australia, 

New Zealand, and the United Kingdom, International Journal of Environmental Research and Public 

Health, 19, 16078. doi: 10.3390/ijerph192316078 

Conference Proceedings 

Burleigh, T. L., Kuss, D. J., Sumich, A., & Griffiths, M. D. (2019). Exploring the implications of co-occurrence 

within internet addiction and gaming disorder. In Z. Demetrovics (Ed.), 6th International Conference on 

Behavioral Addictions (ICBA 2019) (Vol. 8, Issue Supplement 1, pp. 1–220). Journal of Behavioral 

Addictions. https://doi.org/10.1556/JBA.8.2019.Suppl.1 

Burleigh, T. L., Griffiths, M. D., Sumich, A., Yang, G. Y., & Kuss, D. J. (2022, May 12-15). Co-occurrence in 

videogame players: Do videogames increase risk or improve resilience? [Paper presentation]. 25th 

European Association of Substance Abuse Research (EASAR) Conference 2022, Gibraltar, Gibraltar. 

https://www.unigib.edu.gi/wp-content/uploads/2022/05/Book-of-Abstract-EASAR-2022.pdf 

Burleigh, T. L., Griffiths, M. D., Sumich, A., Doborjeh, Z., & Kuss, D. J. (2022). Utilizing a brain inspired spiking 

neural network to better predict and identify gaming disorder using EEG data. In Z. Demetrovics (Ed.), 7th 

International Conference on Behavioral Addictions (ICBA 2022) (Vol. 11, Issue Supplement-1, pp. 1–329). 

Journal of Behavioral Addictions. https://doi.org/10.1556/2006.2022.00700 

https://doi.org/10.1007/s40429-019-00279-7
https://doi.org/10.1556/JBA.8.2019.Suppl.1


 V 

TABLE OF CONTENTS 

ABSTRACT ........................................................................................................................................................ 1 

PART I: INTRODUCTION………………………………………………………………………………...2 

CHAPTER 1 ....................................................................................................................................................... 2 

A SYSTEMATIC REVIEW OF THE CO-OCCURRENCE OF GAMING DISORDER AND OTHER POTENTIALLY 

ADDICTIVE BEHAVIOURS .............................................................................................................................. 2 

INTRODUCTION ............................................................................................................................................. 2 

METHODS...................................................................................................................................................... 4 

Figure 1 ............................................................................................................................................. 5 

RESULTS ....................................................................................................................................................... 5 

Prevalence of gaming disorder co-occurrence with other addictive behaviours .................................... 6 

      Table 1 ................................................................................................................................................ 7 

Proxy indicators of prevalence of gaming disorder and other potentially addictive behaviours .......... 13 

      Table 2 .............................................................................................................................................. 14 

Assessing the etiology of gaming disorder and co-occurring potentially addictive behaviours ........... 17 

     Table 3 ............................................................................................................................................... 18 

DISCUSSION ................................................................................................................................................ 21 

Co-occurrence within disordered gaming compared to the substance disorder literature ................... 25 

Future research ...................................................................................................................................... 26 

Substance use literature may act as a model to guide future research .................................................. 27 

Limitations.............................................................................................................................................. 27 

Conclusion.............................................................................................................................................. 28 

 

CHAPTER 2 ..................................................................................................................................................... 29 

GAMING DISORDER & INTERNET ADDICTION: A SYSTEMATIC REVIEW OF RESTING-STATE EEG STUDIES29 

INTRODUCTION ........................................................................................................................................... 29 

METHODS.................................................................................................................................................... 30 

Figure 1 .................................................................................................................................................. 32 

RESULTS ..................................................................................................................................................... 32 

Gaming Disorder ................................................................................................................................... 32 

Table 1 ............................................................................................................................................. 34 

Gaming Disorder studies using power spectral analysis ................................................................ 39 

Gaming Disorder studies using coherence analysis ........................................................................ 39 

Internet Addiction................................................................................................................................... 40 

Table 2 ............................................................................................................................................. 41 

Internet Addiction studies using power spectral analysis ............................................................... 44 

Internet Addiction studies using functional connectivity analysis and network analysis ................ 44 

DISCUSSION ................................................................................................................................................ 44 

Power spectral analysis ......................................................................................................................... 45 



 VI 

Coherence Analysis ................................................................................................................................ 46 

Limitations and future directions ........................................................................................................... 46 

Conclusions ............................................................................................................................................ 47 

 

CHAPTER 3 ..................................................................................................................................................... 48 

EXPLORING PROBLEMATIC GAMING DISORDER THROUGH MACHINE LEARNING: A SYSTEMATIC REVIEW48 

INTRODUCTION ........................................................................................................................................... 48 

METHODS.................................................................................................................................................... 50 

Figure 1 .................................................................................................................................................. 52 

RESULTS ..................................................................................................................................................... 52 

Studies utilizing psychometric data ........................................................................................................ 53 

Table 1 ............................................................................................................................................. 54 

Studies utilizing brain function data. ..................................................................................................... 59 

Table 2 ............................................................................................................................................. 60 

Studies utilizing physiological data. ...................................................................................................... 65 

Table 3 ............................................................................................................................................. 66 

DISCUSSION ................................................................................................................................................ 69 

Psychometric studies .............................................................................................................................. 69 

Neurophysiological studies .................................................................................................................... 69 

Physiological studies .............................................................................................................................. 70 

Limitations.............................................................................................................................................. 71 

Future directions .................................................................................................................................... 71 

Conclusions ............................................................................................................................................ 72 

INTRODUCTION SUMMARY.......................................................................................................................... 72 

PART II: EMPIRICAL STUDIES…………………………………………………………………………74 

CHAPTER 4 ..................................................................................................................................................... 74 

EEG-BASED DETECTION AND CLASSIFICATION OF GAMING DISORDER USING A BRAIN-INSPIRED SPIKING  

NEURAL NETWORK ..................................................................................................................................... 74 

INTRODUCTION ........................................................................................................................................... 74 

Artificial intelligence, machine learning, and spiking neural networks ................................................ 75 

The present study.................................................................................................................................... 77 

METHODS.................................................................................................................................................... 77 

Participants ............................................................................................................................................ 77 

      Table 1 .............................................................................................................................................. 77 

EEG data collection and processing ...................................................................................................... 78 

Proposed NeuCube model for classifying and analysing the brain regions using EEG data of recreational 

gamers and problematic gamers ............................................................................................................ 78 

Experimental design ............................................................................................................................... 79 

Classification accuracy .......................................................................................................................... 79 

RESULTS ..................................................................................................................................................... 81 



 VII 

Table 2 .................................................................................................................................................... 81 

Table 3 .................................................................................................................................................... 81 

Brain activities of Low Engagement Versus High Engagement Gamers Through Visualization of the 

NeuCube Models .................................................................................................................................... 82 

Eyes closed condition ...................................................................................................................... 82 

Figure 1 ........................................................................................................................................... 83 

Eyes open condition ......................................................................................................................... 84 

Figure 2 ........................................................................................................................................... 84 

DISCUSSION ................................................................................................................................................ 86 

Eyes closed condition ............................................................................................................................. 86 

Eyes opened condition............................................................................................................................ 87 

The NeuCube .......................................................................................................................................... 88 

Limitations, strengths, and future directions ......................................................................................... 89 

Conclusion.............................................................................................................................................. 90 

 

CHAPTER 5 ..................................................................................................................................................... 91 

COPING AND CO-OCCURRENCE WITHIN GAMING DISORDER AND SUBSTANCE USE AMONG RECOVERING  

SUBSTANCE USERS ..................................................................................................................................... 91 

INTRODUCTION ........................................................................................................................................... 91 

Gaming disorder and behavioural disorders ......................................................................................... 91 

Coping .................................................................................................................................................... 92 

Substance use and gamers ..................................................................................................................... 93 

Replacement, co-occurrence, and the cycle of reciprocity .................................................................... 93 

The present study.................................................................................................................................... 95 

METHODS.................................................................................................................................................... 95 

Participants and procedure.................................................................................................................... 95 

      Table 1 .............................................................................................................................................. 96 

      Table 2 .............................................................................................................................................. 98 

      Table 3 ............................................................................................................................................ 100 

Measures .............................................................................................................................................. 101 

Data analysis ........................................................................................................................................ 104 

Figure 1 ......................................................................................................................................... 104 

RESULTS ................................................................................................................................................... 105 

Correlations between problematic behaviours and substance use among gamers and non-gamers .. 105 

      Table 4 ............................................................................................................................................ 106 

      Table 5 ............................................................................................................................................ 106 

Co-occurring substance use and gaming among clinical gamers ....................................................... 107 

The influence of coping style on gaming among clinical and non-clinical gamers ............................. 107 

Exploratory direct comparisons of clinical gamers and non-clinical gamers ..................................... 107 

     Figure 2 ........................................................................................................................................... 108 



 VIII 

DISCUSSION .............................................................................................................................................. 109 

Gaming disorder, problematic behaviours, and substance use ........................................................... 109 

The exacerbating effect of co-occurrence ............................................................................................ 110 

Coping strategies among gamers ......................................................................................................... 111 

Exploring differences between gamers and abstinent substance use gamers ...................................... 112 

Clinical implications and future directions.......................................................................................... 113 

Limitations and strengths ..................................................................................................................... 114 

Conclusion............................................................................................................................................ 115 

 

CHAPTER 6 ................................................................................................................................................... 116 

CO-OCCURRENCE OF GAMING DISORDER AND OTHER POTENTIALLY ADDICTIVE  BEHAVIOURS BETWEEN 

AUSTRALIA, NEW ZEALAND, AND THE UNITED KINGDOM ....................................................................... 116 

INTRODUCTION ......................................................................................................................................... 116 

Gaming disorder .................................................................................................................................. 116 

Coping .................................................................................................................................................. 117 

Co-occurrence of addictive behaviours ............................................................................................... 118 

Gaming and culture.............................................................................................................................. 119 

The present study.................................................................................................................................. 120 

METHODS.................................................................................................................................................. 122 

Participants and procedure.................................................................................................................. 122 

      Table 1 ............................................................................................................................................ 122 

Measures .............................................................................................................................................. 123 

Data analysis ........................................................................................................................................ 126 

RESULTS ................................................................................................................................................... 127 

Table 2 .................................................................................................................................................. 127 

UK cohort ............................................................................................................................................. 128 

      Table 3 ............................................................................................................................................ 128 

Figure 1 ......................................................................................................................................... 130 

New Zealand cohort ............................................................................................................................. 131 

      Table 4 ............................................................................................................................................ 131 

      Figure 2 .......................................................................................................................................... 132 

Australian cohort ................................................................................................................................. 133 

      Table 5 ............................................................................................................................................ 133 

      Figure 3 .......................................................................................................................................... 134 

At-risk profile across cohorts ............................................................................................................... 135 

      Table 6 ............................................................................................................................................ 135 

High-risk profile across cohorts .......................................................................................................... 136 

      Table 7 ............................................................................................................................................ 136 

DISCUSSION .............................................................................................................................................. 136 

Risk profiles across cohorts ................................................................................................................. 137 



 IX 

Behaviour, substance use, and co-occurrence ..................................................................................... 137 

Personality factors ............................................................................................................................... 138 

Coping .................................................................................................................................................. 139 

Implications and future directions ....................................................................................................... 139 

Limitations and strengths ..................................................................................................................... 140 

Conclusion............................................................................................................................................ 140 

PART III: GENERAL DISCUSSION…………………………………………………………………...141 

CHAPTER 7 ................................................................................................................................................... 141 

METHODOLOGY ........................................................................................................................................ 144 

LIMITATIONS, IMPLICATIONS, AND FUTURE RESEARCH ............................................................................. 146 

SUMMARY AND CONCLUSION .................................................................................................................... 149 

REFERENCES ............................................................................................................................................. 151 

APPENDIX I ................................................................................................................................................... 188 

Declaration of Collaborative Work ..................................................................................................... 188 

 



 X 

List of Tables 

PREVALENCE RATES OF CO-OCCURRENCE OF PROBLEMATIC AND DISORDERED GAMING USING PSYCHOMETRIC 

MEASURES ......................................................................................................................................................... 7 

PREVALENCE RATES OF CO-OCCURRENCE PROBLEMATIC AND DISORDERED GAMING USING PROXY INDICATORS

 ........................................................................................................................................................................ 14 

CROSS-SECTIONAL PAPERS ASSESSING THE ETIOLOGY OF DISORDERED GAMING ............................................ 18 

SUMMARY OF FINDINGS FROM GAMING DISORDER STUDIES............................................................................ 34 

SUMMARY OF FINDINGS FROM INTERNET ADDICTION STUDIES ....................................................................... 41 

PSYCHOMETRIC DATA UTILIZED IN MACHINE LEARNING ................................................................................ 54 

NEUROPHYSIOLOGICAL DATA UTILIZED IN MACHINE LEARNING .................................................................... 60 

PHYSIOLOGICAL DATA UTILIZED IN MACHINE LEARNING................................................................................ 66 

GAME DEMOGRAPHICS BY COHORT................................................................................................................. 72 

CLASSIFICATION ACCURACY OF NEUCOM ANALYSES .................................................................................... 81 

REPEATED MEASURES ANOVA RESULTS ....................................................................................................... 81 

DEMOGRAPHICS AND VIDEOGAME USE INFORMATION (CLINICAL).................................................................. 96 

ADDITIONAL SUBSTANCE USE INFORMATION .................................................................................................. 98 

DEMOGRAPHICS AND VIDEOGAME USE INFORMATION (CONTROL) ............................................................... 100 

SPEARMAN’S RHO CORRELATIONS OF NON-GAMERS AND GAMERS IN THE GENERAL COHORT ...................... 106 

SPEARMAN’S RHO CORRELATIONS OF NON-GAMERS AND GAMERS IN THE CLINICAL COHORT ...................... 106 

DEMOGRAPHICS AND VIDEOGAME USE INFORMATION................................................................................. 122 

MODEL FIT INDICES OF LATENT PROFILE ANALYSES FOR ALL MODELS COMPARED IN UK COHORT .............. 127 

STANDARDISED SCORE FROM THE SAMPLE MEAN IN UK COHORT ................................................................ 128 

STANDARDISED SCORE FROM THE SAMPLE MEAN IN NZ COHORT ................................................................. 131 

STANDARDISED SCORE FROM THE SAMPLE MEAN IN AU COHORT ................................................................ 133 

AT-RISK PROFILE POST-HOC GAMES HOWELL PAIRWISE COMPARISONS ....................................................... 135 

HIGH-RISK PROFILE POST-HOC GAMES HOWELL PAIRWISE COMPARISONS ................................................... 136 

 

 



 XI 

List of Figures 

FLOW DIAGRAM OF PAPER SELECTION PROCESS FOR THE SYSTEMATIC REVIEW (I) ........................................... 5 

FLOW DIAGRAM OF PAPER SELECTION PROCESS FOR THE SYSTEMATIC REVIEW (II) ....................................... 32 

FLOW DIAGRAM OF PAPER SELECTION PROCESS FOR THE SYSTEMATIC REVIEW (III) ...................................... 52 

NEUCUBE GRAPHIC OUTPUTS FOR EYES CLOSED CONDITION .......................................................................... 83 

NEUCUBE GRAPHIC OUTPUTS FOR EYES OPENED CONDITION .......................................................................... 84 

PARTICIPANT GROUPS ................................................................................................................................... 104 

PAIRWISE COMPARISON ................................................................................................................................ 108 

STANDARDIZED MEAN SCORE GRAPH OF THE UNITED KINGDOM (UK) COHORT .......................................... 130 

STANDARDIZED MEAN SCORE GRAPH OF THE NEW ZEALAND (NZ) COHORT ................................................ 132 

STANDARDIZED MEAN SCORE GRAPH OF THE AUSTRALIAN (AU) COHORT ................................................... 134 

 

 



 

 1 

Abstract 

This doctoral research thesis investigated the neurophysiological underpinnings of gaming disorder 

(GD), and the way in which co-occurrence can influence and correlate with GD in a clinical and a multi-cultural 

context. The unique contribution of knowledge was (i) the assessment of the neurophysiological expression of 

gamers using a novel spiking neural network (SNN) methodology; (ii) exploring co-occurrence in gamers and 

substance abstinent gamers; and (iii) exploring co-occurrence in gamers across three different individualistic 

countries (i.e., Australia, New Zealand, and the United Kingdom). The conceptualisation of GD and related 

methodologies were explored using multiple systematic research methods. A number of methodologies were then 

employed, including the use of electroencephalographic (EEG) data, a machine learning (ML) approach which 

utilised a novel SNN architecture (i.e., the NeuCube), and the use of surveys to reach a clinical cohort and three 

cohorts spanning three different countries in an effort to investigate the way in which co-occurrence may influence 

gamers and at-risk gamers. The results of the empirical studies indicated that: (i) problematic gamers experience 

different neurophysiological expression than those who recreational game and that ML methodologies are an 

effective method of classifying recreational and problematic gamers when using EEG data; (ii) maladaptive 

coping strategies were significantly associated to gaming scores, and that gamers appeared to experience co-

occurrence more so than their non-gamer counterparts; (iii) at-risk and high-risk gamers may utilise gaming as a 

maladaptive coping strategy and other accompanying potentially addictive behaviour, or substance use may be 

influenced as a result; (iv) the manifestation of maladaptive coping strategies and potentially addictive behaviours 

can be influenced by the country in which an individual resides. Taken together, the present doctoral project 

further clarified the conceptualisation of GD, utilising a neurophysiological underpinning, which is further 

supported with observed behaviour as suggested by the National Institute of Mental Health. In addition, it places 

an emphasis on the importance of understanding co-occurrence and specific at-risk factors (e.g., coping) which 

may contribute to the development and maintenance of problematic or disordered gaming in both a clinical sample 

and general population samples.  
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Part I: Introduction 
 

Chapter 1 
 

A Systematic Review of the Co-occurrence of Gaming Disorder and other 

Potentially Addictive Behaviours 
 

Introduction 

Research has begun to investigate the negative consequences of problematic video gaming in an effort 

to improve screening, assessment, definition and treatment of the disorder (Kuss et al., 2013; Tsitsika et al., 2014; 

Yau et al., 2012). Such work has contributed to the American Psychiatric Association (APA) (American 

Psychiatric Association, 2013) including Internet Gaming Disorder (IGD) as a form of behavioural addiction 

(warranting further investigation) in the latest (fifth) edition of the Diagnostic and Statistical Manual of Mental 

Disorders (DSM-5) in ‘Section 3’ (‘Emerging measures and models’). The World Health Organization (2019) has 

also recognized ‘Gaming Disorder’ (GD) as an official disorder with addiction like properties in the eleventh 

revision of the International Classification of Diseases (ICD-11).  

Prior to the inclusion of GD in the DSM-5 and ICD-11, several other terms were used to describe 

problematic video gaming including videogame addiction, pathological video gaming, gaming use disorder, and 

gaming use dependency (Estévez et al., 2017; Griffiths & Meredith, 2009; Grüsser et al., 2007; Lemmens et al., 

2011a). Further confusing the issue, online problematic gaming has also been included within the umbrella terms 

of internet addiction, problematic internet use, and pathological internet use (Brand et al., 2014; Király et al., 

2014; Yung et al., 2015). However, the internet addiction umbrella term encompasses several other problematic 

online activities, such as online gambling, online sex, social media use, and online shopping (Kuss & Billieux, 

2017). In order to maintain consistency throughout the present review, the term ‘disordered gaming’ will be used 

to describe a range of similar and/or overlapping addictive, compulsive, and/or problematic gaming behaviours. 

When referring to clinically defined cases, the term ‘GD’ will be used, in line with DSM-5 and ICD-11. 

Furthermore, in relation to other potentially addictive behaviours, the term ‘problematic’ will be used to describe 

sub-clinical conditions that do not fully meet all the criteria in the DSM-5 or ICD-11 (e.g., problematic gambling), 

while the term ‘disordered’ will be used to describe clinical conditions that meet the requisite criteria in the DSM-

5 and ICD-11. 

There has been a growing body of research suggesting that disordered gaming is associated with a 

number of other mental health disorders, such as depression (King et al., 2013), anxiety (Adams et al., 2019), 

problematic substance use (Ko et al., 2008), and personality disorders (Schimmenti et al., 2017). However, an 

understudied area in this field is the co-occurrence of disordered gaming with other potentially addictive 

substances and behaviours. Within the present review, co-occurrence refers to when two or more potentially 

addictive behaviours (behavioural and/or substance) are engaged in concurrently. For example, in a systematic 

review on the prevalence of eleven different types of addictions, it was estimated that approximately 10% of adults 

with internet addiction may experience another concurrent problematic behaviour or substance use (e.g., alcohol 

use or dependence or gambling addiction (Sussman et al., 2011).  
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Evidence supports the co-occurrence of addiction for both substances and behaviours (i.e., the presence 

of a behavioural addiction increases the propensity for addiction to develop for other behaviours). Indeed, this 

may create a cycle of reciprocity, wherein mutual exacerbation occurs between two or more problematic 

behaviours (Gossop, 2001; Haylett et al., 2004; Martin et al., 2014). Moreover, those who do experience co-

occurring problematic and addictive behaviours are at higher risk of poor mental health (e.g., depression) and 

physical health (Burleigh et al., 2018; Martin et al., 2014; Urbanoski et al., 2007).  

In addition, co-occurring problematic behaviours interact to aggravate clinical symptoms, which can 

complicate accurate assessment and treatment of other psychiatric disorders (Najt et al., 2011). Likewise, 

disordered gaming may mask problematic substance use which could hinder diagnostic assessment. Alternatively, 

disordered gaming may aggravate problematic substance use, causing symptoms of both to alternate which can 

impact treatment efficacy (Freimuth et al., 2008). This highlights that the assessment and treatment of GD should 

have a broader focus by not only considering the presenting primary problematic behaviour or substance use and 

symptoms, but also any potential co-occurring addictive behaviours or substance use, which may enforce a cycle 

of reciprocity.  

Consequently, clinicians need to be aware of how potentially addictive behaviours influence or enforce 

various aspects of a primary problematic behaviour (e.g., disordered gaming), and be aware of how co-occurring 

addictions may impact the onset, course, and outcomes of interventions. Previous literature has demonstrated that 

the prevalence of co-occurring addictions can be high (Sussman et al., 2011), suggesting that studies which 

consider addiction as only comprising one specific behaviour may be limited in ecological invalidity because 

individuals have more complex and varied histories of disordered behaviours and co-occurrence (Gossop, 2001).  

Although there has been one previous comprehensive review investigating the co-occurrence of eleven 

behavioural and substance addictions, this mainly evaluated US studies, did not examine disordered gaming, and 

was written almost a decade ago (Sussman et al., 2011). Furthermore, this review was limited to clinical measures 

in relation to co-occurrence, and did not consider any proxy measures (e.g., time spent engaging in the activity as 

an indication of problematic or disordered behaviour). Consequently, given the large increase in research 

examining disordered gaming in the past decade, there is a need for a contemporary systematic review examining 

the co-occurrence of GD with other potentially addictive behaviours. While several studies have considered the 

impact of co-occurrence of neurodevelopmental and mood disorders on the onset, course, and maintenance of GD 

(Ko et al., 2012), there is limited integrative research examining addiction comorbidities. Furthermore, failure to 

integrate treatments which consider co-occurring addictions may lead to a ‘ping pong effect’, wherein an 

individual may bounce back and forth between problematic or disordered behaviours and/or substance use and 

treatment programs (Yakovenko & Hodgins, 2018). 

There are several studies within the behavioural and substance addiction literature that support the 

efficacy and benefits of treating co-occurring addictions concurrently (Burdzovic Andreas et al., 2015; Morisano 

et al., 2014). Therefore, in order to integrate contemporary research, it is important to conduct a review 

highlighting extant findings concerning the co-occurrence of addictive behaviours, which specifically consider 

problematic and disordered gaming. This may aid in the development of effective models that identify and aid 

clinicians to treat disordered gaming alongside other co-occurring addictive behaviours. 
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The primary goal of the present study was to review empirical research over the past decade, providing 

up-to-date information that considers the impact of addiction to other behaviours on GD, and to provide 

recommendations for future research. More specifically, the aims of the present review were to: (i) determine the 

co-occurrence of potentially addictive behaviours with problematic and disordered gaming, and to (ii) elucidate 

the potential risk factors in the development and maintenance of co-occurrence within GD.  

Methods 

A systematic review was employed to examine the co-occurrence of potentially addictive behaviours 

with disordered gaming. A systematic review contains key elements, such as an overview of the literature, 

summary of the findings, dissemination of outcomes, and identification of gaps in the literature (Siddaway et al., 

2019). The present review utilized a five-stage model of conducting a rigorous systematic review, which included 

(i) identifying the research question, (ii) identifying relevant studies, (iii) study selection, (iv) dissemination of 

outcomes, and (v) summarizing and reporting the results (Siddaway et al., 2019).  

The inclusion criteria for the present review were as follows: (i) empirical studies containing primary 

data, (ii) studies that assessed the co-occurrence of and potential ‘cross-addiction’ or ‘addiction hopping’ within 

the problematic or disordered gaming literature; (iii) studies published in peer-reviewed journals, (iv) written in 

English, and (v) published within the past decade. ProQuest, Scopus, and Web of Science were searched, including 

the following databases: PsychARTICLES, PsychINFO, Scopus, Web of Science Core Collection, and MEDLINE. 

The search included a number of terms related to disordered gaming that have been used over the past decade. In 

addition to this, several terms were developed to explore cross-addiction and co-occurrence in the behavioural 

addiction literature, which led to the following search strategy: (patholog* OR problem* OR addict* OR 

compulsive OR dependen* OR disorder* OR excess*) AND (video gam* OR computer gam* OR internet gam* 

OR online gam*) AND (“cross addiction” OR “addiction hopping” OR “expression hopping” OR “substitution 

hypothesis” OR “switching hypothesis” OR "co-occur*” OR comorbid* OR “dual diagnosis”). Each study’s title, 

abstract, and paper content were screened for eligibility. The full texts of potentially relevant studies were 

retrieved and screened for eligibility.  

The literature search was conducted between November 2018 and January 2019. A total of 4160 papers 

were identified in the initial search. The ProQuest database contained 2507 papers (PsychARTICLES n=1749; 

PsychINFO n=799); Scopus contained 1271 papers; and Web of Science contained 341 papers. Duplicate studies 

were removed, leaving a total of 3915 papers. These papers had their journal of publication, titles, and abstracts 

screened, resulting in the exclusion of 3845 papers that were not relevant to the present review, leaving a total of 

70 papers, which were eligible for further review. Of these, 54 were excluded as they were not written in English 

(n = 3), did not assess disordered gaming (n = 15), did not assess cross-addiction or co-occurrence (n = 16), did 

not consider disordered gaming in conjunction with another behavioural or substance addiction/disorder (n = 17), 

or were review papers (n = 3). The remaining 16 papers were considered eligible for further analysis as they met 

all the inclusion criteria. Furthermore, four additional relevant papers were included from the reference lists of 

the identified papers, bringing the total to 20 papers. The present paper followed the Preferred Reporting Items 

for Systematic Reviews and Meta-Analyses guidelines (PRISMA statement; Moher, et al. 2009), which includes 

the use of a PRISMA flow diagram (see Figure 1).  
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Figure 1 

 

Flow Diagram of Paper Selection Process for the Systematic Review  

 

Results 

The 20 papers that met the inclusion criteria were divided into specific categories. A total of 16 papers 

were considered as papers that had assessed co-occurrence prevalence of problematic or disordered gaming with 

other addictive behaviours and had explored their commonalities with various related and/or unrelated risk and/or 

protective factors. Of these 16 papers, ten were categorized as ‘prevalence of co-occurrence in GD and other 

potentially addictive behaviours.’ The papers within this category each featured validated psychometric measures 

which provided an indication of severity risk for disordered gaming and other potentially addictive behaviours. 

The other six papers that assessed prevalence were categorized as ‘proxy indicators of GD prevalence and other 

potentially addictive behaviours’. Unlike the papers in the first category, these papers did not use psychometric 

measures as a tool to assess severity for both problematic or disordered gaming and the co-occurring problematic 
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or disordered behaviour and/or substance use. Instead, these studies assessed the frequency of the behaviour (e.g., 

sexual activity; ‘how many times have you engaged in sexual activity in the last week?’) or the consumption of 

substance (e.g., number of alcoholic drinks; ‘How many alcoholic drinks have you had in the past week?’) as an 

indicator of use and assessment. The remaining four papers were categorized as ‘assessing the etiology of 

disordered gaming and other potentially addictive behaviours. These papers investigated specific relationships 

between GD and the mechanisms which may contribute to the understanding of the development, maintenance, 

or exacerbation of GDs with other potentially addictive behaviours (e.g., coping strategies and personality factors). 

Prevalence of Gaming Disorder Co-occurrence with Other Addictive Behaviours  

Of the ten studies examining prevalence (Andreassen et al., 2013; Erevik et al., 2019; Király et al., 2014; 

2018; Mérelle et al., 2017; Monacis et al., 2017; Müller et al., 2015; 2017; Pontes, 2017; Ream et al., 2011), six 

examined adult populations (e.g., general populations), three examined adolescent populations (e.g., middle 

school students; see Table 1), and one examined both adolescents and adults. Six (Erevik et al., 2019; Lee et al., 

2018; Mérelle et al., 2017; Müller et al., 2015; Na et al., 2017; Ream et al., 2011) of these studies focused on the 

co-occurrence of GD with problematic substance use (i.e., nicotine and cannabis use) and alcohol use. While there 

has been some exploration of other potentially addictive behaviours, such as buying, phone use, eating, gambling, 

exercise, sexual behaviour, and social media use, these were usually a part of a larger investigation of substance 

use or disordered substance use, which did not consider disordered gaming as the primary focus. Consequently, 

their findings lack nuanced consideration of disordered gaming and the wider implications within the gaming 

studies field. four studies (Andreassen et al., 2016; Király et al., 2014; Monacis et al., 2017; Pontes, 2017) 

investigated the co-occurrence of GD with other ‘technological addictions’ (e.g., social media addiction and 

internet addiction).  

Prevalence was investigated in eight geographical locations, including Norway (n=2) (Andreassen et al., 

2013; Erevik et al., 2019), Hungary (n=1) (Király et al., 2014), Netherlands (n=1) (Mérelle et al., 2017), USA 

(n=2) (Lee et al., 2018; Ream et al., 2011), Italy (n=1) (Monacis et al., 2017), Germany (n=1) (Müller et al., 2015), 

South Korea (n=1) (Na et al., 2017), and Portugal (n=1) (Pontes, 2017). Sample sizes ranged from 128 to 21,053 

participants. However, the type of surveyed populations was relatively narrow, with the majority of the studies 

considering school students (n=5), and to a lesser degree the general population (n=3) (see Table 1). 



  

 7 

Table 1 

 

Prevalence Rates of Co-occurrence of Problematic and Disordered Gaming Using Psychometric Measures 

 

Paper Aims Sample Behaviour/ 

Substance 

Instruments Results/Outcomes 

Andreassen et 

al., 2016 

(Andreassen 

et al., 2016) 

To investigate the associations 

between disordered use of 

technologies and comorbid 

psychiatric disorders 

Norwegian 

Population; n= 

23,533 (M=35.8; 

SD=13.3) 17 to 88 

years of age.  

 

- Social 

Networking 

Site (SNS) 

addiction 

 

-Videogame 

Addiction 

 

Bergen Facebook Addiction Scale  

(Andreassen, Torsheim, et al., 2012) 

(BFAS; 6 item); Game Addiction Scale 

for Adolescents (Lemmens et al., 2009) 

(GASA; 7 item); The Adult ADHD Self-

Report Scale (Kessler et al., 2005) 

(ASRS-Version 1.1; 18 items); The 

Obsession-Compulsive Inventory-

Revised (Foa et al., 2002) (OCI-R; 18 

item); Hospital Anxiety and Depression 

Scale (Bjelland et al., 2002) (HADS; 14 

item) 

 

- There was a weak 

interrelationship between SNS 

addiction and disordered gaming 

 

- Results suggest that internet use 

disorder as a unified concept is 

not warranted as there are enough 

differences and motivations 

between SNS addiction and 

disordered gaming to warrant 

separate classifications 

  

Erevik et al., 

2019 (Erevik 

et al., 2019) 

To investigate the levels of 

problems associated with 

gaming/gaming investment and 

problematic alcohol use. 

 

Norwegian 

university student 

population; n= 

5217 (M=25.8)   

- Problematic 

Gaming 

 

- Problematic 

Alcohol use 

 

Gaming Addiction Scale for 

Adolescents (Lemmens et al., 2009) 

(GASA; 7 item); Alcohol Use Disorder 

Identification Test (Babor et al., 2001) 

(AUDIT; 10 item); Mini-International 

Personality Item Pool (Donnellan et al., 

2006) (Mini-IPIP; 20 item); Hopskins 

Symptoms Checklist (Derogatis et al., 

1974) (HSCL-25; 25 item) 
 

- Low level gaming and 

problematic alcohol use co-occur 

 

- High levels of gaming act as a 

protective factor for problematic 

alcohol use 

 

 

Kiraly et al., 

2014 (Király 

et al., 2014) 

 

To examine the interrelation and 

the overlap between problematic 

internet use (PIU) and 

problematic online gaming 

(POG) in terms of sex, school 

achievement, time spent using the 

Internet and/or online gaming, 

psychological well-being, and 

preferred online activities. 

Hungarian 

nationally 

representative 

sample of 

adolescent gamers; 

N= 2,073 (M=16.4, 

SD=0.87) 

- Problematic 

Internet Use  

 

- Problematic 

Online 

Gaming 

Problematic Online Gaming 

Questionnaire Short-Form   (Pápay et 
al., 2013) (POGQ-SF; 12 item); 

adapted Internet Use Questionnaire 
(Demetrovics et al., 2008) (PIUQ-6; 6 

items); short-form Center of 

Epidemiological Studies Depression-

Scale (Radloff, 1977) (CES-D; 6 item); 

- 4.3% of the sample experienced 

problematic gaming; 8.8% 

experienced problematic internet 

use; and 6.7% experienced both 

problematic gaming and 

problematic internet use 

 

- Internet use was a common 

activity among adolescents; 
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 Rosenberg’s Self-Esteem Scale (Winch & 

Rosenberg, 2006) (RSES; 10 items) 

online gaming was engaged in by 

a much smaller group 

 

- POG and PIU appear to be two 

conceptually different behaviours, 

thus providing evidence that 

Internet addiction and IGD are 

separate nosological entities 

 

Lee et al., 

2018 (Lee et 

al., 2018) 

To explore the relationship of 

various correlates of problematic 

and disordered gaming  

 

Adult Sample, 

n=2801; 18-57 

years (M=22.43, 

SD=4.70) 

- Nicotine / 

Nicotine 

 

- Internet 

Addiction 

 

-Problem 

Videogame 

Playing (PVP) 

 

Internet Addiction Scale (Young, 1998) 

(20 items); Problem Videogame Playing 

Scale (Tejeiro Salguero & Bersabé 

Morán, 2002) (8 items); Conners' Adult 

ADHD Rating Scale-Self-Report 

(Conners et al., 1999) (26 items); 

Smoking Behaviour and Video Game 

Use (2 items) 

 

- ADHD symptomatology, 

smoking behaviour, and the 

amount of video game use have a 

significant effect on PVP 

 

- For every additional cigarette 

smoked, an individual’s 

problematic gaming score 

increased by 0.022 (p<.05). 

 

- Smoking and PVP had a 

significant positive correlation 

 

Mérelle et al., 

2017 (Mérelle 

et al., 2017) 

To identify which health related 

problems are most important for 

adolescents that are at risk for 

problematic gaming or social 

media use. 

 

Dutch Adolescent 

Sample; n=21053 

(M=14.4, SD=1.3).  

- Smoking 

 

- Alcohol 

 

- Cannabis 

 

- Problematic 

gaming 

Problematic Video-gaming Use 

(Meerkerk et al., 2008) (6 items); 

Problematic Social Media Use (van 

Rooij et al., 2015) (6 items); General 

Health (DeSalvo et al., 2006) (1 item); 

Strengths and Difficulties Questionnaire 

(Muris et al., 2003) (25 items); Life 

Events (2 items); Lifestyle Questionnaire 

(American Academy of Pediatrics. 

Committee on Public Education, 2001; 

Kemper et al., 2000; Martens et al., 2005) 

(13 items); Substance Use (4 items) 

 

- Smoking is strongly associated 

with Problematic Video Gaming 

 

- A substantial number of 

adolescents reported some 

(addictive) problems with gaming 

(5.7%) or social media use (9.1%) 

 

- There is a weak association with 

substance use 

 

Monacis et al., 

2017 

(Monacis et 

al., 2017) 

To investigate the extent to which 

identity styles and attachment 

orientations account for three 

Italian Students; 

n=712 (M=21.63; 

SD=3.90). 

- Internet 

 

Italian Internet Addiction Test 

(Fioravanti & Casale, 2015; Young, 1998)  

(IAT; 20 items); Internet Gaming 

Disorder Scale-Short Form (Monacis, 

- Internet addiction, online 

gaming addiction, and social 

media addiction were interrelated 
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types of disordered online 

behaviour 

Split into two 

groups: Adolescent 

(n=267; M=18.22, 

SD=1.04) and 

Adults (n=445; 

M=23.67, 

SD=3.55)  

 

- Internet 

Gaming 

Disorder 

 

- Social Media 

 

Palo, et al., 2016; Pontes & Griffiths, 

2015) (IGDS9-SF; 9 items); Bergen 

Social Media Addiction Scale 

(Andreassen, Torsheim, et al., 2012) 

(BSMAS; 6 items); Revised Identity 

Style Inventory (Monacis, de Palo, et al., 

2016) (ISI-5; 36 items); Attachment Style 

Questionnaire (Fossati et al., 2003) (ASQ; 

40 items) 

 

and predicted by common 

underlying risk factors 

 

- Online gaming addiction was 

associated with two identity risk 

factors: informational and diffuse-

avoidant identity style.  

 

Müller et al., 

2015 (Müller 

et al., 2015) 

To assess how many participants 

were at risk for Exercise 

Dependence (EXD) and if the 

rates differ by gender. Also, to 

explore the correlations between 

symptoms of EXD and various 

correlates and the differences in 

behaviour in men and women. 

 

 

German Sample; 

n=128; 18 years 

and over (M=26.5, 

SD=6.7) 

 

- Exercise 

Dependence 

(EXD) 

 

- Eating 

Disorder 

 

- Pathological 

Buying 

 

- Hypersexual 

Behaviour 

 

- Alcohol Use 

Disorder 

 

- Pathological 

video gaming 

 

Exercise Dependence Scale 

(Hausenblas & Downs, 2002; Müller 

et al., 2013) (21 items); Eating 

Disorder Examination 

Questionnaire (Fairburn & Beglin, 

1994; Hilbert et al., 2012) (28 items); 

Compulsive Buying Scale (Faber & 

O’Guinn, 2002; Mueller et al., 2010) (7 

items); Assessment of Pathological 

Computer-Gaming (Wölfling et al., 

2011) (15 items); Hypersexual 

Behaviour Inventory (Klein et al., 2014; 

Reid, Li, Gilliland, et al., 2011) (15 item); 

Alcohol Use Disorders Identification 

Test (Babor et al., 2001; Dybek et al., 

2006) (10 items) 

- 7.8% of the sample were at-risk 

for EXD, 10.9% reported eating 

disorder pathology, 2.3% 

pathological buying, 3.1% 

hypersexual behaviour, and none 

of the participants suffered from 

pathological video gaming 

 

- EXD symptoms were positively 

correlated with both eating 

disorder pathology and 

pathological buying, but not with 

pathological video gaming 

 

- Eating Disorder pathology was 

found to be positively correlated 

with pathological video gaming 

 

Na et al., 2017 

(Na et al., 

2017) 

To investigate videogame usage 

patterns and clinical 

characteristics of Internet Gaming 

Disorder (IGD), Alcohol Use 

Disorder (AUD), and their 

comorbid status within a large 

sample size 

 

South Korean 

Adults n=1819; 

20s-40s  

 

- Alcohol 

(AUD) 

 

- Internet 

Gaming 

Disorder 

DSM-5 Internet Gaming Disorder 

Criteria (9 items); Alcohol Use 

Disorders Identification Test (So & 

Sung, 2013) (10 items); Dickman 

Impulsivity Scale (Dickman, 1990) (23 

items); Brief Self-Control Scale (Won & 

Han, 2018) (13 items); Symptom Check-

List 90 Items-Revised (Kim et al., 1984) 

(23 items [Depression 13 items, and 

Anxiety 10 items]); Behavioral Inhibition 

- 14.1% of participants presented 

with problematic gaming 

 

- 37.9% of participants presented 

with problematic alcohol use 

 

- 21.2% of participants 

experienced both problematic 

alcohol use and internet game use  
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System/Behavioral Approach System 

Scale (K. Kim & Kim, 2001) (20 items) 

- The Comorbid group had higher 

smoking rates (44.8%) compared 

to the alcohol group (31.6%) or 

problematic gaming group (26%) 

 

- The comorbid group had 

significantly higher AUDIT-K 

scores than that of the AUD group 

 

Pontes, 2017 

(Pontes, 2017) 

To investigate the interplay 

between SNS addiction and IGD 

and to ascertain how they can 

uniquely and distinctively 

contribute to increasing 

psychiatric distress when 

accounting for potential effects 

stemming from 

sociodemographic and 

technology-related variables. 

 

Middle School 

Portuguese Sample 

n=700; 10-18 years 

(M=13.02, 

SD=1.64) 

 

- Social 

Networking 

Sites 

Addiction 

(SNS) 

 

- Internet 

Gaming 

Disorder 

(IGD) 

 

Bergen Facebook Addiction Scale 

(Andreassen et al., 2016) (6 items); 

Internet Gaming Disorder Short-Form 

(Pontes & Griffiths, 2015) (9 items); 

Depression, Anxiety, and Stress Scale 

(Lovibond & Lovibond, 1995) (21 items) 

 

- SNS is correlated with the 

symptoms of IGD 

 

- IGD is correlated with the 

symptoms of SNS 

 

 

Ream et al., 

2011 (Ream et 

al., 2011) 

To investigate if videogame 

engagement while using 

substances contributes to 

substance abuse problems 

American Sample 

n=2885; Over 18 

years and over 

(M=40.4, SD=15.7) 

 

- Caffeine 

 

- Nicotine 

 

- Alcohol 

 

- Cannabis 

 

- Problem 

Videogame 

playing 

behaviour 

 

National Survey of Drug Use-based 

questionnaire (46 items); Consumer 

Involvement in Video Games; Problem 

Video Game Play (Tejeiro Salguero & 

Bersabé Morán, 2002) (10 items) 

 

- Problem Play significantly 

correlated to problematic: 

Caffeine, Tabaco, alcohol, 

cannabis use. Males consumed 

more caffeine and alcohol, while 

females consumed more nicotine 

 

- There is a potential for “drug 

interaction” between self-

reinforcing behaviours and 

addictive substances, with 

implications for the development 

of problem use. 

 

- Statistical models suggested that 

gaming an enthusiastic hobby 

(i.e., video game play frequency, 

enjoyment, and consumer 

involvement) could potentially be 



  

 11 

a third variable that was 

associated with co-occurring use 

of caffeine, nicotine, and alcohol 

and problematic gaming 

Note. Items in bold represent relevant measures; SNS is Social Networking Site; POG is Problematic Online Gaming; PIU is Problematic Internet Use; EXD is Exercise 

Dependence; AUDIT-K is Alcohol Use Disorders Identification Test – Korea; AUD is Alcohol Use Disorder; IGD is Internet Gaming Disorder.
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Six studies investigated the prevalence of problematic or disordered gaming within adult populations. 

Lee et al. (Lee et al., 2018) investigated the relationship between Attention Deficit Hyperactivity Disorder 

(ADHD), cigarette smoking, problematic gaming, and the frequency of playing videogames in an online American 

adult sample (N=2801). Their results suggested that ADHD, cigarette smoking, and frequency of playing 

videogames had a significant effect on problematic gaming. This finding was consistent with previous studies, 

such as Ream et al.’s study (2011), who found a significant correlation with nicotine, alcohol, caffeine, cannabis 

use, and problematic videogame use in a large American sample of adult gamers (N=2885). Furthermore, among 

gamers, 64% used caffeine and 41% of those caffeine users had consumed caffeine while gaming; 26% of their 

sample used nicotine and 61% of smokers had smoked cigarettes while gaming; 34% of participants consumed 

alcohol, and 38% of those had drank alcohol while gaming; and 5.6% of their sample smoked cannabis and 80% 

of those had smoked cannabis while gaming. 

Similarly, Na et al. (2017), surveyed South Korean adults (N=1819) online, and found that 21% 

experienced both problematic alcohol use (i.e., scoring over 20 on the Korean version of Alcohol Use Disorders 

Identification test [AUDIT-K]) and problematic gaming. This group also had higher cigarette smoking rates 

(44.8%) than participants in the problematic alcohol group (31.6%) or problematic gaming group (26%), which 

is consistent with the American sample above. Furthermore, their results indicated that those participants who 

reported both drinking alcohol and gaming demonstrated higher scores on psychometric tests (which indicated 

poorer mental health outcomes) than any other group (i.e., control, alcohol group, and gaming group), lending 

support to the notion that co-occurring substance use and activities and potentially addictive behaviours are 

associated with maladaptive clinical outcomes (Na et al., 2017).  

Müller et al. (2015) investigated Exercise Dependence (EXD) in a German sample of participants 

attending a fitness center (N=128). Their results found that out of the ten males (7.8%) who were at risk of 

developing EXD, two experienced problematic gaming. One participant was at risk of an eating disorder and at 

risk of problematic gaming, while the other had problematic alcohol use and problematic gaming, and at-risk 

pathological buying. While this example is not statistically significant, it does illustrate that problematic gaming 

can co-occur with other potentially addictive behaviours. Moreover, the research indicates that problematic or 

disordered gaming does not always co-occur with problematic substance use.  

In a Norwegian university sample (N=5217), Erevik et al. (2019) reported that 44.9% of participants who 

had low engagement in gaming were more likely to experience the co-occurrence of problematic alcohol use than 

those who did not play video games (46.1%; however, this difference became non-significant when controlling 

for demographic variables, personality, and mental health); while the 4% of participants who experienced high 

levels of videogame engagement were found to be less likely to experience problematic alcohol use. A larger 

Norwegian online survey by Andreassen et al. (Andreassen et al., 2016) sampled 25,533 participants and found 

that 7% experienced problematic gaming and 13.5% experienced problematic social media use. Furthermore, 

there was a positive association between symptoms of problematic gaming and problematic social media use, 

demonstrating common risk factors (e.g., impulsive personality, comorbid psychopathology) and the potential for 

co-occurrence. This finding was corroborated in a study by Monacis et al. (Monacis et al., 2017) which considered 

the commonalities in shared identity styles in co-occurring online behaviours. In their sample of university 

students (N=445) aged over 20 years, they found that social media addiction and GD shared common identity 
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styles (i.e., informational and diffuse-avoidant), further demonstrating the potential for these problematic 

behaviours to co-occur. 

However, disordered gaming and problematic substance use are not limited to the adult population. 

Similar results have been found in adolescent populations. For example, in a large survey of 21,053 Dutch 

adolescents by Mérelle et al. (2017), 5.7% of the sample reported some problematic gaming (5.7%) and 9.1% 

reported problematic social media use. Smoking cigarettes was strongly associated with problematic gaming. 

Although their results suggested a high co-occurrence of problematic social media use and smoking cigarettes 

with problematic gaming, there was a weak association with other substance use.  

Pontes (2017) investigated how disordered gaming and social media addiction uniquely contributed to 

psychological distress, and how these behaviours associated with distress when they co-occurred in a population 

of Portuguese middle school students (N=700). The results demonstrated that both disordered gaming and social 

media addiction appear to be associated with the symptoms of each other when they co-occur and contribute to 

deterioration of psychological health as indicated by increased scores on depression, anxiety, and stress scales. In 

Király et al.’s nationally representative study (Király et al., 2014), of 2,073 adolescents, 4.3% experienced 

problematic gaming, 8.8% experienced problematic internet use, and 6.7% experienced both problematic 

videogame use and internet use. Their results demonstrated an overlap in problematic internet use and problematic 

gaming but verified that these are two distinct problematic behaviours that have the potential to co-occur with one 

another, and which may influence problematic internet use and/or problematic gaming (Pontes, 2017).  

Proxy Indicators of Prevalence of Gaming Disorder and Other Potentially Addictive Behaviours 

Other studies have focused on prevalence of disordered gaming and other potentially addictive 

behaviours using proxy indicators (e.g., using number of alcoholic drinks consumed per day or per week to assess 

severity of alcohol use). Of the six studies that assessed proxy measures of potentially addictive behaviours 

(Gallimberti et al., 2016; Ivory et al., 2017; Konkolÿ Thege et al., 2016; McBride & Derevensky, 2017; Škařupová 

et al., 2018; van Rooij et al., 2014) (Table 2), two studies (Jiang & Shi, 2016; Konkolÿ Thege et al., 2016) 

examined general adult populations (e.g., national surveys) using proxy indictors of problematic use, two 

(McBride & Derevensky, 2017; Škařupová et al., 2018) considered both adolescents and adults, while the latter 

two (Gallimberti et al., 2016; van Rooij et al., 2014) examined adolescent populations (e.g., secondary school 

students). A total of five of six studies (Gallimberti et al., 2016; Ivory et al., 2017; Konkolÿ Thege et al., 2016; 

Škařupová et al., 2018; van Rooij et al., 2014) using proxy measures investigated alcohol use and substance use, 

while four considered smoking cigarettes (Gallimberti et al., 2016; Konkolÿ Thege et al., 2016; Škařupová et al., 

2018; van Rooij et al., 2014), and one investigated gambling (McBride & Derevensky, 2017). The geographical 

locations also varied with papers based in the US (n=2) (Ivory et al., 2017; van Rooij et al., 2014), Italy (n=1) 

(Gallimberti et al., 2016), Canada (n=1) (Konkolÿ Thege et al., 2016), the Czech Republic (n=1) (Škařupová et 

al., 2018), and France (n=1) (McBride & Derevensky, 2017)
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Table 2 

 

Prevalence Rates of Co-occurrence of Problematic and Disordered Gaming Using Proxy Indicators 

 

Paper Aims Sample Behaviour/ Substance Instruments Results/Outcomes 

Gallimberti et al., 

2016 (Gallimberti et 

al., 2016) 

The aim of the study was 

to investigate the 

association between 

problematic gaming and 

substance abuse in 

children and young 

adolescents 

 

Italian Students; 

n=1156 (M= 12.03, SD 

=1.03) 

- Alcohol 

 

- Smoking 

 

- Cannabis 

 

- Problematic Use of Video 

Games (PUVG) 

Pinocchio Survey (136 

items - Family, Peer, 

Personality, and 

behaviour domain 

factors [which included 

Smoking, Alcohol, 

Energy Drink 

[Caffeine], and 

Cannabis);  

Problematic Use of 

Video Games scale 

(adapted from the 

DSM-5; 6 items) 
(American Psychiatric 

Association, 2013)   

  

- Smoking (nicotine & cannabis), 

alcohol, and energy drink 

consumption are associated with 

PUVG 

 

 

Ivory et al., 2017 

(Ivory et al., 2017) 

To explore the potential 

role videogames may 

have on the unique health 

risk environment of 

college and university 

campuses. To predictions 

of the risk, incapacitation, 

and inconsequential 

approaches to the possible 

role of video games 

 

US college students; 

n=533 (18 and over; M 

= 25.02, SD = 5.67) 

- Alcohol 

  

- Substance use  

 

- Disordered eating 

 

- Exercise 

 

- Weekly videogame use 

Adapted and 

amalgamated version 

of the National College 

Health Risk Behaviour 

Survey and the 

National College 

Health Assessment (24 

items) 

 

- Video game play was largely 

unrelated to disordered exercise, 

nicotine, and other substances 

 

- Video game play was related to 

higher weight, but reduced rates 

of disordered eating 

 

      

Konkolÿ Thege et al., 

2016 (Konkolÿ Thege 

et al., 2016) 

To describe the 

prevalence of single 

versus multiple addiction 

problems in a large 

representative sample and 

to identify distinct 

General Canadian 

Sample; n=6000 (18 

and over; M=44.5, 

SD=15.1) 

- Alcohol 

 

- Nicotine 

 

- Marijuana 

 

Alberta Addiction 

Survey (Konkolÿ Thege 

et al., 2015) (10 items); 

Personal Wellbeing 

Index (8 Items) 

 

- 29.8% reported a problem use 

with one substance or behaviour; 

13.1% reported co-occurrence of 

two; 7.9% reported the co-

occurrence of three or more.  
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subgroups of people 

experiencing problematic 

or disordered behaviours.  

 

- Cocaine 

 

- Gambling 

 

- Eating 

 

- Shopping 

 

- Sex 

 

- Video Gaming 

 

- Work 

 

- Excessive video game playing 

frequently co-occurred with 

smoking, excessive eating and 

work 

 

- The highest co-occurring 

problem behaviours to the lowest 

(n=127): Work (37.2%), eating 

(36.6%), nicotine (31.1%), sex 

(14.1%), cannabis (13.5%), 

gambling (12.3%), shopping 

(4.9%), alcohol (1.2%), cocaine 

(0.6%) 

 

McBride et al., 2017 

(McBride & 

Derevensky, 2017) 

To examine 

commonalities between 

gambling behaviour and 

problematic gambling 

among video game 

players and between 

video game playing and 

addicted playing among 

gamblers 

 

French Canadian 

Student Sample; 

n=1229 (16-24 years 

old; M=18.69, 

SD=1,41) 

- Problem Gambling  

 

- Game Addiction 

Gambling Activities 

Questionnaire 

(McBride & 

Derevensky, 2009) (12 

items);  

Video Game Activities 

questionnaire (12 

items); Problem 

Gambling (American 

Psychiatric Association, 

2000) (12 items);  

Gaming Addiction 

Scale (Lemmens et al., 

2009) (21 items) 

 

- Video gaming was associated 

with gambling 

 

- 11.4% (4) of addicted gamers 

(n=35) experienced problem 

gambling 

Škařupová et al., 

2018 (Škařupová et 

al., 2018) 

To explore levels and 

patterns of online gaming 

while under the influence 

of various substances 

Czech Online Gamers; 

n=3952 (11-59 years) 

- Caffeine 

 

- Alcohol 

 

- Nicotine 

 

- Psychoactive 

pharmaceuticals 

 

- Illicit drugs  

Addiction 

Engagement 

Questionnaire 

(Charlton & Danforth, 

2007, 2010) (24 

items);  
Drug use while gaming 

(2 items) 

Caffeine was the most commonly 

co-occurring substance used by 

74.2%, followed by alcohol 

40.4%, nicotine 25.3%, and 

14.5% used illicit substances 

while gaming 

 

- Substance use was positively 

associated with intensity of 
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- Online Gaming Addiction 

 

gaming and both addiction and 

engagement 

 

 

van Rooij et al., 2014 

(van Rooij et al., 

2014) 

The current study 

explored the nature of 

problematic video gaming 

(PVG) and the association 

with game type, 

psychosocial health, and 

substance use 

 

Aggregated census 

data. Secondary School 

sample; n=8478 

- Cannabis 

 

 - Alcohol 

 

- Nicotine  

 

- Problematic Video 

Gaming 

(PVG) 

Video Game Addiction 

Test (van Rooij et al., 

2012) (14 item); 

Psychoactive 

Substance Use/Non-

Use; Self-Esteem Scale 

(M. Rosenberg, 1965) 

(10 items); Loneliness 

Scale (Russell et al., 

1980) (10 items); 

Depressive Mood List 

(Engels et al., 2001) (6 

items);  

Revised Social Anxiety 

Scale for Children (La 

Greca & Stone, 2005) 

(Subscales: Social 

Avoidance & Distress [6 

items] and Social 

Avoidance & Distress in 

General [4 items]); Self-

Reported educational 

Performance (1 item) 

- Higher scores on PVG indicated 

higher use of nicotine, alcohol and 

cannabis 

Note. Items in bold represent relevant measures; PUVG is Problematic Use of Video Games; PVG is Problematic Video Game Use
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In regard to prevalence within the adolescent populations, two studies showed a positive correlation 

between the frequency of video game use  and substance use, demonstrating a strong association (Gallimberti et 

al., 2016; van Rooij et al., 2014). More specifically, Gallimberti et al. (2016) found in their adolescent sample 

(N=1156) that 16.4% experienced problematic gaming, and within this cohort, 41.2% had smoked cannabis, 

23.2% had consumed an energy drink (i.e., caffeine), 21.7% had smoked a cigarette (i.e., nicotine), and 21.3% 

had drank alcohol (in their lifetime), demonstrating an  association between gaming and use of these substances.  

Van Rooij et al. (2014) also suggested that higher scores on the Video Game Addiction Test (VGAT; 

which assesses problematic videogame use) indicated an increase in frequency of substance use. Their research 

showed that 36.4% of online gamers in their sample (n=8478) consumed alcohol, 34% smoked cigarettes, and 

44.6% smoked cannabis. This is in line with studies that exclusively used psychometric measures to assess use 

and severity of other potential addictions. A similar trend was found in a large sample of Czech online gamers 

(N=3952) (Škařupová et al., 2018) which investigated gamers and the influence of psychoactive substances. They 

found that while gaming, caffeine was the most frequently used substance (74.2%), followed by alcohol (40.4%), 

nicotine (25.3%), and illicit substances (14.5%). 

Similarly, Konkolÿ Thege et al. (2016) surveyed 6000 adults and found that those who experienced 

problematic gaming (2.1%), 1.2% experienced problematic alcohol use, while 31.1% experienced problematic 

nicotine use, and 13.5% experienced problematic cannabis use. This was calculated using a single self-report 

question ‘Thinking back over your life, have you ever personally had a problem with [problematic behaviour or 

substance use]?’ with 3 possible responses – ‘No’, ‘Yes, but not in the past 12 months’, and ‘Yes, in the past 12 

months.’ Using this question, the researchers also considered potentially addictive behaviours that co-occur with 

disordered gaming. Their results suggested that 37.2% of their participants had experienced the co-occurrence of 

problematic work, 36.6% had experienced problematic eating behaviours (i.e., eating too little or too much), 

14.1% had experienced problematic sex (i.e., excessive sexual behaviour), and 12.3% had experienced 

problematic gambling. The latter finding was in line with a study by McBride et al. (2017), which reported that 

11.4% of disordered gamers within in their sample experienced problem gambling, and which is consistent within 

the wider literature (Kessler et al., 2008; Mcbride & Derevensky, 2012). Finally, a study by Ivory et al. (Ivory et 

al., 2017) on US college students (n=533) suggested that gaming was not significantly associated with nicotine or 

substance use. However, taken as a whole, the aforementioned studies tend to indicate that disordered gaming 

appears to frequently co-occur alongside problematic substance use, and there are complex associations between 

the co-occurring problematic substance use and potential behavioural addictions.  

Assessing the Etiology of Gaming Disorder and Co-occurring Potentially Addictive Behaviours 

Four (Andreassen et al., 2013; Estévez et al., 2017; Schneider et al., 2018; Walther et al., 2012) out of 

the 20 eligible studies identified for review were classified as etiological papers and defined as papers that 

attempted to explore the underlying mechanisms that may contribute to co-occurrence of GD with other 

potentially addictive behaviours and possible etiological pathways (see Table 3). These papers also have diverse 

geographical locations, including Norway (Andreassen et al., 2013), Spain (Estévez et al., 2017), Australia 

(Schneider et al., 2018), and Germany (Walther et al., 2012). 
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Table 3  

 

Cross-sectional Papers Assessing the Etiology of Disordered Gaming 

 

Study Aims Sample Behaviour/ Substance Instruments Results/Outcomes 

Andreassen et al., 

2013 (Andreassen et 

al., 2013) 
 

To investigate 

behavioural addictions 

and how they relate to the 

main dimensions of the 

five-factor model of 

personality 

Norwegian University 

Students; n=218 (M=20.7 

years; SD=3) 

- Facebook 

 

- Exercise 

 

- Mobile Phone Addiction 

 

- Compulsive Buying 

 

- Study Addiction 

 

- Videogame Addiction 

 

Bergen Facebook Addiction 

Scale (Andreassen, 

Torsheim, et al., 2012) 

(BFAS; 6 items); Game 

Addiction Scale for 

Adolescents (Lemmens et 

al., 2009) (GASA; 7 

items); Young’s 

Diagnostic 

Questionnaire (Young, 

1998) (YDQ; 8 items); 

The Exercise Addiction 

Inventory (Terry et al., 

2004) (EAI; 6 items); 

Mobile Phone Addiction 

Index (Leung, 2008) 

(MPAI; 8 items); 

Compulsive Buying Scale 

(Faber & O’Guinn, 2002) 
(CBS; 13 items); Study 

Addiction Scale 

(Andreassen, Griffiths, et al., 

2012) (7 items; adapted 

from the Bergan Work 

Addiction Scale); Revised 

NEO Five-Factor Inventory-

Revised (McCrae & Costa, 

2004) (60 items) 

 

- Conscientiousness was 

negatively associated with 

video game addiction. 

 

- Conscientiousness 

seems to be a protective 

factor for unproductive 

behavioural addictions 

(i.e., Facebook use, video 

gaming, Internet use, 

compulsive buying) 

 

- The distinction between 

unproductive and 

productive behavioural 

addictions bears some 

resemblance to the 

distinction between 

impulsive control 

disorders and OCD 

 

Estévez et al., 2017 

(Estévez et al., 2017) 

To examine the 

relationship of emotional 

regulation and 

attachment, with 

Spanish high school 

students; n=472  

(M=15.6, SD=1.33) 

- Video Game Addiction 

 

- Gambling Disorder 

 

Difficulties in Emotion 

Regulation Scale (Gratz & 

Roemer, 2004; Hervás, 

Gonzalo; Jódar, 2008) (28 

- Emotional regulation is 

predictive of all addictive 

behaviours 
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disordered substance use, 

disordered behaviours in 

adolescents and 

emerging adults  

 

-Problematic Internet Use 

 

- Alcohol Abuse 

 

- Substance Abuse 

items); Inventory of Parent 

and Peer Attachment 

(Armsden & Greenberg, 

1987; Gallarin & Alonso-

Arbiol, 2013) (Mother: 16 

items Father: 16 items; Peer: 

16 items); Multicage CAD-4 

(Pedrero Pérez et al., 2007) 

(Alcohol [4 items] & 

Substance Abuse [4 items] 

Subscales); Problematic 

Internet Use (Fargues et al., 

2009) (10 items); Video 

Game-related Experience 

Questionnaire (Chamarro et 

al., 2014) (17 items); South 

Oaks Gambling Screen for 

Adolescents (Winters et al., 

1993) (12 items) 

 

- Attachment is predictive 

of non-substance-related 

addictions 

 

- Males scored 

significantly higher in 

gambling disorder and 

videogame addiction 

Schneider et al., 2017 

(Schneider et al., 2018) 

To investigate Internet 

gaming disorder (IGD) in 

relation to coping, 

including emotion- and 

problem-focused coping 

styles 

 

Australian Students 12-

19 years; n=823 

(M=14.2, SD=1.4) 

- Internet Gaming Disorder 

 

- Substance abuse 

Internet Gaming Activities 

Survey; Internet Gaming 

Disorder Checklist (Petry et 

al., 2014) (12 items); Brief 

COPE (Carver et al., 1989) 

(28 items) 

 

- IGD was significantly 

correlated with denial and 

behavioural 

disengagement coping 

strategies 

 

- Age was positively 

associated with substance 

use coping  

 

Walther et al., 2012 

(Walther et al., 2012) 

To investigate co-

occurrence and shared 

personality 

characteristics of 

problematic computer 

gaming, problematic 

gambling and substance 

use 

German Students: 12-25 

years; n=2553 

- Problematic gaming 

 

- Problematic Gambling 

 

- Alcohol, nicotine, and 

cannabis use (proxy 

indicator) 

 

Substance Use Frequencies 

(3 items); South Oaks 

Gambling Screen - Revised 

for Adolescents (Winters et 

al., 1993) (12 items); Video 

Game Dependency Scale 

(Rehbein et al., 2010) (10 

items); Personality Factors 

(Kandel & Davies, 1982) 

- Alcohol, nicotine, and 

cannabis were all 

positively correlated 

 

- Problematic gambling 

and problematic gaming 

were positively correlated 
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(Each original scale was 

reduced to 4 items); Adapted 

Depression scale; Inventory 

of Impulsivity, Risk 

Behaviour and Empathy 

(Stadler et al., 2002); 

Personality Questionnaire; 

Scale for General Self-

Efficacy (Stadler et al., 

2002); Scale for self-efficacy 

in Social Situations (Stadler 

et al., 2002); Social Anxiety 

Scale for Children Revised 

(Melfsen, 1999); Rating 

Scale for Attention-

Deficit/Hyperactivity 

Disorder (Döpfner & 

Lehmkuhl, 1998); Rating 

Scale for Oppositional 

Defiant/Conduct Disorders 

(Döpfner & Lehmkuhl, 

1998); Loneliness-Scale 

(Döring & Bortz, 1993);  

Rosenberg-Self-Esteem-

Scale (von Collani & 

Herzberg, 2003); Satisfaction 

with Various Domains of 

Life (Schwarzer, 1999) 

 

- Problematic gaming co-

occurred with cannabis 

use 

 

- Problematic gambling 

co-occurred with alcohol, 

nicotine, and cannabis use 

 

- High impulsivity was 

associated with all five 

addictive behaviours 

 

 

Note. Items in bold represent relevant measures; IGD is Internet Gaming Disorder
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Dysfunctional coping strategies have been used to explore how underlying cognitive mechanisms 

contribute to the development and maintenance of co-occurring behavioural and substance addictions and 

understand aetiology. Schneider et al. (Schneider et al., 2018) utilized the Brief COPE (Carver, 1997) to assess 

different subdomains of coping styles  (i.e., a range of cognitive and behavioural responses that are utilized in 

stressful situations) (McMahon et al., 2013). They surveyed 823 Australian high school students (M=14.3, 

SD=1.4) and found that coping may play a pivotal role when considering co-occurring risk behaviours. They 

highlighted a tendency toward denial and behavioural disengagement coping styles – which were positively 

correlated with substance use – within those who scored higher on disordered gaming, suggesting that adolescents 

may employ avoidant coping strategies.  

In a sample of 472 Spanish students (aged 13-21 years), Estévez et al. (2017) assessed the relationship 

between emotional regulation and attachment in several addictive behaviours, including disordered gaming. The 

study found that attachment style was predictive of behavioural addictions, but not substance addictions. Poor 

peer attachment predicted gaming and gambling disorders, and poor maternal attachment predicted problematic 

internet use.  

With regard to personality, Andreassen et al. (2016) found that social media addiction, internet addiction, 

and GD were all negatively associated with conscientiousness among a small sample of Norwegian university 

students (n=218). Walther, Morgenstern and Hanewinkel (2012) also proposed that co-occurrence between 

substance and behavioural addictions could be explained via personality traits. Their results indicated that 

impulsivity and social anxiety were associated with substance users, gamblers, and gamers. The high 

impulsiveness trait (i.e., doing things without thinking them through) characterized individuals who engage in 

problematic substance use, problematic gambling, and problematic gaming. However, while low social anxiety 

was predictive of problematic substance use and problematic gambling, the reverse was true for problematic 

gaming, where those with high social anxiety were at higher risk for problematic gaming behaviour. It should also 

be noted that social anxiety has been associated with dysfunctional coping strategies (Schneider et al., 2018), 

which in turn has been implicated in addiction (Buckner et al., 2014; Gregg et al., 2014). Furthermore, the 

researchers noted that while problematic substance users have high co-occurrence to other addictions, each 

addiction to one substance showed associations with personality traits (i.e., high impulsivity and high 

extraversion) and mental health problems (e.g., high depression, low social anxiety). Problem gamers showed 

overlap in some of these traits (i.e., impulsivity and social anxiety) with problematic gamblers.  

Discussion 

The aim of the present paper was to review and describe the literature on co-occurrence within the field 

of gaming disorder (GD) published over the past decade. The review considered the prevalence rates in empirical 

studies that investigated the potential co-occurrence of potential behavioural addictions and/or substance use in 

those with GD. It also described the use of psychometrically validated assessment instruments and proxy measures 

in assessing prevalence rates, as well as the etiological studies that investigated the development and maintenance 

of co-occurrence of potentially addictive behaviours among those with GD.  

Ten papers considered GD and a co-occurring potential behavioural addiction and/or substance use and 

employed validated psychometric measures to assess the prevalence, frequency, and severity of the behaviours 
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studied. Six papers investigated adult populations (Andreassen et al., 2016; Lee et al., 2018; Müller et al., 2015; 

Müller & Montag, 2017; Na et al., 2017; Ream et al., 2011), four papers investigated adolescents (Király et al., 

2014; Mérelle et al., 2017; Pontes, 2017), and one considered both (Monacis et al., 2017).  

Ream et al. (2011) investigated a North American sample and found that of those who consume 

psychoactive substances (e.g., nicotine and/or coffee) also engaged in concurrent use of gaming. The surveyed 

literature also suggested that smoking nicotine or drinking alcohol can have an impact on problematic gaming 

scores (Lee et al., 2018; Na et al., 2017). The broader literature suggests an overlap between various substance 

and behavioural addictions, suggesting it is a relatively common occurrence (Sussman et al., 2011) among adults. 

Collectively the reviewed literature also demonstrates that adults who play video games engage in concurrent use 

of psychoactive substances, which may result in co-occurring problematic use and engagement in potentially 

addictive behaviours.  

The surveyed literature on adolescents also reflects a range of prevalence rates. In a nationally 

representative Hungarian sample, it was shown that 4.3% experienced problematic gaming, 8.8% experienced 

problematic internet use, and 6.7% experienced both problematic gaming and internet use (Konkolÿ Thege et al., 

2016). Andreassen et al.’s (2016) results suggest that 7% of Norwegian adults reported problematic gaming. A 

similar result was found among a Dutch sample, which reported  5.7% of their sample experienced some 

problematic gaming and 9.1% reported problematic social media use, both of which were strongly associated with 

nicotine consumption (Mérelle et al., 2017). Pontes (2017) had a similar finding in Portuguese middle school 

students, which suggested that the co-occurrence of problematic gaming and problematic social media use can 

lead to the deterioration of psychological health more so than either problematic behaviour on its own. The studies 

also suggest that disordered gaming shares underlying risk factors (e.g., identity styles; Monacis et al., 2017) with 

problematic social media use and internet addition, suggesting that co-occurring problematic behaviours may 

share common identity styles, which act as risk factors in the co-occurrence of problematic online behaviours (i.e., 

gaming, social media, and internet use).  

These results were consistent with the wider literature in regards to the association with potentially 

addictive behaviours and/or substance use (Smith et al., 2014; Tavolacci et al., 2013), while the findings 

concerning disordered gaming also showed parallels with other behavioural addictions and substance disorder 

fields (e.g., gambling; Griffiths et al., 2002; Griffiths & Sutherland, 1998). However, the variation in the 

consumption of substances or frequency of behaviours within the surveyed literature may indicate that traditional 

approaches in psychiatric comorbidities (Starcevic & Khazaal, 2017) and problem behaviour theory (Ko et al., 

2008) may not be a viable approach when assessing disordered consumption of substances and resulting 

behaviours. Gamers may instead be making pragmatic choices involving their consumption of substances, which 

may not be an indication of uncontrolled behaviour (Škařupová et al., 2018). For example, having increased 

amounts of caffeine or using ‘smart’ drugs could be used to provide a competitive edge while gaming, which 

could be particularly true for those who play games professionally (Dance, 2016). This may explain why illicit 

substance use (as opposed to legal substance use) varies in the surveyed literature, because it may be a choice by 

gamers to prolong their gaming with stimulants such as caffeine or nicotine (Ivory et al., 2017). However, gamers 

may choose to consume substances irrespective of videogame participation (Škařupová et al., 2018), which would 

explain the high rate of nicotine use (Konkolÿ Thege et al., 2016) and alcohol use (Müller & Montag, 2017) in 
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some samples of gamers. For example, if an individual is trying to quit smoking, they may increase their alcohol 

consumption (which has been associated with disordered gaming (Na et al., 2017)). In an attempt to offset their 

need for nicotine, they may engage in other potentially addictive behaviours (e.g., alcohol consumption), which 

may then co-occur with an addiction, such as GD. This suggests an underlying association with disordered 

substance use, which can be seen in other disordered behaviours, such as gambling disorder (Cunningham-

Williams et al., 2000; Goudriaan et al., 2006).  

Based on the empirical studies reviewed, problematic gamers consume a variety of substances while 

engaged in videogames. More specifically, while gaming, between 23.3%-74.2% of gamers consumed caffeine 

(Gallimberti et al., 2016; Škařupová et al., 2018), 21.7%-25.3% smoked cigarettes (Gallimberti et al., 2016; 

Škařupová et al., 2018), 41.2%-44.6% smoked cannabis (Gallimberti et al., 2016; Mérelle et al., 2017), 21.3%-

40.4% consumed alcohol (Gallimberti et al., 2016; Škařupová et al., 2018), and 14.5% consumed illicit substances 

(Škařupová et al., 2018). In regard to problematic and disordered behaviour, the findings suggested that 

problematic gambling (McBride & Derevensky, 2017), problematic shopping, problematic sex, and problematic 

work (Konkolÿ Thege et al., 2016) were associated with disordered gaming, while disordered exercise was not 

related (Ivory et al., 2017; Müller et al., 2015).  

Indeed, the presented evidence suggests that the co-occurrence of potentially addictive behaviours is not 

uncommon and is associated with a number of maladaptive outcomes for both adults (Lee et al., 2018) and 

adolescents (Bibbey et al., 2015; Pontes, 2017). There appears to be a clear divide between the experience of co-

occurrence among adults and adolescents. The literature demonstrates that adults with disordered gaming 

frequently feature co-occurring problematic or disordered substance use (e.g., alcohol use; Erevik et al., 2019; Na 

et al., 2017; Ream et al., 2011), while disordered eating (Müller et al., 2015) appears less frequently. However, 

the opposite appears to be true for adolescents, who appear to experience co-occurring disordered behaviours, 

such as social media addiction or problematic internet use (Király et al., 2014; Pontes, 2017). The discrepancy 

between adults and adolescents may be explained due to the scarcity of available substances due to age-related 

factors (Tsai et al., 2016) because disordered substance use is seen to increase as adolescents get older (Schneider 

et al., 2018), allowing them to purchase alcohol or nicotine legally.  

It is also worth noting that many of the problematic behaviours co-occurring with disordered gaming are 

ones that can be performed concurrently with gaming. For example, the surveyed literature shows that problematic 

exercise and problematic gaming co-occur. This may be attributed to the fact that gaming does not typically 

facilitate exercise, as gaming is largely a sedentary behaviour, whereas exercise requires vigorous physical activity 

(Müller et al., 2015), which acts as a protective factor in GD (Liew et al., 2018). This idea is also corroborated by 

the way the literature consistently shows that smoking and alcohol use co-occur with GD (Lee et al., 2018; Müller 

& Montag, 2017; Na et al., 2017; Ream et al., 2011). This may arise because the gaming context can facilitate the 

concurrent use of alcohol and smoking (i.e., nicotine or cannabis), especially if used as part of a coping strategy 

(Na et al., 2017).  

Coping strategies were one of the three ways (i.e., (i) coping strategies, (ii) emotional regulation and 

attachment, and (iii) personality characteristics) in which the development and maintenance of co-occurrence was 

considered in behavioural and substance addictions. Schneider et al. (Schneider et al., 2018) considered coping 
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strategies to be a key element in the development and maintenance of co-occurrence in an adolescent sample. 

Their results suggested that behavioural disengagement was a common coping strategy by those who experienced 

disordered gaming. One proposed reason of this resulting behaviour is the self-medication hypothesis. This 

hypothesis suggests that in addiction-related disorders, individuals use substances in order to overcome painful 

affective states as well as related mental disorders (Khantzian, 1985), and this has been a common area of interest 

in problematic internet use (Senormanci et al., 2014; Tang et al., 2014). It may also indicate that maladaptive 

coping strategies (i.e., denial and/or behavioural disengagement) may play a key role in the development of co-

occurring behaviours within disordered gaming. Furthermore, when these coping strategies co-occur, it is evident 

that these strategies appear to worsen disordered gaming symptoms, more so than either one on their own (Kuss 

et al., 2017). However, while there has been some literature to suggest that coping strategies play an important 

role in problematic internet use (Brand et al., 2014; Kuss et al., 2017), further research is needed in the case of 

disordered gaming. 

Estévez et al. (2017) suggested that gambling disorder and alcohol use disorder may be explained 

utilizing emotional regulation and attachment theory. Through lived experiences with attachment figures, minors 

learn how to cope with a variety of different negative emotions when facing distress or danger. Such experiences 

reinforce emotional regulation (i.e., the ability to modify emotions, as well as when and how such emotions are 

experienced and expressed (Gross, 2002; Mikulincer et al., 2009), and low levels of emotional regulation have 

been associated with an increase in risky behaviours, such as GD (Gutiérrez et al., 2014) and substance use 

(Schreiber et al., 2012). Emotional regulation is also predictive of addictive behaviours (but not substance 

addiction), suggesting that individuals with difficulty in emotional regulation may engage in addictive behaviours 

to avoid (i.e., behavioural disengage) or regulate negative feelings or emotions (i.e., the self-medication hypothesis 

(Aldao et al., 2010; Estévez et al., 2017; Kuss et al., 2017).  

Attachment may also predict co-occurring use. Poor peer-attachment can predict GD and gambling 

disorder, and poor maternal attachment predicted problematic internet use. Individuals with a secure attachment 

are characterized by a self-acceptance of emotional needs. However, an individual with a non-secure attachment 

style may pay little attention to their emotional needs and feel they have a lack of support (Estévez et al., 2017). 

This may then cause them to avoid interpersonal relationships (Malik et al., 2015), lending support to the notion 

that behavioural addictions may be understood as a form of escape and compensation for poor relationships 

(Vollmer et al., 2014). Indeed, it could be suggested that individuals employ maladaptive behavioural coping 

strategies in response to poor emotional regulation or attachment, which may in turn aid in the development and 

maintenance of co-occurring at-risk behaviours. 

Another dimension that has been considered in the development and maintenance of co-occurrence in 

GD is personality traits and factors. Low conscientiousness has been found to be associated with behavioural 

addictions (e.g., SNS addiction and GD; Andreassen et al., 2013). This suggests that people who experience 

problematic or disordered gaming may have low conscientiousness and may have a low priority of duties and 

obligations (Andreassen, Griffiths, et al., 2012), lack of planning ability (Lee et al., 2006), low self-control, 

weakness for temptations (Wang & Yang, 2008), and experience procrastination (Verplanken & Herabadi, 2001). 

This is in line with Walther et al. (Walther et al., 2012), whose results suggested that individuals that experience 

problematic or disordered gaming also have high impulsiveness (i.e., a lack of self-control), which has been 



  

 25 

associated with problematic or disordered behaviour, and/or substance use (Nicola et al., 2015). Furthermore, 

problematic gamers only shared a small overlap in personality factors with problem gambling (i.e., problematic 

behaviour), even though problematic gambling shares more of an overlap in personality factors with problematic 

substance use than problematic gaming. However, problematic gamers reported higher scores on ADHD 

symptoms, high irritability/aggression, high social anxiety and low self-esteem than any other addiction in Walther 

et al.’s paper (Walther et al., 2012), suggesting that gaming may take a unique dispositional position within the 

examined addictive behaviours here. The aforementioned studies indicate that personality traits or factors may 

influence the likelihood for co-occurrence to manifest in people experiencing problematic or disordered gaming. 

The literature reviewed represents important examples of the next logical step in the progression of 

research beyond prevalence rates of co-occurrence. Each of the reviewed studies explored either specific 

psychological, sociological, and/or physiological factors. This in turn can guide future research into presenting a 

holistic representation of the specific risk factors (e.g., coping strategies and identity styles), which may contribute 

to developing, maintaining, or the exacerbation of co-occurring potentially addictive disorders. Furthermore, 

future research could help inform public policy and guide the development of treatment that encompasses the full 

clinical presentations of patients. However, only four recent studies (Andreassen et al., 2016; Estévez et al., 2017; 

Schneider et al., 2018; Walther et al., 2012) have taken the extra step to investigate the etiology and mechanisms 

of co-occurring disorders.  

Understanding these processes is needed to further the understanding of addictive disorders. 

Nevertheless, the extant findings are beneficial in advancing the field and providing a framework for how to 

consider the mechanisms of co-occurring addictive behaviours in a multifaceted manner. Furthermore, the present 

review also highlights the potential for differing mechanisms of action, despite similar observed effects, 

suggesting that behavioural and substance addictions, and their co-occurrence involve complex processes. In 

understanding these factors, treatment efficacy may be increased by targeting common etiological mechanisms 

across multiple disorders (e.g. coping mechanisms; Schneider et al., 2018), or personality factors (Walther et al., 

2012), much like the direction of the literature within the substance disorders field.  

Co-occurrence within Disordered Gaming Compared to the Substance Disorder Literature 

Arguably, GD is one of the newer behavioural disorders to be investigated. Nevertheless, more 

established substance use disorder literature can be used to provide a reference point on how to advance the co-

occurrence research into disordered gaming. The drug and alcohol abuse literature appears to focus on the 

epidemiology of co-occurrence as it appears to be commonly studied (Kuss et al., 2014), a trend that the GD 

literature is following. Furthermore, within the substance abuse literature co-occurring behavioural and substance 

addictions appear to be commonly considered in both the general and clinical populations (Morisano et al., 2014; 

van Rooij et al., 2014), indicating that the GD literature should also mimic this global approach. In addition, 

individuals with co-occurring behavioural or substance use disorders (or problematic use) tend to have poorer 

functioning and treatment outcomes, much like individuals with disordered gaming (Kuss et al., 2014; Winkler et 

al., 2013; Yakovenko & Hodgins, 2018). These findings within the substance use literature are in part facilitated 

by the longitudinal research investigating the development, maintenance, and remission of each disorder, which 

the present field of co-occurrence in disordered gaming lacks.  
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While research on GD focuses on the prevalence and co-occurrence of psychiatric disorders (Ko et al., 

2012), the substance use literature has gone much further by investigating and identifying the epidemiological 

factors of co-occurrence and the effect co-occurring disorders can have. For example, there have been a number 

of studies that have investigated a wide range of underlying mechanisms between co-occurring substance use and 

other disorders such as neurobiological commonalities, genetic markers, temporal changes, and qualitative 

research focusing on behavioural changes (Ruiz, 2017; Szerman et al., 2013). Furthermore, the substance use 

literature has also investigated whether treating one disorder causes the accompanying co-occurring disorder to 

go into remission, concluding that it can vary depending upon the disorders and individual presentation (Kalina 

& Vacha, 2013; Morisano et al., 2014). However, when looking to research concerning disordered gaming, this 

additional step has not yet been made, and the effects of co-occurrence and its impact on course of illness and by 

type of disorder is not yet known. Additionally, the substance abuse literature has also closely examined the links 

between multiple co-occurring disorders (Cleary et al., 2009; Winkler et al., 2013). While the research on 

disordered gaming has begun to move in this direction, research on substance use has attempted to separate various 

dimensions of co-occurrence (e.g., psychiatric disorders, mental health, and social functioning) by controlling for 

their effects on the primary disorder in question (Grant et al., 2015).  

Finally, when considering treatments, the substance use literature has paved the way for behavioural 

disorders. There is a general agreement that co-occurring disorders may require an integrated approach (Carrà et 

al., 2015; Roncero et al., 2017) which consider not just the primary disorder, but also the co-occurring disorder. 

For example, in a systematic review on people who experiences severe mental illness and co-occurring substance 

use suggested that motivational interviewing in conjunction with Cognitive Behaviour Therapy (CBT; targeting 

both substance use, and mental health respectively) showed ‘quality’ evidence for reducing substance use and 

improving mental health than just CBT alone. However, this type of approach is not near the level of acceptance 

as more traditional treatments (such as CBT), although there are considerable efforts to evaluate its efficacy in the 

substance use field (Burdzovic Andreas et al., 2015; Cleary et al., 2009). In contrast, the research into integrative 

treatments that targets both disordered gaming and co-occurring addictive disorders is, to the best of authors’ 

knowledge, notably absent from the literature. 

Future Research  

A majority of the surveyed literature does not go beyond measures of association and with measures of 

prevalence being questionable due to overwhelming lack of representativeness of samples. The published 

literature suggests that there are various behavioural and substance-related addiction disorders that have the 

potential to co-occur with GD. However, there is very little additional literature that continues to investigate this 

further. Regarding the co-occurrence of disordered gaming with other behavioural addictions, only a few studies 

exist, suggesting a co-occurrence with problematic gambling, shopping, and social media use. While there has not 

been an extensive amount of literature on the co-occurrence prevalence rates of disordered gaming with other 

addictive behaviours, it has been explored across several geographical locations and cultures, indicating that it is 

moving in a similar direction of other addiction-related literature (e.g., gambling; Yakovenko & Hodgins, 2018). 

However, while it is important that this line of enquiry is followed, it is also important to investigate the etiological 

aspects of co-occurrence within GD because it is experienced differently across culturally diverse groups of 

people.  
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There is a significant gap in the literature when it comes to longitudinal surveys that focus on the changes 

of co-occurring addictive disorders over time. The current literature establishes that co-occurrences between 

disordered gaming and other addictive-related disorders are common. Furthermore, no paper to the authors’ 

knowledge has investigated whether disordered gaming preceded the onset of another co-occurring addictive 

disorder or vice versa. It is imperative to understand how co-occurring disorders interact over time in order to 

develop appropriate treatment methods. Moreover, models for hypothesizing potential treatment frameworks and 

outcomes, which consider onset or remission of other co-occurring problematic or disordered behaviour, would 

be instrumental in improving potential effectiveness of treatment methods. For example, having confidence that 

disordered gaming symptoms typically occur within specific substance abuse disorders (e.g., alcohol or cannabis 

abuse) may allow for a more tailored approach that targets both disordered gaming and the co-occurring use of 

other behaviours or substances. Future studies should also consider investigating the time of onset in relation to 

disordered gaming because this would also provide more robust data and allow for more significant conclusions 

to be drawn.  

Substance Use Literature May Act as a Model to Guide Future Research 

A finding that was consistent across both adults and adolescents was that those who presented with 

problematic or disordered gaming and a co-occurring addiction-related condition consistently reported more 

severe experiences as assessed using clinical measures (Lee et al., 2018; Na et al., 2017; Pontes, 2017), which is 

mirrored within the substance abuse literature (Gossop et al., 2002; Morisano et al., 2014). Another way in which 

the reviewed literature mirrored the substance use literature is the calls for the early intervention for individuals 

experiencing co-occurring disorders (Staiger et al., 2013), with a number of studies calling for additional early 

intervention screening measures (Na et al., 2017), providing psychoeducation on the co-occurring disorder (Lee 

et al., 2018), or considering shared clinical features (e.g., personality factors; Andreassen et al., 2013). These 

suggestions highlight the need for careful clinical assessment of co-occurring problematic behaviours that may 

have developed on a subclinical level and, thus, might contribute to the primary disorder.  

The momentum of research examining GD more generally has increased and those in the field are 

engaging in effective efforts to understand the impact of co-occurring addictive behaviours. The substance use 

literature provides various research frameworks and designs that could be utilized in the future to bring gaming 

research in line with the wider field of addictive disorders. For example, investigating the nuances between 

different co-occurring disordered use in clinical samples (Morisano et al., 2014), continuing investigations into 

prevalence, but expanding and evaluating the epidemiological data of such impacts as onset and remission 

(Freimuth et al., 2008), and establishing clinical trials and protocols that are tailored towards individuals 

presenting with co-occurring disorders (Morisano et al., 2014; Ruiz, 2017).  

Limitations  

Although the present review identified several important trends within the disordered gaming co-

occurrence literature, it is subject to limitations. Firstly, methodology used in the review was descriptive and does 

not quantitatively synthesize data. Although the authors followed a rigorous and transparent review methodology, 

it still investigates the breadth of literature, rather than its depth, and as such, no statistical conclusions can be 

drawn from the results. Secondly, the study excluded literature that was not peer-reviewed (i.e., grey literature), 
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this is in direct conflict with the suggested approach by Siddaway et al. (2019) which specifically states that 

unpublished work should meet the inclusion criteria to reduce the effects of publication bias, which is important 

when conducting systematic reviews and meta-analyses (Siddaway et a., 2019).  The present review chose only 

to use high-quality peer-reviewed work, as to ensure the quality and reliability of the literature reviewed. 

Nevertheless, the present review is not representative of both grey and peer-reviewed literature and thus may 

contain publication bias. Furthermore, the inclusion criteria meant that only English language papers were 

reviewed, limited by a specific set of databases and search terms. As a result, the authors may have missed relevant 

studies in other languages or databases. As with any review, screening and selection is always a subjective process 

and is thus prone to biases. Despite capturing a wide range of research terms in several databases, it is possible 

that relevant studies may have been missed due to a lack of fit with the inclusion criteria. In addition, due to the 

nature of a long-term project, the present review may be missing additional papers which were released after the 

initial search and screening. Thus, the present review may be considered a comprehensive search of information 

up to the and including the search date, but not after. Moreover, considering only the use of papers that were 

published in the last several years may have also contributed the small number of papers on co-occurrence and 

gaming disorder. Finally, the present literature review does not contain literature after the COVID-19 pandemic, 

as it occurred after the final literature search. The way in which the COVID-19 pandemic may have influenced 

co-occurrence within gaming disorder and problematic behaviours this limitation should be considered when 

interpreting the results within the present review.  

Conclusion 

The evidence in the present review suggests an increase in research interest on co-occurrence of other 

addiction-related behaviours with disordered gaming. However, currently, most research investigates the 

prevalence rates of co-occurring addiction-related disorders with disordered gaming and frequently demonstrated 

the potential for co-occurrence between problematic and disordered behaviours and substance use. Various 

reviewed papers considered novel ways to investigate the potential development and maintenance of problematic 

and disordered gaming and its co-occurrence, which could be improved further by considering the frameworks 

and study designs used in the substance addiction disorder literature. Indeed, the research indicates that co-

occurrence in problematic and/or disordered gaming is common, and when examining the substance use field as 

a guide, outcomes may be improved when separate treatment modalities for these co-occurring disorders are 

offered in combination. While it is not certain how well these treatment models may work in a diverse population, 

current research consistently calls for trials of multimodal treatment (i.e., using tailored treatments that consider 

co-occurring behaviour or substance use) to take place. As such, there are a number of different ways to investigate 

and explore the expression of disordered behaviour. The following chapter will investigate the use of EEG and 

neurophysiology in the conceptualisation and identification of gaming disorder.  
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Chapter 2 

 
Gaming Disorder and Internet Addiction:  A Systematic Review of Resting-State EEG 

Studies 

 

 
Introduction 

 

Negative consequences associated with the rising use of digital technology and technology-related 

disorders (e.g., Gaming Disorder [GD]) have been investigated in an effort to improve screening, assessment, 

definition, and treatment (Kuss & Billieux, 2017; Yau et al., 2012). Consequently, in the Diagnostic and Statistical 

Manual of Mental Disorders (DSM-5), Internet Gaming Disorder (IGD) was included as a tentative behavioural 

addiction warranting further investigation (American Psychiatric Association [APA], 2013). Furthermore, the 

World Health Organization (WHO) officially recognized GD in the latest International Classification of Diseases 

(ICD-11; WHO, 2018).  

IGD and GD have undergone conceptual evolution prior to inclusion in diagnostic manuals (DSM-5, 

ICD-11), with several other terms used to describe disordered gaming (e.g., pathological video gaming; Lemmens 

et al., 2011). These terms also fall under the broad umbrella of ‘Internet Addiction’ (IA), containing several 

descriptive terms (e.g., problematic internet use; Kuss et al,, 2014). The present review evaluates both clinically 

defined GD as well as the less defined IA. To maintain consistency, the term ‘GD’ here refers to the clinically 

defined measures of IGD/GD as defined by DSM-5/ICD-11.  

Research indicates associations between disordered gaming (and/or problematic gaming) and psychiatric 

disorders, including anxiety (Adams et al., 2019) and depression (Burleigh et al., 2018) – and substance use 

disorders (e.g., Alcohol Use Disorder [AUD], Na et al., 2017). Several studies have considered 

psychopathological aspects of GD (Bishop et al., 2015) and IA (Kuss et al., 2014) and their co-occurrence with 

other behavioural disorders, substance use, and psychiatric disorders (Burleigh, Griffiths, et al., 2019). 

Furthermore, empirical evidence suggests that GD and IA are distinctly different disorders (Király et al., 2014), 

despite the terms being used interchangeably. Consequently, research examining the neurophysiological aspects 

of GD and IA has emerged, providing contributions to studying psychopathological dimensions of behavioural 

addiction disorders (Kuss et al., 2018; Sharifat et al., 2018).  

The US National Institute of Mental Health (NIMH) advocates using Research Domain Criteria (RDoC) 

and a multidimensional approach that includes observable behaviour and neurophysiological measurements to 

understand complex human behaviours and the mental disorder continuum (Clark et al., 2017). Therefore, GD/IA 

research should also consider underpinnings of neurophysiological mechanisms. 

This review focuses on EEG which has several advantages relative to other neuroimaging techniques 

(e.g., high temporal resolution, non-invasive scanning, mobility, accessibility and low financial cost; Wang et al., 

2013). EEG data is the recording of electrical activity across the scalp which is produced by the brain; thus, the 

recorded waveforms reflect cortical electrical activity (Houston & Ceballos, 2013). Quantitatively measured EEG 

(QEEG) has been used to investigate various disorders, of which spectral and coherence analyses have been used 

to investigate addiction (Houston & Ceballos, 2013). Power spectral analysis quantifies power and/or voltage 
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within bandwidths: delta (1–4 Hz), theta (5–7 Hz), alpha (8–13 Hz), beta (14–30 Hz), and gamma (>31 Hz; 

Houston & Ceballos, 2013). Power is typically measured as either relative or absolute (Houston & Caballos, 

(2013). Relative power is a proportion of power in the entire spectrum and minimizes the individual differences 

across participants, whereas absolute power is the entire spectrum and may be obscured with group differences. 

Coherence analysis quantifies the interdependence or statistical correlation between scalp recording sites, as an 

estimate of functional connectivity between cortical areas in the time domain (Gonzalez et al., 2015). Each method 

can be used to measure baseline brain states (‘at rest’), spontaneous activity, and/or that induced during 

information-processing (Barry et al., 2010; Kounios et al., 2008). 

Resting-state (i.e., ‘at rest’) brain activity has been associated with different aspects of behaviour and 

event-related cognitive processes comprising attention, memory, and thinking, and demonstrates high test–retest 

reliability, as well as producing stable trait-like indices of brain function (Massar et al., 2014). During resting-

state EEG, data are recorded using Eyes-Closed (EC) or Eyes-Open (EO) conditions. During the EC-condition, 

there are no external task demands, providing a functional baseline (Barry et al., 2007). The EO-condition allows 

passive engagement with visual input, without any specific task requirements (Barry et al., 2007; Wang et al., 

2015). Resting-state EEG has been used to investigate substance and behavioural addictions. For example, studies 

consistently show raised absolute beta power in AUD, which is positively correlated with clinical severity, 

suggesting higher absolute beta may be a neurophysiological marker of AUD (Coutin-Churchman et al., 2006; 

Rangaswamy et al., 2004). However, whether this represents a vulnerability-marker or response to the illness 

remains unclear.  

Consolidating knowledge on the underpinning neurobiological mechanisms would benefit the conceptual 

development of GD/IA, and carry practical implications for understanding aetiology, establishing diagnostic 

criteria, and improving intervention. Whilst previous reviews span a range of neurophysiological methods (Kuss 

& Griffiths, 2012; Kuss et al., 2018), resting-state EEG studies in GD/IA have not been systematically evaluated.  

Consequently, this paper presents a systematic review of resting-state EEG studies in GD/IA, to direct 

further work in the field. The primary goal is to review empirical research over the past decade, providing 

contemporary information on resting-state EEG findings concerning GD/IA. It therefore aims to: (i) investigate 

resting-state EEG within GD/IA, and to (ii) determine potential for neurophysiological markers.  

Methods 

The five-stage model of conducting a rigorous systematic review was used: (i) identifying the research 

question, (ii) identifying relevant studies, (iii) study selection, (iv) dissemination of outcomes, and (v) 

summarizing and reporting the results (Siddaway et al., 2019). Inclusion criteria for review were as follows. 

Studies had to be (i) empirical and contain primary data, (ii) using resting state quantitative EEG techniques in 

GD and/or IA; (iii) published in peer-reviewed journals, (iv) written in English, and (v) be published within the 

past decade. The database searches included: PsychARTICLES, PsychINFO, Scopus, and PubMed.  

Search terms related to GD and IA used over the past decade. Additionally, other terms identified specific 

neuroimaging techniques and analysis in the behavioural addiction literature, leading to the following search-

strategy: (patholog* OR problem* OR addict* OR compulsive OR dependen* OR disorder*) AND (video OR 

computer OR internet) gam* OR internet AND (“resting stat*” OR “default mod*” OR Quantitative) AND 
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(neuroimaging OR electroencephalogr* OR EEG OR QEEG) NOT gambling. Paper title, abstract, and content 

were screened for eligibility. Then, full texts of potentially relevant papers were retrieved and screened for 

eligibility.  

The literature search was conducted between February 2019 and March 2019. A total of 2313 papers 

were initially identified. Duplicate papers were removed. Papers not relevant to the present review or non-English 

were removed, leaving 28 papers. Of these, a number were excluded because they (i) did not utilize EEG 

neuroimaging techniques (n = 5), (ii) utilized EEG but did not assess/analyse resting state (n = 12), or (iii) were 

review papers (n = 1). The remaining ten papers met all the inclusion criteria. This review followed the Preferred 

Reporting Items for Systematic Reviews and Meta-Analyses guidelines (PRISMA statement; Moher, et al. 2009), 

which includes a PRISMA flow diagram (see Figure 1). 
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Figure 1  

Flow Diagram of Paper Selection Process for the Systematic Review 

 

Results 

The ten papers meeting the inclusion criteria were separated into two groups – GD and IA. Seven papers 

investigated GD. Participants were diagnosed with GD by an experienced psychiatrist/clinician based on the 

DSM-5 criteria for IGD; symptom severity was assessed using either the Internet Addiction Scale (IAS; Young, 

1998) (n=2) (Park, Hong et al., 2017; Youh et al., 2017)  or Internet Addiction Test (IAT; Beard & Wolf, 2001) 

(n=5) (Kim et al., 2017; Lee, Choi, & Kwon, 2019; Park, Lee et al., 2017; Park et al., 2018; Son et al., 2015). 

Three studies investigated IA and utilized the IAS as a diagnostic tool and severity measure. However, two of 

these studies noted that participants reported online gaming as their primary internet use (Choi et al., 2013; Lee 

et al., 2014); the third paper did not report specific internet use (Son et al., 2019). 
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Seven studies investigated GD (Kim et al., 2017; Lee, Choi, & Kwon, 2019; Park, Hong et al., 2017; 

Park, Lee et al., 2017; Park et al., 2018; Son et al., 2015; Youh et al., 2017), and all conducted in South Korea. 

Five studies recruited participants from the SMG-SNU Boramae Medical Center, Seoul (Kim et al., 2017; Lee et 

al., 2019; Park, Lee et al., 2017; Park et al., 2018; Son et al., 2015), while the remaining two recruited participants 

from the Department of Psychiatry, Chung-Ang University Medical Center (Park, Hong et al., 2017; Youh et al., 

2017). Each study recruited male-only participants. The selected papers reported power spectral analysis and/or 

coherence analysis (see Table 1). 
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Table 1 

Summary of Findings from Gaming Disorder Studies 

Paper Aims  Sample  EEG Method Behaviour 

/Substance 

/Psychiatric 

Diagnosis 

Results 

Kim et al. 

(2017) 

To identify neurophysiological markers (i.e., 

brain waves) through associated symptom 

changes in GD patients who have undergone 

pharmacotherapy with selective serotonin 

reuptake inhibitors (SSRIs*). 

South Korea: SMG-SNU 

Boramae Medical Center 

49 Male Participants.  

GD: n=20 (Mage: 22.71/SD: 

5.47); 

HC: n=29 (Mage: 23.97/SD: 

4.36). 

Power 

Spectral 

Analysis 

GD Patients who experienced 

comorbid depression and 

anxiety symptoms had increased 

resting-state Delta and Theta 

activity.  

 

Delta-band activity normalized 

after 6 months of 

pharmacotherapy.  

 

The findings suggest that slow 

wave activity may be a 

neurophysiological marker with 

changes in addiction symptoms 

following treatments. 

 

Lee et al. 

(2019) 

To determine the effects of resilience on 

neurophysiological correlates within GD 

patients compared to HCs.  

South Korea: SMG-SNU 

Boramae Medical Center 

71 (reduced from 76) Male 

Participants. 

HR: n=19 (Mage: 25.47/SD: 

5.04); 

Coherence 

Analysis 

GD GD patients with low resilience 

had increased coherence, 

especially in the right 

hemisphere when compared to 

GD patients with high resilience 

and the HCs. 
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LR: n=16 (Mage:22.13/SD: 

5.56); 

HC: n=36 (Mage: 25.14/SD: 

3.60). 

There were conditional indirect 

effects of GD on alpha 

coherence in the right 

hemisphere through depressive 

symptoms.  

 

Park, Hong 

et al. 

(2017) 

To identify the potential of differing 

neurophysiological features in individuals 

experiencing GD and individuals with 

comorbid ADHD. 

South Korea: Chung-Ang 

University Medical Center 

45 Male Participants.  

ADHD & GD: n=16 (Mage: 

14.6/SD: 1.9);  

ADHD: n=15 (Mage: 13.7/SD: 

0.8); 

HC: n=14 (Mage: 14.4/SD: 

1.7). 

Power 

Spectral 

Analysis / 

Coherence 

Analysis 

GD/ADHD GD/ADHD showed lower 

relative delta band power and 

higher relative beta-band power 

in temporal regions compared to 

the ADHD group. 

 

Relative beta-band power 

between GD/ADHD and HCs 

was not significant. 

 

Internet games may enhance 

attentional ability, creating a 

similar relative beta power in 

attention deficit in GD/ADHD 

and HCs.  

 

The continuous activation of the 

brain reward and working 

memory systems while gaming 

may increase neuronal 

connectivity for the GD/ADHD 

group.  
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Park, Lee 

et al. 

(2017) 

To compare and detail the difference in 

neurophysiological features of GD and AUD 

patients with HCs using coherence analysis.  

South Korea: SMG-SNU 

Boramae Medical Center 

96 Male Participants. 

GD: n=30 (Mage: 23.26/SD: 

5.15); 

AUD: n=30 (Mage: 29.86/SD: 

7.13); 

HC: n=32 (Mage: 24.96/SD: 

3.70). 

Coherence 

Analysis 

GD/AUD GD group has significantly 

greater high frequency 

coherence – especially in 

gamma activity– compared to 

AUD and HCs. 

 

Increased gamma activity was 

independent of psychological 

comorbidity. 

 

Gamma coherence positively 

predicted the degree of GD 

tendency in all three groups.  

 

GD and AUD display different 

neural activity patterns. 

 

Heightened phasic synchrony in 

the gamma-band may be a 

neurophysiological marker of 

GD. 

 

Park et al. 

(2018) 

To investigate the treatment response (to 

SSRIs*) in relation to cortical activity in 

patients with GD and to determine if altered 

phasic synchrony is a state or trait-marker. 

South Korea: SMG-SNU 

Boramae Medical Center 

62 Male Participants. 

GD: n=30 (Mage: 23.27/SD: 

5.15); 

Coherence 

Analysis 

GD GD group has increased beta, 

gamma, and delta coherence at 

baseline, signifying abnormal 

phasic synchrony. 
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HC: n=32 (Mage: 24.97/SD: 

3.70). 

Post 6 months of 

pharmacotherapy (SSRIs*) 

showed no change in phasic 

synchrony despite significant 

improvements in GD symptoms.  

 

Heightened phasic synchrony 

may be a neurophysiological 

marker for GD. 

 

Son et al. 

(2015) 

To compare and detail the difference in 

neurophysiological features of GD and AUD 

patients with HCs using power spectral 

analysis. 

South Korea: Chung-Ang 

University Medical Center 

76 Male Participants. 

GD: n=34 (Mage: 22.71/SD: 

5.47); 

AUD: n=17 (Mage:29.71/SD: 

4.88); 

HC: n=25 (Mage: 23.88/SD: 

4.66).  

Power 

Spectral 

Analysis 

GD/AUD GD group showed significantly 

lower absolute beta power than 

AUD and HCs. 

 

GD and AUD displayed 

different spectral power 

analyses in resting-state. 

 

Lower absolute beta-power may 

be a neurophysiological marker 

for GD. 

 

Youh et al. 

(2017) 

To identify the potential of differing 

neurophysiological features in individuals 

experiencing MDD and individuals with 

comorbid GD. 

South Korea: SMG-SNU 

Boramae Medical Center 

29 Male Participants.  

MDD+GD: n=14 (Mage: 

20.00/ SD: 5.00);  

Coherence 

Analysis 

GD/MDD Inter-hemispheric coherence 

value for the alpha-band 

between right and left frontal 

regions was significantly lower 

in MDD/GD than MDD. 
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MDD: n=15 (Mage: 20.30/SD: 

5.50). 

Increased intra-hemispheric 

coherence for the alpha-band 

within the left parietal-occipital 

area was observed in MDD/GD 

compared with MDD. 

 

MDD/GD showed increased 

intra-hemispheric coherence 

values for the beta-band within 

the right frontal-temporal, 

temporal-occipital, and parietal-

occipital areas compared with 

MDD. 

 

Decreased inter-hemispheric 

connectivity in the frontal 

region is associated with 

attention problems in MDD/GD. 

 

Excessive gaming may result in 

increased intra-hemispheric 

connectivity in the fronto-

temporo-parieto-occipital areas. 

Note. GD is Internet Gaming Disorder; HC is Healthy Control; HR is High Resilience; LR is Low Resilience; ADHD is Attention Deficit Hyperactivity Disorder; AUD is 

Alcohol Use Disorder; MDD is Major Depressive Disorder; *Escitalopram, Fluxetine, and Paroxetine.
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Gaming Disorder Studies Using Power Spectral Analysis 

Three studies used power spectral analysis across several frequency bands (Kim et al., 2017; Park, Hong, 

et al., 2017; Son et al., 2015). Kim et al. (2017) compared GD patients with healthy controls (HCs) over a six-

month period on delta and theta bands. GD participants were scanned prior to and following pharmacotherapy 

with selective serotonin reuptake inhibitors (SSRIs). At baseline, GD was associated with higher delta-band power 

across the whole scalp and higher theta-band activity centrally. Compared to baseline, following treatment, the 

GD group showed reduced frontal delta wave activity, and reduction in IAT scores. Furthermore, high-baseline 

theta activity predicted greater improvement in GD symptoms post-treatment. The authors suggested that raised 

slow-wave activity may represent a state neurophysiological GD marker.  

Son et al. (2015) investigated resting state QEEG of individuals with GD and AUD, compared to HCs 

without these disorders. The GD group had lower absolute beta-power than either the AUD group or HCs, while 

the AUD group had higher absolute delta power than the GD group and HCs. However, there were no significant 

correlations between GD severity and EEG activity. The authors concluded that lower absolute beta-power may 

be a neurophysiological GD marker. 

Park, Hong et al. (2017) noted GD is commonly comorbid with ADHD, and presence of ADHD may 

increase vulnerability to loss of control, which is associated with excessive gaming (Bioulac et al., 2008). They 

found individuals with comorbid ADHD/GD had lower relative delta wave power and higher relative beta-power 

restricted to temporal regions, compared to those with ADHD. The researchers conservatively suggested 

individuals vulnerable to ADHD appear to engage in continuous videogame play to subconsciously enhance 

attentional ability. They concluded that differences in QEEG profiles between groups provide clues to 

understanding neurophysiological mechanisms of GD and its ADHD comorbidity.  

Gaming Disorder Studies Using Coherence Analysis 

Park, Hong et al. (2017) applied coherence analysis in conjunction with power spectral analysis, while 

the remaining four studies used coherence analysis only (Lee et al., 2019; Park, Lee et al., 2017; Park et al., 2018; 

Youh et al., 2017). Park, Hong et al. (2017) investigated both inter-hemispheric and intra-hemispheric coherence 

(i.e., between the two hemispheres and within either of the two hemispheres). They found that intra-hemispheric 

coherence values in the delta-wave band were higher for the ADHD/GD group compared to the ADHD group. 

Furthermore, they found raised intra-hemispheric coherence (theta, alpha, beta) in the ADHD/GD group compared 

to ADHD-only and HCs. Inter-hemispheric coherence in the theta-band was higher in the ADHD/GD group 

compared to HCs. IAS scores in the ADHD/GD group positively correlated with intra-hemispheric (but not inter-

hemispheric) coherence in the delta, theta, alpha, and beta bands between parietal and occipital (i.e., P4-O2) 

electrodes.  

Lee et al. (2019) investigated the role of resilience (i.e., personal qualities empowering individuals to 

thrive in the face of hardship) and relationship to neurophysiological measurements, and how it acted as a 

protective factor among GD individuals, using the Connor-Davidson Resilience Scale (Connor & Davidson, 

2003). Association between resilience and resting-state EEG was only observed in alpha-band activity. Resilience 

was negatively associated with alpha inter-hemispheric and intra-hemispheric coherence. The authors concluded 
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that participants with low resilience exhibit impaired EEG features relative to HCs, while participants with high 

resilience exhibited less impaired EEG features relative to HCs.  

Park, Lee et al. (2017) found no differences in inter-hemispheric coherence, but found raised intra-

hemispheric coherence among GD participants for higher frequencies: gamma (compared to AUD participants 

and HCs) and beta (compared to AUD group). Furthermore, gamma (but not beta) coherence positively correlated 

with IAT scores for all groups. However, EEG variables were not significantly correlated with GD severity among 

the GD group. These results suggest AUD and GD display different neurophysiological characteristics, and that 

increased gamma coherence may be a GD trait-marker.  

Park et al. (2018) considered longitudinal changes that may occur in neural connectivity among GD 

patients before and after pharmacotherapy treatment with SSRIs. At baseline, raised intra-hemispheric coherence 

in the beta and gamma bands were observed in the GD group when compared with HCs. Additionally, raised right 

delta intra-hemispheric coherence was seen in GD compared to HCs. Six-month SSRI treatment lowered GD 

symptoms in the GD group. However, there were no significant changes in EEG coherence following treatment 

compared to HCs. It was concluded that greater intra-hemispheric activity in beta and gamma bands may be a 

neurophysiological trait-marker of GD individuals. 

Finally, Youh et al. (2017) investigated EEG features of individuals with co-occurring GD and major 

depressive disorder (MDD). Inter-hemispheric coherence of the alpha-band between left and right fronto-polar 

(Fp1, Fp2) electrodes was lower in the MDD/GD group than MDD-only. However, the GD/MMD had higher 

intra-hemispheric coherence between left parietal-occipital (P3-O1) electrodes in the alpha-band and between 

right fronto-temporal (F8-T4), temporo-occipital (T6-O2), and parieto-occipital (P4-O2) electrode in the beta-

band. Results suggested that the GD/MMD group experienced an association between decreased inter-

hemispheric coherence in the frontal region of the brain and demonstrated a vulnerability to attention problems. 

Moreover, increased intra-hemispheric coherence in the GD/MDD group may be a result of high gaming 

engagement. 

Internet Addiction 

Three studies examined resting-state EEG among individuals with internet addiction (IA). Two of the 

studies were conducted at the SMG-SNU Boramae Medical Center, South Korea (Choi et al., 2013; Lee et al., 

2014), while the third was conducted in China (Sun et al., 2019). All studies recruited males and females (see 

Table 2).  
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Table 2  

Summary of Findings from Internet Addiction Studies 

Paper Aims  Sample  EEG Method Behaviour 

/Substance 

Results 

Choi et al. 

(2013) 

To investigate resting-state EEG activity in 

beta- and gamma-bands and how they relate 

to impulsiveness in IA patients.  

South Korea: SMG-SNU 

Boramae Medical Center 

41 Participants.  

IA: n=20 (M:12/F:9; Mage: 

23.33/SD: 3.50); 

HC: n=29 (M:11/F:9; Mage: 

22.40/SD: 2.33). 

Power 

Spectral 

Analysis 

IA IA group demonstrated 

higher impulsive behaviour 

and impaired inhibitory 

control. 

 

IA group showed decreased 

absolute beta-band activity 

when compared to the HCs. 

 

IA group showed increased 

gamma-band activity when 

compared to HCs. 

 

Decreased beta activity was 

correlated with both 

impulsivity and IA severity. 

 

Increased gamma activity 

was correlated with both 

impulsivity and IA severity. 
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Lee et al. 

(2014) 

To compare and contrast the resting-state 

EEG activity of treatment seeking IA patients 

with co-morbid depression, IA patients 

without co-morbid depression, and HCs in an 

effort to identify neurophysiological 

differences in IA and depression.  

South Korea: SMG-SNU 

Boramae Medical Center 

69 Participants. 

IA/Dp: n=18 (M:15/F:4; Mage: 

21.25/SD: 4.71); 

IA: n=17 (M:12/F:5; Mage: 

23.44/SD: 4.82). 

HC: n=34 (M:25/F:9; Mage: 

23.59/SD: 4.34). 

Power 

Spectral 

Analysis 

IA IA group showed decreased 

absolute delta and beta-

power in all brain regions 

when compared to IA/Dp 

group. 

 

IA/Dp group showed 

increased relative theta and 

beta-power in all regions of 

the brain when compared to 

the IA/Dp group and HCs. 

 

The neurophysiological 

changes were not correlated 

to the clinical variables.  

 

Sun et al. 

(2019) 

To investigate the differences in brain 

networks when considering resting-state EEG 

between IA and HCs.  

China 

52 Participants.  

IA: n=25 (M:6/F:19; Mage: 

20.19/SD: 1.83);  

HC: n=27 (M:4/F:23; Mage: 

20/SD: 1.74). 

Functional 

Connectivity 

Analysis / 

Network 

Analysis 

IA There were no significant 

differences in functional 

connectivity between IA and 

HC. 

 

Individuals with IA exhibit a 

more random network 

organization in beta- and 

gamma-band activity 

compared to HCs. 

 

There were no significant 

correlations between EEG 
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graph measures and clinical 

measures.  

Note. IA is Internet Addiction; HC is Healthy Control; Dp is Depression
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Internet Addition Studies Using Power Spectral Analysis 

Two of the three IA studies used spectral power analysis (Choi et al., 2013; Lee et al., 2014) and one 

used connectivity analysis and network analysis (Sun et al., 2019). Choi et al. (2013) investigated the relationship 

between impulsiveness and fast frequency (beta, gamma) activity among internet addicts. Results showed that 

compared to the HC group, IA participants had significantly lower absolute power in beta- and gamma-band 

activity in all brain regions. Moreover, both beta- and gamma-power in the frontal region significantly correlated 

with IA severity.  

Lee et al. (2014) investigated the neurophysiology among internet addicts and comorbid depression 

(IA/Dp), with IA only, and HCs (without IA/Dp). The IA group showed lower absolute delta-power (widespread 

compared to both other groups) and beta-power (compared to HCs). In the comorbid group, relative theta-activity 

was higher and relative alpha-activity was lower across the scalp compared to other groups. However, there was 

no correlation between any EEG measure and clinical variables for IA/Dp or IA groups.  

Internet Addiction Study Using Functional Connectivity Analysis and Network Analysis 

In Sun et al.’s study (2019), an IA group (compared to HCs) exhibited a more random network 

organization, with decreased clustering coefficients and characteristic path length, demonstrating an alteration in 

the typical balance of network function. However, functional analysis did not demonstrate any significant 

differences in connectivity strength between the groups. However, there was a trend for increased global 

connectivity among internet addicts compared to HCs. Additionally, there was no significant correlation between 

EEG and clinical measures. The authors concluded that internet addicts demonstrate altered topological 

organization which shifts towards a more random state, which suggests that the associated connection paths may 

be reflecting alterations in the ability of information processing in IA. Thus, providing additional evidence 

supporting an IA neurophysiological component. 

Discussion 

This systematic review is the first to focus on resting-state EEG studies of GD and IA. Both spectral and 

coherence analysis were investigated. Findings demonstrate that disordered gamers have raised slower frequency 

(delta, theta; Kim et al., 2017; Son et al., 2015), and reduced higher frequency (beta) activity (Son et al., 2015). 

Furthermore, coherence analysis findings suggest that disordered gamers demonstrate altered synchronised brain 

activity (Lee et al., 2019; Park et al., 2017; Park et al., 2018; Park et al., 2017; Youh et al., 2017). Internet addicts 

appear to have raised gamma activity and reduced beta and delta activity (Choi et al., 2013; Lee et al., 2014). 

Multiple neurotransmitters are involved in the modulation of EEG, such as dopamine, glutamate, noradrenaline, 

acetylcholine, N-methyl-D-aspartate (NMDA) and γ-aminobutyric acid (GABA; Watson et al., 2009; Hansenne 

et al., 1995). In the context of addictive behaviours, it is well established that the mesocorticolimbic dopamine 

and brain stress systems are critically involved in reward function and psychomotor performance. Observed EEG 

changes among disordered gamers and internet addicts may reflect neuroadaptive changes in these systems 

associated with addictive behaviours. While current knowledge of addictive behaviours has been predominantly 

built on substance use research, assessing the neurophysiological aspects of GD/IA provides an important 

contribution in understanding the psychopathological mechanisms of behavioural addiction disorders. 
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Power Spectral Analysis  

When considering the power spectral analysis, the studies reviewed suggest that disordered gamers 

demonstrate specific trait-like markers when compared to HCs (Park, Lee et al., 2017; Son et al., 2015). For 

example, Kim et al. (2017) demonstrated prior to pharmacotherapy (i.e., at baseline) disordered gamers showed 

increased delta- and theta-wave activity compared to HCs. However, at the completion of (SSRI) 

pharmacotherapy, there was a significant decrease in delta-wave activity, while theta showed no significant 

changes despite the significant reduction in GD severity measures. The decreased delta-activity significantly 

correlated with a reduction in GD severity scores, while theta-activity remained high when compared to HCs. 

Slow-wave activity (i.e., delta and theta) has been associated with a range of cognitive processes, such as attention, 

and higher-order control processes (Thatcher et al., 2005), an increase of which has been related to impairments 

in attention, control processes, and inhibitory control (Schiller et al., 2013), which have been found to be 

psychometrically correlated with GD (Şalvarlı & Griffiths, 2019). This suggests these neurophysiological 

differences may be GD trait-markers, a method which has been used to indicate possible trait-markers in other 

fields, such as substance use addiction (e.g., AUD; Porjesz et al., 2005). 

Additional findings were reported among internet addicts who experienced higher gamma-activity (Choi 

et al., 2013), but lower beta- and delta-activity compared to HCs (Choi et al., 2013; Lee et al., 2014). Gamma-

wave activity has been understood to represent local neural communication and have been associated and binding 

of perceptual and conceptual information, while decreased beta-activity has been related to inattention and 

impulsivity (Abhang et al., 2016; Park et al., 2017; von Stein & Sarnthein, 2000). Given that dysfunctional resting-

state gamma-activity is present without external stimuli, it may suggest anomalous connectivity and neural 

asynchrony while in a resting-state (Tallon-Baudry, 2003; Tallon-Baudry et al., 2005). Similarly, aberrant gamma 

activity may suggest dysfunctional activity in the dopaminergic system, which can be related to excitatory 

activation of the brain and seeking-behaviours related to addiction (Buzsáki & Wang, 2012; Yordanova et al., 

2002). Furthermore, decreased beta activity suggests that internet addicts experience low impulse-control and 

therefore use increased cognitive resources, which has been associated with psychometric findings (D’Hondt et 

al., 2015). Taken together, it could be that increased gamma-activity among internet addicts, coupled with low 

beta-activity demonstrate a trait-like marker for internet addicts (Choi et al., 2013; Lee et al., 2014).   

GD and IA each show lower beta-activity (Park, Hong et al., 2017; Son et al., 2015; Choi et al., 2013; 

Lee et al., 2014). Lower beta-activity has frequently been found among individuals with ADHD, and reported to 

be associated with poor cognition, inattention, and impulsiveness in ADHD (Snyder & Hall, 2006), which was 

also related to impulsivity trait and severity in a resting-state gambling EEG study by Lee et al. (2017). Similarly, 

decreased beta-activity among disordered gamers and internet addicts may implicate higher levels of 

impulsiveness, which is corroborated by psychometric literature (Şalvarlı & Griffiths, 2019; Zhang et al., 2015). 

However, unlike disordered gamers, internet addicts experienced significantly lower delta-activity compared to 

HCs, similar to AUD patients (Ehlers et al., 1989). This is suggestive of dysfunctional information processing, 

which has been related with slow-wave changes (Howland et al., 2011; Saletu-Zyhlarz, 2004). Overall, these 

results suggest that although IA and GA share similar cognitive and behavioural characteristics, they can be 

differentiated by their distinct neurophysiological features. 
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Coherence Analysis 

When considering coherence analysis, findings suggest altered synchronised brain activity between 

spatially separated scalp electrodes among disordered gamers. The severity of this alteration may be related to 

clinical variables, including resilience and co-existing conditions. Disordered gamers with low resilience exhibited 

increased alpha coherence in the right hemisphere and reported severe depressive symptoms and high stress levels 

(Lee et al., 2019). Increased alpha coherence has been associated with poor emotional regulation (Kautz et al., 

2017), which has been theorized as a mechanism in the development and maintenance of GD (Burleigh, Griffiths, 

et al., 2019). Furthermore, Park et al. (2018) found that fast-frequency coherence activity was also present pre- 

and post-SSRI treatment and concluded that increased gamma and beta coherence may act as neurophysiological 

GD marker. Distinctive gamma, alpha, and beta coherence were also found when disordered gamers were 

compared with AUD patients (Park, Lee et al., 2017), comorbid GD/ADHD patients (Park, Hong et al., 2017), 

and GD/MDD patients (Youh et al., 2017).  

Taken together, disordered gamers may have specific neurophysiological states when compared to HCs 

and other SUDs and psychiatric disorders. The consistent findings of mid- to high-frequency bands can be 

explained as a possible risk factor and a secondary change derived from repetitive gaming (Dong et al., 2012; 

Jeong et al., 2016). The increased beta and alpha coherence activity within the right hemisphere may also be 

associated with the repeated activation of the visuospatial working memory and executive function that is 

accompanied by frequent gaming (De Benedictis et al., 2014; Jeong et al., 2016).  

Limitations and Future Directions 

Despite neuroimaging studies on GD offering important contributions, there are limitations and future 

directions that should be considered. Firstly, the reviewed studies of GD contained all male participants. This may 

have created a neurophysiological bias within the data. The reviewed studies were also exclusively conducted and 

recruited in South Korea and China, which may compromise the generalizability of the results. Moreover, eight 

studies recruited participants from the same clinic, which may also compromise the generalizability of the results 

to a larger demographic. Furthermore, there were no studies in this review investigating other cultural populations, 

which may produce different results. Additionally, a majority of the reviewed studies used cross-sectional methods 

and therefore it is not possible to ascertain any causal relationships between GD and altered neurophysiological 

traits. Future research should utilise both men and women from other countries and cultures and employ 

longitudinal designs with male and female samples to overcome these shortcomings. Multi-cultural studies are 

necessary to understand the neurophysiological and potential GD trait-markers.  

Additionally, there are limitations regarding the veracity of the psychometric-related conclusions drawn 

within the GD and IA studies. More specifically, each GD study used an IA severity measure (i.e., IAS or IAT) 

to assess GD, despite other measures specific to IGD or GD being available. Furthermore, two of the three IA 

studies reported predominantly online gamers as participants. The use of IA tools to assess GD, is a trend that has 

continually been observed, and scholars have debated the detrimental effect it has had on both fields (see King et 

al. [2020] and Pontes et al. [2017] for reviews). This issue is also present in the current review because the samples 

used in the IA studies (Choi et al., 2013; Lee et al., 2014) were reported as problematic online gamers. This 

suggests the findings may reflect problematic gaming more so than IA. However, given these studies explored IA 
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themes and theoretical underpinnings, it is important to collate and contrast the data in the context of which they 

were collected. Moreover, it is important to consider that these IA studies were published before the DSM-5’s 

IGD diagnostic criteria were conceived, further supporting the decision to present the findings in their original 

contexts. Finally, it is important to note that the reviewed studies employed an experienced psychiatrist/clinician 

to assess GD and IA (excluding Sun et al. [2019]), lending validity to the overall neurophysiological results and 

the behavioural constructs they explored. Future research in this area should endeavour to use psychometrically 

validated constructs that are specific to GD when evaluating neurophysiological data. 

The present review is also subject to some limitations. Firstly, the methodology used was descriptive in 

nature and not quantitatively synthesized. While the review followed rigorous and transparent methods, it 

considered the breadth of the literature, and as such, no statistical conclusions can be drawn from the results. 

Secondly, due to the inclusion criteria, only peer-reviewed papers published in English were used. Therefore, no 

non-peer-reviewed literature was present, which conflicts with the recommended approach by Siddaway et al. 

(2019) for reducing the effects of publication bias in systematic reviews and meta-analyses. Thus, the exclusion 

of non-peer-reviewed literature in the present review implies lack of representation of both grey and peer-reviewed 

literature, which must be considered as a limitation of the study. In addition, given that the entirety of the papers 

reviewed were from south-east Asian countries, it could be that important findings published were overlooked 

because they may have been available in other languages or databases. Moreover, despite including broad research 

terms in several databases, it is possible a number of studies were missed due to a lack of fit with the inclusion 

criteria. In that line, the present review may be missing additional papers which were released after the initial 

search and screening. Thus, the present review may be considered a comprehensive search of information up to 

the and including the search date, but not after. Finally, the current literature review does not include literature 

published after the COVID-19 pandemic, as the final literature search was conducted prior to its onset. This 

limitation is particularly relevant in terms of how the pandemic may have impacted or influenced increased 

gaming, which may have affected the neurophysiological behavior of individuals. Therefore, it is important to 

take this limitation into account when interpreting the findings of the review. 

Conclusion 

The evidence in this review suggests that there are distinct neurophysiological features associated with 

GD and IA. Although both share some neurophysiological similarities to substance use disorders, the results 

suggest that internet addicts have higher gamma-activity and lower delta-activity, while disordered gamers show 

higher theta-activity and higher gamma and beta coherence than HCs. Taken together, the findings indicate 

possible impairments in attention and inhibitory control (i.e., impulsivity), and dysfunctional dopaminergic 

activity. These distinct pairings may help improve diagnosis by objectively highlighting an individual’s 

neurophysiological state, and in conjunction with correlated psychometric scales could allow clinicians to provide 

tailored interventions. Therefore, the findings support the NIMH’s suggestions of using the RDoC criteria for 

mental disorder diagnosis (Clark et al., 2017). Future research should focus on replicating the findings in a wider 

variety of cultural contexts to support the neurophysiological basis of classifying GD and related behavioural 

addictions. In that line, the next chapter will explore novel machine learning methods which may help provide 

additional insight into the identification of GD using a wide range of different techniques.  
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Chapter 3 

 
Exploring Problematic Gaming through Machine Learning: A Systematic Review 

 

Introduction 

As gaming technology advances, there has been an increasing need to understand associated disorders 

(e.g., gaming disorder [GD]) through improved conceptualisation, assessment, and treatment (Kuss & Billieux, 

2017). As a result, the American Psychiatric Association (APA) included Internet Gaming Disorder (IGD) as a 

tentative behavioural addiction in the fifth edition of the Diagnostic and Statistical Manual of Mental Disorders 

(DSM-5) which warranted further investigation (American Psychiatric Association, 2013). Subsequently, the 

World Health Organization (WHO) officially recognised GD in the 11th revision of the International 

Classification of Diseases (ICD-11; World Health Organization, 2019). 

Prior to the inclusion in the diagnostic manuals, IGD and GD had been described in other ways and with 

other terms (e.g., problematic online gaming; Király et al., 2014). A large number of these gaming-related terms 

have also fallen under the broader category of internet addiction (IA), which has also been referred to using various 

terms (e.g., problematic internet use; Kuss et al., 2014). The present review incorporates research relating to both 

the clinically defined GD as well as problematic use of videogames. To maintain consistency, the term ‘gaming 

disorder’ will be used when referring to the clinically defined IGD/GD constructs as included in the DSM-5/ICD-

11.     

Disordered gaming (and/or problematic gaming) has been associated with several negative outcomes, 

such as anxiety (Adams et al., 2019), depression (Burleigh et al., 2018), and substance use (Škařupová et al., 

2018). Furthermore, it has been suggested that GD frequently co-occurs with psychiatric and substance use 

disorders (Burleigh, Griffiths, et al., 2019). Due to the multifaceted nature of GD, several assessment techniques 

have been used to identify problems, predict adverse outcomes, and inform treatment (Kuss & Billieux, 2017). 

Some methods include psychometric self-report (King et al., 2017), clinical assessment and intervention (Yau et 

al., 2012) and brain imaging methods (e.g., electroencephalography, EEG; Burleigh et al., 2020) functional 

magnetic resonance imaging, (fMRI; Kuss et al., 2018). Indeed, the topic of assessment and prediction has long 

been explored by data analysts, experimental scientists, and psychologists. In recent years, the advent of artificial 

intelligence (AI) technology has brought new insights into the discussions regarding analysis and assessment 

(Orrù et al., 2020).  

In the past decade, AI has emerged as a fast-growing field of study when modelling complex sets of data 

across multiple disciplines (Orrù et al., 2020). The term ‘artificial intelligence’ is used to describe machines that 

emulate human mind-related cognitive functions, such as learning and problem solving (Elliott, 2021). The rapid 

expansion of AI-related methodologies has seen researchers employ various related techniques ranging from 

hypothesis generation to experimentation (Lin et al., 2020; May, 2021). Indeed, when presented with large and 

complex data sets, AI has demonstrated an aptitude at extracting meaningful patterns for the purposes of 

regression, prediction, and classification (Lin et al., 2020). For example, AI has contributed to the diagnostic and 
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therapeutic approach for treatment, prognosis, diagnosis prediction, and the detection of potential biomarkers in 

an individual-specific and treatment-specific manner in psychiatric disorders (Lin et al., 2020). Thus, AI can then 

use these data to aid in the optimisation of procedures and parameters, offering unique insights into decision-

making and support (Lin et al., 2020; May, 2021). Therefore, AI implements a predictive model to forecast future 

events, whereas traditional data analytics is focused on data pre-processing, interpretation, visualisation, and 

prediction. Therefore, in making sense of data with diverse features, researchers have moved beyond conventional 

data analyses, and there is a growing use of machine learning (ML) technology to identify predictors and outcomes 

for at-risk groups (Hastie et al., 2009).  

ML emerged as a computer science field, but is now becoming increasingly used across multiple 

disciplines (Orrù et al., 2020). It involves the construction of complex algorithms that can learn and make 

predictions based on various data inputs (i.e., historical data; Hastie et al., 2009). There are four types of prominent 

ML techniques: supervised learning, unsupervised learning, semi-supervised learning, and reinforcement learning 

(Vieira et al., 2020). Supervised learning requires the use of a labelled dataset, wherein each datapoint is labelled 

with the appropriate answer (Vieira et al., 2020). Based on this information, when new unlabelled data are 

presented, the algorithm then uses the key features (i.e., predictor variables) from the labelled datapoints to apply 

the correct classification for the new data (Vieira et al., 2020). Consequently, supervised learning allows for 

dependent or outcome variables to be predicted by independent or predictor variables (i.e., features) through 

classification using ML techniques (Hastie et al., 2009).  

Unsupervised learning works with unlabelled datasets. When given data, the algorithm seeks to identify 

trends and clusters of distinctive characteristics, and will then seek to place new data within these trends or clusters 

(Vieira et al., 2020). Semi-supervised learning is an amalgamation of the two aforementioned techniques and uses 

a dataset in which only a select number of datapoints are labelled (Vieira et al., 2020). The algorithm then uses 

clustering techniques (i.e., unsupervised learning) to identify groups within the dataset and then uses the labelled 

datapoints to label the other unlabelled datapoints in the same cluster or group (Vieira et al., 2020). Finally, there 

is reinforcement learning which uses goal-orientated algorithms which place an emphasis on the interactive 

environment and learn through trial and error (Vieira et al., 2020). It is through these techniques that ML is able 

to make accurate predictions concerning data with (comparatively) very few assumptions (Bishop, 2006; Breiman, 

2001) – unlike more traditional methods of data analysis which require specific assumptions about the data to 

enable prediction, such as analysis of variance and regression (Mak et al., 2019).  

ML has emerged in various fields relating to psychology. It has been utilized to improve classification 

of depressive disorders with neurophysiological data (Drysdale et al., 2017), and to improve prognosis and 

diagnosis in other mental health disorders, such as anxiety (McGinnis et al., 2018; Tekin Erguzel et al., 2015). 

Furthermore, ML techniques have been utilized to screen (Mumtaz et al., 2017), predict treatment efficacy (Acion 

et al., 2017), and assist in clinical decision-making within the substance-use disorder field (Connor et al., 2007). 

Indeed, there have been several reviews on ML within the addiction literature (e.g., Mak et al., 2019) and within 

the substance use literature (Zulkifli et al., 2020). However, to the best of the authors’ knowledge, there has never 

been any previous review of ML and GD. Given ML techniques are being utilized with increased frequency in 

the addiction literature, consolidating the knowledge on the use of ML learning within GD will benefit future 

implementations of these techniques. Moreover, the use of ML techniques may help better understand aetiology, 
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relevant diagnostic criteria, and the potential to improve interventions (Ferreri et al., 2018). In the present review, 

ML is considered to be a statistical process which is used as a predictive modeling tool to make predictions about 

future data based on past observations. More specifically, ML in the present context focuses on optimizing a 

model's performance on new data rather than on understanding the underlying relationships between variables. 

For example, logistic regression can be used through the lens of both traditional and ML statistics. In traditional 

statistics, logistic regression is often used to test hypotheses and make inferences about the relationships between 

predictor variables and an outcome variable. While in a ML context logistic regression may be used in conjunction 

with other machine learning techniques, such as regularization or feature selection, to improve model performance 

and generalization to new data. Thus, within the present review, ML is considered to be statistical methodologies 

which employ, and have an emphasis on, predictive modelling and/or optimization within a defined ML scope as 

set out by each reviewed paper.  

Given the increasing use of ML in the GD literature, the present paper presents a systematic review of 

ML studies within GD to inform and direct further work in the field. The primary goal is to review empirical 

research over the past decade, providing contemporary information on the use of ML techniques and findings in 

relation to GD. More specifically, the review provides an up-to-date summary of ML techniques currently 

employed and the subsequent findings within the scope of GD. 

Methods 

The best practice five-stage model of conducting a rigorous systematic review was used as follows: (i) 

identifying the research question, (ii) identifying relevant studies, (iii) study selection, (iv) dissemination of 

outcomes, and (v) summarizing and reporting the results (Siddaway et al., 2019). Inclusion criteria for the review 

were as follows. Studies had to (i) be published in English; (ii) use gaming or problematic/disordered gaming as 

an outcome measure or another related measure which considers gaming (e.g., internet addiction); (iii) use ML to 

classify, identify, or predict individuals with problematic gaming or gaming disorder; (iv) use ML in problematic 

or disordered gaming treatment, and (v) be published in peer-reviewed journals in the past decade. Studies were 

excluded if they (i) used simulation of addictive behaviours; (ii) used statistical models which were utilized 

exclusively as statistical models, rather than extended models used in machine learning; (iii) were review papers 

with no new empirical data; and (iv) were conference proceedings. The database searches included 

PsychARTICLES, PsychINFO, Scopus, and Web of Science. 

Keyword combinations of various ML techniques and terms relating to GD and associated fields were 

used. ML keywords included: machine OR supervised OR unsupervised OR reinforcement OR ensemble learning; 

support vector machine; SVM; linear discriminant analysis; LDA; Naïve Bayes; NB; k-nearest neighbours; KNN; 

learning vector quantization; LVQ; decision trees; random forests; chi-square automatic interaction detection; 

CHAID; iterative dichotomizer 3; least angle regression; ridge regression; least absolute shrinkage and selection 

operator; LASSO; k-means clustering, k-medians clustering, kmedoids clustering, hierarchical clustering, fuzzy 

clustering, hidden Markov model, model-based, model-free. Gaming disorder keywords included: patholog* OR 

problem* OR addict* OR compulsive OR dependen* OR disorder*; video OR computer OR internet gam*.  

The literature search was conducted between January 2021 and February 2021. A total of 699 papers 

were initially identified. Duplicate papers were removed. Papers not relevant to the present review or non-English 
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were removed, leaving a total of 35 papers. The abstracts of these papers were screened, and a some were excluded 

because the studies (i) were not in English (n=3); (ii) were published in conference proceedings (n=1); and (iii) 

did not meet the inclusion/exclusion criteria (n=17). The remaining 14 papers were screened based on full text 

with a further four papers being excluded due to not using ML techniques (n=1), not relating to GD specifically 

(n=2), and not being an empirical paper (n=1). The remaining ten papers met all the inclusion criteria. The present 

review followed the Preferred Reporting Items for Systematic Reviews and Meta-Analyses guidelines (PRISMA 

statement; Page et al., 2021, which includes a PRISMA flow diagram [see Figure 1]). 
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Figure 1 

Flow Diagram of Paper Selection Process for the Systematic Review 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Results 

The ten papers meeting the inclusion criteria utilized supervised ML techniques. The papers were 

classified into three groups based on the type of data collected: psychometric data (n=4; Aggarwal et al., 2020; 

Ioannidis et al., 2016, 2018; Rho et al., 2016), neurophysiological data (n=4; Dong et al., 2020; Song et al., 2021; 

Wang et al., 2022; Wang et al., 2020), and physiological data (n=2; Kim et al., 2018, 2019).  
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Studies Utilizing Psychometric Data 

Four studies primarily utilized psychometric data within their ML analyses (Aggarwal et al., 2020; 

Ioannidis et al., 2016, 2018; Rho et al., 2016). The samples contained both males and females, and data were 

collected in India (Aggarwal et al., 2020), North America and South Africa (Ioannidis et al., 2016, 2018), and 

South Korea (Rho et al., 2016). The selected papers utilized a range of ML analyses, which are shown in Table 1.  
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Table 1  

 

Psychometric Data Utilized in Machine Learning 

 

Paper Aims  Sample  Behaviour ML Method/Analysis Key findings 

Aggarwal 

et al., 2020 

To identify predictors of GD, ADHD, and 

GAD using a gamers’ videogame related 

statistics in conjunction with demographic 

data.  

Indian 

44 participants (42 Male; 

2 Female). 

Mage: 21.7 years. 

IGD Supervised ML  

Logistic Regression,  

K Nearest Neighbour, 

Naive Bayes,  

Decision Tree,  

Decision Tree with 

Adaboost 

The authors were able to 

predict IGD with an accuracy 

of 93.18% using Logistic 

Regression classifier.  

 

Logistic Regression classifier 

resulted in a maximum AUC 

of 0.60 for predicting IGD. 

 

Ioannidis 

et al., 2016 

To investigate the predictive power of 

impulsive and compulsive trats in relations 

to problematic internet use.  

North American and 

South African 

n= 2006 

HC: n=1852 (Mage: 29.8 

years; SD=13.3)  

PIU: n=181 (Mage: 33.2 

years; SD=14.3) 

Problematic 

Internet Use 

(including 

Gaming) 

Supervised ML 

Logistic Regression, 

Random Forests, 

Naïve Bayes 

Impulsivity and compulsivity 

significantly increased 

predictability of PIU 

compared to baseline (note. 

baseline is the model which 

excluded impulsivity and 

compulsivity measures). 

 

Logistic Regression could 

distinguish PIU from non-PIU 

with an AUC of 0.83 (SD 

0.03) compared to baseline 

AUC 0.73 (SD 0.03). 

 

Random Forests had an AUC 

of 0.84 (SD 0.03) compared to 

baseline AUC 0.69 (SD 0.03). 

 

Naïve Bayes had an AUC of 

0.83 (SD 0.03) compared to 

baseline AUC 0.74 (SD 0.04). 
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Ioannidis 

et al., 2018 

To investigate the moderating relationship 

of age and gender on problematic internet 

use. 

North American and 

South African 

n= 1749 

NA: n=686 (Mage: 36.3 

years; Female: 27%; 

Male: 73%) 

SA: n=1063 (Mage: 36.3 

years; Female: 42%; 

Male: 58%) 

 

Problematic 

Internet Use 

(including 

Gaming) 

Supervised ML 

Linear Regression,  

Ridge Regression,  

Elastic-net, 

LASSO, 

Random Forests,  

Naïve Bayes 

 

LASSO and elastic-net were 

superior to ridge regression 

and linear regression and not 

statistically different between 

each other. 

 

LASSO was utilized as the 

main ML algorithm. 

 

Higher PIU scores were 

significantly related to internet 

gaming. 

 

Age moderated the 

relationship between PIU and 

role-playing games. 

 

There was inconclusive 

evidence for gender and its 

moderating effect on activities 

being associated with PIU 

scores. 

 

Rho et al., 

2016 

To investigate patterns and potential 

predictors of problematic internet game 

use.  

South Korean 

n= 1022 

HC: n= 511 

IGD: n= 511 

Problematic 

Internet 

Game Use 

(IGD) 

Supervised ML 

Decision Tree: CHAID 

Six important predictors of 

problematic internet game use 

were found: 

gaming costs, average 

weekday gaming time, offline 

Internet gaming community 

meeting attendance, average 

weekend and holiday gaming 

time, marital status, and self-

perceptions of addiction to 

Internet game use. 

 

Using these six predictors, 

three types of gamer were 

found: Cost-consuming 
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gamer, socializing gamer, and 

solitary gamer.  

      

Note. IGD is Internet Gaming Disorder; HC is Healthy Control; ADHD is Attention Deficit Hyperactivity Disorder; ML is Machine Learning; PIU is Problematic Internet 

Use; ROC is Receiver-Operating Characteristic; AUC is Area Under Curve; PR-AUC is Precision-Recall Area Under Curve; NA is North America; SA is South African; 

LASSO is Least Absolute Shrinkage and Selection Operator; CHAID is Chi-square Automatic Interaction Detector 
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A cross-sectional study from India used gamers’ in-game statistics - from PlayerUnknown’s 

Battlegrounds (PUBG) - in conjunction with self-esteem to predict GD, attention deficit hyperactivity disorder 

(ADHD), and generalized anxiety disorder (GAD). The aim was to investigate the feasibility of detecting the early 

onset of GD, ADHD, and GAD using basic demographic information (i.e., age and gender), self-reported self-

esteem, and gaming statistics. The gaming statistics which were used as features (i.e., predictor variables) in the 

ML model were: headshots (i.e., number of enemy players killed with headshots), kills (i.e., number of enemy 

players killed), longest time survived (i.e., longest time survived in a match), rounds played (i.e., number of 

matches played), round most kills (i.e., highest number of kills in a single match), top 10s (i.e., number of times 

this player made it to the top 10 in a match), wins (i.e., number of matches won), average time survived (i.e., 

average time survived in a match), top 10s percentage (i.e., percentage of times this player made it to the top 10 

in a match), win ratio (i.e., percentage of times this player has won a match; Aggarwal et al., 2020). 

Data were processed in a Python 3 environment using Spyder, Jupyter-Notebook, NumPy (Harris et al., 

2020), and pandas (McKinney, 2011), while the ML framework utilized was Scikit-learn (Pedregosa et al., 2011). 

Leave One Out Cross Validation (LOOCV) was used in conjunction with a Synthetic Minority Oversampling 

Technique (SMOTE) due to a small imbalanced data set. The LOOCV technique is a special case of k-fold cross 

validation wherein the model is trained on N-1 datapoints and tested on one left out sample. SMOTE aids to avoid 

overfitting by creating additional samples along the line between the supplied data and its neighbours. Therefore, 

oversampling balances the dataset which results in an effective training model (Aggarwal et al., 2020). The results 

indicated that a logistic regression classifier held a maximum prediction accuracy of 93.18% for GD, followed by 

decision tree with adaboost (adaptive boosting) (90.90%), decision tree (88.65%), naïve Bayes (79.94%), and K 

nearest neighbour (79.54%). Moreover, multiple models were run removing gender, age, and self-esteem which 

resulted in an 8%-15% reduction in prediction accuracy, suggesting that these factors are important when 

considering GD. Performance of the model was evaluated using the Receiver Operating Characteristics (ROC) 

curves and the Area Under the Curve (AUC) was used as a performance metric. Briefly, the ROC is a tool which 

evaluates how successful the classifier (i.e., the ML algorithm) can discriminate between positive and negative 

cases (Streiner & Cairney, 2007). The ROC is visualised as a plot containing a true positive rate (sensitivity) with 

a false positive rate (specificity) for various threshold points (Aggarwal et al., 2020). The area under the ROC 

curve (i.e., the AUC) is calculated to measure the performance of the classifier used; this metric falls between 1.0 

(ideal) and 0 (poor), with 0.5 being comparable to guess at random (Streiner & Cairney, 2007). In regard to GD, 

the logistic regression classifier model had an AUC of 0.6.  

Similar results were found when using a logistic regression ML technique in a cross-sectional paper by 

Ioannidis et al. (2016). Their aim was to investigate whether problematic internet use (PIU) could be predicted 

from impulsive and compulsive traits and related symptomology. It is worth noting that PIU was broadly defined 

and included a number of different internet activities (e.g., general surfing, social networking), but also included 

online gaming. The full model included 20 features, such as: age, sex, race, education, clinical variables (diagnoses 

of ADHD, GAD, social anxiety and obsessive-compulsive disorder [OCD]), impulsivity, and compulsivity 

variables (for a full list of variables, see Ioannidis et al. [2016]). In addition, the full model was compared against 

a baseline model which excluded impulsivity and compulsivity variables.    
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The data were processed using R Studio, with the ML framework applied through the caret (classification 

and regression training) package (Kuhn, 2008). The analysis used cross-validation with 50 replications and the 

results were then averaged. Three ML techniques were utilized in this study: logistic regression, random forest, 

and naïve Bayes. Briefly, the random forest algorithm is a combination of multiple binary decision trees. As the 

model receives new data, each tree produces a response – therefore, the overall output is determined by a majority 

vote (Ioannidis et al., 2016). Naïve Bayes is an algorithm that applies the Bayes rule to select the optimal 

classification based on the posterior probability of the classification labels given in the dataset (Ioannidis et al., 

2016).  The results found that random forest algorithms (AUC 0.84) were able to classify PIU and non-PIU 

participants with the greatest accuracy, followed by naïve Bayes (AUC 0.83) and logistic regression (AUC 0.83). 

This indicated that these ML techniques were able to predict PIU based on the given features. However, there 

were no specific scores for internet gaming or what it contributed to the overall classification of PIU. However, 

this was explored in a follow-up study by Ioannidis et al. (Ioannidis et al., 2018). 

The follow-up study by Ioannidis et al. (2018) also investigated PIU. The aim was to identify specific 

internet-related activities that were statistically associated to PIU, and whether age and gender moderated these 

associations. The final model contained a total of 51 variables. This included six demographic variables (e.g., age, 

gender), two behavioural variables (e.g., impulsiveness), four diagnostic variables (e.g., generalized anxiety 

disorder), 13 internet activity variables (e.g., internet gaming), and 26 interaction variables (i.e., the interaction of 

each internet activity with age and gender). The large number of variables was used in an attempt to create a more 

accurate model that captured the complexity within the demographic and internet use variables. In order to address 

the potential of over-fitting the data, the authors chose to use ML techniques to address this limitation, namely 

least absolute shrinkage, and selection operator (LASSO), ridge regression, elastic-net, and random forests.  

Briefly, the LASSO regression is a regularization technique. It is well-suited to models with high 

multicollinearity and can provide more accurate predictions when compared to other ML techniques (Ioannidis et 

al., 2018). More specifically, data values are shrunk towards a central point (i.e., penalised), and therefore 

encourages simple, sparse models which reduce over-fitting (Huys et al., 2016). As a result, LASSO can aid in 

feature selection because it can lead to zero coefficients (i.e., variables that do not contribute to the model are not 

used). Ridge regression works in a similar way to LASSO. However, unlike LASSO (which uses an L1 penalty), 

ridge regression does not aid in feature selection and uses an L2 penalty (Huys et al., 2016). Elastic-net is a 

statistical model which sits between LASSO and ridge regression. Unlike LASSO and ridge regression, the elastic-

net penalty is controlled by α, bridging the gap between LASSO (α=1) and ridge (α=0; Zou & Hastie, 2005). 

Moreover, elastic-net can perform feature selection and has the ability of selecting ‘grouped’ features, the latter 

being a property that LASSO does not share (Zou & Hastie, 2005). Therefore, each of these techniques are useful 

when considering models that contain many highly related variables.  

Ioannidis et al. (2018) found that LASSO and elastic-net performed more favourably than ridge 

regression, linear regression, and random forests. Furthermore, all models performed significantly better than the 

naïve baseline. While elastic-net has the potential to give a more powerful and complex model, it did not perform 

significantly better than LASSO. Consequently, LASSO was chosen as it increases interpretability due to 

shrinking the coefficients to zero (therefore removing the features) as opposed to grouping multiple features 

(Ioannidis et al., 2018). Within PIU, two gaming-related measures were considered, internet gaming and role-
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playing game (RPG). Each of these features had a significant LASSO coefficient, indicating that they significantly 

contributed to the PIU classification. More specifically, internet gaming was significant in the full sample (β: 

0.60) and with participants aged 18-25 years (β: 0.45) and 26-55 years (β: 0.11) years, while RPGs were strongly 

associated with participants aged 26-55 years (β: 0.71). This demonstrates that gaming (and playing RPGs) 

contributed to the classification within the ML algorithm, and therefore to the PIU construct.  

Finally, Rho et al. (2016) conducted a cross-sectional survey in Korea to investigate potential predictors 

of GD. They included 14 features in their model which included demographic data (e.g., age, marital status) and 

game style factors (e.g., gaming costs, time spent gaming). They employed a decision tree ML technique with a 

chi-square automatic interaction detector (CHAID) algorithm. A decision tree is similar to the random forest 

technique explained above. However, instead of using multiple ‘trees’, it has one tree in which the data are split 

into branch-like divisions. The CHAID algorithm uses adjusted significance testing in addition to the classification 

of patterns, and uses a similar prediction method to regression (Rho et al., 2016). Moreover, it is useful for data 

that are inappropriate for regression analysis due to violated assumptions (Murphy & Comiskey, 2013). Their 

model found six important predictors for GD: gaming cost (50%), average weekday gaming time (23%), offline 

internet gaming community meeting attendance (13%), average weekend and holiday gaming time (7%), marital 

status (4%), and self-perceptions of addiction to internet game use (3%). Based on these six predictors, the 

researchers suggested that there were three problematic gamer types (i.e., cost-consuming, socializing, and solitary 

players) which could successfully classify GD participants with an accuracy of 70.41% (Rho et al., 2016). 

Studies Utilizing Brain Function Data 

Four studies utilized fMRI data within the ML analyses (Dong et al., 2020; Song et al., 2020; Wang et 

al., 2020; Wang et al., 2020). The samples all comprised Chinese populations with two samples being exclusively 

male (Song et al., 2020; Wang et al., 2020). Each study utilized varying ML techniques as shown in Table 2.  
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Table 2 

 

Neurophysiological Data Utilized in Machine Learning 

 

Paper Aims  Sample  Behaviour ML Analysis/Method Key findings 

Dong et 

al., 2020 

To investigate if regional brain features 

and functional connectivity could be 

utilized in MVPA to distinguish 

recreational gamers from gamers 

experiencing IGD based on IGD 

diagnostic criteria.  

Chinese  

RGU: n= 226 

(Mage: 21.60 years; 

SD=2.48; Female: 

85; Male: 141)  

IGD: n= 148 (Mage: 

21.25 years; SD= 

2.45; Female: 63; 

Male: 86) 

 

IGD Multivariate Pattern Analysis: 

Support Vector Machine 

MVPA could not discriminate 

between RGU and IGD when 

using IGD scores ≥5 as the 

inclusion criteria for IGD 

subjects. 

 

IGD scores ≥5 and ReHo yielded 

an accuracy rate of 73.8% 

(43.92% for IGD; 93.36% for 

RGU) with an AUC of 0.74. 

 

IGD scores ≥5 and FC yielded an 

accuracy rate of 60.42% (41.33% 

for IGD; 72.16% for RGU) with 

an AUC of 0.28 

 

MVPA could discriminate 

between RGU and IGD when 

using IGD scores ≥6 as the 

inclusion criteria for IGD 

subjects. 

 

IGD scores ≥6 and ReHo yielded 

an accuracy rate of 89.84% 

(63.44% for IGD; 98.58% for 

RGU) with an AUC of 0.95. 

 

IGD scores ≥6 and FC yielded an 

accuracy rate of 75.31% (59.16% 

for IGD; 82.73% for RGU) with 

an AUC of 0.67. 

 

Using a IGD score of ≥6 and 

ReHo, the brain regions with high 
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discriminative powers were the 

bilateral inferior cerebellum; 

orbitofrontal cortex; cuneus; 

inferior temporal gyrus; middle 

frontal gyrus; and the 

parahippocampal. 

 

Using a IGD score of ≥6 and FC, 

the brain networks with high 

discriminative power included 

regions in the default-mode 

network (praecuneus and middle 

temporal gyrus) and the 

executive-control network 

(anterior cingulate cortex and 

middle frontal cortex). 

 

 

Song et al., 

2020 

To investigate the predictive power 

resting-state functional connectivity to 

assess severity of IGD when utilising 

connectome-based predictive modelling. 

Chinese males 

n= 113 

HC: n=41 (Mage: 

23.02 years; 

SD=2.09)  

IGD: n=72 (Mage: 

22.32 years; 

SD=1.96) 

IGD Connectome-based Predictive 

Modelling: Support Vector 

Machine 

The default-mode network  

is the most informative network in 

predicting IGD both in 

classification (78.76%) and 

regression (association between 

predicted and actual psychometric 

scale score: r=0.44, P < 0.001). 

 

The dorsal medial prefrontal 

cortical default-mode network 

appears to significantly contribute 

to the prediction of IGD scores 

and severity. 

 

Wang, 

Dong et 

al., 2020 

To investigate if MVPA can classify IGD 

participants from RGUs and finding which 

brain regions contribute most to the 

classification of IGD. 

Chinese 

n= 202 

RGU: n=99 (Mage: 

36.3 years; Female: 

n=48; Male: n=51) 

IGD Multi-voxel Pattern Analysis: 

Support Vector Machine  

Image-based ML techniques can 

be utilized to distinguish IGD 

using ReHo maps.  

 

Discrimination between the two 

groups held an AUC of 0.92, with 

an accuracy rate of 82.67%. 
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IGD: n=103 (Mage: 

36.3 years; Female: 

n=46; Male: n=57) 

 

 

The brain regions which 

contributed most to the 

classification between IGD 

subjects and RGUs included the 

bilateral parahippocampal gyrus, 

right anterior cingulate cortex, 

middle frontal gyrus, and left 

cerebellum posterior lobe. 

 

Wang, 

Potenza et 

al., 2020 

To investigate the if MVPA can correctly 

identify IGD participants using cue-

reactive data. To examine the potential of 

MVPA in predicting treatment responses 

using baseline beta values in IGD subjects 

receiving craving behavioural intervention 

treatment. 

Chinese males 

n= 59 

HC: n=19 (Mage: 

22.89 years; 

SD=2.23)  

IGD: n=40 (Mage: 

22.05 years; 

SD=1.78) 

IGD Multi-voxel Pattern Analysis: 

Support Vector Machine 

Classification of the two groups 

had an AUC of 0.94, with an 

accuracy of rate of 92.37%. 

 

The most discriminative brain 

regions that contribute to 

classification were the bilateral 

middle frontal gyrus, praecuneus, 

and posterior lobe of the right 

cerebellum. 

 

MVPA statistically predicted 

clinical outcomes in the craving 

behavioural intervention group.  

 

The most strongly implicated 

brain regions in the prediction 

model were the right middle 

frontal gyrus, superior frontal 

gyrus, supramarginal gyrus, 

anterior/posterior lobes of the 

cerebellum and left postcentral 

gyrus. 

      

Note. MVPA is Multivariate/Multi-voxel Pattern Analysis; IGD is Internet Gaming Disorder; RGU is Recreational Game Use; HC is Healthy Control; SVM is Support 

Vector machine; ReHo is Regional Homogeneity; ROC is Receiver-Operating Characteristic; AUC is Area Under Curve 
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Dong et al. (2020) conducted a cross-sectional study that investigated whether multivariate pattern 

analysis using a support vector machine (SVM; i.e., ML technique) could distinguish recreational game users 

(RGUs) from disordered gamers using resting-state fMRI data in conjunction with the DSM-5  classification 

criteria (American Psychiatric Association, 2013). Multivariate pattern analysis is an approach that is used to 

identify disordered brain activity which is manifested as spatially distributed patterns across multiple brain regions 

(Linn et al., 2016). A popular ML technique utilized in multivariate pattern analysis is a SVM, which is trained to 

predict disordered activity from the vectorized set of voxels within fMRI data (Linn et al., 2016). The SVM 

training algorithm then builds a model that assigns new examples to one category or the other using weights to 

decide the contribution of each voxel in the classification process, therefore, making it a non-probabilistic binary 

linear classifier (Linn et al., 2016). The researchers collected fMRI data and analysed them via two methods: (i) 

regional homogeneity (ReHo) which measures temporal synchronization of the time series of nearest neighbours 

and can be used to map local spontaneous neural activity (Peng et al., 2016); and (ii) functional connectivity (FC) 

which can be used to map short or long-distance connectivity patterns within the brain and provides additional 

information which cannot be found in ReHo (Peng et al., 2016).  

The SVM algorithm was applied using the pattern recognition for neuroimaging toolbox (PRoNTo; 

Acion et al., 2017) and LibSVM (Chang & Lin, 2011), respectively. The PRoNTo utilized a LOOCV method 

during ReHo classifier validation. In order to obtain a corrected p-value that could determine significance of 

accuracy, sensitivity, and specificity, a 1000 times non-parametric permutation test was conducted. In regard to 

FC, feature selection was conducted using scripts within LibSVM and a Kendall tau rank correlation coefficient 

was used to estimate the discriminative power of the selected features. A LOOCV method was then used to 

estimate the generalization ability of the classifiers chosen. The results demonstrated that multivariate pattern 

analysis using ReHo data was able to predict disordered gamers better than FC data, especially when GD scores 

were ≥6 (out of 9 utilizing DSM-5 criteria). Indeed, when using a GD score of ≥6 in conjunction with ReHo data, 

multiple brain regions achieved high discriminative power in the prediction of GD. Furthermore, the FC data 

suggested that the default-mode network (DMN) and the executive-control network also appeared to have high 

discriminative power (Dong, Wang, Dong, et al., 2020). These findings suggest that disease-related resting-state 

network alterations may contribute to some mood and executive-control disturbances seen in GD. The authors 

concluded that ML could discriminate between RGUs and disordered gamers, and that GD appeared to have a 

legitimate neurophysiological basis. The researchers suggested that the DSM-5 diagnostic threshold should be 

further investigated, especially when related to resting-state neural functioning. 

Song et al. (2021) conducted a cross-sectional study to investigate the predictive power of FC utilising a 

connectome-based predictive model in conjunction with a SVM. More specifically, they examined the predictive 

power of resting state FC in the assessment of the GD severity. Briefly, connectome-based predictive modelling 

is a method that is optimized for FC analysis (Shen et al., 2017). This modelling technique uses cross-validation 

methods and can protect against overfitting by testing identified connectivity in independent samples, which can 

enhance the replicability of findings (Song et al., 2021). The authors used the statistics and ML toolbox in 

MATLAB, adjusting the scripts to create connectome-based predictive models that utilized SVM for classification 

and feature selection. In order to obtain null distributions for significance testing, a 1000 times non-parametric 

permutation was conducted. The p-values for leave-one-out predictions were then calculated based on the null 
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distributions. The results suggested that DMN was the most informative brain network when predicting GD in 

both classification and regression analyses. Three subsystems within the DMN appeared to contribute to the 

prediction of GD. More specifically, Song et al. (2021) found that the dorsal medial prefrontal cortical DMN 

contributed the most to the prediction of GD, followed by the midline core DMN, and medial temporal DMN 

subsystems. The dorsal medial prefrontal cortical DMN has been associated with impairments with social 

functioning, and addictions (Zhang & Volkow, 2019) – which is a notable feature as social impairment is one of 

the diagnostic criteria in the DSM-5 and is encountered in clinical contexts (American Psychiatric Association, 

2013; King & Delfabbro, 2014).  

The midline core DMN has shown that atypical resting state functional connectivity may be an indicator 

of impaired self-awareness, emotional dysregulation, and contributes to an increase in self-related thoughts during 

abstinence (Zhang & Volkow, 2019). The resulting impaired cognitive and affective processes may be associated 

with compulsivity and tolerance, which has been implicated in craving and relapse (Yao et al., 2017; Zhang & 

Volkow, 2019). Lastly, the medial temporal DMN is often found to be coactive with the midline core DMN and 

is involved in memory retrieval in reference to personal experience (Zhang & Volkow, 2019). The resulting 

activation may reflect memories of previous gaming experiences. Therefore, an increased and consistent 

activation may represent a preoccupation with gaming. Consequently, the authors concluded by suggesting that 

individual differences within the resting state DMN may further the understanding of GD and its severity.  

Wang, Dong et al. (2020) also conducted a cross-sectional study and collected resting-state fMRI data. 

They investigated if multi-voxel pattern analysis could successfully classify RGUs from disordered gamers using 

SVM and spectral dynamic causal modelling. Additionally, they attempted to identify which brain regions 

contributed significantly to the classification of GD. Multi-voxel pattern analysis considers the interrelationship 

between voxels and as a result can be sensitive in detecting subtle and spatially distributed alterations within the 

data (Wang et al., 2020). Furthermore, it can allow for single-participant statistical inferences to be drawn, 

therefore aiding in diagnostic decisions on an individual level (Vieira et al., 2017). The SVM algorithm was 

applied using the PRoNTo (Schrouff et al., 2013) and utilized a LOOCV method during classifier validation.  

Following this, a 1000 times non-parametric permutation test was conducted to supply corrected p-values 

that could determine the significance of accuracy, sensitivity, and specificity of the SVM. The results suggest that 

image-based ML techniques can be utilized to distinguish disordered gamers from RGUs. More specifically, the 

classification between the two groups had an AUC of 0.92, an accuracy of 82.67%, a sensitivity of 83.50%, and 

specificity of 81.82%. They found that the brain regions which significantly aided in the GD gyrus classification 

were the bilateral parahippocampal, right anterior cingulate cortex, middle frontal gyrus, and left cerebellum 

posterior lobe. The results of the spectral dynamic causal model showed that disordered gamers demonstrated a 

weakened connection between the bilateral parahippocampal gyrus and the prefrontal cortex, which included right 

anterior cingulate cortex and the middle frontal gyrus. It has been suggested that each of these brain areas 

contribute to memory recall through the representation and retrieval of contextual information (Eichenbaum et 

al., 2007; Weible, 2013), while the anterior cingulate cortex and middle frontal gyrus have also been implicated 

in mood regulation (Caetano et al., 2006) and emotional modulation (Drabant et al., 2009), respectively.  
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These findings are in line with previous research which suggests that disordered gamers exhibit a 

significant blunted neural reaction in the anterior cingulate cortex and the middle frontal gyrus when responding 

to negative affective cues and during emotion regulation (Yip et al., 2018). Therefore, the generation and 

regulation of negative emotions are not only affected by one brain area. Therefore, Wang, Dong et al. (2020) 

concluded that the weakened connections between these brain areas may be an underlying mechanism of GD.  

Finally, Wang, Potenza et al. (2022) conducted a cross-sectional study that investigated whether multi-

voxel pattern analysis could identify disordered gamers using cue-reactive fMRI data. They also examined the 

potential of multi-voxel pattern analysis in regard to treatment response among disordered gamers. The SVM 

algorithm was applied using the PRoNTo (Schrouff et al., 2013) and utilized a LOOCV method during classifier 

validation. Following this, a 5000 times non-parametric permutation test was conducted to supply corrected p-

values determining the significance of accuracy, sensitivity, and specificity. The results demonstrated that the 

classification between disordered gamers and gamers had an AUC of 0.94, an accuracy of 92.37%, a sensitivity 

of 90.00%, and specificity of 94.74%. They found that the brain regions which aided GD classification the most 

were the bilateral middle frontal gyrus, praecuneus, and posterior lobe of the right cerebellum. Moreover, the 

multi-voxel pattern analysis was able to statistically predict clinical outcomes in the craving behavioural 

intervention (CBI) group (r=0.48, p=0.0032). 

The most discriminate brain regions in the prediction model were the right middle frontal gyrus, superior 

frontal gyrus, supramarginal gyrus, anterior/posterior lobes of the cerebellum and left postcentral gyrus.  The 

prefrontal cortex, which include the middle frontal gyrus and superior frontal gyrus, have been associated with 

craving processes in disordered gamers (Dong, Wang, et al., 2018; Dong, Zheng, et al., 2018; Dong, Liu, et al., 

2019), while the prefrontal activations have been implicated in recovery (without formal intervention) in GD 

(Dong, Liu, et al., 2019; Dong, Wang, et al., 2019). The cerebellum has been linked to a number of functions 

relating to GD, such as visual, emotional, and cognition-related processes (Tirapu-Ustarroz et al., 2011). Lastly, 

the supramarginal and postcentral gyri are main sensory receptive regions for touch (Carlson & Birkett, 2017). 

Wang, Potenza et al. (2022) concluded that findings suggest that craving responses, emotion and cognitive 

processes can aid in identifying disordered gamers and aid in the prediction of treatment outcomes.  

 

Studies Utilizing Physiological Data 

Physiological data were utilized in two studies based in Korea, each using all-male samples (Kim et al., 

2018, 2019; see Table 3).  
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Table 3 

 

Physiological Data Utilized in Machine Learning 

 

Paper Aims  Sample  Behaviour ML Analysis/Method Results 

Kim, Ha et 

al., 2018 

To investigate if craving could be detected 

in IGD participants using multi-modal 

physiological data in order to aid future 

intervention strategies. 

 

Korean males 

n= 57 (Mage: 19.19 

years; SD: 2.49) 

IGD Support Vector Machine Craving was detected in IGD 

participants with an average 

classification accuracy of 87.04%, 

and an average sensitivity and 

specificity of 87.71% and 86.37%, 

respectively. 

 

Results suggest that ML 

classification between craving and 

the IGD measure were not 

significant – suggesting that 

classification of craving is not 

significantly altered by severity of 

IGD symptomology. 

 

Participants with higher IGD scores 

generally report higher craving 

scores – suggesting IGD 

participants feel stronger cravings 

than those with lower scores. 

 

Kim, Kim 

et al., 2019 

To confirm test-retest reliability of the 

physiological-signal-based craving 

detection method from the previous study 

using multi-modal physiological data.  

Korean males 

n= 9 (Mage: 20.60 

years; SD= 1.14) 

IGD Support  Vector Machine,  

K-nearest Neighbours,  

Centroid Displacement-

based, Linear Discriminant 

Analysis,  

Random Forest 

A SVM was utilized in the final 

analysis as it had the most 

consistent results when compared to 

other ML techniques.  

 

The present study provided 

evidence for good test-retest 

performance, even when conducted 

over a three-day period.  

 

The greatest classification accuracy 

was 72.77% and was achieved 
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through using day one and day two 

data for training the SVM. 

      

Note. IGD is Internet Gaming Disorder; ML is Machine Learning; RGU is Recreational Game Use; HC is Healthy Control; SVM is Support Vector machine; ReHo is 

Regional Homogeneity; ROC is Receiver-Operating Characteristic; AUC is Area Under Curve 
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The overall aim in the studies was to detect craving among disordered gamers using physiological data 

in order to inform treatment interventions (Kim et al., 2018). This was then followed up in validation of test-retest 

reliability in a practical setting (Kim et al., 2019). The physiological measurements taken in each study were 

photoplethysmogram (PPG), galvanic skin response (GSR), and electrooculogram (EOG) signals. Each study used 

the LibSVM software package (Chang & Lin, 2011), and therefore the SVM technique, to classify high and low 

craving states. The SVM classifications were validated using a ten-fold cross-validation individually for each 

participant. The first study (Kim et al., 2018) used a total of 14 variables (e.g., heart rate, respiratory rate, eye-

blinks) within their model and found that the average classification accuracy was 87.04%, with the average 

sensitivity and specificity being 87.71% and 86.37%, respectively. 

The correlations between classification performance and GD scores were not significant, suggesting that 

classification is not affected by the severity of GD symptoms. The authors also noted that reduced saccadic 

movements were the most selected feature in the ML-based classification process and were also correlated with 

GD scores. Similar results have been found among smokers, where craving for smoking caused participants to 

fixate their attention on smoking cues (Mogg et al., 2003). Therefore, the reduction in the number of eye blinks 

and saccadic movement may be associated with the increased attention and increased cravings for gaming. This 

suggests that EOG-based physiological features may better reflect characteristics of GD than autonomic nervous 

system responses. The authors concluded that ML was able to successfully discriminate between craving and non-

craving states, although each trial was too long to feasibly implement in a practical setting.  

The authors’ second study (Kim et al., 2019) attempted to mitigate the ‘tediousness’ of  data collection 

by reducing the long training stages required. This was done by splitting the data collection over three days, 

resulting in much smaller sessions. On the first day, the two features with the highest Fisher score (i.e., the Fisher 

score algorithm which selects the most discriminant features; Duda et al., 2000) were chosen (only two features 

were selected due to the small sample size and therefore controlling the potential risk of over-fitting) to be included 

in the ML model of classifiers. The second day was then used as training data. The third (final) session was used 

to evaluate the classification accuracy of the binary craving states using the previously collected data. In addition, 

a six-fold cross-validation technique was used on the third day to evaluate the SVM classification accuracy. 

Therefore, the SVM was trained using four different conditions: (i) the SVM was trained only with Day 3 data 

(i.e., cross-validation); (ii) with only Day 1 data; (iii) with only Day 2 data; (iv) with both Day 1 and Day 2 data. 

The authors also utilized other ML techniques to assess classification using the previous four conditions: k-nearest 

neighbours, centroid displacement-based, linear discriminant analysis, and random forest. Their results suggested 

that there were no significant differences between the five ML techniques utilized. However, their data implied 

that SVM demonstrated the most consistent classification performance. Therefore, SVM was used as the classifier 

in their final analyses. The classification accuracy across the four conditions was 66.67% (cross-validation), 

63.89% (Day 1), 66.67% (Day 2), and 72.22% (Day 1 and Day 2). The authors concluded that their craving 

classification method among disordered gamers had high test-retest reliability, noting that ML techniques can 

detect craving with data collected on a previous day with an accuracy comparable to data collected on the same 

day. They suggest that this could have practical implications for addiction treatment because only a small number 

of brief calibration sessions would be needed. 
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Discussion 

The present systematic review provides an overview of studies which have utilized ML techniques – and 

a brief overview of the ML techniques themselves – through the lens of gaming disorder (GD). The ML techniques 

utilized appear to demonstrate that ML analyses can be a valuable tool when used with psychometric, 

neurophysiological, and physiological data. The psychometric studies utilized a wide variety of different 

techniques to establish the optimal ML algorithm, while the neurophysiology and physiology studies utilized 

SVMs within varied styles of models or analyses. Each of the papers utilized supervised ML methods for their 

main analysis. While some previous addiction studies have utilized unsupervised ML methods (Mak et al., 2019), 

no studies utilizing unsupervised methods relating to GD were found in the present search. All studies that were 

included were conducted and published in recent years, indicating that the development of ML techniques has 

provided researchers with new opportunities to adopt novel analytical approaches. Indeed, the present paper 

provides evidence of ML being utilized to screen and predict GD along with the development of potential 

treatment frameworks (e.g., through craving; Kim et al., 2018).  

Psychometric Studies 

There were several different ML techniques considered in each of the psychometric studies. Each study 

explored multiple models in order to apply the model which contained acceptable predictive power. The random 

forests and decision techniques appeared to have the greater classification compared to naïve Bayes, and logistic 

regression analysis results appeared to vary. The LASSO technique performed favourably when compared to other 

ML techniques. Moreover, LASSO also demonstrated higher accuracy when compared to traditional linear 

regression models (Ioannidis et al., 2018), highlighting the potential of ML analyses to be used in a GD context. 

The psychometric studies also provided diverse samples from Southern Asia, North America, South 

Africa, and South Korea. Two papers utilized logistic classification and regression based on various predictors 

(Aggarwal et al., 2020; Ioannidis et al., 2016). Aggarwal et al. (2020) explored a novel approach by including 

online game statistics within their methods. Using this in conjunction with demographic variables yielded a high 

prediction rate of disordered gaming. Rho et al. (2016) also investigated offline gaming-related factors (e.g., 

gaming costs, offline community engagement) and found they contributed distinctively to three overarching gamer 

types, with each of these types of gamers exhibiting specific offline behaviours related to gaming. Scholars have 

suggested that online contextual factors (e.g., gamer statistics) should be considered along with offline factors 

(e.g., demographic measures) in order to obtain a more holistic view of gaming behaviours (Burleigh et al., 2018). 

Indeed, each of the studies reviewed demonstrated that various other psychometric measures (e.g., impulsivity) 

also contributed to the classification of GD  when using ML methods (Ioannidis et al., 2016), mirroring more 

traditional analysis methods in the field (Nuyens et al., 2016). Therefore, the four studies reviewed reinforce the 

idea that online and offline gaming-related factors can be useful metrics to include in both traditional analyses 

and ML analyses. 

Neurophysiological Studies 

The four neurophysiological studies were exclusively conducted among Chinese populations, and all 

published in 2020. The use of ML has also supported the basis for GD to be recognised as a disorder due to its 

specific neurophysiological features when compared to RGUs (Dong, Wang, Dong, et al., 2020). This therefore 
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provides support for GD as an independent disorder, instead of being secondary to other psychopathologies (van 

Rooij et al., 2018). However, in relation to one study which investigated the diagnostic threshold of GD, the 

authors found evidence in support of a neurophysiological basis of GD based on a threshold of six or more DSM-

5 criteria, rather than recommended five or more DSM-5 criteria (Dong et al., 2020). The authors concluded that 

the current diagnostic criteria in relation to the DSM-5 may not be stringent enough (Dong, Wang, Dong, et al., 

2020).  

The collective results indicated that ReHo displayed stronger predictive power when compared to FC 

(Dong, Wang, Dong, et al., 2020) and highlighted several brain regions that were more associated with GD 

compared to those of RGUs. The middle frontal gyrus (Dong et al., 2020; Wang, Dong, et al., 2020; Wang, Potenza 

et al., 2020) and the parahippocampal gyrus (Dong et al., 2020; Wang, Dong, et al., 2020) were found to be 

commonly identified across studies and contributed highly to the classification of GD. The middle frontal gyrus 

plays an important role in cognitive control, which includes error processing and decision-making in relation to 

reward through memory (Walton & Mars, 2007). This suggests that relationships between impaired control and 

long-time videogame engagement may persist even if an individual tries to stop playing (Wang, Dong, et al., 

2020). This may be akin to ‘addiction memory’ wherein drug-abstinent individuals can keenly recall the 

experience of using drugs (Dunbar & Taylor, 2016) – a process which has been implicated in drug addiction 

(Hyman et al., 2006). The parahippocampal gyrus may also be associated in the formation of addiction memory 

because it contributes to memory recall (Eichenbaum et al., 2007), and has also been found to play an important 

role in the formation of addiction memory of substance use in the default mode network (Šlamberová et al., 2014). 

The FC results also suggest that the default mode network is a significant predictor of GD (when compared to 

RGU; Dong et al., 2020; Song et al., 2020). Therefore, the similarities across these studies provide preliminary 

support for the detection of neurophysiological underpinnings of GD utilizing ML methods and corroborate other 

statistical methods and findings in the field (Brand et al., 2019; Dong, Wang, Zheng, et al., 2020).  

Physiological Studies 

The two physiological studies were conducted in South Korea, and both investigated craving in GD – 

the 2018 study was the initial study (Kim et al., 2018) and the 2019 study was a follow-up (Kim et al., 2019). The 

results indicated that craving can be predicted among disordered gamers using physiological measures in 

conjunction with ML techniques. However, in order to get an optimal SVM mode, the authors noted that a long 

training session was needed (Kim et al., 2018). In order to overcome this limitation, a second study explored the 

practicality of using ML craving detection over multiple days with shorter sessions (Kim et al., 2019). The results 

suggested that craving detection among participants on the third day (using the previous two days as training data) 

predicted craving comparable to that achieved using data required on the first day in the previous experiment 

(Kim et al., 2018). The results suggest that a craving detection system with high accuracy may be able to be 

developed to assist in the treatment of GD (Kim et al., 2018, 2019). Indeed, a number of prior addiction studies 

have investigated physiological data produced by craving-induced stimuli or the difference in physiological 

responses of control and addiction groups (Lu et al., 2010; Mogg et al., 2003). A craving detection system would 

aid treatment frameworks that utilize computer-assisted treatment strategies such as cue exposure therapy because 

this system would complement the goal of reducing or managing craving with accurate feedback (Kim et al., 
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2019). However, the authors note that this would require further testing and the development of generic classifier 

models (Kim et al., 2019).  

Limitations 

There are several limitations concerning the studies assessed within the present review. First, it appears 

that ML application within the scope of assessing and predicting GD is not yet widespread, therefore the small 

number of studies may not fully capture the potential of ML in the wider field. Secondly, there was little variation 

in sample types within the neurophysiological studies, which indicates that results cannot be generalized to the 

wider cultural contexts. Furthermore, all but the physiological studies were cross-sectional in nature, and therefore 

no casual relationships can be drawn. It should also be noted that in regard to the psychometric studies, only two 

(Aggarwal et al., 2020; Rho et al., 2016) utilized official diagnostic criteria (i.e., DSM-5) while the latter two 

(Ioannidis et al., 2016, 2018) used broader definitions. This may result in the findings not being generalizable to 

the because they employed a broad framework that did not account for nuanced investigation of GD specifically.  

The present review itself is also subject to some limitations. Firstly, the methodology utilized was 

descriptive in nature and not quantitatively synthesized. Therefore, no statistical conclusions can be drawn from 

the results. Secondly, due to the inclusion criteria, only peer-reviewed papers published in English from four 

databases were used. Consequently, important findings could have been overlooked because they may have been 

available in other languages or databases. It should be noted that gray literature was excluded from the present 

review, which is inconsistent with the recommended systematic methodology put forth by Siddaway et al. (2019). 

According to their approach, unpublished works should be included in systematic reviews and meta-analyses in 

order to minimize the impact of publication bias. Therefore, the present review cannot be regarded as 

representative of both peer-reviewed and grey literature; and while there were efforts to reduce biases through the 

synthesis of literature, publication bias may be present. Finally, despite including broad research terms in several 

databases, it is possible a number of studies were missed due to a lack of fit with the inclusion criteria. 

Future Directions 

It is plausible that future ML methodologies will help play an important role in the identification of GD, 

using both psychometric and neurophysiological data. Screening tests with higher sensitivity and specificity will 

mean earlier clinical diagnosis and treatments (Usher-Smith et al., 2016). Moreover, in conjunction with 

neurophysiological data, the potential for stage-specific diagnostic tests which consider biomarkers could also be 

implemented (Usher-Smith et al., 2016). In addition to fMRI data, more affordable and accessible 

neurophysiological technologies such as electroencephalography (EEG) should be considered (Burleigh et al., 

2020). In addition, a combination of central (e.g., EEG) and peripheral (e.g., heart rate, blood measures) data may 

increase classification accuracy and should be further explored in future research (Kim et al., 2019). Within the 

scope of GD, applications of ML should consider the co-occurring aspect of behavioural and substance addiction 

because this may offer new and novel insights to an emerging research area (Burleigh, Griffiths, et al., 2019). 

However, it should be noted that one of the shortcomings of ML is that it can be difficult to interpret (Ley et al., 

2022); thus, ML should be used alongside, and in conjunction with, traditional statistical methods (where it is 

most appropriate). Moreover, the feasibility of other ML methods should also be investigated and trialled in the 

field (e.g., spiking neural networks). Finally, future research should consider multi-cultural samples when 
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considering neurophysiological data. Such studies are integral to gain a better understanding of the 

neurophysiological profile of GD across cultures.  

Conclusion 

The present review suggests that ML techniques are gaining traction within the GD literature. A wide 

variety of ML techniques have been utilized in psychometric studies and reported high accuracy in differentiating 

disordered gamers from recreational gamers. The results also demonstrated support for the use of both offline and 

online gaming factors in ML models. Studies that investigated neurophysiological and physiological data utilized 

similar ML techniques, and all reported high accuracy. The physiological studies demonstrated preliminary 

evidence for craving detection systems which could be used in the context of GD treatments. Future research 

should consider utilising ML to investigate other areas within the GD field, such as the detrimental aspects of co-

occurrence in disordered behaviour and substance use. However, this should not come at the expense of traditional 

statistical methods, as these methods still have a place in identifying relationships between variables and can 

provide useful comparison results (Ley et al., 2022). Indeed, further investigation of potential applications of ML 

and related techniques in the detection and prediction of GD are needed.  

Introduction Summary 

Throughout the introductory chapters it has been highlighted that a number of studies which have 

explored the co-occurrence of GD with other disordered behaviours and substance use. It has also demonstrated 

that there are calls to consider multi-modal treatments. However, in order to better understand the role of GD in 

co-occurrence an improved conceptualisation of the neurophysiological expression, ways to identify GD should 

be considered. Due to its cost-effective and non-invasive application, EEG methodologies appear to be an 

appropriate way to highlight an individual’s neurophysiological state uniquely and objectively in relation to GD. 

Moreover, ML methods offer a unique opportunity to interpret and classify GD with high accuracy, which may 

aid in the identification of GD as a co-occurring or primary disorder; thus, aiding in treatments as GD can be 

identified. Therefore, the present doctoral research project aims to address these issues, by providing insight into 

the following questions and aims in the respective empirical chapters:  

1. Can novel artificial intelligence methods identify problematic gaming? The aim is to assess the 

viability of using EEG methodologies in conjunction with artificial intelligence as a means to explore 

the neurophysiological underpinnings and conceptualisation of GD (Chapter 4).  

2. Are gamers more likely to experience co-occurrence? The aim is to understand which factors may 

contribute to gamers developing co-occurring addictive behaviours and if gaming contributed as a 

risk factor (Chapter 5).  

3. Is the risk of co-occurrence stable across multiple locations? The aim is to assess a variety of 

identified risk factors and explore if they differ in three different geographical locations (Chapter 6).  

The first three chapters of the present doctoral thesis systematically reviewed the relevant literature on GD, with 

a focus on co-occurrence, EEG methodologies, and the use of ML algorithms within EEG resting state data. These 

chapters have contextualised the current understanding of the neurophysiological conception and identification of 

GD, as well as reviewed risks associated with co-occurrence. Consequently, the following three empirical chapters 

will build from their respective review chapters, which will then be followed up with a discussion chapter, which 
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will explore the findings in a broader setting, contextualising, and synthesising them in light of the current 

scientific literature (Chapter 7).  
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Part II: Empirical Studies 
 

Chapter 4 
 

EEG-Based Detection and Classification of Gaming Disorder using a Brain-

Inspired Spiking Neural Network 

Introduction 

There has been a wide range of negative consequences associated with gaming in recent years (Burleigh, 

Griffiths, et al., 2019). Consequently, the American Psychiatric Association (APA) and the World Health 

Organization (WHO) have added Internet Gaming Disorder (IGD) and Gaming Disorder (GD) into the Diagnostic 

and Statistical Manual of Mental Disorders (DSM-5; American Psychiatric Association, 2013) and International 

Classification of Diseases (ICD- 11; World Health Organization, 2019), respectively. To maintain consistency, 

the term ‘gaming disorder’ (GD) in the present paper refers to the clinically defined measures of IGD/GD as 

defined by DSM-5/ICD-11. There have been associations made between disordered gaming (and/or problematic 

gaming) and psychiatric disorders, including depression (Burleigh et al., 2018) and anxiety (Adams et al., 2019), 

and behavioural disorders, such as substance use disorders (e.g., Alcohol Use Disorder [AUD]; Na, Lee, Choi, & 

Kim, 2017), and even stress (Andreetta et al., 2020).  

Due to the multifaceted nature of GD, several different techniques have been used to identify and assess 

problems, predict outcomes, and inform treatment (Kuss & Billieux, 2017). Some methods include psychometric 

self-report (King et al., 2017), clinical assessment and intervention (Yau et al., 2012) and brain imaging methods 

(e.g., EEG; Burleigh et al., 2020; functional magnetic resonance imaging, fMRI; Kuss et al., 2018). Indeed, the 

topic of assessment and prediction has long been explored by data analysts, experimental scientists, and 

psychologists. However, there is debate surrounding the diagnostic criteria of GD and the inclusion of dimensions 

such as tolerance and withdrawal, resulting in wider debates on GD presentation and features (Deleuze et al., 

2017; Griffiths et al., 2016; Kardefelt‐Winther et al., 2017; Petry et al., 2016). In addition, potential predictive 

factors (Wartberg et al., 2019) and negative effects (G. Dong, Liu, et al., 2019) have also been debated by a 

number of scholars, and whether GD could potentially be considered a disordered behaviour, and thus remains 

somewhat controversial (Potenza, 2018; van Rooij et al., 2018). Thus, further research is needed into GD, with a 

focus on defining features and how it may be different from recreational videogame use (RGU). One such 

difference may be found in specific neural underpinnings. 

The US National Institute of Mental Health (NIMH) advocates using Research Domain Criteria (RDoC) 

and a multidimensional approach that includes observable behaviour and neurophysiological measurements to 

understand complex human behaviours and the mental disorder continuum (Clark et al., 2017). Therefore, GD 

research should consider the underpinnings of neurophysiological mechanisms. Several papers have considered 

the use of neurophysiological data (i.e., EEG data) in the investigation of GD (see Burleigh et al. 2020 for review). 

There are several advantages to using EEG over other neuroimaging techniques; for example, EEG offers a high 

temporal resolution, it does not require invasive scanning, it is more mobile than other neuroimaging machine 

(e.g., fMRI), it is also more accessible, and has a lower financial cost to utilise (Burleigh et al., 2020). In addition 

to this, quantitatively measured EEG (QEEG) has been used to investigate various disorders, with spectral and 
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coherence analyses being employed to investigate addiction (Houston & Ceballos, 2013). Indeed, investigating 

the underpinning neurobiological mechanisms using EEG data would benefit the conceptual development of GD, 

and carry practical implications for understanding aetiology, establishing diagnostic criteria, improving 

intervention, and to accurately differentiate problematic or disordered gaming from recreational gaming. While 

there have been several studies that have explored this issue using various statistical techniques (e.g., coherence 

analysis) and EEG data (Burleigh et al., 2020) there has been a dearth of literature which has considered the use 

of AI related methodologies in conjunction with EEG. 

Artificial Intelligence, Machine Learning, and Spiking Neural Networks 

The use of artificial intelligence (AI) has increased across multiple disciplines (Orrù et al., 2020), 

bringing new insights and debate into the way researchers utilise statistics due to its capacity to model data for 

various applications (Friedrich et al., 2021). The term ‘artificial intelligence’ is used to describe the act of a 

machine emulating the mind-related cognitive functions, such as learning and problem solving (Elliott, 2021). 

Since its inception, the expansion of AI-related research has extended into the automation of research techniques 

ranging from hypothesis generation to experimentation (Lin et al., 2020; May, 2021). AI-related methodologies 

have demonstrated a strong aptitude for extracting meaningful patterns from complex data sets for the purpose of 

regression, prediction, and classification-related tasks (Lin et al., 2020). In doing so, AI is able to use the data to 

aid in the optimisation of procedures and parameters and offer unique insights into decision-making and support 

(Lin et al., 2020). Traditional statistics is often utilized in data-reprocessing, interpretation, visualisation, and 

prediction, whereas AI implements models that are used to forecast future events (Orrù et al., 2020). Therefore, 

in order to move beyond conventional data analysis and interact with complex clinical data the present review 

seeks to explore the use of AI within the psychological field. 

Originating in the computer science field, ML became a popularized AI-related methodology and has 

become increasingly used across multiple disciplines (Orrù et al., 2020). In order to forecast future events, ML 

methodologies require various data inputs (based on historical data; Hastie et al., 2009), and typically fall into 

four categories: supervised learning, unsupervised learning, semi-supervised learning, and reinforcement learning 

(Vieira et al., 2020). Supervised learning allows for dependent or outcome variables to be predicted by 

independent or predictor variables (i.e., features) through classification using ML techniques (Hastie et al., 2009). 

Unsupervised learning works with unlabelled datasets. When given data, the algorithm seeks to identify trends 

and clusters of distinctive characteristics, and will then seek to place new data within these trends or clusters 

(Vieira et al., 2020). Semi-supervised learning is an amalgamation of the previous two techniques and uses a 

dataset in which only a select number of datapoints are labelled (Vieira et al., 2020). Lastly, reinforcement learning 

uses goal-orientated algorithms and places an emphasis on the interactive environment and learning through trial 

and error (Vieira et al., 2020). While these are the most dominant AI methodologies in use, there is another 

methodology gaining traction: artificial neural networks (ANN; Tan, Šarlija, & Kasabov, 2020). 

An ANN is a network of neurons that, like other ML methodologies, can perform computations and solve 

problems. However, unlike some ML methodologies which use regression and classification algorithms (e.g., 

supervised learning), a neural network uses multiple layers of neurons and depending how these neurons are used 

will depend on which ANN generation is being used. ANN can be categorized into three distinct generations, 
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ranging from first-generation to third generation (Tan et al., 2020). In brief, first-generation ANNs are composed 

of ‘perceptron’ neurons (Rosenblatt, 1958) which contain pre-defined thresholds (or threshold gates); the neurons 

compute a weighted sum of binary inputs and outputs, producing a 1 if the sum crosses the pre-defined threshold 

or a 0 if the threshold is not reached (Tan et al., 2020). Second-generation ANNs contain sigmoid neurons, which 

apply a nonlinear activation function to the sum of weighted neuron inputs. This allows backpropagation 

algorithms, which are based on error function gradient computation, to train the ANNs. Through the use of 

multiple neuron layers and backpropagation algorithms, a deep learning neural network can be constructed. Deep 

learning networks are widely used for their problem-solving abilities across multiple areas, such as visual 

recognition (Russakovsky et al., 2015), pedestrian detection (Ouyang & Wang, 2013), and speech recognition 

(Hannun et al., 2014). However, it has been argued that the linear nature of backpropagation within ANNs is not 

biologically plausible. Consequently, these ANNs are not an accurate representation of the biological neurons that 

inspired them, as they learn in a fundamentally different manner than neurons (Bengio et al., 2015; Tan et al., 

2020). Therefore, spiking neural networks (SNNs) – third-generation ANNs – were created (Maass, 1997).  

Similar to their biological counterpart, SNNs utilize spiking neuronal units to communicate discrete input 

spikes. If the combined outcome reaches a specific threshold, an output spike is achieved, otherwise the output is 

zero (Tan et al., 2020). In addition to this, they also utilize a temporal component in their operations. Therefore, 

an SNN can perform updates based on event-driven and data-driven inputs, making them suitable for real-time 

operation (Doborjeh et al., 2016; Tan et al., 2020). Many methods and systems have been developed and applied 

using SNNs, such as audio–visual information processing (Wysoski et al., 2010), brain–computer interfaces 

(Anderson et al., 1998), personalized prediction systems (Tu et al., 2014), and spatiotemporal brain data (STBD) 

modelling (Kasabov, 2014). Due to the compact representation of space and time, fast data learning, and time-

based and frequency-based information representation, SNNs are considered a fitting technique for analysing 

neurophysiological EEG data (Doborjeh et al., 2018, 2019, 2020; Kasabov & Capecci, 2015).  

EEG can capture STBD when the human brain is activated by cognitive tasks, or even when it is at rest. 

Consequently, EEG is capable of recording STBD with high temporal resolution, allowing it to detect changes 

across the brain in milliseconds (Doborjeh et al., 2016). Moreover, EEG is able to detect and capture changes 

associated with perception and cognitive function, such as memory and attention. For example, AI and EEG have 

been utilised in classifying an individual’s video game play experience and engagement (Parsons et al., 2022). In 

this specific study, arousal and effective states were assessed using spectral power analysis, and then ML 

techniques were used to classify engagement and arousal-based events (e.g., death of character or general 

gameplay) using neurophysiological feedback. Another study utilised ML methodologies and EEG data in the 

classification of expertise level while playing videogames (i.e., novice or expert; Hafeez et al., 2021). Indeed, 

EEG data analysis is a complex task and researchers have employed a wide range of methodologies to interpret 

the data, such as AI-related approaches (Burleigh et al., 2020). More specifically, ML methodologies have been 

used to improve classification of depressive disorders with neurophysiological data (Drysdale et al., 2017), and to 

improve prognosis and diagnosis in other mental health disorders, such as anxiety disorders (McGinnis et al., 

2018; Tekin Erguzel et al., 2015). In recent years, there has also been preliminary use of SNN models and 

methodologies in conjunction with EEG data to analyse and interpret substance abuse data (Doborjeh et al., 2016; 

Doborjeh & Kasabov, 2016). When using SNN models (to analyse and interpret EEG-related STBD), results have 
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demonstrated superior classification accuracy when compared with more traditional ML techniques (Doborjeh et 

al., 2016).  

The SNN-based methodology has demonstrated a high accuracy when being used to demarcate opiate 

addicts, and depressed individuals from healthy controls (Doborjeh et al., 2016; Shah et al., 2019), indicating its 

potential to be used in the classification of behavioural disorders. Moreover, deeper modelling insight into neural 

circuitry, information processing, and plasticity in the brain areas is important in building an understanding 

between disordered gaming symptoms at the neural level and the resulting behavioural disorder of an individual. 

In order to provide novel insights into the potential use of neural networks and to identify specific neurological 

behaviour and disordered behaviour, the current research designed and applied a novel computational framework 

of Brain-inspired SNN to resting EEG data to investigate the differences between gamers and recreational gamers. 

SNN models have been considered as a suitable tool for the analysis of STBD, where both space and time 

components are crucial to be learnt. Here, it was hypothesised that using the SNN architecture will result in a 

higher classification accuracy of recreational gamers and problematic gamers when compared to comparative 

machine learning techniques. Figure 1 presents the protocol of study, as well as the designed computational SNN-

based methodology for visualisation, classification, and prediction. 

The Present Study 

This research addresses the following aims: 

(i) To use a brain inspired SNN architecture which utilises resting state EEG data to explore 

neurophysiological expression of gamers. 

(ii) To assess whether the brain-inspired SNN model could successfully classify recreational gamers 

from problematic gamers based on EEG data. 

It is hypothesised that the SNN model will result in a higher classification accuracy of recreational gamers and 

problematic gamers when compared with comparative machine learning techniques. 

Methods 

Participants   

Participant data were collected in the United Kingdom. For the current study, participants from a wider 

cohort, for whom it was logistically practical to attend the laboratory assessments, were invited to then take part 

in the present study (see chapter 6). Participants were offered £20 renumeration for their time. The inclusion 

criteria for this sample were: (i) being aged 18 years or over; (ii) having previously taken part in a related survey 

study, and (iii) scoring either 9 (as this is the lowest score attainable) or over 21 (which may indicate problematic 

gaming; Monacis, Palo, et al., 2016) on the Internet Gaming Disorder Short Form-9 (IGDSF-9) screening tool. 

The sample comprised 16 participants, including eight women (Mage= 22.87; SD= 2.35 years) and eight men (Mage 

= 22.87; SD = 5.24 years), aged between 19 and 34 years (Mage = 22.87 years; SD = 3.93). Additional demographic 

statistics by group can be found in Table 1. All participants were given information prior to the study, including 

data use, potential risks, and benefits, along with their right to withdraw from the study until data analysis. The 

study was approved by the university’s ethics committee. 
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Table 1 

Game Demographics by Cohort 

 

 

 

 

 

EEG Data Collection and Processing 

EEG data were collected under strict monitoring with two minutes eyes open state and two minutes eyes 

closed state (Shah et al., 2019). Recordings were carried out using a BioSemi amplifier and 64 channels (Fp1, 

AF7, AF3, F1, F3, F5, F7, FT7, FC5, FC3, FC1, C1, C3, C5, T7, TP7, CP5, CP3, CP1, P1, P3, P5, P7, P9, PO7, 

PO3, O1, Iz, Oz, POz, Pz, CPz, Fpz, Fp2, AF8, AF4, AFz, Fz, F2, F4, F6, F8, FT8, FC6, FC4, FC2, FCz, Cz, C2, 

C4, C6, T8, TP8, CP6, CP4, CP2, P2, P4, P6, P8, P10, PO8, PO4, O2) with electrode placements based on a 

standard 10–20 international system. The data were recorded at 2048 Hz and down sampled to 512 Hz. Signal 

processing was performed using EEGLab (Delorme & Makeig, 2004). Eye movement and muscle artifacts were 

reduced or removed off-line using ICA methods.  

With regard to differentiating healthy and problematic gamers, participants with scores between 9-20 (on 

the IGDSF-9) were considered as healthy participants and those with scores of 21 and over were considered to be 

problematic gamers within the present study (Monacis, Palo, et al., 2016). Thus, there were two groups (n=8 each). 

The recreational gamer group contained four males and four females; the group had a GD score ranging between 

9 (lowest possible score) and 14. The problematic gamer group contained four males and four females; the group 

had a GD score ranging between 21 and 34. After data pre-processing techniques, each participant’s data consisted 

of eight time points containing four eyes open and four eyes closed blocks.  

Proposed SNN Model for Classifying and Analysing the Brain Regions Using EEG Data of Recreational 

Gamers and Problematic Gamers 

The SNN that was based on the NeuCube architecture (Kasabov, 2014) includes several algorithms that allow 

for the investigation of EEG data. The model contains several main modules, which contain several processes 

which produce a STBD model.  

i. Data encoding: The present study will utilise the threshold-based method of data encoding (Petro et al., 

2020). This method generates discrete spikes based on the continuous real values of the EEG spatio-

temporal data. In this model, when the discrete spikes increase above the spike threshold a positive spike 

is generated. Whereas if the discrete spikes fall below a certain threshold, then a negative spike is 

generated – or no spike will be generated. 

ii. Mapping: The EEG data was mapped into a SNNr (spiking neural network reservoir) using the Talairach 

brain template (Talairach, 1988). Briefly, a SNNr is a collection of spatially located spiking neurons, and 

are placed with respect to the x, y, z co-ordinates based on the Talairach brain atlas. Furthermore, a leaky-

 Recreational Gamers Problematic Gamers 

Years playing videogames (M ± SD) 11.9 ± 6.20 15.6 ± 6.46 

Hours spent playing videogames during a 

weekday (M ± SD) 

3 ± 1.06 8 ± 2.73 

Hours spent playing videogames during 

weekend day (M ± SD) 

4 ± 1.16 10 ± 3.16 
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integrate and fire model of spiking neurons was utilised in the SNNr (Abbott, 1999), in line with previous 

literature (Shah et al., 2019).  

iii. Unsupervised learning: Spike-based learning was based on the spike-timing dependent plasticity (STDP) 

rule (Caporale & Dan, 2008), allowing the SNNr to learn spike sequences form the input data. Through 

this process, new connections are generated in the SNNr that signify spatio-temporal interaction between 

the input variables distributed in the SNNr. Briefly, the STDP rule states that strength of the synaptic 

weight is proportional to the degree of correlation between the spikes in the pre-synaptic and post-

synaptic neuron (Caporale & Dan, 2008). 

iv. Visualisation of learned patterns: To better understand the various connections throughout brain regions 

(64 EEG channels) in recreational gamers and problematic gamers, the SNN models were visualised in 

a 3D space.  

v. Pattern classification: This algorithm maps the resulting SNN connectivity and temporal activity to the 

known class labels for classification related tasks. The output classification layer is then trained using 

the dynamic evolving spiking neural network (deSNN) method (Kasabov et al., 2013). The deSNN 

method allows for the SNNr connectivity to be analysed and observed, this step allows for improved 

interpretability of the data when compared to traditional data processing and learning methods (Tan et 

al., 2020).  

Experimental Design 

The finalised dataset contains 62,000 rows (temporal features) and 64 columns (spatial features) for each 

participant in both conditions (8 problematic gamers, 8 recreational gamers). This equates to approximately 60 

seconds of data for both the EO and EC condition. For classification purposes, the data were cleaned to suit the 

requirements of the NeuCube architecture in line with previous papers (Shah et al., 2019). Each participant is 

termed as a ‘sample’ which consists of a spatio-temporal dataset (‘.csv’). After reformulation, each sample matrix 

was divided into four blocks containing 7680 rows and 64 columns for both the EO and EC conditions. 

Consequently, a total of 128 samples (64 problematic gamers, 64 recreational gamers) with 7680 time points 

(rows) were generated while keeping the number of columns consistent (64) across all samples. We also compared 

the classification accuracy using other traditional machine learning methods, including multi-layer perceptron 

(MLP), multi-linear regression (MLR), and support vector machine (SVM). To apply the traditional classifier 

techniques, for each sample, features from all time points were concatenated into a single feature vector, which 

unlike the SNN model disregards the intrinsic temporal structure of the data. The classification accuracy was also 

compared to traditional statistical methods. More specifically, a repeated measures ANOVA was conducted to 

investigate whether there were any significant differences in connectivity patterns among the different 

hemispheres and sites in both the eyes open and eyes closed conditions, and whether there was an interaction 

effect between hemisphere, site, and group (i.e., type of gamer). 

Classification Accuracy  

NeuCube is a stochastic model, and therefore classification accuracy depends on the parameters’ settings 

(Petro et al., 2020) as described below:  
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i. Spike threshold was set to 0.5 for converting the input data to sequences of spikes. The spike rate depends 

on this threshold value.  

ii. The threshold of firing, the refractory time and the potential leak rate were set to 0.5, 6ms and 0.002 

respectively, after optimization.  

iii. The STPD learning rate parameter was set to 0.01, which caused changes in the connection weights 

(increase or decrease) of two connected neurons depending on the order of firing.  

iv. For unsupervised learning, the training iteration was set to one, which is considered optimal for 

incremental on-line adaptive learning. (Shah et al., 2019).  

v. For supervised learning, the deSNN classifier parameters ‘mod’ and ‘drift’ were set to 0.4 and 0.25, 

respectively. The K-NN classifier was set to k=3 for mapping the input data to the labelled outcome in 

the training procedure. 

In regard to step ii, to optimise the model parameters, a comprehensive grid search method has been 

implemented in order to minimise the classification error obtained from cross-validation. This method has been 

used in other studies (e.g., Shah et al., 2019) to minimise classification error and is considered best-practice when 

using the NeuCube architecture. More specifically, the search is performed for each parameter within a specified 

range, starting from the minimum value and moving towards the maximum value in a fixed number of steps. In 

this study, three key parameters, namely STDP learning rate, neuron firing threshold, and classifier parameter 

mod, were selected for optimization. Each parameter is then searched within ten steps between its minimum and 

maximum values. Therefore, for every model generated, a thousand iterations of training (using 128 samples) and 

testing (using a single holdout sample) are performed using different combinations of these three parameters. The 

optimal parameters are then chosen based on the highest accuracy achieved in most of the iterations. The 

optimization process resulted in STDP learning rate = 0.01, neuron firing threshold = 0.5, and deSNN classifier 

parameter mod = 0.4 as the most frequently selected values across all the models.  

While spike encoding, STPD, and hyper parameters can minimise classification error in the 

classification/verification stage, the present study contains a high number of samples from a small number of 

participants. Thus, additional analyses were conducted to ensure no significant data leakage occurred (as each 

participant has multiple samples). More specifically, steps i through v were conducted with an additional step vi 

added. Step vi used a cross-validation function which encompassed both the unsupervised and supervised learning 

stages (i.e., step iv and v). The fold number was set to 8 (in order to capture all samples provided by one 

participant), thus preventing data leakage. Each participant sample is listed sequentially (i.e., participant 1 contains 

sample 1-8, participant 2 contains sample, 9-16, etc.) the cross validation holds out 8 samples (i.e., one participant) 

to test against the remaining data. This ensures that no data leakage occurred, however, this produced a sub-

optimal model as it contradicts the optimised model parameters. Nevertheless, this was done to ensure the veracity 

of the results from the optimised parameters.  

A selection of comparative classification analyses was conducted alongside the NeuCube SNN analysis. 

More specifically, in both the EO and EC conditions, the NeuCom software was used to run a MLP neural 

network, and MLR and SVM ML statistical models. In regard to the MLP, the NeuCom program created a two-
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layer MLP network and contained 100 training cycles, with output value and function precision set at 0.001. The 

SVM utilised the Gaussian RBF Kernel.  Each comparative analysis (i.e., MLP, SVM, MLR) applied five-fold 

cross-validation, after which the classification accuracy was recorded, these parameters were chosen as they were 

default parameter provided by the program.  

In addition to this, a traditional statistical analysis was also performed to validate the SNN results. The 

connection weights for each EEG channel were extracted and then averaged into a single vector per participant (n 

= 8 per group). The averaged weights were then divided into five sites for each hemisphere with their 

topographical features: frontal (AF4, F6, F4, AF3, F5, F3), frontocentral (FC6, FC4, C6, C4, FC5, FC3, C5, C3), 

temporal (FT8, T8, TP8, FT7, T7, TP7), centroparietal (CP6, CP5, P6, P4, CP5, CP3, P5, P3), and occipitoparietal 

(PO8, PO4, O2, PO7, PO3, O1). A repeated measures analysis of variance (ANOVA) was performed to assess 

differences in functional activity between recreational and problematic gamers. Independent variables include 

Hemisphere (left, right), Site (frontal, frontocentral, temporal, centroparietal, and occipitoparietal), and Group 

(recreational gamers and problematic gamers). All violations of sphericity were corrected using Greenhouse–

Geisser corrections.  

Results 

The results of the optimised NeuCube classification demonstrated a high success rate of classification 

based on the EEG data. The optimised NeuCube model was able to classify recreational gamers vs. problematic 

gamers with an overall accuracy of 73.44% in the EO condition and 88.28% in the EC condition. The 8-fold 

NeuCube model achieved similar results (EO condition 76.56% vs. EC condition 81.25%), thus suggesting the 

optimised NeuCube model was not significantly compromised by data leakage.  The comparative analyses 

conducted through the NeuCom demonstrated poorer classification accuracy when compared to the NeuCube 

results. The results for the NeuCom analyses can be found in Table 2. 

Table 2 

 

Classification Accuracy of NeuCube and NeuCom Analyses 

 

 

The results suggest that the classification accuracy for second generation neural network models (i.e., 

MLP) and traditional ML models (i.e., SVM and MLR) is lower than for the NeuCube. The results highlight that 

the NeuCube SNN model is an appropriate fit for STBD; furthermore, the NeuCube models not only demonstrated 

a higher classification accuracy, but also revealed patterns of brain activities related to both recreational and 

problematic gamers. In order to explore the NeuCube findings further, and to compare the NeuCube results to 

more traditional statistical analysis, a repeated measures ANOVA was conducted on the averaged connection 

weights extracted from the NeuCube. As show in table 3 there were two separate main effects found in relation to 

SNN and ML Analysis Eyes Open Condition Eyes Closed Condition 

NeuCube SNN (Optimised) Model 73.44% 88.28% 

NeuCube SNN (8-fold) Model 76.56% 81.25% 

Multiple Linear Regression (MLR) 44.31% 43.02% 

Support Vector Machine (SVM) 13.94% 41.45% 

Multi-layer Perceptron (MLP) 47.63% 38.37% 
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hemisphere and site (for both eyes open and eyes closed condition), however the ANOVA had no statistically 

significant findings in relations to the interaction between hemisphere, site, and group (i.e., type of gamer). 

Table 3  

 

Repeated Measures ANOVA Results 

 

Note. Greenhouse-Geisser values have been reported to correct for the violation of sphericity. 

 

As shown, the ANOVA was able to explain approximately 11% (eyes opened) and 12% (eyes closed) of 

the variance found between hemisphere, site, and gamer; however, this did not reach a statistical significance-

based p-value. Nevertheless, the optimised NeuCube model obtained higher classification accuracy, and the 

outputs allow for a nuanced interpretation and understanding of each group and the differences exhibited in their 

resting state neurophysiological brain activity. Therefore, the present chapter will focus on the optimised NeuCube 

model findings, as it performed better than the traditional statistical methods and does not appear to be 

compromised by data leakage (as suggested by the 8-fold NeuCube model). 

Brain Activities of Recreational Gamers Versus Problematic Gamers Through Visualization of the 

NeuCube Models 

In order to explore functional connectivity across the brain, a visualisation of the feature interaction 

network (FIN) graphs and SNN connectivity graphs was created using the NeuCube software. These were 

produced for both the EO and EC conditions. 

Eyes Closed Condition 

In order to identify the similarities and differences between recreational and problematic gamers in the 

eye closed resting state condition, a FIN and SNN were created (see Figure 2) across 64 EEG channels (i.e., 

features). 

 

Figure 1 

NeuCube Graphic Outputs for Eyes Closed Condition 

Eyes opened condition F-value Degrees of 

Freedom 
p-value Eta2 

Hemisphere 299.16 1 <.001 0.96 

Site 47.69 2.27 <.001 0.79 

Hemisphere*Site*Gamer 1.48 2.52 0.24 0.11 

Eyes closed condition F-value Degrees of 

Freedom 
p-value  Eta2 

Hemisphere 233.30 1 <.001 0.95 

Site 77.20 2.63 <.001 0.86 

Hemisphere*Site*Gamer 1.74 2.49 0.18 0.12 



  

 83 

 

Note. Feature interaction network (A and C) and spiking neural network graph (B and D) for eyes closed condition. 

A and B represent problematic gamers, while C and D represent recreational gamers. 

In terms of similarities between recreational gamers and problematic gamers, there are FIN throughout 

each of the brain regions as indicated by the lines observed across all areas in Figures 1a and 1c. Within both the 

recreational and problematic groups, there appeared to be strong associations across the frontal (FPz, Fp2, Fp2, 

F8), centroparietal (CP3, CP1, CP4, P1, P2, P6), and temporal (FT8, T8, FT7, T7) regions. Some additional 

associations displayed in both groups were in the occipitoparietal (POz, P1, P2, PO4, Iz, P10), occipitoparietal 

and temporal areas (PO7, TP7), and frontocentral (FC3, Fp1) regions. Both groups demonstrated consistent cross-

hemispheric associations between CP3 and CP4, although the recreational gamers demonstrated a stronger 

association than problematic gamers.  

There were also some differences between the groups. Problematic gamers had unique associations 

across frontal (Fp1, AFZ, AF8, F4), frontocentral (FC4, F2, FC6, C6, F6), and temporal (TP8, P10) regions. 
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Furthermore, problematic gamers demonstrated additional associations in the parietal (P2, P1, POz, CPz; with 

nodes P2 and POz having a stronger connection than the recreational gamer group) and occipitoparietal (PO3, 

PO5, P3) areas. In regard to recreational gamers, they had stronger interactions in the frontal (Fp2, F8), 

frontocentral (C1, FCz, FC3, CP3, CP4), and temporal regions (FT8, T8, FT7, T7), with unique associations found 

in the frontocentral (FC4, F4, AF4) and centroparietal and temporal (CP4, CP6, FT8) regions. By analysing the 

SNN connectivity network (Figures 1b and 1d), it can be seen that problematic gamers had more negative 

connections (red colour) in the frontal frontocentral regions of the brain, which indicate inhibitory activity, 

whereas the recreational gamers exhibited more positive (excitatory) connections throughout this region (blue 

lines). In addition, within the problematic gamer group, there was a saturation of negative connections throughout 

the parietal and occipital regions of the scalp, whereas the recreational gamers exhibited a higher saturation of 

positive connections across the scalp in each region.  

Eyes Open Condition 

In order to identify the similarities and differences between recreational and problematic gamers in the 

eye opened resting state condition, a FIN and SNN were created (see Figure 3) across 64 EEG channels (i.e., 

features). 

 

Figure 2 

NeuCube Graphic Outputs for Eyes Open Condition 



  

 85 

 

Note. Feature interaction network (A and C) and spiking neural network graph (B and D) for eyes opened 

condition. A and B represent problematic gamers, while C and D represent recreational gamers. 

In terms of similarities between the two groups, there were several strong feature input interactions 

throughout each region of the brain as indicated by the thick black lines found in Figures 2a and 2c. Within each 

group, there were strong connections across the frontal (Fp1, FPz, F7, AFz, F1, Fp2, F8), 

frontocentral/centroparietal (CP3, C1, C3, FC3, CP4, FC4), and the parietal/parietooccipital areas (P3, P1, POz, 

P2, PO4, P10). In addition to this, each group also demonstrated a high amount of activity interaction in the right 

hemisphere across the frontocentral, temporal, parietal and occipitoparietal regions (moving left to right from F6 

to PO4 in Figures 2a and 2c). 

In regard to differences between recreational and problematic gamers in the eyes open condition, there 

were two unique associations in problematic gamers: long range communication can be seen between T7 and 

PO7, and consistent communication between Fp1 and F1 – all of which are located in the left hemisphere. On the 
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other hand, recreational gamers had stronger connections throughout the brain, specifically in the left hemisphere. 

The results suggest they experienced a stronger interaction in the frontocentral (CP4, C2, FC4, CP3, FC3, T7, 

FC1) and frontal (Fp1, AFZ) regions than problematic gamers. The unique differences in recreational gamers can 

be seen in the frontal (Fp1, FT7), frontocentral (FCz, FC1, C1), temporal / parietal / occipitoparietal (P5, TP7, T7, 

P9, CP3, PO7, P1, PO3, P2, Pz, CPz, CP2) regions. Therefore, recreational gamers exhibited higher activity across 

the left hemisphere than the problematic gamers. By analysing the SNN connectivity network (Figures 2b and 

2d), it can be seen that recreational gamers had more negative (inhibitory) activity in the frontal region of the 

brain, but more positive connections in the frontocentral area of the brain. Problematic gamers exhibited more 

positive connections throughout frontal regions and more negative connections in the frontocentral region. In 

addition, there was a combination of positive and negative connections across both the parietal and occipitoparietal 

regions.  

Discussion 

In the present study, it was hypothesised that the NeuCube SNN framework would be able to identify 

recreational gamers and problematic gamers based on spatial-temporal brain EEG data in two resting state 

conditions. The NeuCube SNN framework was able to successfully classify recreational and problematic gamers 

with a high degree of accuracy. Comparative analyses were applied using other machine learning techniques in 

order to demonstrate the advantage of using the SNN approach to investigating STBD modelling. The Neucube 

SNN framework attained a higher accuracy percentage when demarcating recreational gamers from problematic 

gamers compared to the comparative ML analyses. Therefore, the hypothesis was supported. The aim of the 

present paper was to also expand on the current knowledge of the neurophysiological expression of gamers and 

to examine the difference between recreational gamers from problematic gamers. The results suggested that there 

were a number of differences found across each of the groups in both conditions and provided informative patterns 

of neurophysiological brain activity.  

Eyes Closed Condition 

Each of the groups in the eyes closed condition demonstrated strong association across electrode sites in 

the central parietal region crossing both hemispheres. Recreational gamers demonstrated a stronger cross-

hemispheric association in the central parietal region, while problematic gamers showed stronger cross-

hemispheric associations further back on the scalp in the parietal/parietal-occipital region. Furthermore, the results 

indicated that the activity across the parietal region differed with problematic gamers exhibiting a higher number 

of inhibited connections, while the recreational gamers exhibited more excitatory connections. The parietal region 

of the brain is known to be part of the attention network within the brain (Ptak, 2012), and GD has been implicated 

in influencing brain activity within the attention network (Bavelier et al., 2012; Dye et al., 2009). Indeed, in a 

recent paper on parietal dysregulations in early stages of GD, researchers suggested that gamers experienced 

changes in the parietal (i.e., posterior parietal) region of the brain, which is related to daily engagement with 

gaming (Yu et al., 2021). Their results suggest that neural cue reactivity was observed within daily gamers, which 

resulted in increased reactivity towards gaming related cues. Furthermore, these regions corroborate previous cue-

related meta-analytic studies which suggest that the parietal region is associated with the default mode network 

and visual networks of the brain in relation to GD (Zheng et al., 2019). This also aligns with the findings in 
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substance abuse research, which suggests that the default mode network and visual network may reflect a stronger 

engagement of self-referential or attentional/salience processes (Zhou et al., 2019; Zilverstand et al., 2017). The 

findings here add to the body of literature which suggests that GD can influence brain-related networks in similar 

ways to other problematic substance use. Therefore, in the context of the present study, these differences may 

suggest that problematic gamers who engage with gaming daily exhibit unique changes in the neural resting states 

when compared to recreational gamers, and these changes may be reflective of stronger engagement of the 

attentional/salience processes associated with problematic behaviour.   

Each of the two groups also demonstrated strong associations extending from parietal regions of the scalp 

to the frontocentral and frontal region of the brain. However, while both groups demonstrated activity across these 

regions, the problematic gamer group exhibited more inhibitory connections. The frontal region (i.e., prefrontal 

cortex) has been associated with response inhibition, working memory, decision-making, and emotion regulation, 

and GD has been associated with reduced function in the prefrontal cortex (Kuss et al., 2018; Lee et al., 2022). 

Brain imaging studies have found decreased cortical thickness in these regions in disordered gamers, which is 

correlated with higher GD scores and indicates poor inhibition of game-seeking behaviours (Wang et al., 2018). 

Moreover, more broadly, prefrontal dysfunction in response inhibition is frequently associated with addiction 

(Goldstein & Volkow, 2011), which further supports the notion that disordered gaming behaviours influence the 

brain in similar ways to substance-related addictions. Therefore, the inhibited activity through the frontal regions 

of the brain may be indicative of poor response inhibition within the problematic gamers within the sample.  

Eyes Open Condition 

In the eyes open condition, both groups exhibited strong associations across the frontal region of the 

brain, with localised communications through the central, centroparietal, and occipitoparietal regions. Problematic 

gamers exhibited only a small number of unique connections. There were short-range associations in the frontal 

region of the brain and long-distance associations between the occipitoparietal and temporal regions. Recreational 

gamers on the other hand, exhibited more unique associations than the problematic gamers, with many 

connections in each region of the brain in the left hemisphere, with some smaller local connections in the frontal 

and centroparietal regions of the right hemisphere. Indeed, there were differences between the communications 

exhibited in each group, with the recreational gamers exhibiting a marked difference over the problematic gamers. 

Gaming disorder has been associated with physical changes within the brain, specifically in the right frontal and 

frontocentral region (Wang et al., 2017). The lack significant communication between electrode sites in this area 

in the problematic gaming group may be reflective of these changes. This is important to note, as these brain 

regions are related to reward and cognitive control processes. Furthermore, structural and functional abnormalities 

in these areas have been related to both substance abuse and gambling disorder (Wang et al., 2019). 

By examining SNN connectivity, it can be seen that the problematic gamers exhibited more inhibitory 

connections across the frontal and frontocentral region of the brain, lending support to previous literature that 

suggested problematic/disordered gamers may experience poor response inhibition (Wang et al., 2018). The 

recreational gamer group on the other hand, demonstrated more excitatory connections in the frontal and 

frontocentral regions, but exhibited localised inhibitory activity in the frontal region of the right hemisphere. 

Previous neurophysiology research suggests that spontaneous EO activity is significantly greater in EO conditions 
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across the attentional areas, such as the parietal and occipital regions (Wei et al., 2018). The recreational gamers 

demonstrated a higher number of unique associations across the scalp when compared to the problematic gamers, 

which may be indicative of more spontaneous activity. Therefore, it could then be posited that a lack of unique 

spontaneous activity could indicate some level of neurophysiological dysfunction, supporting the notion that 

problematic gamers may have unique neurophysiological states when compared to recreational gamers, which 

may indicate a potential neurophysiological marker of GD (Burleigh et al., 2020).  

The NeuCube 

The overall aims of the present paper were to utilize the NeuCube within the GD field to investigate if 

an SNN architecture could be used to classify problematic gaming behaviours based in EEG data. The results 

suggest that the NeuCube appears to be an effective tool when demarcating problematic gamers from recreational 

gamers. In addition, a number of differences in the resting state data of problematic and recreational gamers were 

found. These findings may be potentially used to identify specific neurophysiological states of different types of 

gamers, which will aid in the classification and understanding of how disordered gaming may affect the 

neurophysiology of the brain. Furthermore, these findings could be used to expand and aid in the early prediction 

and classification of problematic gaming, aiding in early interventions. It is also important to note that the findings 

of the NeuCube were congruent with the currently known neurophysiological phenomena within disordered and 

problematic gaming. For example, the NeuCube identified increased activity across areas such as the parietal 

region, which is in line with meta-analytic studies in the GD field (Zheng et al., 2019). Moreover, the NeuCube 

also demonstrated congruent findings when considering the SNN graph; literature suggests that problematic 

gamers exhibit increased inhibitory connections in the brain (Wei et al., 2018), and the NeuCube data also suggest 

that these inhibitory connections are present. Therefore, findings from the NeuCube appear parallel existing 

findings and can therefore be interpreted with confidence. Thus, the present findings suggest that the NeuCube 

may be utilised across not only psychiatric disorders like depression (Shah et al., 2019), but behavioural disorders 

such as gaming disorder. 

Indeed, the NeuCube could be used to more accurately aid in the classification of disordered behaviours, 

when compared to other ML methods used (e.g., SVM, MLR, MLP). The increased accuracy over other ML 

techniques may be due to the inherent qualities of the deSNN. The ML techniques used in the present paper 

required that the STBD collected from the EEG were converted into one vector for each of the features. Due to 

this inherent limitation of ML, the temporal connections cannot be obtained and thus the variance found within 

these temporal differences are lost. Thus, the ML methods used can only analyse the data in the form of a static 

vector and are not exposed to the resulting spatiotemporal associations or variations. However, the Neucube 

utilizes 3D brain-inspired SNN models, which allow for the integration of dynamic spatiotemporal interactions 

between brain functions and distinct psychological states. Furthermore, unlike ML methods, SNN models can 

process temporal information along spatial information while streaming the EEG data. Therefore, each of the 

samples includes the amplitudes powers of all EEG channels within an entire time interval – unlike traditional 

ML techniques which require every data sample be represented as a single vector. Consequently, the integrated 

spatial and temporal information within the single vector is then lost. Therefore, the brain-inspired SNN 

architecture can be used for the detailed analysis of various STBD (e.g., EEG), and has the advantage of 

maintaining both temporal and spatial components of the collected data which is regulated by a SNNr (i.e., the 
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Talairach brain atlas). The SNN also uses a biologically plausible learning rule to detect spatiotemporal patterns 

from data, and consequently is able to better explain the spatiotemporal associations in the STBD. This provides 

a more accurate classification of recreational and problematic gaming.  

Limitations, Strengths, and Future Directions 

 There are number of limitations that should be considered within the present study. First, it should be 

noted that there was no control group (i.e., participants that did not play videogames at all). However, in a recent 

study using microstate EEG, the researchers found that there were no significant differences in the microstate 

parameters between recreational gamers and healthy controls (Wang et al., 2021). Nevertheless, future research 

should address this gap by implementing a control group to investigate this difference using SNN.  

Second, further analysis to explore the connection weights extracted from the NeuCube via traditional 

statistical methods (i.e., ANOVA) did not yield a statistically significant result, which may be due to a number of 

factors. For example, in order to conduct the ANOVA, each electrode had to be averaged into a single vector (i.e., 

one data point). This vector was then averaged again to create site and hemisphere variables. As previously 

mentioned, when averaging the SNN data points into a single vector, the integrated spatial and temporal 

information within the data is lost. Therefore, this may have contributed to the non-significant results of the ML 

methods and the traditional statistic models. Moreover, in order to conduct ANOVA analyses, a specific number 

of participants are required to sufficiently power the analysis. A power analysis of the current sample size 

indicated that at least two more participants were required in each condition in order to have sufficient sensitivity. 

As previously mentioned, due to various factors such as the global COVID-19 pandemic, it was not possible to 

secure additional participants. Consequently, future research should consider an adequate sample size if 

conducting additional traditional analysis as this will give further insight into various connectivity regions. 

Third, while the NeuCube appears to be effective in classifying recreational gamers and problematic 

gamers, it is possible that the amount of time spent gaming may also contribute to the classification. Research 

suggests that individuals who spend more time gaming may have different patterns of brain activity compared to 

those who spend less time gaming (see Chapter 2). In that line, the NeuCube may be classifying gamers based on 

the neurophysiological change influenced by time spent gaming, rather than disordered gaming specifically. 

Future research should explore this issue by controlling the amount of time spent gaming when examining 

differences in brain activity between problematic and recreational gamers. More specifically, to gain a better 

understanding of disordered gaming, while controlling for the influence of time spent gaming, future research 

could investigate both high engagement gamers and problematic gamers who spend similar amounts of time 

gaming. Such an approach would enable researchers to differentiate the neurophysiological states of disordered 

gamers specifically and to investigate whether time spent gaming plays a significant role in the underlying brain 

activity of problematic gaming.  

Forth, the present study used a convenience sample, and these results may not be extrapolated to all 

gamers. Indeed, using a clinical population would provide rich data which may make any neurophysiological 

dysfunction more noticeable, as it has been found that higher severity disorders increase the accuracy of ML 

methods which utilise STBD (Park et al., 2021). Therefore, future research should consider healthy, problematic, 

and disordered gamers. Furthermore, it remains to be seen whether the NeuCube can classify a new participant as 
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recreational or problematic. Thus, future research should recruit higher sample numbers which can be split and 

allow for new unseen participants to be classified by the SNN.  

Fifth, there still remain technical challenges within the SNN field. For example, there is currently no 

robust information theory supporting the design and implementation of SNN, the choice of network structure (e.g., 

the placement of input neurons), and additional hyperparameter for each application (e.g., classifying mood 

disorders, or behaviour disorders) is based on heuristic measures and expert opinion (Tan et al., 2020). This makes 

it difficult to generalise and optimise the operation in a number of different settings (e.g., clinical setting). 

Consequently, future research should be conducted into the use and parameter optimisation of SNN, making them 

more accessible to the scientific community. 

However, the use of the NeuCube SNN architecture is also one of the present study’s strengths. The 

present study utilized STBD, and the NeuCube’s 3D SNN structure provides new opportunities to explore and 

understand complex clinical data sets that use these data. The present study was also the first of its kind (to the 

authors’ knowledge) that utilised the NeuCube within the behavioural addiction field, providing novel AI-related 

methodology. Moreover, the use of the NeuCube within this context paves the way for SNN to be used in the 

classification and prediction of other disordered behaviours, such as gambling disorder. Lastly, the results found 

through the present study strengthen the idea that behavioural addictions appear to have a specific 

neurophysiological basis similar to other substance use addictions (Park et al., 2021).  

Conclusion 

The present study utilized the novel NeuCube SNN architecture within the GD field. The findings suggest 

that the NeuCube accurately classified recreational gamers from problematic gamers within the current sample 

with a high success rate. In addition to this, the FIN and connectivity maps showed congruent data with the current 

understanding of the neurophysiological effects of gaming, lending validity to the use of the NeuCube within the 

behavioural sciences. Moreover, the results also suggest that recreational gamers and problematic gamers appear 

to have different resting state brain activity. Understanding these differences could aid in the early detection and 

classification of GD. Taken together, the NeuCube appears to be a viable tool to use in future studies which 

implement STBD in the behavioural addiction field. Future research should expand on the current study by 

implementing a control cohort which includes no gamers, and a clinical cohort which includes individuals 

experiencing GD. In addition to this, future research should also implement the NeuCube SNN architecture to 

investigate other behavioural addictions. Following the identification of GD using neurophysiological data, the 

following chapter will explore the association of co-occurrence in both a control cohort and a clinical cohort of 

gamers.  
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Chapter 5 
 

Coping and Co-occurrence within Gaming Disorder and Substance Use among 

Recovering Substance Users  

Introduction 

Research into substance use disorders (SUDs) has demonstrated a wide range of negative effects on 

neurocognitive functions and psychological wellbeing (Hughes et al., 2014). Similarly, specific behavioural 

disorders (e.g., problematic online gaming) are now understood as mental health disorders due to evidence 

associating excessive use with adverse changes in brain function and psychological wellbeing (Kuss et al., 2018).  

Consequently, Internet Gaming Disorder (IGD) was included in the Diagnostic and Statistical Manual of Mental 

Disorders (DSM-5) as a tentative behavioural addiction warranting further investigation (American Psychiatric 

Association [APA], 2013). Furthermore, the World Health Organization (WHO) has now officially recognized 

Gaming Disorder (GD) in the latest eleventh revision of the International Classification of Diseases (ICD-11; 

2019).  

Prior to the inclusion of GD/IGD in the DSM-5 and ICD-11, several other terms were used to describe 

problematic video gaming including (but not limited to) videogame addiction, pathological video gaming, gaming 

use disorder, and gaming use dependency (Estévez et al., 2017). Furthermore, some scholars have included 

problematic online gaming within the umbrella terms of internet addiction, problematic internet use, and 

pathological internet use (e.g., Brand, Laier, & Young, 2014). In order to maintain consistency throughout the 

present paper, the term ‘problematic gaming’ will be used to describe a range of similar and/or overlapping 

addictive, compulsive, and/or subclinical behaviours related to gaming. When referring to clinically defined cases, 

the term ‘GD’ will be used, in line with the ICD-11. Furthermore, in relation to other potentially addictive 

behaviours or substance use, the term ‘problematic’ will be used to describe sub-clinical conditions that do not 

fully meet all the criteria in the DSM-5 or ICD-11 (e.g., ‘problematic gambling’), while the term ‘disordered’ will 

be used to describe clinical conditions that meet the requisite criteria in the ICD-11 (e.g., gambling disorder). 

Gaming Disorder and Behavioural Disorders 

Several studies have reported an association between GD and mental health disorders, such as anxiety 

(Adams et al., 2019), depression (King et al., 2013), and personality disorders (Schimmenti et al., 2017). Similarly, 

the literature suggests that disordered gaming can co-occur with other problematic and disordered behaviours 

(Burleigh, Griffiths, et al., 2019). It is worth noting that not all problematic behaviours are recognized as disorders. 

Instead, they may be considered as ‘potential’ behavioural addictions, such as shopping addiction (often referred 

to as ‘compulsive buying’), social networking site addiction, and work addiction (Burleigh, Griffiths, et al., 2019). 

These behaviours (including GD) share a conceptual basis with substance use disorders. However, the use of 

‘addiction’ terminology to describe these behaviours is heavily debated in the literature. For example, some 

scholars believe that there has not been a sufficient scientific basis established for the GD diagnosis (van Rooij et 

al., 2018). It has been suggested that the excessive ‘disorder-like’ activities which relate to these disorders may 

instead be a reflection of investment rather than clinically disordered behaviour (Aarseth et al., 2017; Colder 

Carras & Kardefelt-Winther, 2018). For example, one specific symptom of disordered behaviour is salience (i.e., 
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being consistently preoccupied with the disordered behaviour), which may not be accurately reflected in the 

context of gaming. This is due to the time investment discussing and optimizing the game experience. 

Consequently, there are claims that the diagnosis has poor specificity which could lead to inaccurate diagnosis of 

approximately one-third of gamers (Colder Carras & Kardefelt-Winther, 2018). Nevertheless, evidence 

consistently indicates that disordered or problematic gaming is associated with an increased risk of 

psychopathology (e.g., depression, anxiety; Kuss & Griffiths, 2012), disordered behaviour, and disordered 

substance use (Burleigh, Griffiths, et al., 2019).  Consequently, it has been posited that these increased risks may 

instead be a result of, or partly attributed to, maladaptive coping strategies (Schneider et al., 2018) or other 

psychopathological conditions.  

Coping 

Coping refers to the cognitive and behavioural responses that process and manage stressful events and 

emotions (McMahon et al., 2013). Several studies have considered the relationship between coping and gaming 

(Burleigh, Griffiths, et al., 2019). The Brief COPE (Carver, 1997) has been used, which is  based on Lazarus and 

Folkman’s (1984) transactional model of stress and Carver and Scheier’s (1981) behavioural self-regulation 

model. The domains assessed used are emotion-focused coping and problem-focused coping. Problem-focused 

coping involves efforts to modify the stressful event and includes strategies, such as producing options to solve 

the problem, evaluating the pros and cons of the options, and implementing steps to solve the problem. Emotion-

focused coping is typically defined as the attempt to manage emotional distress that is associated with a stressful 

event (Lazarus & Folkman, 1984). There are a broad range of strategies which fall under this domain, such as the 

use of humour, positive reframing of the distressing situation, acceptance, seeking social support, and/or the use 

of religion. However, emotion-focused coping has also included strategies such as denial, venting and/or fixating 

on negative emotions (Carver, 1997). Therefore, it is not surprising that the effectiveness of emotion-focused 

coping can vary depending on which strategy is employed (Carver, Scheier, & Weintraub, 1989).  

As a result of these (somewhat) opposed groupings, it appears that engaging in emotion-focused coping 

can be considered maladaptive. While Carver et al. (Carver, 1997; Carver et al., 1989) did not utilise specific 

domains of coping, the domains of emotion focused and problem focused have been used in conjunction with 

their measures in previous research (Kuss et al., 2017; Schneider et al., 2018). Therefore, the present study adopts 

the definitions of previous papers which define emotional coping as a specific subset of emotion-focused strategies 

which actively engage with distress (e.g., humour) as opposed to avoiding the stressful event in a passive and 

static way (e.g., denial; Carver, 1997; Baker & Berenbaum, 2007; Kuss et al., 2017; Schneider et al., 2018). In 

line with previous literature, the present study also uses a third domain of coping, which focuses on dysfunctional 

coping (Kuss et al., 2017). Within the scope of the present paper, dysfunctional coping is defined as disengaging 

with a stressful event in an avoidant manner through avoidant coping strategies such as denial, substance use, and 

self-distraction (Brand et al., 2014; Kuss et al., 2017).  

Some evidence suggests that individuals may play videogames excessively to cope with everyday 

stressors and to regulate their emotions (Hemenover & Bowman, 2018). While using videogames to de-stress and 

‘escape’ is not maladaptive itself, for some gamers, excessive game play has predicted maladaptive escapism or 

self-distraction (e.g., turning to work or other activities to take their mind off things) as a coping strategy (Kuss, 
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Louws, & Wiers, 2012), which can result in poorer mental health outcomes and is linked with excessive gameplay, 

creating a cycle of reciprocity (Burleigh, Griffiths, et al., 2019). Moreover, this type of avoidant coping has been 

reported in both the gaming literature and the substance use literature (Burleigh, Griffiths, et al., 2019; Heggeness 

et al., 2020). These dysfunctional strategies are often overly relied upon among adolescents (Kuss et al., 2017) 

and could carry through into emerging adulthood and adulthood (Burleigh et al., 2018), resulting in poor emotional 

regulation (Ream et al., 2013).  

Substance Use and Gamers 

Parallels exist between the way gamers and substance users regulate their emotions (Ream et al., 2013). 

It has been suggested that this could be due to the aforementioned similarities in the common coping strategies 

employed by each group, such as behavioural disengagement (i.e., self-distraction; Burleigh et al., 2019). This 

association may be explained through the self-medication hypothesis; i.e., within addiction-related disorders, 

substances (or specific behaviours) can be used to overcome distressing affective states and unpleasant symptoms 

(Khantzian, 1985). This behaviour is indicative of a dysfunctional coping strategy, which has been suggested to 

play a role in the development of co-occurring behaviours within disordered gaming (Burleigh, Griffiths, et al., 

2019) and substance use (van Rooij et al., 2014). While some literature has suggested that dysfunctional coping 

strategies play a role in disordered gaming and substance use, there is a dearth of literature that considerers clinical 

substance users who may also engage in problematic gaming behaviours (Burleigh, Griffiths, et al., 2019; van 

Rooij et al., 2014). This is problematic because the literature consistently provides evidence on the similarities 

between problematic/disordered behaviours, substance use disorders, and the coping strategies they employ along 

with the potential of their co-occurrence (Gallimberti et al., 2016; Nicola et al., 2015; Sussman et al., 2015; Tsai 

et al., 2016). Moreover, the evidence suggests that when individuals are faced with distressing situations and 

engage in the use of dysfunctional strategies, symptoms of disordered behaviour or substance use increase – more 

so than the engagement in either one on their own (Heggeness et al., 2020; Kuss et al., 2017). Gaming disorder, 

similar to other addictions, including other behavioural addictions (e.g., gambling disorder), can co-occur with 

other problems (Walther et al., 2012). Therefore, disordered gaming may also interact and/or co-occur with other 

conditions such as disordered substance use. 

Replacement, Co-occurrence, and the Cycle of Reciprocity 

Within the present study, co-occurrence refers to when two or more potentially addictive behaviours 

(behavioural and/or substance) are engaged in concurrently. It has been suggested that co-occurrence of 

problematic or disordered behaviour and substance use can be attributable to shared psychological mechanisms 

underlying these behaviours (e.g., the aforementioned coping mechanisms; Kuss et al., 2017; Schneider et al., 

2018) in the development and maintenance of co-occurrence between and within problematic behaviours and 

substance use (Burleigh, Griffiths, et al., 2019).  

Different theories have been put forward regarding how various potentially addictive behaviours, such 

as gaming and substance use, may co-occur with one another. For example,  replacement theory suggests that 

substances or behaviours have the potential to replace each other (Sussman & Black, 2008). This theory aligns 

with the behavioural self-regulation model of coping (Carver & Scheier, 1981) and the self-medication hypothesis 

(Khantzian, 1985). Behavioural self-control theory suggests that an individual engages in a feedback loop of self-



  

 94 

regulation (i.e., a coping strategy) when trying to reach a goal. In doing so, an individual monitors their progress 

and adjusts their behaviour accordingly to improve their efforts. If individuals begin to use substances or engage 

in behaviours to alleviate the affected mood state, this may result in the development of a dysfunctional coping 

strategy. As a result, when they are confronted with the stressful event, they may return to the substance or 

behaviour that alleviated the last mood state effectively (i.e., self-medication; Khantzian, 1985). However, when 

ending the disordered behaviour in question (either voluntarily or involuntarily), an individual may become 

vulnerable to other potentially disordered behaviours to explore other avenues of satisfying their needs (Sussman 

& Black, 2008). Therefore, replacement theory posits that disordered behaviours (i.e., behavioural or substance-

related) serve a specific function (e.g., escape, coping, relaxation), and individuals who cease these behaviours 

will seek to replace them (Khantzian, 1985). Indeed, empirical literature has demonstrated a wide variety of 

behaviours or substances which some individuals can become dependent on (e.g., alcohol), or repeat excessively 

(e.g., gaming) when abstaining from disordered substance use (i.e., reciprocity; Sussman & Black, 2008). 

It has been suggested that the abstaining individual may then seek to substitute these behaviours with an 

activity they perceive as being less detrimental than the original disordered behaviour. To the abstaining 

individual, the replacement behaviour may appear adaptive and reasonable. However, it may be disadvantageous 

depending on which behaviour is chosen (Sussman & Black, 2008), indicating there is an at-risk group of 

individuals who are abstaining from problematic or disordered behaviours/substance use. Indeed, it has been 

shown that substance users, when abstaining from the primary substance, may develop other behaviours that fill 

that dysfunctional process. For example, substance users may replace illicit substances with smoking or sexual 

behaviour, behaviours that they may feel are less detrimental than illicit substances (Sussman, 2005). It has also 

been highlighted that individuals with disordered substance use believe that internet use is a safe substitute to 

utilize in their repertoire of existing coping strategies (Sussman & Black, 2008). Likewise, the literature suggests 

that other problematic behaviours can also be utilized in similar way (Kuss et al., 2017). However, there are few 

studies which explore the role of gaming in the context of abstinent substance users (Burleigh, Griffiths, et al., 

2019). This is especially important given that gaming has been found to be significantly correlated with a number 

of addictive behaviours and substances (Sussman et al., 2015; Tsai et al., 2016). 

In a recent epidemiological study on the co-occurrence of substance use and other potentially addictive 

behaviours, it was found that there were large overlaps between the co-occurrence of disordered substance use 

and/or behaviours (Kotyuk et al., 2020). More specifically, Kotyuk et al. (2020) found that alcohol and smoking 

were associated with problematic gaming among a large sample of emerging adults. Additionally, in a recent 

systematic review, Burleigh et al. (2020) also found similar overlaps of substance use and behaviours among 

adolescents, emerging adults, and adults. Indeed, the evidence supports the potential for disordered behaviours to 

increase the propensity of other related problematic behaviours. Accordingly, the overlap of two or more 

problematic behaviours may then create a cycle of reciprocity (Gossop, 2001; Haylett et al., 2004; Martin et al., 

2014), wherein mutual exacerbation occurs. Furthermore, individuals who experience multiple problematic and/or 

disordered behaviours have been shown to be at higher risk of poorer mental health (e.g., depression) and physical 

health (Burleigh et al., 2018; Martin et al., 2014; Urbanoski et al., 2007).  

Therefore, considering the co-occurrence of problematic behaviours and substance use is relevant for a 

number of reasons. Firstly, it is rare that clinical symptomology emerges on its own, as it can be a consequence 
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of a collection of risk factors (Najt et al., 2011). Secondly, being aware of how co-occurring problematic and 

disordered behaviours react and enforce facets of a primary problematic or disordered behaviour has an important 

clinical significance (Burleigh, Griffiths, et al., 2019). For example, disordered gaming may mask problematic 

substance use within an individual, therefore hindering diagnostic assessment. Alternatively, disordered gaming 

may increase problematic substance use, causing symptoms of both to alternate, which can effect treatment 

efficacy (Freimuth et al., 2008). Therefore, co-occurrence has the potential to influence the onset, course, and 

outcomes of treatment interventions (Burleigh, Griffiths, et al., 2019). Thirdly, understanding these associations 

will aid future assessment and treatment paradigms through the consideration of both the presenting primary 

disordered (or problematic) behaviour (or substance use), and any potential co-occurring behaviours or substance 

use, which may enforce a cycle of reciprocity (Carrà et al., 2015; Roncero et al., 2017). Finally, being aware of 

these co-occurrences will also help inform prevention strategies (Hall et al., 2009). 

The Present Study 

While the understanding of the nuanced issues of diagnosis and case formulation requires evaluation and 

testing, there is currently a dearth of literature which has investigated the coping styles and the co-occurrence of 

problematic/disordered gaming with other potentially addictive substance use and behaviours within clinical 

populations in treatment. The literature suggests that individuals in clinical populations who experience a co-

occurring behavioural, or substance use disorder (or problematic use) tend to have poorer functioning and 

treatment outcomes in comparison to non-clinical populations. This mirrors findings within disordered gaming 

because disordered gamers also experience poorer functioning and treatment outcomes (Kuss et al., 2014; Winkler 

et al., 2013; Yakovenko & Hodgins, 2018). Despite the acknowledged association between gaming and other 

addictive behaviours, it is unclear how the strength of this association is affected by an individual’s severity of 

addiction and coping style. According to developmental perspectives, addiction should be viewed along a 

continuum, ranging from functional (i.e., no problematic use) to excessive problematic use. Therefore, 

understanding the dynamic changes in co-occurring addictive behaviours from adaptive to pathological use has 

important implications for clinical assessment and treatment planning, including being able to evaluate which 

treatment would be appropriate based on the individual’s behaviour patterns and where they fall on the continuum.  

In the present study, co-occurring problematic behaviour and substance use in clinical (i.e., substance 

users in treatment) and a non/sub-clinical (i.e., general population) sample of gamers and non-gamers were 

compared and contrasted, and the associations of coping strategies on gaming and its co-occurrence with substance 

use and other problematic behaviours was explored. Accordingly, the following hypothesises were formulated:  

H1: Gamers will exhibit more severe co-occurring problematic behaviours among both clinical and non-

clinical samples when compared to non-gamers, with co-occurring substance use negatively influencing 

disordered gaming scores among the clinical sample. 

H2: The severity of gaming among both clinical and non-clinical groups will be positively associated 

with dysfunctional coping styles, but negatively associated with problem-focused coping styles.  

Methods 

Participants and Procedure 
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Clinical data were collected from October 2019 to January 2020 at a rehabilitation centre in New Zealand 

from patients who were undertaking treatment for their disordered substance use. The inclusions criteria were: (i) 

being aged 18 years and over; and (ii) having previously or currently experienced disordered substance use. Each 

participant was given a $20 NZ voucher for participating. The clinical sample comprised 64 participants, including 

49 men (Mage = 35.73 years; SD = 10.95) and 15 women (Mage = 37.14 years; SD = 10.48), aged between 22 and 

88 years (Mage = 36.06 years; SD = 10.77). Participants that listed that they played videogames were classified as 

gamers. Additional sociodemographic information can be seen in Table 1.  

Table 1  

Demographics and Videogame Use Information (Clinical) 

Sociodemographic variables   Total (N=64) 

Gender Male 49 (76.5%) 

Female 15 (23.4%) 

Marital Status Same-sex civil partnership / married / 

Separated, but still legally in a same-sex civil 

partnership / married 

6 (9.3%) 

 Civil partnership has been dissolved / 

divorced  

9 (14%) 

 Never registered a same-sex civil partnership 

/ married 

32 (50%) 

 Prefer not to say 17 (26.5%) 

Qualification Postgraduate degree (e.g., MA, PhD) / 

Degree (e.g., BA, BSc) 

8 (12.4%) 

Professional qualification (e.g., teaching, 

nursing, accountancy) / Other vocational / 

work related qualifications 

4 (6.4%) 

Foundation degree / Progression diploma / 

Advanced diploma / Certificate or equivalent  

4 (6.4%) 

 A levels / AS levels / VCEs / Higher diploma 

or equivalent / GCSEs / CSEs / O levels or 

equivalent 

24 (37.4%) 

 No qualifications or education / Prefer not to 

say 

24 (37.4%) 

Videogame use* Yes 35 (54.7%) 

No 39 (45.3%) 

Years using playing videogames (M ± SD) 19.96 ± 6.76 

Hours spent playing videogames during a 

weekday (M ± SD) 

4 ± 5.37 
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Hours spent playing videogames during 

weekend day (M ± SD) 

3.61 ± 3.53 

Videogame platform*  Online PC games 3 (8.5%) 

 Offline PC games 2 (5.7%) 

 Online console games 7 (20%) 

 Offline console games 8 (22.9%) 

 Games for smartphones and tablets 15 (42.9%) 

Note. M = mean SD = standard deviation; * denotes only applicable to those that answered “Yes” to videogame 

use; participants who listed that they play videogames were classified as gamers 

 

In regard to substance use details, the average age of onset for the primary substance use was 13.31 years 

(SD = 2.76). Out of the 64 substance users surveyed, 60 were currently abstinent. Abstinence ranged between 

seven days to ten years (Mdays = 257.32; SD = 496.10). The remaining four participants (who were new to the 

centre) had been abstinent less than a day. In addition, 45.3% reported an accompanying mental health disorder 

(e.g., depression, anxiety) and of those, 21.9% had two or more comorbid mental health disorders. Additional 

substance use information can be found in Table 2.



  

 98 

 

Table 2 

Additional Substance Use Information 

Substance How many times 

in the last 30 

days? 

(in days;  

Mean±SD)* 

Lifetime use  

(in years;  

Mean±SD) 

Route of use** Major 

Problem 

(currently 

abstaining)*** 

Oral Nasal Smoking Non-IV injections IV injections 

Alcohol – any use 3.4 ± 2.79 

(n=5) 

16.04 ± 10.11 

(n=58) 

92.7% - 7.3% - - 46.9% 

Alcohol – to intoxication  1 ± 0 

(n=2) 

16.04 ± 10.11 

(n=47) 

93% 2.3% 4.7% - - N/A 

Heroin 1 ± N/A 

(n=1) 

13.10 ± 13.81 

(n=10) 

- 20% 30% - 50% 3.1% 

Methadone - 8.16 ± 11.63 

(n=12) 

36.4% 9.1% - - 54.5% 6.3% 

Other (opiates/analgesics) 15 ± N/A 

(n=1) 

14.90 ± 12.43 

(n=11) 

63.6% 9.1% 9.1% - 18.2% 7.8% 

Barbiturates 15 ± N/A 

(n=1) 

19.66 ± 12.57 

(n=9) 

87.5% 12.5% - - - - 

Other 

(sedative/tranquilizer) 

5 ± 4.24 

(n=2) 

17.11 ± 14.64 

(n=9) 

66.7% 33.3% - - - 3.1% 

Cocaine - 6.26 ± 9.53 

(n=19) 

11.8% 58.8% - - 29.4% 1.6% 
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Amphetamines 3.21 ± 1.70 

(n=4) 

12.8 ± 9.10 

(n=50) 

15.2% 2.2% 58.7% 2.2% 21.7% 68.7% 

Ecstasy - 8.11 ± 8.08 

(n=36) 

58.1% 19.3% 9.7% 3.2% 9.7% 4.7% 

Cannabis 7 ± 12 

(n=4) 

17.02 ± 10.79 

(n=46) 

18.2% 81.8% - - - 28.1% 

Hallucinogens - 12.76 ± 12.02 

(n=21) 

82.6% 4.4% 13% - - 4.7% 

Inhalants 4.5 ± 4.94 

(n=2) 

7.90 ± 9.46 

(n=11) 

54.5% 27.3% 18.2% - - - 

Nicotine 27.52 ± 5.77 

(n=17) 

18.56 ± 11.22 

(n=50) 

24.4% 75.6% - - - 21.9% 

More than one substance 

per day 

9.6 ± 10.16 

(n=5) 

16.62 ± 11.65 

(n=24) 

28.6% 47.6% - - 23.8% N/A 

Note. *Of those not abstaining and of those who have used the indicated substance; ** Of those who have used indicated substance in their lifetime; *** Participants can be 

abstaining from more than one substance (n=64). 
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Data from the control sample were collected from Auckland, New Zealand (between September 2019 to 

March 2020) which is located in a similar geographical region to the rehabilitation centre. Flyers and electronic 

advertisements (e.g., SONA platform) were used around a university campus. Students were offered the chance 

to win a $50 NZ shopping voucher. The inclusion criteria for this sample were: (i) being aged 18 years and over; 

and (ii) currently residing in New Zealand. The control group sample comprised 138 participants, including 72 

males (Mage= 26.86 years; SD = 9.83) and 59 females (Mage = 27.49 years; SD = 9.07 years), aged between 18 and 

65 years (Mage = 26.54 years; SD = 9.47). Additional sociodemographic information can be seen in Table 3. All 

participants were given information prior to the study, including data use, potential risks, and benefits, along with 

their right to withdraw from the study at any time. The study was approved by the research team’s two university 

ethics committees. 

Table 3  

Demographics and Videogame Use Information (Control) 

Sociodemographic variables   Total 

(N=138) 

Gender Male 72 (54.5%) 

Female 

Other 

59 (44.7%) 

1 (0.8%) 

Marital Status Same-sex civil partnership / married / 

Separated, but still legally in a same-sex civil 

partnership / married 

29 (22%) 

 Civil partnership has been dissolved / 

divorced  

5 (3.8%) 

 Widowed 1 (0.7%) 

 Never registered a same-sex civil partnership 

/ married 

88 (66.7%) 

 Prefer not to say 9 (6.8%) 

Qualification Postgraduate degree (e.g., MA, PhD) / 

Degree (e.g., BA, BSc) 

55 (41.7%) 

Professional qualification (e.g., teaching, 

nursing, accountancy) / Other vocational / 

work related qualifications 

5 (3.8%) 

Foundation degree / Progression diploma / 

Advanced diploma / Certificate or equivalent 

8 (6.1%) 

 A levels / AS levels / VCEs / Higher diploma 

or equivalent / GCSEs / CSEs / O levels or 

equivalent 

54 (40.9%) 

 No qualifications or education / Prefer not to 

say 

10 (7.5 %) 
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Videogame use* Yes 108 (81.8%) 

No 24 (18.2%) 

Years using playing videogames (M ± SD) 13.10 ± 7.51 

Hours spent playing videogames during a 

weekday (M ± SD) 

4.24 ± 7.23 

Hours spent playing videogames during 

weekend day (M ± SD) 

3.92 ± 3.73 

Videogame platform* Online PC games 18 (16.7%) 

 Offline PC games 8 (7.4%) 

 Online console games 26 (24.1%) 

 Offline console games 21 (19.4%) 

 Games for smartphones and tablets 35 (32.4%) 

Note. M = mean SD = standard deviation; * denotes only applicable to those that answered “Yes” to videogame 

use. 

 

Measures 

Internet Gaming Disorder Scale – Short Form 9 (IGDS9-SF).  

The nine-item IGDS9-SF (Pontes & Griffiths, 2015) was used to assess the severity of GD symptoms by 

examining an individual’s offline and online behaviours. Items of the IGDS9-SF include: “Do you systematically 

fail when trying to control or cease your gaming activity?” and “Have you jeopardized or lost an important 

relationship, job or career opportunity because of your gaming activity?”. Participants respond to each item on a 

five-point scale from 1 (Never) to 5 (Very often). The final GD score is calculated by summing up the individual’s 

answers and ranges from 9 to 45, with higher scores indicating higher severity of gaming disorder behaviours. 

The scale has been shown to be a reliable measure with a Cronbach’s α of .88 (Pontes & Griffiths, 2015). In the 

present study, the general and clinical cohorts’ scale scores showed good reliability with a Cronbach’s α of .89 

and .94, respectively. 

Problem Gambling Severity Index (PGSI)  

The nine-item PGSI (Ferris & Wynne, 2001) was used to assess gambling behaviours over the past 12 

months (e.g., “Have you gone back on another day to try to win back the money you lost?”). Participants respond 

to items on a four-point scale ranging from 0 (Never) to 3 (Always). The total score is obtained by summing up 

each of the answers given and can range from 0 to 27, with higher scores indicating higher gambling severity. The 

final score is then related to one of four domains: non-problem gambler=0; Low-risk gambler=1–2; Moderate-

risk gambler=3–7; Problem gambler=8 or above. This has been shown to be a reliable scale with a Cronbach’s α 

of .76 (Ferris & Wynne, 2001). In the present study, scale scores by the general cohort had a Cronbach’s α of .96 

and the clinical cohort had a Cronbach’s α of .95. 

Internet Disorder Scale 9–Short Form (IDS9-SF) 
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The nine-item IDS9-SF (Pontes & Griffiths, 2017) was used to assess problematic internet use 

behaviours over the past 12 months (e.g., “Do you feel more irritability, anxiety and/or sadness when you try to 

either reduce or stop using the internet?”). Responses are scored on a five-point scale ranging from1 (Never) to 

5 (Very often). The final score is calculated by adding each item score which gives a total score ranging from 9 to 

45. Higher scores indicate a higher severity of disordered internet use. The IDS9-SF has been shown to be a 

reliable scale with a Cronbach’s α of .96 (Pontes & Griffiths, 2017). In the present study, the general and clinical 

cohorts’ scale scores showed good reliability with a Cronbach’s α of .92 and .95, respectively. 

The Bergen Social Media Addiction Scale (BSMAS) 

The BSMAS (Andreassen et al., 2016) is an adapted version of the Bergen Facebook Addiction Scale 

(BFAS; Andreassen, Torsheim, Brunborg, & Pallesen, 2012) and includes six items assessing addictive social 

media use (e.g., Facebook, Instagram, Twitter) in the past 12 months. Each item reflects a core addiction element 

(e.g., withdrawal: “How often have you become restless or troubled if you have been prohibited from using social 

media?”), is scored on a five-point scale ranging from 1 (Very rarely) to 5 (Very often) and can have a total score 

between 6 and 30. A higher score indicates a greater risk of being addicted to social media use. The BSMAS has 

very good reliability (Cronbach’s α = .88; Andreassen et al., 2016). In the present study, the general and clinical 

cohorts’ scale scores showed excellent reliability with a Cronbach’s α of .90 and .93, respectively. 

Bergen-Yale Sex Addiction Scale (BYSAS)  

The six-item BYSAS (Andreassen et al., 2018) was used to assess participants’ problematic sexual  

activity over the last 12 months (e.g., “How often … have you spent thinking about sex or masturbation?”). Each 

response is scored on a five-point scale, with scores ranging from 0 (Very rarely) to 4 (Very often). To obtain the 

total score, the scores on each item are summed. The total score can range from 0 to 24, with a higher total score 

indicating a greater risk of addictive sexual behaviour. The BYSAS has been found to be a reliable scale with a 

Cronbach’s α of .82 (Andreassen et al., 2018). In the present study, the general and clinical cohorts’ scale scores 

showed excellent reliability with a Cronbach’s α of .90 and .92, respectively. 

Bergen Shopping Addiction Scale (BSAS) 

The seven-item BSAS was used to assess for problematic shopping behaviour (Andreassen et al., 2015). 

Participants respond to each item (e.g., “I think about shopping or buying things all the time”) on a five-point 

Likert scale from 0 (completely disagree) to 4 (completely agree). The final score is calculated by summing up 

the individuals’ answers and ranges from 0 to 28, with higher scores indicating greater risk of shopping addiction. 

The BSAS has been found to be a reliable scale with a Cronbach’s α of .87 (Andreassen et al., 2015). In the present 

study, the scale showed excellent reliability (Cronbach’s α = .90). 

Cigarette Dependency Scale-5 (CDS) 

 The five-item CDS-5 (Etter et al., 2003) was used to assess the degree to which participants 

were dependent on cigarettes. Each item is scored on a five-point scale and assesses their cigarette use (e.g., 

“Please rate your addiction to cigarettes on a scale of 0 to 100?”) and habits (e.g., “Usually, how soon after 

waking up do you some your first cigarette?”). Questions 1 to 3 are open questions (e.g., “On average, how many 

cigarettes do you smoke per day?”) where a participant can write their response. The response is then converted 
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into a five-point scale (e.g., “8 cigarettes per day” equates to a score of 2 [6-10 cigarettes per day]). Questions 4 

and 5 require typical responses with scores ranging from 1 (Totally Disagree) to 5 (Fully Agee). Questions 3 and 

4 are both reverse coded, where the lower point is scored as 5 and the higher point is scored as 1 (e.g., “For you, 

quitting smoking would be “Impossible” [5] to “Very Easy” [1]).  The CDS-5 has been found to be a reliable scale 

with a Cronbach’s α of .83 (Etter et al., 2003). In the present study, the general and clinical cohorts’ scale scores 

showed good reliability with a Cronbach’s α of .75 and .76, respectively. 

Alcohol Use Disorder Identification Test (AUDIT) 

The ten-item AUDIT (Saunders et al., 1993) was used to assess alcohol consumption, drinking 

behaviours, and alcohol-related problems (e.g., “How often do you have six or more drinks on the one 

occasion?”). Items 1 through 8 are rated on a five-point scale, which are scored from 0 (Never) to 4 (Daily or 

almost daily), whereas items 9 and 10 are rated on a three-point scale and are scored as 0 (No), 2 (Yes, but not in 

the past), and 4 (Yes, during the past year). The total score comprises the summing of each of the selected item 

scores. The total score can range from 0 to 40. A score of 8 or more indicates hazardous drinking. A score of 13 

or more in women, and 15 or more in men, may indicate alcohol dependence. The AUDIT has demonstrated good 

reliability. For example, in a systematic review by Meneses-Gaya et al. (2009) across ten studies the average 

Cronbach’s alpha was .80. The general and clinical cohorts showed good reliability with a Cronbach’s α of .85 

and .95, respectively. 

Drug Abuse Screen Test-10 (DAST) 

The ten-item DAST-10 (Skinner, 1982) was used to assess drug use behaviours in the past 12 months 

(e.g., “Do you feel bad or guilty about your drug use?”). Each item is rated on a dichotomized scale (yes/no 

answers). Each “Yes” answer is scored with 1, while each “No” answer is score with 0 – except for question 3 for 

which a “No” is scored with 1 while “Yes” is scored with 0. The total score ranges from 0 to 10: 0=no problems; 

1-2=low problems; 3-5=moderate problems; 6-8=substantial problems; 9-10=severe problems. In a systematic 

review on the psychometric properties of the DAS, Yudko, Lozhkina, and Fotus (2007) found it to be a reliable 

measure with multiple studies citing a Cronbach’s α of over .90. In the present study, the general and clinical 

cohorts’ scale scores showed adequate reliability with a Cronbach’s α of .72 and .82, respectively. 

Brief Coping Orientation to Problems Experienced (Brief-COPE) 

In order to assess coping behaviours individuals employed when experiencing stressful situations, the 

30-item Brief-COPE was used (Carver et al., 1989). Participants are asked to think about a recent stressful event 

in their life and how they coped within that situation. The Brief-COPE is rated on a four-point scale: 1 (I haven’t 

been doing this at all), 2 (I’ve been doing his a little), 3 (I’ve been doing this a medium amount), and 4 (I’ve been 

doing this a lot). The Brief-COPE has a total of 15 two-item subscales (e.g., self-distraction, substance use, 

humour). The subscale scores are then added together to give a score ranging from 2-8. A higher score on the 

subscale represents a higher utilisation of the related coping behaviour. These smaller subscales form a super-

ordinate domain coping style. These are: emotion- focused coping (EFCope; scoring from 10 to 40), dysfunctional 

coping (DCope; scoring from 12 to 48), and problem-focused coping (PFCope; scoring from 6-24). 



  

 104 

EFCope includes the subscales: Acceptance (e.g., learning to live with it), emotional support (e.g., 

comfort and understanding), humour (e.g., making jokes about it), positive reframing (e.g., look for something 

good in it), and religion (e.g., finding comfort in religious or spiritual beliefs). The scores of each subscale are 

summed and produce a total domain score from 10-40. The general and clinical cohorts showed good reliability 

with a Cronbach’s α of .83 and .91, respectively. DCope includes the subscales: Behavioural disengagement (e.g., 

giving up trying to deal with it), denial (e.g., saying to myself “this isn’t real”), self-distraction (e.g., turning to 

work or other activities to take my mind off things), self-blame (e.g., blaming myself for things that happened), 

substance use (e.g., using alcohol or other drugs to help me get through it), and venting (e.g., expressing negative 

feelings). The scores of each subscale are summed and produce a total domain score from 12-48. The general and 

clinical cohorts showed good reliability with a Cronbach’s α of .82 and .81, respectively. PFCope includes the 

subscales: Active coping (e.g., concentrating my efforts on doing something about the situation I am in), 

instrumental support (e.g., getting help and advice from other individuals), and planning (e.g., thinking hard about 

what steps to take). The scores of each subscale are summed and produce a total domain score from 6-24. The 

general and clinical cohorts showed good reliability with a Cronbach’s α of .80 and .88, respectively.  

As seen above, each of the domain subscales vary in subscales used and total. In order to control for this, 

each domain coping style was then transformed into a z-score scale of -2 to 2 so analyses could be carried out 

when comparing each domain.  

Data Analyses  

Data were analysed using Rstudio for Windows (v3.5.1). Participants were categorised into six groups 

for analysis (as seen in Figure 1): (1) gamers, (2) non-gamers, (3) clinical gamers, (4) clinical non-gamers, (5) 

single-substance use gamers, and (6) poly-substance use gamers. In order to investigate H1, Spearman’s rho 

bivariate correlations (with Hochberg correction) were conducted to examine relationships between internet 

gaming characteristics, substance use variables (DAST and AUDIT scores were combined into a single substance 

use z-score). Chi-square analyses were then used to test for differences between single and poly-use gamers. In 

order to investigate H2, coping domain variables were calculated and standardised (z-score), and a multiple linear 

regression analysis was conducted to investigate the relationship of problem-focused, emotion-focused, and 

dysfunction coping on GD scores in both clinical and non-clinical gamers.  

Figure 1 

Participant Groupings 
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Note. Participant groups: (1) gamers, (2) non-gamers, (3) clinical gamers, (4) clinical non-gamers, (5) single-

substance use gamers, and (6) poly-substance use gamers. 

 

Following this, an exploratory comparison of clinical and non-clinical gamers was conducted to further 

investigate H1. The z-scores were calculated for the related variables (DCope, BYSAS, and IDS9) which were 

significantly correlated with the IGD9-SF. Non-clinical gamers were data-matched on age, qualification, and 

gender of the clinical gamers using the Matchit package in Rstudio (Ho et al., 2007). During this process, any 

non-clinical gamer who scored 3 or higher on the DAST and/or 13 or higher on the AUDIT were removed from 

the potential pool, as they may be potential substance abusers. A series of t-tests were conducted to ensure that 

each gaming group did not significantly differ in age, qualification, or gender. Following this, the significant 

variables found in clinical and non-clinical gamers in H1 were then entered into a MANOVA to investigate the 

variance between the z-scores of clinical and non-clinical gamers, with appropriate follow-up post-hoc tests. 

Results 

Correlations Between Problematic Behaviours and Substance Use Among Gamers and Non-gamers 

The results from the correlations between gamers’ scores and non-gamers’ scores on the respective scales 

are shown in Table 4. Correlation analyses showed that the gamers’ GD scores were significantly correlated with 

BYSAS and IDS9 scores with moderate effect sizes. The non-gamers showed a significant correlation between 

BYSAS scores and IDS9 scores with a moderate effect size (Akoglu, 2018). Furthermore, gamers demonstrated 

more significant correlations overall than non-gamers. When considering clinical gamers and clinical non-gamers, 

it was found that the clinical gamers’ GD scores correlated significantly with IDS9 scores with a strong effect size 

(Akoglu, 2018). The clinical non-gamers showed significant correlations among BYSAS and BSMAS scores, and 

BSMAS and IDS9 scores with moderate effect sizes (Akoglu, 2018), the latter of which mirrored the clinical 

gamers. A full list of correlations between all the variables can be seen in Table 5. 
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Table 4  

Spearman’s Rho Correlations of Non-gamers and Gamers in the General Cohort 

Note. Non-gamers above the line and gamers below the line; non-gamers did not complete the IGDSF; CDS was 

n/a in the non-gaming group due to smokers’ n=2; DA-Z – drug-use disorder/alcohol disorder z-score; BYSAS – 

Bergen-Yale Sex Addiction Scale; CDS – Cigarette Dependency Scale; BSMAS – The Bergen Social Media 

Addiction Scale; BSAS – Bergen Shopping Addiction Scale; IDS9-SF – Internet Gaming Scale 9 – Short Form; 

PGSI – Problem Gambling Severity Index; IDG9-SF – Internet Gaming Disorder Scale 9 – Short Form  

*  p≤.05; ** p≤.01;  

 

 

Table 5 

Spearman’s Rho Correlations of Non-gamers and Gamers in the Clinical Cohort 

Note. Non-gamer above the line and gamers below the line; non-gamers did not complete the IGDSF; DA-Z – 

drug-use disorder/alcohol disorder z-score; BYSAS – Bergen-Yale Sex Addiction Scale; CDS – Cigarette 

Dependency Scale; BSMAS – The Bergen Social Media Addiction Scale; BSAS – Bergen Shopping Addiction 

Scale; IDS9-SF – Internet Gaming Scale 9 – Short Form; PGSI – Problem Gambling Severity Index; IDG9-SF – 

Internet Gaming Disorder Scale 9 – Short Form  

*  p≤.05; ** p≤.01 

 DA-Z BYSAS CDS BSMAS BSAS IDS9 PGSI 

DA-Z 
 

0.12 - 0.26 -0.04 0.01 -0.14 

BYSAS 0.41** 
 

- 0.27 0.30 0.61* -0.40 

CDS 0.52 0.18 
 

- - - - 

BSMAS 0.03 0.19 -0.40 
 

0.44 0.38 0.10 

BSAS 0.16 0.26 0.07 0.47** 
 

0.29 0.29 

IDS9-SF 0.10 0.46** 0.08 0.53** 0.41** 
 

-0.45 

PGSI 0.30* 0.13 - 0.17 0.26 0.14  

IGD9-SF 0.04 0.39** 0.21 0.21 0.16 0.59** 0.14 

 DA-Z BYSAS CDS BSMAS BSAS IDS9 PGSI 

DA-Z 
 

0.13 0.17 0.25 0.03 0.16 -0.14 

BYSAS 0.19 
 

-0.16 0.20 0.69** 0.36 0.24 

CDS -0.12 0.00 
 

-0.01 0.25 0.69 -0.09 

BSMAS 0.39 0.45 -0.07 
 

0.25 0.67** -0.03 

BSAS -0.01 0.08 0.22 0.38 
 

0.35 0.15 

IDS9-SF 0.21 0.38** -0.04 0.70** 0.46 
 

-0.01 

PGSI 0.57** 0.34 0.23 0.52* 0.17 0.27  

IGD9-SF 0.50 0.39** -0.07 0.62** 0.16 0.71** 0.37 
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Co-occurring Substance Use and Gaming Among Clinical Gamers  

A chi-square test was used to assess gaming behaviour and co-occurring drug use. The relation between 

these variables was significant χ2 (1, N = 64) = 1.01, p = 0.04 (with Hochberg correction), indicating that 

individuals who played videogames were more likely to use multiple substances (i.e., are poly-substance users). 

A t-test was then conducted to investigate if poly-substance users scored significantly differently on the IGDS9-

SF scale when compared to single substance users. There was a significant mean difference of 8.4 (single-use M 

= 15.6; poly-use M = 24.09) in scores between single-substance users and poly-substance users, t(28.25) = -3.42, 

p<0.01, indicating that participants who reported co-occurring drug use scored significantly higher on the IGDS9-

SF. 

The Influence of Coping Style on Gaming Among Clinical and Non-clinical Gamers 

A multiple linear regression was calculated to predict GD scores based on three different coping styles: 

problem-focused coping (PFCope), emotion-focused coping (EFCope), and dysfunctional coping (DCope). In 

relation to non-clinical gamers, a significant relationship was found (F[3, 83] = 3.61, p = 0.01), with an adjusted 

R2 = 0.08. The non-clinical gamers’ predicted gaming disorder scores are equal to 1.038 + .005 (DCope) + .007 

(EFCope) – .009 (PFCope), where each was assessed on a scale. DCope was a significant predictor of gaming 

disorder scores (p = 0.01). In regard to the clinical gamers, a significant relationship was found (F[3, 32] = 4.04, 

p = 0.01), with an adjusted R2 0.20. The predicted GD scores were equal to .893 + .010 (DCope) + .008 (EFCope) 

- .008 (PFCope). DCope was a significant predictor of GD scores with a p-value of 0.01. 

 

Exploratory Direct Comparisons of Clinical Gamers and Non-clinical Gamers 

A one-way multivariate analysis of variance was performed to determine the effect of gamer group on 

dysfunctional coping, gaming disorder, sex addiction, and internet addiction scores. There were three groups 

investigated: (i) gamers (non-clinical), (ii) single-use gamer (clinical), and (iii) poly-use gamer (clinical). There 

was a statistically significant difference between the groups on the combined dependent variables of dysfunctional 

coping, gaming disorder, sex addiction, and internet addiction scores, F(8, 134) = 4.23, p<0.001. 

Follow-up univariate Welch ANOVAs, using Hochberg correction, showed that there was a statistically 

significant group difference in scores in dysfunctional coping (F[2, 34.4] = 5.18, p = 0.03) and sex addiction using 

the BYSAS (F[2, 28.5] = 19.2, p<0.001). However, there were no significant differences between groups on 

gaming disorder scores (F[2, 35.7] = 3.11, p = 0.11) or internet disorder scores (F[2, 33.4] = 0.72, p = 0.49). 

Games Howell pairwise comparisons (adjusted Tukey p-value) were then conducted between the groups for each 

of the outcome variables, which can be seen in Figure 1. Significant differences were observed in dysfunctional 

coping between non-clinical gamers and poly-substance use gamers (p = 0.01), sex addiction scores between non-

clinical gamers and single-substance use gamers (p = 0.003) and non-clinical gamers and poly-substance use 

gamers (p<0.0001). Gaming disorder scores also approached significance between non-clinical gamers and poly-

substance use gamers (p = 0.057).
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Figure 2 

Pairwise Comparison 

 

Note. Games Howell pairwise comparison of z-scores with Tukey correction of group 1, 5, and 6.  

* p = .01; ** p = .003; **** p<.0001
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Discussion 

The present study compared and contrasted the co-occurring problematic behaviour and substance use 

in clinical and a non-/sub-clinical sample of gamers and non-gamers and explored the influence of coping 

strategies on gaming and its co-occurrence with substance use and other problematic behaviours.  

Gaming Disorder, Problematic Behaviours, and Substance Use 

In the present study, it was hypothesized that gamers would be more likely to exhibit co-occurring 

problematic behaviours among both clinical and non-clinical groups (H1). There were a number of correlations 

found within each of the groups. In regard to non-clinical gamers, it was found that GD scores were significantly 

positively correlated to internet addiction and sex addiction among gamers. This finding provides evidence 

consistent with previous observations within the field that GD is positively associated with other problematic 

behaviours (Burleigh, Griffiths, et al., 2019). Moreover, within gamers, it was found that drug and alcohol use 

were also significantly correlated with sex addiction and gambling, aligning with the substance use literature 

(Walther et al., 2012). This was not mirrored in the non-gamers, where there were no significant correlations with 

substance use. This finding suggests that gamers, when compared to non-gamers, may interact with substance use 

and related risky behaviours more than their non-gamer counterparts (Burleigh, Griffiths, et al., 2019).  

In regard to clinical gamers, the results suggest that GD scores were significantly correlated with internet 

addiction, social media addiction, and sex addiction, whereas the clinical non-gamers showed significant 

correlations between sex addiction and shopping addiction, and between internet addiction and social media 

addiction. This provides evidence which aligns with the known literature on GD and substance use, in which 

disordered behaviours (e.g., problematic videogame use) have been linked to increased substance use (Gallimberti 

et al., 2016; Nicola et al., 2015). The similarities in correlations across gamers and clinical gamers appear to 

suggest that each group share defining characteristics in the way in which they engage with behaviours which 

may become problematic (e.g., sex). However, this needs to be investigated more thoroughly using a longitudinal 

design. 

The results did not indicate any significant correlations between GD scores and substance use scores in 

either the non-clinical or clinical group. Previous research examining the correlations between substance use and 

GD has been somewhat inconsistent, as researchers have not found a consistent link between gaming and 

substance use (Coëffec et al., 2015). Whilst there have been a number of studies which consider videogames a 

risk factor for substance use, there are papers that have suggested gaming can act as a protective factor (Turel & 

Bechara, 2019). Recent research regarding gaming and substance use has suggested that the correlations between 

these two factors can vary depending on geographical location (Strizek et al., 2020). This may be a viable 

explanation as to why the present study did not find any significant associations between gaming and substance 

use specifically. To elaborate, it has been suggested that the association between gaming and substance use may 

be attributed to the perceived risk (i.e., the self-reported risk) of problematic gaming within the countries of which 

the samples were collected (i.e., Australia, New Zealand, or the United Kingdom). For example, the psychometric 

scales used in the present chapter (5) required participants’ self-reports of problematic behaviours. However, the 

perceived societal acceptability of gaming is more favourable in western high-income countries (Strizek et al., 

2020), and therefore participants may view their gaming habits more favourably than habits related to substance 
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use. As such, this favourable view of gaming compared to substance use, such as alcohol, may occur due to the 

relatively new nature of gaming. Societal attitudes towards who can consume alcohol, in which situations and 

contexts, to what amount, and the consequences for transgressing these social rules can vary from country to 

country (Aresi et al., 2021). Due to alcohol being consumed in countries all over the world for much of history 

(Cavalieri et al., 2003), it, and its varying uses, have been rooted into the value framework (i.e., the values and 

views of citizens in a country) of the respective country (Hellman & Rolando, 2013). Therefore, the societal 

acceptability of alcohol may refer to a nuanced attitude, in so far as that it has clear societal expectations and 

consequences (both social and legal) attached to it in a variety of settings, ranging from general use to problematic 

use. Accordingly, gaming lacks this nuanced understanding of the expectations and consequences (both social and 

legal, or lack thereof) within society, with no specific and clear values or views for the larger society to frame 

expectations and consequences. Therefore, when participants are requested to rate their own behaviour, they may 

compare it to the well-known expectations and risks of substance use (e.g., alcohol use) and inadvertently 

underestimate the perceived risk of gaming (or other problematic behaviours; Strizek et al., 2020).  

Consequently, perhaps within the present sample, the geographical location, and the associated perceived 

risks held in that region (e.g., New Zealand), are reflected within self-reported results, in which they may perceive 

gaming is less risky than substance use. It is of course possible that the results suggest that it is not the act of 

playing videogames that is related to substance use, but instead the similarities gamers may share with other at-

risk populations (e.g., dysfunctional coping strategies; Burleigh et al., 2019; Ream et al., 2013). Indeed, it could 

be that co-occurring problematic behaviours or substance use, in conjunction with maladaptive coping strategies, 

create a negative influence within gamers (Kuss et al., 2012), which may be more pronounced in at-risk groups, 

such as substance users in abstinence (Heggeness et al., 2020).  

The Exacerbating Effect of Co-occurrence  

In order to better understand the potential effect of co-occurring substance use (i.e., poly-use) in at-risk 

populations, the relationship between single-substance use and poly-substance use (i.e., co-occurring use) was 

explored in clinical gamers and non-gamers. The results suggest that the clinical gamers within the present sample 

were more likely to be poly-substance users when compared to clinical non-gamers who were likely to be single-

substance users. Furthermore, a post-hoc test indicated that within clinical gamers, there was a significant 

difference in GD scores between single-substance use gamers and poly-substance use gamers. Therefore, H1 was 

supported and provides evidence in line with the current literature, which suggests that there is a potential for 

problematic or disordered substance use to exacerbate other existing problematic behaviours (Burleigh, Griffiths, 

et al., 2019; Gossop et al., 2002). The difference in scores may suggest that a cycle of reciprocity may exacerbate 

symptomology (as indicated by an increase in scores) between poly-substance users and abstinent single-

substance users.  

This is an important finding, as it highlights the complexities of clinical symptomology, and the way in 

which co-occurring use may manifest other potential underlying risk factors (Najt et al., 2011). Various studies 

have evidenced the co-occurrence of substance use and other addictive behaviours (Kotyuk et al., 2020), and the 

present findings add to the literature suggesting that there can be overlaps in problematic/disordered behaviours 

and substance use. In line with this literature, it could be that the poly-substance users are at a higher risk of 
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developing co-occurring at-risk behaviours, therefore resulting in a cycle of reciprocity (Gossop, 2001; Haylett et 

al., 2004; Martin et al., 2014). In regard to gaming, there is a need for more research into the impacts of 

problematic gaming in abstinent substance-use populations (Burleigh, Griffiths, et al., 2019). The present paper 

lends further support to at-risk populations having a higher tendency to develop problematic gaming behaviours 

(Kotyuk et al., 2020; Sussman & Black, 2008). Moreover, individuals who experience increased poly-substance 

use may also substitute maladaptive substances with potentially problematic behaviour (Kuss et al., 2017).  

 Indeed, the findings, which show that abstinent poly-substance users score more highly than single-

substance users on psychometric measures of problematic behaviours (e.g., sex addiction), lend support to 

replacement theory, wherein an individual who has stopped using one substance or behaviour (i.e., in abstinence), 

may then become more vulnerable to other problematic behaviours (Sussman & Black, 2008). This is partially 

due to exploration of other avenues to satisfy the behaviours’ specific function (e.g., coping). Moreover, when 

seeking to substitute these behaviours, the individual may choose behaviours which are perceived to be less 

detrimental. Consequently, it is possible that the higher scores achieved across a number of problematic 

behaviours in this group could indicate that these behaviours are perceived to be less detrimental to the original 

substance use or other potential substances (Sussman & Black, 2008). This suggests that perceived risks of these 

behaviours are lower within the current clinical sample, aligning with the previous literature (Strizek et al., 2020) 

and extending it to emerging adults and adults. The literature has also suggested that individuals in abstinence can 

adopt behaviours that can be repeated excessively in an attempt to self-regulate their mood state, therefore 

adopting it into their existing coping strategies (Schneider et al., 2018; Sussman & Black, 2008).  

Coping Strategies Among Gamers 

The present paper explored three domains of coping to investigate the role coping played within gamers 

and clinical gamers. It was hypothesised that the severity of gaming among both clinical and non-clinical groups 

will be positively associated with dysfunctional coping styles, but negatively associated with problem-focused 

coping styles (H2). The results suggest that coping strategies among gamers are significantly associated with GD. 

More specifically, as hypothesised, dysfunctional coping strategies were significant indicators of higher GD 

scores for both gamers and clinical gamers; however, problem focused coping, while it had a negative association 

with GD scores, it did not reach significance. Interestingly, the results demonstrated that coping strategies within 

gamers had a smaller association with GD (8%), although within the clinical gamers they had a stronger 

association (20%) with GD scores. The difference in these scores supports the notion that dysfunctional coping 

strategies may exacerbate problematic behaviours (Heggeness et al., 2020; Kuss et al., 2017). 

The present findings are also in line with the literature on the relationship between gamers and their 

coping strategies (Burleigh, Griffiths, et al., 2019), suggesting that there may be parallels in the way gamers and 

substance users regulate their emotions (Ream et al., 2013). More specifically, the results suggest that some 

gamers develop dysfunctional coping strategies which manifest as excessive engagement in videogame play, 

therefore, indicating a maladaptive form of emotion regulation which is not seen when compared to gamers who 

have more varied and adaptive coping strategies and therefore emotion regulation strategies (Wölfling et al., 

2008). Maladaptive emotion regulation has been found to be associated with addictive behaviours, but not with 

substance abuse (van Rooij et al., 2014). Therefore, if abstinent substance users are gamers, and have developed 
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dysfunctional coping strategies, they may engage in problematic gaming in order to replace (i.e., replacement 

theory) and/or regulate negative feelings or emotions (i.e., the self-medication hypothesis; Estévez et al., 2017; 

Kuss et al., 2017). The present data suggest that poly-substance users may be at a higher risk of developing a 

repetitive use of videogames to achieve this goal, representing a unique risk factor within gamers abstaining from 

substance use. Therefore, it is important to consider coping strategies, their influence on emotion regulation, and 

the potential development and maintenance of co-occurrence in at-risk populations of gamers.  

The findings also contribute to the broader literature on coping, suggesting that the avoidant behaviours 

within emotion-focused coping can be considered a third distinct dysfunctional coping domain. There has been 

research which has utilised the problem-focused and emotion-focused domains, with avoidant behaviours being 

included in the emotion-focused domain (Baker & Berenbaum, 2007; Schneider et al., 2018). The dysfunctional 

coping domain has also been utilised in a number of studies which have considered avoidant emotion-focused 

coping styles as dysfunctional (e.g., denial, self-distraction; Dreier et al., 2017; Kuss et al., 2017). Therefore, the 

present paper provides additional support for the consideration of a dysfunctional coping domain in the literature 

on coping. The use of an overarching dysfunctional coping domain could help in refining the understanding of 

emotion-focused coping through the separation of maladaptive emotion-focused styles (e.g., denial) and adaptive 

emotion-focused styles (e.g., emotional support). This is important, as when considering problematic and 

disordered behaviours, the way in which an individual approaches a stressful situation is a significant factor when 

considering their coping style (Baker & Berenbaum, 2007). While the overarching domains of problem-focused 

and emotion-focused strategies provide approach and avoidant style behaviours, respectively, a more nuanced 

approach on emotion-focused strategies may be useful (Baker & Berenbaum, 2007). Therefore, differentiating 

between adaptive emotion-focused coping (e.g., positive reframing) and maladaptive dysfunctional coping (e.g., 

self-distraction) is important when drawing parallels between separate populations who may share similarities in 

coping strategies as different populations may develop nuanced differences in their coping strategies.  

Exploring Differences Between Gamers and Abstinent Substance Use Gamers 

The literature suggests that co-occurrence is linked to disordered behaviours or substance use within 

individuals (Burleigh, Griffiths, et al., 2019). As such, the present study explored the way in which the co-

occurrence of sex addiction, internet addiction, and/or coping styles may exacerbate existing problematic 

behaviours and/or substance use in gamers (non-clinical), single-substance use gamers (clinical), and poly-

substance use gamers (clinical). As hypothesised, gamers with substance use history exhibited more dysfunctional 

coping compared to non-gamers with a history of substance use. More specifically, pairwise comparisons showed 

that dysfunctional coping scores were significantly different between gamers and poly-substance use gamers. 

Furthermore, there were significant differences in sex addiction scores between gamers and both single-substance 

use gamers and poly-substance use gamers. Finally, it was found that GD scores approached significance between 

gamers and poly-substance use gamers.  

As previously discussed, dysfunctional coping is part of a maladaptive process which is associated with 

avoidant behaviour. When controlling for various demographic factors, there was a significant difference in 

coping scores between gamers and poly-substance use gamers, but not between gamers and single-substance use 

gamers. Therefore, it appears that avoidant behaviours are an important factor involved in the development of 
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maladaptive coping mechanisms and can lead to adverse outcomes in poly-substance use gamers. The way in 

which coping strategies are used in different gamer populations may explain the difference in scores (Burleigh, 

Griffiths, et al., 2019). More specifically, gamers may interact and engage with stressors in a more active manner, 

whereas clinical gamers appear to be more likely to avoid the stressor. Previous literature pertaining to the self-

medication hypothesis (Khantzian, 1985) can explain why this occurs among poly-substance users and why they 

may be more likely to engage in dysfunctional coping strategies. Specifically, when confronted with a stressful 

event, substance users may return to the substance or behaviour that alleviated the negative mood state effectively 

(Khantzian, 1985), therefore enforcing dysfunctional coping strategies. However, further research is needed 

within clinical populations of individuals who play videogames.  

Within the present sample, there was no significant difference in technology-related disorders, such as 

IA or GD across groups. However, there were some interesting findings regarding sex addiction among gamers. 

Single-use gamers and poly-use gamers scored significantly higher in comparison to non-clinical gamers. Sex 

addiction has been found to be associated with individuals with disordered substance use and substance users in 

abstinence (Sussman & Black, 2008). The present results align with this literature, demonstrating that sex 

addiction scores increased with substance use and poly-substance use when compared to those who do not engage 

with disordered substance use. This is a particularly interesting finding which lends support to replacement theory 

(Sussman & Black, 2008). More specifically, the significant difference of sex addiction scores between each of 

the aforementioned groups could suggest that – within this particular sample – sexual activity may replace (or 

supplement the replacement of) a substance among abstinent users. Moreover, the increased sex addiction scores 

between single-substance use gamers and poly-substance use gamers lends support to the cycle of reciprocity, 

wherein the overlap of problematic behaviours creates a mutual negative effect between two or more problematic 

behaviours (Gossop, 2001; Haylett et al., 2004; Martin et al., 2014); therefore, suggesting that the co-occurrence 

of multiple addictive behaviours may be a viable explanation for the increase in sex addiction and substance use 

scores.  

The culmination of these behaviours supports the present literature which suggests that co-occurring 

behaviours within GD and substance abuse may be enforced through dysfunctional coping strategies (Heggeness 

et al., 2020). Furthermore, the present study offers novel insight into the relationship between maladaptive coping 

strategies and the potential for co-occurrence to aggravate disordered behaviour within a cohort of substance-

abstinent gamers. What is less clear from these data is the extent to which gaming activities themselves may 

influence said behaviours among gamers. While it is possible that perceptions around videogame use may differ 

across studies due to the geographical location and wealth of the questioned sample, further multi-cultural data 

are required to investigate this theory. 

Clinical Implications and Future Directions 

The findings of the present study have implications for both clinical work as well as future research 

directions. The study expanded upon previous research on co-occurrence (Walther et al., 2012), coping (Schneider 

et al., 2018), and has utilised a clinical population sample, as recommended by previous research (Burleigh, 

Griffiths, et al., 2019). More specifically, the implications of co-occurring problematic behaviours on coping 

strategies has been highlighted, suggesting that dysfunctional coping strategies contribute to higher scores in 
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gaming disorder, sex addiction, and internet addiction psychometric scores. This is an important finding as more 

research is needed to assess risk factors associated with disordered behaviour and the potential for co-occurring 

addictions (Burleigh, Griffiths, et al., 2019). This has practical clinical significance as it adds to the growing body 

of literature that suggests that underlying co-occurring disorders may require an integrated treatment approach 

(Carrà et al., 2015; Roncero et al., 2017). Furthermore, the findings highlight the need for more research into the 

specific aspects of gaming, if any, which may facilitate co-occurrence. While the present results did not suggest 

that gaming scores were significantly different between gamers and poly-substance use gamers (post-

transformation), it suggested that other behaviours such as problematic sexual activity may instead play a 

replacement role in gamers. While this falls in line with the substance use literature which suggests that substance 

users may replace substance use with other problematic or high-risk behaviours (Sussman & Black, 2008), future 

research should investigate problematic behaviours with larger clinical samples, examining a variety of substance 

uses with a focus on specific co-occurring usage, whilst considering the onset and length of use in relation to the 

development of other problematic behaviours. 

Importantly, the present study further expands on previous work in regards to coping strategies (Loton 

et al., 2016; Plante et al., 2019; Schneider et al., 2018), supporting the theory that dysfunctional coping styles 

related to the association between psychopathological symptomatology and videogame use. Moreover, the present 

research extends these findings to a sample of gamers and substance-abstinent gamers. Therefore, the findings 

have implications for preventative efforts in abstinent substance use gamers and non-clinical gamers. For example, 

psychoeducation has been shown to be a useful tool for substance users in treatment as they can often lack insight 

into their symptomology (Ekhtiari et al., 2017).  Therefore, a psychoeducation approach could be utilized to aid 

substance use gamers in learning the risks of replacement behaviours and which coping styles are implicated in 

the process.  

Understanding these connections has been shown to improve treatment outcomes, and should therefore 

be considered for clinic research and interventions (Ekhtiari et al., 2017). Moreover, as a preventative measure, 

gamers who show signs of maladaptive coping strategies should be taught alternative approaches to deal with life 

stressors, as these may serve to increase their resilience. Future research could consider studying the over-time 

development and/or maintenance of these coping strategies, identifying specific gaming-related elements (e.g., 

playstyle or game genre) that may act as risk or resilience factors in the development of maladaptive coping. 

However, there are limited relevant studies within the GD literature which consider clinical samples. Therefore, 

more research is needed with larger clinical samples to examine the association of gaming-related factors on 

coping strategies and the resulting maladaptive psychopathology.  

Limitations and Strengths 

 While the present study contributes insightful information to a number of research areas, there are a 

number of limitations that should be considered when interpreting the results. The study employed self-report 

measures for both the general population and the clinical population. Participants may not accurately represent 

their behaviours related to substance use or problematic behaviours, which may lead to biased reporting. 

Furthermore, the collected sample may not be reflective of the wider population, meaning that these results may 

not be generalisable to the wider general populations or wider clinical populations. When analysing data on co-
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occurrence, although participants self-reported multiple substance uses throughout a given day, it is possible 

substances were used consecutively and not in parallel. Therefore, caution is advised when extrapolating these 

results beyond the current sample. In addition to this, the cross-sectional nature of the present study means that 

no cause-effect conclusions can be made. Finally, there are some limitations of the brief-COPE measure as it 

assumes specific strategies will be consistently used, rather than the use of multiple different styles to deal with 

different stressors. 

Despite this, the present study also has a number of notable strengths. There are few studies in the field 

which utilise substance abstinent gamers to study the potential of co-occurrence (Burleigh, Griffiths, et al., 2019). 

Therefore, the present study allows unique insights into an intersection of vulnerable populations (i.e., substance 

users and gamers). The present study also presents a multifaced approach when comparing general gamers to 

clinical gamers, providing an insight into potential interactions and risks when engaging with problematic 

behaviours and substance use. Furthermore, the present study provides an important steppingstone for future 

research directions.  

Conclusions  

Understanding how at-risk populations interact with potentially addictive behaviours and substance use 

while navigating life stressors can inform preventative strategies. The study’s findings suggest that gamers from 

different populations (i.e., general, and clinical) share similar at-risk behaviours. These problematic behaviours 

were more pronounced in abstinent substance use gamers, and more specifically poly-substance use gamers. The 

findings of the present study add to the literature which suggests that coping style and co-occurrence may have 

some influence on the assessment and potential treatment of substance abstinent gamers, offering support for an 

integrated treatment approach, wherein both substance use and the other problematic behaviours (e.g., gaming) 

are considered in tandem (Roncero et al., 2017). Furthermore, gamers who do not meet a clinical criterion may 

also benefit from the development of new adaptive, problem-focused coping strategies to supplement or replace 

developing dysfunctional coping strategies (Baker & Berenbaum, 2007; Loton et al., 2016). In that line, the next 

chapter will explore if the associated risk factors (e.g.., coping, addictive behaviour, etc.) with GD are found to 

differ across different geographical locations.  
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Chapter 6 
 

Co-Occurrence of Gaming Disorder and Other Potentially Addictive Behaviours 

Between Australia, New Zealand, and the United Kingdom 

 

Introduction 

Approximately 2.9 billion individuals play videogames worldwide (WePC, 2021), and in some Western 

countries – such as Australia and New Zealand – over 90% of households own a videogame device, and two-

thirds of the population play videogames regularly (Brand et al., 2019a, 2019b). This is not isolated to the Western 

countries of Australasia, but is also seen in the United Kingdom, which has the largest videogame market in 

Europe and the sixth-largest videogame market worldwide (Statista, 2021). Consequently, to better understand 

the positive and negative aspects of this rapidly growing leisure activity, research into gaming has been increasing 

at a rapid pace.  

Understanding the way in which videogames can positively affect those who play them is important. 

Research has suggested that moderated videogame play can result in improved interpersonal skills, increased 

positive affect, and positive mental wellbeing (Jones et al., 2014; Laconi et al., 2017). Moreover, it has been 

shown to increase resilience and coping among adolescents (Stavropoulos et al., 2016). However, it is also 

important to understand the association between poor mental health and videogaming and to provide insight 

concerning the intrinsic and extrinsic factors that may precipitate or perpetuate gaming disorder (GD) outcomes 

(Laconi et al., 2017). A growing body of research associates excessive gaming with poor mental health (Anderson 

et al., 2017) and other negative consequences  (Yau et al., 2012). Therefore, there is a need to improve screening, 

assessment, definition, and treatment of disordered gaming. 

Gaming Disorder 

Based on growing research, the American Psychiatric Association (American Psychiatric Association, 

2013) included internet gaming disorder (IGD) as a behavioural addiction (warranting further investigation) in 

the appendix of the latest (fifth) edition of the Diagnostic and Statistical Manual of Mental Disorders (DSM-5). 

In addition, the World Health Organization (2019) has for the first time officially recognized ‘gaming disorder’ 

(GD) as a disorder with addiction-like properties in the eleventh revision of the International Classification of 

Diseases (ICD-11). The conceptualisations of each of these constructs overlap significantly. More specifically, 

the similarities of each indicate that (I)GD comprises a persistent engagement with videogames, to the point it 

cannot be willingly stopped and impairs individuals’ everyday functioning. It is worth noting that the constructs 

of IGD and GD have undergone conceptual evolution prior to inclusion in the diagnostic manuals (DSM-5, ICD-

11), with several other terms used to describe problematic and disordered gaming (e.g., pathological video 

gaming; Lemmens et al., 2011). Therefore, to maintain consistency, the term ‘GD’ here refers to the clinically 

defined measures of the disorder as defined by the DSM-5/ICD-11 and the term ‘disordered gaming’ will be used 

to describe a range of similar and/or overlapping addictive, compulsive, and/or problematic gaming behaviours 

which do not fit the clinically define GD construct.  
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Several studies have associated disordered gaming with mental disorders, such as anxiety (Adams et al., 

2019), depression (Burleigh et al., 2018), substance abuse (e.g., alcohol use disorder [AUD]; Erevik et al., 2019; 

Ko et al., 2008), and personality disorders (Schimmenti et al., 2017). Findings such as these have stimulated 

interest into the ways that GD may influence these factors. There have been concerns that for some individuals, 

playing videogames may be inherently addictive, or that pre-existing vulnerabilities (e.g., anxiety and depression) 

increase the likelihood of GD behaviours (Kircaburun et al., 2020; Stavropoulos, Gomez, et al., 2020). There has 

been debate in the field as to the validity of the GD diagnosis, with scholars citing the lack of clinical populations, 

the heterogeneity of the gaming experience, and the risk of pathologizing ordinary gaming behaviour (Aarseth et 

al., 2017; Colder Carras & Kardefelt-Winther, 2018; Kuss et al., 2017; van Rooij et al., 2018). Indeed, there 

appears to be evidence that suggests behavioural disorders can be experienced differently by individuals over 

time. For example, in a longitudinal gambling disorder study, the researchers found that emotionally vulnerable 

and impulsive gamblers transitioned between the identified gambling subtypes, indicating that these two gambling 

subtypes had different experiences of problematic gambling (Dowd et al., 2020). Moreover, it is possible that 

disordered gaming behaviours are experienced differently across gamers. For example, within massively 

multiplayer roleplaying games, gamers control an avatar (i.e., virtual character) and depending on if they have 

high levels or low levels of interaction with their virtual avatar can influence the development of discorded 

gaming. In addition is has been shown that gamers with different levels of social engagement may also present 

different risks of disordered gaming behaviour – illustrating that the experience of disordered gaming can vary 

from gamer to gamer in a number of ways (Stavropoulos, Gomez, et al., 2020; Stavropoulos, Pontes, et al., 2020; 

Tullett-Prado et al., 2021).  

Disordered behaviours, such as GD, are not created in a vacuum, and can be considered as a collection 

of complex processes with multiple facets that vary across different behaviours (Jacobs, 1986; Shaffer et al., 

2004). This has been considered a fundamental perspective across disordered behaviours (Charzyńska et al., 

2021), and within this process, personality (e.g., instability, impulsivity) has also been shown to play a part 

(Marmet et al., 2018; Martínez-Loredo et al., 2019). More specifically, research suggests that personality factors, 

such as low emotional stability, low agreeableness, and low conscientiousness are associated risk factors for 

disordered behaviours, including gaming disorder (Hussain & Pontes, 2019) and substance abuse (Lui & Rollock, 

2020). It has also been suggested that these personality traits can vary across different disordered behaviours 

(Charzyńska et al., 2021). For example, gambling is positively associated with low emotional stability (i.e., 

neuroticism; Reid et al., 2011), while gaming is negatively associated with extraversion (Chew, 2022). However, 

at times the relationship between personality and disordered behaviours can be ambiguous, such as extraversion 

within disordered social media use, and excessive studying behaviours (Charzyńska et al., 2021). Therefore, 

understanding the personality nuances within disordered behaviours may help give a more holistic view of 

associated risk and protective factors. In addition, it has also been suggested that different coping strategies may 

be a result of, or partially attributed to, a diverse set of risk and protective factors among gamers (Burleigh, 

Griffiths, et al., 2019; Schneider et al., 2018). It is important to understand how coping may vary across different 

gamers and how this may also be influenced by personality factors. 

Coping 
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Coping can be defined as the cognitive and behavioural response that occurs when an individual 

processes and manages stressful life events and emotions (McMahon et al., 2013). The association between 

gaming and coping has been considered by various scholars (Burleigh, Griffiths, et al., 2019). Among these, there 

have been three main domains that have been explored: problem-focused coping, emotion-focused coping, and 

dysfunctional coping (Brand et al., 2014; Kuss et al., 2017; Lazarus & Folkman, 1984). In brief, problem-focused 

coping involves an active attempt to provide and implement solutions to reduce the life stressor (e.g., planning), 

and emotion-focused coping involves an attempt to engage and manage the unwanted negative emotions caused 

by the life stressor (e.g., humour; Lazarus & Folkman, 1984). Finally, dysfunctional coping involves an attempt 

to avoid or disengage the unwanted negative emotions or life stressors (e.g., denial; Brand et al., 2014; Kuss et 

al., 2017).  

A number of scholars have explored coping and its association with disordered gaming (Kuss et al., 2017; 

Schneider et al., 2018), with some pointing to a potential link. For instance, those with dysfunctional coping 

strategies tend to have an increased risk of psychopathology (e.g., depression, anxiety; Kuss & Griffiths, 2012), 

disordered behaviour, disordered substance use (Burleigh et al., 2019), and high neuroticism (Watson & Hubbard, 

1996). In a recent study conducted among a sample of Polish students, researchers found that participants who 

utilise media-focused coping strategies (e.g., gaming) to regulate their everyday life stressors appeared to have a 

higher risk of maladaptive coping behaviours. They concluded that dysfunctional coping strategies are correlated 

GD symptomology (Kuss et al., 2017). This finding is supported by a study which examined over 800 secondary 

students, whose disordered gaming behaviour was significantly associated with denial and behavioural 

disengagement – two coping styles which fall under the broader dysfunctional coping strategy domain (Schneider 

et al., 2018). This suggests that gamers play videogames in order to destress and to escape, and therefore some 

scholars suggest that this may fulfill a compensatory function in supporting individuals to cope with psychosocial 

problems (Kardefelt-Winther, 2014).  

These findings have led researchers to posit that disordered gaming may be, in part, better characterised 

as a manifestation of maladaptive coping strategies which have the potential to be exacerbated by other 

psychosocial issues (Schneider et al., 2018). For example, disordered gaming has been frequently associated with 

a pattern of escapism among individuals with depression (Burleigh et al., 2018). Consequently, the continued use 

of gaming to escape may become an over-relied upon strategy resulting in negative long-term consequences with 

respect to the ability to cope with subsequent situations in which the primary coping strategy is not available. This 

may encourage an individual to seek other maladaptive habits in order to cope (Burleigh, Griffiths, et al., 2019). 

This may, in turn, further exacerbate psychopathological disorders such as depression and anxiety (Kuss et al., 

2017). Indeed, research suggests that disordered gaming, like other behavioural disorders (e.g., gambling), can 

co-occur with problematic behaviours or substance use (Burleigh, Griffiths, et al., 2019). Additionally, disordered 

gaming appears to interact and/or co-occur with other conditions, which may result in complications for both risk 

assessment and diagnosis (Burleigh, Griffiths, et al., 2019). Therefore, it is important to consider the influence 

gaming has on individuals who have (or are at-risk of) disordered behaviours (Stavropoulos, Gomez, et al., 2020). 

Co-occurrence of Addictive Behaviours 
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Co-occurrence occurs when two or more potentially addictive behaviours (behavioural and/or substance-

related) are engaged in concurrently or in close temporal proximity. In a recent review of co-occurrence of GD 

with other disordered behaviours, it was found that the presence of co-occurring disordered behaviour – or 

substance use – was linked with the symptomology of GD (Burleigh, Griffiths, et al., 2019). For example, Na et 

al. (2017) found that South Korean adults who engaged in both problematic alcohol use and problematic gaming 

exhibited higher cigarette smoking rates than those who engaged in problematic alcohol use or problematic 

gaming alone. This was also supported by Ream et al.’s study (2011) who investigated an American sample of 

adult gamers who had significant correlations between substance use and problematic videogame use, noting that 

the substances were often consumed while gaming.  

The overlap in potentially addictive behaviours appears to create a cycle of reciprocity (Gossop, 2001; 

Haylett et al., 2004; Martin et al., 2014), in which mutual exacerbation occurs between two or more disordered 

behaviours. This may explain why individuals who experience more than one disordered behaviour display poorer 

outcomes in relation to physical and mental wellbeing (Burleigh et al., 2018; Martin et al., 2014; Urbanoski et al., 

2007). Consequently, the mutual exacerbation can create complications within clinical symptomology – 

confounding accurate assessment, diagnosis, and treatment of psychiatric disorders (Najt et al., 2011). Similarly, 

GD behaviour may exacerbate existing disordered behaviours (e.g., substance use), causing symptomology of 

each behaviour to alternate – and therefore effecting treatment efficacy (Freimuth et al., 2008). Therefore, 

clinicians and scholars should be aware of the way in which disordered behaviours may influence or enforce 

various aspects of a presenting disorder (e.g., GD), and consider how co-occurrence and contextual factors (e.g., 

coping strategies) may be linked the onset, course, and outcomes of interventions. 

Although there is an association between coping, co-occurrence, and GD, additional research is needed 

into how these may be influenced across varying cultural contexts (Ream et al., 2011). There is research to suggest 

that co-occurring disordered behaviour or substance use can vary based on geographical location (Burleigh, 

Griffiths, et al., 2019), and that one’s country of origin can moderate disordered gaming (Stavropoulos et al., 

2019). Consequently, the field would benefit from the exploration of the cultural nuances found in co-occurring 

disordered behaviours, coping strategies, and gaming behaviour (Stavropoulos, Baynes, et al., 2020).  

Gaming and Culture 

Scholars have consistently asserted that culture can influence psychopathology (Charlton & Danforth, 

2007; O’Farrell et al., 2020; Stavropoulos, Baynes, et al., 2020). Further research indicates that it can linked to 

the experience and understanding of psychosocial, addictive, and psychopathological disorders (Anderson et al., 

2017). Moreover, several studies have explored cross-cultural variations in videogame playing behaviour, 

suggesting that the culture context the individual is based in can aggravate GD severity (Király et al., 2019; Laconi 

et al., 2017). Therefore, it is important that the field develops an understanding of how GD may be experienced 

across differing regions, in an attempt to better understand the development and maintenance of disordered gaming 

behaviours (Pontes, Stavropoulos, et al., 2017; Stavropoulos et al., 2019; Stavropoulos, Baynes, et al., 2020).  

In a broader context, culture might be described as patterns of behaviour that are explicitly and implicitly 

acquired and are communicated through symbols and/or practices, which are shared by those who accompany a 

collective/social identity (Triandis, 1996). There has been research conducted into the way cultures accept and 
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interreact with technology, with Hofstede’s (1980, 1991) proposed cultural dimensions being reliable in the field 

of information technology (Chen & Nath, 2016; Straub et al., 1997). Hofstede’s cultural dimensions (Hofstede, 

1980, 1991) attempt to categorise dominant cultures by systematically differentiating them from each other across 

six dimensions: power/distance, femininity/masculinity, uncertainty/avoidance, individualism/collectivism, long-

term orientation, and indulgence. The present study focuses on cultures which present with high individualism as 

opposed to collectivism through the lens of Hofstede’s proposed cultural dimensions. Individualistic societies 

tend to be more loosely socially connected, and individuals in these cultures tend to identify as an ‘I’ rather than 

a ‘we’. Consequently, they tend to prioritise themselves and their immediate families rather than those with whom 

they are unfamiliar (Hofstede, 1980, 1991).  

Hofstede’s (1980, 1991) cultural dimensions provide a general understanding of the way in which a 

national culture expects, perceives, and assesses the values of its members. However, the theory has been criticised 

because it oversimplifies national culture – neglecting multicultural trends and individual differences found within 

each culture (Ladhari et al., 2011). Nevertheless, there have been a number of studies which have considered 

cross-cultural comparisons in the GD literature (e.g., O’Farrell et al., 2020; Stavropoulos, Baynes, et al., 2020), 

with a specific focus on the dichotomy between individualistic and collectivist cultures. Consequently, the nuance 

of either culture is not explored in depth. This is an important factor to consider because research suggests that 

within individualistic cultures, substance use and behaviours can differ depending on the geographical location of 

the culture (Burleigh, Griffiths, et al., 2019). For example, the United Nations’ ‘World Drug Report 2020’ (United 

Nations, 2020) estimates that 1.3% of Australians use amphetamines, while England (including Wales) and New 

Zealand have rates of 0.6% and 0.8%, respectively. In addition, estimates of problematic behaviours and their co-

occurrence can also differ across culturally diverse groups of individuals (Burleigh, Griffiths, et al., 2019; Strizek 

et al., 2020). Thus, the choice to include Australia, England (including Wales), and New Zealand within the 

present study is not arbitrary; as these countries are considered developed nations and share a similar cultural 

heritage, with English being the primary language spoken, and each being considered individualistic countries 

(Hofstede Insights, 2022).  Moreover, they are countries where gaming is common leisure activity, however they 

demonstrate different substance use factors indicating intra-cultural difference despite their similar cultural 

heritage and individualist influences. Therefore, understanding the way in which cultural context may influence 

problematic substance use, behaviours, and subsequent co-occurrence is of particular importance.  

Due to the intra-cultural differences found in behaviour and substance use, factors which influence 

coping styles (e.g., denial, escapism) within each country may also vary. This influences the way individuals use 

videogames in relation to life stressors and the potential of co-occurring problematic use. A recent review by 

Burleigh et al. (Burleigh, Griffiths, et al., 2019) reported four studies which considered coping in relation to 

disordered gaming. This demonstrates the need for further empirical evidence to better understand how individuals 

may utilise coping in a gaming context as a risk or protective factor against co-occurrence. Therefore, to gain a 

better understanding of how cultural dimensions may apply to disordered gaming, and to address the need of 

nuanced investigation of intra-cultural dimensions, in the present study, three countries considered individualist 

is explored (Hofstede Insights, 2022), with a focus on gaming, personality factors, coping styles, and disordered 

substance use and/or behaviours and their potential co-occurrence. 

The Present Study 
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There has been evidence to suggest that gamers can have varying experiences of disordered gaming 

behaviours (Stavropoulos, Pontes, et al., 2020; Tullett-Prado et al., 2021). These varying experiences have been 

suggested to be due to coping mechanisms and how they can act as risk or protective factor for the development 

and/maintenance of disordered behaviours (Schneider et al., 2018). Furthermore, coping mechanisms can also 

shed light on the way an individual interacts and or engages in disordered behaviours – with research suggesting 

that dysfunctional coping strategies can result in the influence of disordered behaviours through a cycle of co-

occurrence and reciprocity (Kuss et al., 2017). A particular area of interest is how this may manifest across 

different countries. A number of studies have considered the dichotomy between individualistic and collectivist 

countries (Charlton & Danforth, 2007; O’Farrell et al., 2020; Stavropoulos, Baynes, et al., 2020), focusing on the 

individualistic/collectivist attributes (e.g., competitiveness) that citizens in each country possess and how they 

differ. However, in doing so, they have overlooked the nuanced differences in disordered behaviours, personality 

factors, coping strategies, and the potential of co-occurrence found across similar countries in very different 

geographical locations (Burleigh, Griffiths, et al., 2019). This is an important facet to consider because 

understanding the interplay of these potential risk and protective factors within each of these countries will aid 

identifying and preventing disordered behaviours.  

Researchers have explored a number of these facets (e.g., gaming and coping; Burleigh, Griffiths et al., 

2019) using a variable-centred approach. This is an approach which provides specific information on the 

importance of each factor on the outcome variable (Li et al., 2017). However, these methods can be somewhat 

flawed when the assumption of homogeneity is applied to the sample (Cerniglia et al., 2019). Therefore, the 

present study considers a person-centred approach which is suited to examining the similarities and differences 

across participants, while considering how variables interact with one another (Masyn, 2013). This approach has 

a number of advantages because it can: (i) assess whether distinct groups of individuals can be identified through 

naturalistic grouping of factors; (ii) offer complex combinations among all possible factors at all possible levels 

of each factor; and (iii) be clinically appropriate because decisions concerning assessment and treatments often 

focus on the individual rather than on the variable or factor (Hallquist & Wright, 2014). In conjunction with the 

person-centred approach, the present study utilises latent profile analysis (LPA) to identify groups of individuals 

within each country that have similar profiles for multiple dimensions of psychopathology and disordered 

behaviours. LPA is used to define unobserved subgroups based on observed variables without specifying the 

number of profiles in advance. Therefore, it is believed to be a more appropriate method to address research 

questions that are exploratory in nature and to understand the diversity and complexity of multiple risk factors 

within psychopathology (Pontes & Griffiths, 2015). 

Consequently, the present study seeks to identify profiles of individuals characterized by unique patterns 

of disordered behaviours (e.g., gambling, substance use, etc.), personality factors (e.g., neuroticism), co-

occurrence, and coping strategies across individualised countries. It is hypothesised that (i) a profile with higher 

co-occurrence across all disordered behaviours will be identified (H1); (ii) a profile with risk of disordered 

behaviours will be identified (H2); (iii) dysfunctional coping strategies, low agreeableness, low emotional stability, 

and low conscientiousness will be strongly associated with the profiles that have higher scores on disordered 

behaviours (i.e., behavioural and substance use variables), and least strongly associated with profiles with low 
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risk of disordered behaviours (H3); and (iv) a profile of disordered behaviours differentiating between countries 

will be identified (H4).  

Method 

Participants and Procedure 

Participant data were collected from September 2019 to September 2021 across four universities in three 

countries: United Kingdom (Nottingham Trent University), New Zealand (Auckland University of Technology), 

and Australia (Victoria University and University of the Sunshine Coast). Flyers and online advertisements were 

used around each campus. The inclusion criteria for this sample were: (i) being aged 18 years or over; and (ii) 

currently residing in the country where the survey was taken (i.e., UK, NZ, AU). The UK sample comprised of 

561 participants, including 416 women (Mage= 19.8 years; SD = 1.47) and 139 men (Mage = 20.7 years; SD = 2.68 

years), aged between 18 and 36 years (Mage = 20 years; SD = 1.88). The NZ sample comprised 170 participants, 

including 88 women (Mage= 26.6 years; SD = 8.83) and 80 men (Mage = 25.6 years; SD = 9.07 years), aged between 

18 and 65 years (Mage = 26.1 years; SD = 8.89). Lastly, the AU sample comprised 1185 participants, including 

428 women (Mage= 28.2 years; SD = 10.2) and 772 men (Mage = 28.8 years; SD = 8.94 years), aged between 18 

and 64 years (Mage = 28.5 years; SD = 9.35). Additional sociodemographic information is shown in Table 1. All 

participants were given information prior to the study, including data use, potential risks, and benefits, along with 

their right to withdraw from the study until data analysis. The study was approved by each of the university’s 

ethics committees.  

Table 1 

Demographics and Videogame Use Information 

Sociodemographic variables   Total (N=1916) 

(561, 170, 1185) 

(UK, NZ, AU) 

Gender Prefer not to say / Other 43 

(6, 2, 30) 

Country United Kingdom 561 

 New Zealand 170 

 Australia 1185 

Marital Status Same-sex civil partnership / married 235 

(3, 27, 205) 

 Separated, but still legally in a same-sex 

civil partnership / married 

13 

(0, 15, 8) 

 Civil partnership has been dissolved / 

divorced  

32 

(2, 5, 25) 

 Never registered a same-sex civil 

partnership / married 

1302 

(459, 125, 718) 
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Measures 

Internet Gaming Disorder Scale – Short Form 9 (IGDS9-SF) 

The nine-item IGDS9-SF (Pontes & Griffiths, 2015) was used to assess the severity of GD symptoms by 

examining an individual’s offline and online behaviours. Items include: “Do you systematically fail when trying 

to control or cease your gaming activity?” and “Have you jeopardized or lost an important relationship, job or 

career opportunity because of your gaming activity?”. Participants respond to each item on a five-point scale 

from 1 (never) to 5 (very often). The final GD score is calculated by summing up the individual’s answers and 

ranges from 9 to 45, with higher scores indicating higher severity of gaming disorder behaviours. The scale has 

been shown to be a reliable measure with a Cronbach’s α of .88 (Pontes & Griffiths, 2015). In the present study, 

the scale showed very good reliability (Cronbach’s α = .88). 

Problem Gambling Severity Index (PGSI) 

 Prefer not to say / other 334 

(97, 8, 229) 

Qualification Postgraduate degree (e.g., MA, PhD) 107 

(0, 25, 62) 

 Degree (e.g., BA, BSc) 884 

(506, 44, 334) 

 Professional qualification (e.g., teaching, 

nursing, accountancy) 

372 

(28, 2, 342)  

Other vocational / work related 

qualifications 

98 

(0, 4, 94) 

Foundation degree / Progression diploma / 

Advanced diploma / Certificate or 

equivalent 

77 

(3, 13, 61) 

A levels / AS levels / VCEs / Higher 

diploma or equivalent 

10 

(0, 10, 0) 

GCSEs / CSEs / O levels or equivalent 62 

(0, 62, 0) 

 No qualifications or education 5 

(0, 4, 1) 

 Prefer not to say/Other 301 

(4, 6, 291) 

  

 

 

 

Plays videogames? Yes 1640 

(384, 141, 1115)  

 No 276 

(177, 29, 70) 
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The nine-item PGSI (Ferris & Wynne, 2001) was used to assess problem gambling over the past 12 

months (e.g., “Have you gone back on another day to try to win back the money you lost?”). Participants respond 

to items on a four-point scale ranging from 0 (never) to 3 (always). The total score is obtained by summing up 

each of the answers given and can range from 0 to 27, with higher scores indicating greater gambling severity. 

The final score relates to one of four gambling domains: non-problem gambler=0; Low-risk gambler=1–2; 

Moderate-risk gambler=3–7; Problem gambler=8 or above. This has been shown to be a reliable scale with a 

Cronbach’s α of .76 (Ferris & Wynne, 2001). In the present study, the scale showed excellent reliability 

(Cronbach’s α = .94). 

Internet Disorder Scale 9–Short Form (IDS9-SF) 

The nine-item IDS9-SF (Pontes & Griffiths, 2017) was used to assess problematic internet use 

behaviours over the past 12 months (e.g., “Do you feel more irritability, anxiety and/or sadness when you try to 

either reduce or stop using the internet?”). Responses are scored on a five-point scale ranging from 1 (never) to 

5 (very often). The final score is calculated by adding each item score which gives a total score ranging from 9 to 

45. Higher scores indicate a greater severity of disordered internet use. The IDS9-SF has been shown to be a 

reliable scale with a Cronbach’s α of .96 (Pontes & Griffiths, 2017). In the present study, the scale showed very 

good reliability (Cronbach’s α = .89). 

The Bergen Social Media Addiction Scale (BSMAS) 

The BSMAS (Andreassen et al., 2016) is an adapted version of the Bergen Facebook Addiction Scale 

(BFAS; Andreassen, Torsheim, Brunborg, & Pallesen, 2012) and includes six items assessing addictive social 

media use (e.g., Facebook, Instagram, Twitter) in the past 12 months. Each item reflects a core addiction element 

(e.g., withdrawal: “How often have you become restless or troubled if you have been prohibited from using social 

media?”), and is scored on a five-point scale ranging from 1 (very rarely) to 5 (very often) and can have a total 

score between 6 and 30. A higher score indicates a greater risk of social media addiction. The BSMAS has very 

good reliability (Cronbach’s α = .88; Andreassen et al., 2016). In the present study, the scale showed very good 

reliability (Cronbach’s α = .89). 

Bergen-Yale Sex Addiction Scale (BYSAS) 

The six-item BYSAS (Andreassen et al., 2018) was used to assess participants’ problematic sexual 

activity over the last 12 months (e.g., “How often … have you spent thinking about sex or masturbation?”). Each 

response is scored on a five-point scale, with scores ranging from 0 (very rarely) to 4 (very often). To obtain the 

total score, the scores on each item are summed. The total score can range from 0 to 24, with a higher total score 

indicating a greater risk of sex addiction. The BYSAS has been found to be a reliable scale with a Cronbach’s α 

of .82 (Andreassen et al., 2018). In the present study, the scale showed very good reliability (Cronbach’s α = .84). 

Bergen Shopping Addiction Scale (BSAS) 

The seven-item BSAS was used to assess for problematic shopping behaviour (Andreassen et al., 2015). 

Participants respond to each item (e.g., “I think about shopping or buying things all the time”) on a five-point 

Likert scale from 0 (completely disagree) to 4 (completely agree). The final score is calculated by summing up 

the individuals’ answers and ranges from 0 to 28, with higher scores indicating greater risk of shopping 
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addiction. The BSAS has been found to be a reliable scale with a Cronbach’s α of .87 (Andreassen et al., 2015). 

In the present study, the scale showed excellent reliability (Cronbach’s α = .90). 

Exercise Addiction Inventory–Revised (EAI-R) 

The six-item EAI-R was used to assess addictive exercise (Szabo et al., 2019). Participants respond to 

each item (e.g., “Over time I have increased the amount of exercise I do in a day”) on a six-point Likert scale 

from 1 (strongly disagree) to 6 (strongly agree). The final score is calculated by summing up the individual’s 

answers and ranges from 6 to 36, with higher scores indicating greater risk of exercise addiction.  The EAI-R has 

been found to be a reliable scale with a Cronbach’s α of .90 (Szabo et al., 2019). In the present study, the scale 

showed very good reliability (Cronbach’s α = .85). 

Cigarette Dependency Scale–5 (CDS) 

The five-item CDS-5 (Etter et al., 2003) was used to assess the degree to which participants were 

dependent on cigarettes. Each item is scored on a five-point scale and assesses their cigarette use (e.g., “Please 

rate your addiction to cigarettes on a scale of 0 to 100?”) and habits (e.g., “Usually, how soon after waking up 

do you some your first cigarette?”). Questions 1 to 3 are open questions (e.g., “On average, how many cigarettes 

do you smoke per day?”) where a participant can write their response. The response is then converted into a five-

point scale (e.g., “8 cigarettes per day” equates to a score of 2 [6-10 cigarettes per day]). Questions 4 and 5 require 

typical responses with scores ranging from 1 (totally disagree) to 5 (fully agree). Questions 3 and 4 are both 

reverse coded, where the lower point is scored as 5 and the higher point is scored as 1 (e.g., “For you, quitting 

smoking would be “Impossible” [5] to “Very Easy” [1]). The final score is calculated by summing up the answers 

and ranges from 5 to 25, with higher scores indicating higher severity of cigarette dependant behaviours. The 

CDS-5 has been found to be a reliable scale with a Cronbach’s α of .83 (Etter et al., 2003). However, in the present 

study, the scale showed lower reliability (Cronbach’s α = .68). 

Alcohol Use Disorder Identification Test (AUDIT) 

The ten-item AUDIT (Saunders et al., 1993) was used to assess alcohol consumption, drinking 

behaviours, and alcohol-related problems (e.g., “How often do you have six or more drinks on the one 

occasion?”). Items 1 to 8 are rated on a five-point scale, which are scored from 0 (e.g., “Never”) to 4 (e.g., “Daily 

or almost daily”), whereas Items 9 and 10 are rated on a three-point scale and are scored as 0 (“No”), 2 (“Yes, 

but not in the past”), and 4 (“Yes, during the past year”). The total score comprises the summing of each of the 

selected item scores. The total score can range from 0 to 40. A score of 8 or more indicates hazardous drinking. 

A score of 13 or more in women, and 15 or more in men, may indicate alcohol dependence. The AUDIT has 

demonstrated good reliability. For example, in a systematic review by Meneses-Gaya et al. (2009) across ten 

studies the average Cronbach’s alpha was .80. In the present study, the scale showed very good reliability 

(Cronbach’s α = .87). 

Drug Abuse Screen Test - 10 (DAST) 

The ten-item DAST-10 (Skinner, 1982) was used to assess drug use behaviours in the past 12 months 

(e.g., “Do you feel bad or guilty about your drug use?”). Each item is rated on a dichotomized scale (yes/no 

answers). Each “Yes” answer is scored with 1, while each “No” answer is score with 0 – except for Question 3 
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for which a “No” is scored with 1 while “Yes” is scored with 0. The total score ranges from 0 to 10: 0=no problems; 

1-2=low problems; 3-5=moderate problems; 6-8=substantial problems; 9-10=severe problems. In a systematic 

review on the psychometric properties of the DAS, Yudko, Lozhkina, and Fotus (2007) reported it to be a reliable 

measure with multiple studies citing a Cronbach’s α of over .90. In the present study, the scale demonstrated very 

good reliability (Cronbach’s α = .83). 

Brief Coping Orientation to Problems Experienced (Brief-COPE) 

The 30-item Brief-COPE (Carver et al., 1997) was used to assess coping behaviours individuals 

employed when experiencing stressful situations. Participants are asked to think about a recent stressful event in 

their life and how they coped within that situation. The Brief-COPE is rated on a four-point scale: 1 (I haven’t 

been doing this at all), 2 (I’ve been doing his a little), 3 (I’ve been doing this a medium amount), and 4 (I’ve been 

doing this a lot). The Brief-COPE has a total of 15 two-item subscales (e.g., self-distraction, substance use, 

humour). The subscale scores are then added together to give a score ranging from 2-8. A higher score on the 

subscale represents a higher utilisation of the related coping behaviour. These smaller subscales form a super-

ordinate domain coping style. These are: emotion-focused coping (EFCope; scoring from 10 to 40; Cronbach’s α 

of .83), dysfunctional coping (DCope; scoring from 12 to 48; Cronbach’s α of .82), and problem-focused coping 

(PFCope; scoring from 6-24; Cronbach’s α of .76). The internal consistency estimates of the current study reflect 

the previously reported estimates in Carver’s (1997) paper (which ranged between .50 to .90), thus we consider 

the psychometric properties to be acceptable. 

Ten Item Personality Inventory (TIPI) 

The 10-item TIPI (Gosling et al., 2003) was used to briefly assess personality traits. The TIPI assesses 

extraversion, agreeableness, conscientiousness, emotional stability, and openness to experiences. Participants are 

asked to agree or disagree with a statement using a seven-point Likert scale from 1 (disagree strongly) to 7 (agree 

strongly). Each even number item (e.g., 2, 4, 6, etc.) is reverse scored and then the items are paired off into each 

of the five subscales. These two items are then averaged to give the total score of that subscale with higher scores 

indicating more pronounced personality traits. The original TIPI (Gosling et al., 2003) showed low-to-moderate 

Cronbach's alphas (α = 0.40-0.68), which is a common range within short scales (Ziegler et al., 2014). The present 

study had a Cronbach’s α ranging between .29 (Agreeableness) to .79 (Extraversion). As such, to better investigate 

the reliability of the present scale a McDonald’s coefficient omega was calculated at .52, 95% CI[.46-.58], 

indicating adequate internal consistency.  

Data Analysis 

First, the missing data imputation was calculated for the study variables and followed by descriptive 

statistics. In order to test the hypotheses, an LPA was conducted, a strategy which is appropriate for continuous 

indicators (Muthen & Muthen, 2000). The LPA investigates whether relatively homogeneous groups (i.e., 

profiles) can be identified based on observed values (Oberski, 2016). This shows whether structural groups exist 

in the data, where participants show similarities and differences with each other.  

To examine whether and to what extent disordered behaviours differed across individualised countries, 

an LPA was conducted in Rstudio using tidyLPA (Rosenberg et al., 2018). For the LPA, disordered behaviours 
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and substance use, personality, and coping domain variables were included. More specifically, scores of 

disordered gaming, internet use, social media, shopping, gambling, sex, exercise, drug use, alcohol use, and 

cigarette use were included, alongside scores on the five domains of personality (i.e., extraversion, agreeableness, 

conscientiousness, emotional stability, & openness to experience) and the three sub-domains of coping (i.e., 

problem-focused coping, emotion-focused coping, and dysfunctional coping). Within LPA, a range of models are 

predicted, and within these models an increasing number of profiles are tested. The Bayesian information criterion 

(BIC) and Akaike information criteria (AIC) indicate the fit of the model used, with the lower numbers indicating 

a better fit (Weller et al., 2020). Entropy indicates how well the model classifies participants into different profiles 

without overlap in or exclusion from other profiles. As such, lower entropy scores indicate that participants can 

be classified into more than one profile; therefore, entropy scores of 0.80 and over are recommended (Weller et 

al., 2020). Lastly, the bootstrap likelihood ratio test (BLRT) indicates whether models with one additional profile 

outperform the previous model. 

To further validate the assessment of differences between the classes and to investigate the extent of 

these differences, a collection of multivariate analyses of variance (MANOVAs) was used between the identified 

profiles of each cohort and their effect sizes (Burns & Burns, 2008; Everitt et al., 2011). Following this, a pairwise 

comparison was conducted on the appropriate profiles and variables to investigate the specific differences between 

the selected profiles.  

Results 

 The LPA was conducted using the equal variances and covariances fixed to zero model (i.e., EEI). This 

model demonstrated a better fit for the data and interpretability when compared to other LPA models. As seen in 

Table 2, the BIC suggested a four-model class across each of the cohorts. The BIC is considered the most reliable 

fit statistic in LCA (Weller et al., 2020). Therefore, a four-profile model was used. It is also important to note the 

four-profile model had adequate entropy (i.e., above the cut-off of .80; Weller et al., 2020), indicating that 

participants were assigned to profiles effectively.  

Table 2 

Model fit indices of latent profile analyses for all models compared in UK cohort. 

Note. The selected model specification bolded, and the selected model italicized. 

 

Cohort Classes AIC BIC Entropy Prob 

min 

Prob 

max 

% 

min 

% 

max 

BLRT 

p-value 

UK 1 28710.87 28866.74 1.00 1.00 1.00 1.00 1.00  

UK 2 27955.39 28193.52 0.77 0.91 0.95 0.42 0.58 0.01 
UK 3 27257.83 27578.23 0.85 0.92 1.00 0.05 0.52 0.01 

UK 4 27095.99 27498.66 0.79 0.84 1.00 0.05 0.39 0.01 

NZ 1 8737.85 8850.74 1.00 1.00 1.00 1.00 1.00  

NZ 2 8423.71 8596.18 0.94 0.93 0.99 0.18 0.82 0.01 

NZ 3 8287.44 8519.49 0.94 0.92 1.00 0.07 0.74 0.01 

NZ 4 8170.85 8462.48 0.91 0.91 1.00 0.06 0.57 0.01 

AU 1 60585.91 60768.70 1.00 1.00 1.00 1.00 1.00  

AU 2 58451.02 58730.28 0.84 0.93 0.97 0.33 0.67 0.01 

AU 3 57974.18 58349.91 0.76 0.86 0.91 0.25 0.38 0.01 

AU 4 56963.68 57435.89 0.81 0.85 0.96 0.10 0.35 0.01 
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Figures 1-3 show a graphical representation of each of the three cohorts and their four-profile model. 

The x-axis provides the names of each of the behaviours, personality factors, and coping style variables. The y-

axis provides the standardised mean score of each profile in relation to each variable. Each cohort appeared to 

exhibit two profiles that averaged higher on disordered behaviours and dysfunctional coping strategies, and two 

profiles that averaged lower across disordered behaviours and dysfunctional coping strategies. Therefore, the two 

profiles which displayed higher scores on the disordered behaviour measures and on the dysfunctional coping 

strategies were classified as risk profiles. The two risk profiles were classified as ‘at-risk’ (i.e., the profile which 

typically demonstrated high disordered behaviour scores and lower substance use and dysfunctional coping scores 

in comparison to the ‘high-risk’ profile) and ‘high risk’ (i.e., the profile which demonstrated consistent high 

disordered substance use scores and a higher dysfunctional coping score, in comparison to at-risk). This process 

was done visually and was dependent on the scores obtained, and therefore a somewhat subjective choice; 

nevertheless, it is warranted in order to communicate the data effectively.  The remaining profiles were classified 

as ‘low-risk’ profiles. These were spilt into low-risk extraversion and low-risk introversion, as each cohort 

demonstrated a low-risk profile with higher extraversion and lower extraversion (i.e., introversion). However, in 

line with the hypotheses, the present paper will consider the at-risk and high-risk profiles.  

UK Cohort 

 Figure 1 shows four profiles found in the UK cohort. The at-risk profile was the larger of the two risk 

profiles and comprised 220 participants (38.86% of UK cohort), while the high-risk profile comprised 26 

participants (4.59% of UK cohort). In the UK Cohort, it can be seen that the high-risk profile demonstrated a 

consistently higher standardised difference from the sample mean (z) than the at-risk profile, except on social 

media use (high-risk: z = 0.42; at-risk: z= 0.66). In addition, individuals with the high-risk profile scored lower 

on personality factors (bar emotion stability; high-risk: z = 0.03; at-risk: z= -0.39) and scored lower on problem-

focused (z = -0.04) and emotion-focused (z = 0.04) coping strategies when compared to the sample mean of the 

at-risk profile (z = 0.14, z = 0.26, respectively). Both the at-risk and high-risk profiles demonstrated a clear reliance 

on dysfunctional coping strategies (z = 0.61, z = 0.64, respectively). Further details in relation to the UK cohort 

can be seen in Table 3  

 Table 3 

 Standardised Score from the Sample Mean in UK Cohort 

Variable At-risk High-

Risk 

Low-

risk/Extraversion 

Low-

risk/Introversion 

Video Gaming 0.40 0.86 -0.40 -0.28 

Shopping 0.47 0.67 -0.42 -0.31 

Sexual Activity 0.41 0.59 -0.29 -0.35 

Social Media 0.66 0.42 -0.41 -0.54 

Internet Use 0.77 0.83 -0.60 -0.55 

Drug Use 0.26 0.91 -0.12 -0.38 

Alcohol Use 0.31 1.00 -0.17 -0.41 

Cigarette Use 0.08 0.82 -0.07 -0.17 

Exercise 0.03 0.41 0.07 -0.19 
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Gambling -0.15 1.00 -0.22 -0.24 

Extraversion 0.01 0.15 0.51 -0.59 

Agreeableness -0.23 -0.49 0.45 -0.08 

Conscientiousness -0.35 -0.53 0.46 0.07 

Emotional Stability -0.39 0.03 0.48 0.02 

Openness To Experience 0.04 -0.46 0.47 -0.49 

Problem Focused Coping 0.14 -0.04 0.48 -0.70 

Emotion Focused Coping 0.26 0.04 0.39 -0.78 

Dysfunctional Coping 0.61 0.64 -0.39 -0.52 



  

 130 

Figure 1 

Standardized Mean Score Graph of the United Kingdom (UK) Cohort
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New Zealand Cohort 

 Figure 2 shows the four profiles found in the NZ cohort. As in the previous analysis, there was 

a noticeable difference seen between the at-risk and high-risk profiles. The at-risk profile comprised 34 

participants (20% of NZ cohort), while the high-risk profile comprised 10 participants (5.88% of NZ cohort). 

Within the NZ cohort, the at-risk profile demonstrated three higher standardised scores from the sample mean 

across gaming (z = 0.68), internet use (z = 1.00), and social media use (z = 1.00) in comparison to the high-risk 

profile (z = 0.51, 0.62, 0.67, respectively). As with the UK cohort, the high-risk cohort demonstrated a higher 

standardized difference from the sample mean across substance use (ranging from z = 0.96-1.00), whereas the at-

risk profile demonstrated lower scores (ranging from z = -0.23 to 0.11). In addition, the high-risk profile had a 

low conscientious score (z = -1.30) and a high openness to experience score (z = 0.57), in contrast to the at-risk 

profile (z = -0.55, -0.12, respectively). Furthermore, both the at-risk and high-risk profiles demonstrated a high 

standardized difference from the sample mean (z = 0.93, z = 1.00, respectively). Further details in relation to the 

NZ cohort can be seen in Table 4. 

Table 4  

 

Standardised Score from the Sample Mean in NZ Cohort 

 

Variable At-risk High-Risk Low-

risk/Extraversion 

Low-

risk/Introversion 

Video Gaming 0.68 0.51 -0.14 -0.28 

Shopping 0.70 0.71 -0.38 -0.31 

Sexual Activity 0.62 1.00 -0.48 -0.35 

Social Media 1.00 0.62 -0.34 -0.54 

Internet Use 1.00 0.67 -0.55 -0.55 

Drug Use -0.23 1.00 -0.33 -0.38 

Alcohol Use 0.11 0.94 0.15 -0.41 

Cigarette Use -0.08 1.00 0.50 -0.17 

Exercise -0.06 0.06 -0.72 -0.19 

Gambling -0.09 1.00 -0.20 -0.24 

Extraversion -0.30 0.31 -0.28 -0.59 

Agreeableness -0.09 -0.45 -0.44 -0.08 

Conscientiousness -0.55 -1.30 -0.21 0.07 

Emotional Stability -0.81 -0.71 -0.09 0.02 

Openness To Experience -0.12 0.57 -0.66 -0.49 

Problem Focused Coping 0.03 -0.05 -1.42 -0.70 

Emotion Focused Coping 0.11 0.46 -1.25 -0.78 

Dysfunctional Coping 0.93 1.00 -0.80 -0.52 
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Figure 2  

 

Standardized Mean Score Graph of the New Zealand (NZ) Cohort 
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Australian Cohort 

Figure 3 shows the four profiles found in the AU cohort. As in the previous two analyses, there was a 

noticeable difference between the at-risk and high-risk profiles. The at-risk profile comprised 314 participants 

(26.49% of AU cohort), while the high-risk profile comprised 115 participants (9.70% of AU cohort). As with the 

two previous cohorts, the AU cohort demonstrated a consistently high standardised score from the sample mean 

in both the at-risk and high-risk profiles. The AU cohort’s at-risk profile demonstrated higher standardised scores 

from the sample mean across gaming (z = 0.85), internet use (z = 0.99), social media use (z = 0.76), and shopping 

(z = 0.60). The high-risk profile consistently had a higher standardised score from the sample mean across 

substance related behaviours (ranging from z = 0.86 to z = 1.00). In regard to personality variables, both the at-

risk (z = -0.41) and high-risk profiles (z = -0.63) scored quite low on conscientiousness and scored quite high in 

dysfunctional coping strategies (z = 0.68, z = 0.96, respectively). Further details in relation to the AU cohort can 

be seen in Table 5. 

Table 5  

 

Standardised score from the sample mean in AU Cohort

Variable At-risk High-Risk Low-

risk/Extraversion 

Low-

risk/Introversion 

Video Gaming 0.85 0.47 -0.39 -0.45 

Shopping 0.60 0.34 -0.34 -0.27 

Sexual Activity 0.46 0.49 -0.12 -0.39 

Social Media 0.76 0.43 -0.26 -0.49 

Internet Use 0.99 0.62 -0.47 -0.54 

Drug Use -0.27 1.00 -0.23 -0.33 

Alcohol Use 0.05 1.00 -0.13 -0.28 

Cigarette Use -0.09 0.86 -0.09 -0.10 

Exercise 0.11 0.01 0.13 -0.20 

Gambling 0.29 0.80 -0.27 -0.23 

Extraversion -0.18 0.17 0.35 -0.21 

Agreeableness -0.35 -0.28 0.29 0.10 

Conscientiousness -0.41 -0.63 0.34 0.20 

Emotional Stability -0.49 -0.41 0.25 0.28 

Openness To Experience -0.24 0.11 0.42 -0.2 

Problem Focused Coping 0.12 0.24 0.71 -0.76 

Emotion Focused Coping 0.18 0.33 0.63 -0.77 

Dysfunctional Coping 0.68 0.96 -0.13 -0.69 
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Figure 3 

 

Standardized Mean Score Graph of the Australian (AU) Cohort  

 
 



  

 135 

 

At-risk Profile Across Cohorts 

To investigate if the at-risk profiles differed significantly from each cohort, a one-way multivariate 

analysis of variance (MANOVA) was performed. A MANOVA was used to determine the difference of the at-

risk cohort group on the behavioural (e.g., video gaming, internet use), substance (i.e., drug, alcohol, and cigarette 

use), personality (e.g., extraversion, agreeableness), and coping variables (i.e., problem-focused, emotion-

focused, and dysfunctional coping). The three groups investigated were: (i) UK (at-risk profile), (ii) NZ (at-risk 

profile), and (iii) AU (at-risk profile). There was a statistically significant difference between the groups on the 

combined dependent variables (i.e., behaviour, substance, personality, and coping), F(36, 1098) = 3.93, p<0.001; 

Pillai’s trace = .229, partial η2 = .114. Follow-up univariate Welch ANOVAs using Hochberg correction showed 

there was a statistically significant group difference in scores in video gaming (F[2, 87.9] = 13.6, p = <0.001), 

internet use (F[2, 91.7] = 12.3, p<0.001), gambling (F[2, 91.2] = 16.2, p<0.001), and drug use (F[2, 100] = 22.9, 

p<0.001). Games Howell pairwise comparisons (adjusted Tukey p-value) were then conducted between the 

group’s significant variables (i.e., video gaming, internet use, gambling, and drug use). Significant differences 

were observed (see Table 6). 

Table 6 

 

At-risk Profile Post-hoc Games Howell Pairwise Comparisons 

 

Note. With adjusted Tukey p-value. Bold and italicised rows indicate significance. 

 

Variables Cohort 

1 

Cohort 

2 

Estimat

e 

Confidence 

low 

Confidence 

high 

Adjusted p-

value 

Drug Use AU NZ -0.002 -0.171 0.167 1.00 

Drug Use AU UK 0.538 0.350 0.727 <.001 

Drug Use NZ UK 0.541 0.305 0.776 0.001 

Gambling AU NZ -0.390 -0.702 -0.078 0.011 

Gambling AU UK -0.442 -0.625 -0.260 <.001 

Gambling NZ UK -0.052 -0.328 0.223 0.889 

Internet Use AU NZ 0.410 0.0580 0.763 0.019 

Internet Use AU UK -0.244 -0.411 -0.076 0.002 

Internet Use NZ UK -0.655 -1.014 -0.295 <.001 

Video 

Gaming 

AU NZ -0.183 -0.745 0.378 0.707 

Video 

Gaming 

AU UK -0.481 -0.697 -0.265 <.001 

Video 

Gaming 

NZ UK -0.298 -0.868 0.272 0.419 
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High-risk Profile Across Cohorts 

To investigate if the high-risk profiles differed significantly from each cohort, a one-way multivariate 

analysis of variance (MANOVA) was performed. The three groups investigated were: (i) UK (high-risk profile), 

(ii) NZ (high-risk profile), and (iii) AU (high-risk profile). There was a statistically significant difference between 

the groups on the combined dependent variables (i.e., behaviour, substance, personality, and coping), F(36, 264) 

= 3.96, p<0.001; Pillai’s trace = .702, partial η2 = .351. Follow-up univariate Welch ANOVAs, using Hochberg 

correction, showed that there was a statistically significant group difference in scores in gambling (F[2, 21] = 

59.2, p<0.001) and drug use (F[2, 100] = 21, p<0.001). Games Howell pairwise comparisons (adjusted Tukey p-

value) were then conducted between the group’s significant variables (i.e., gambling and drug use). Significant 

differences were observed (see Table 7). 

Table 7 

 

High-risk Profile Post-hoc Games Howell Pairwise Comparisons 

 

Note. With adjusted Tukey p-vale. Bold and italicised rows indicate significance. 

 

Discussion 

In the present study, firstly, the latent profiles found within the different individualistic countries of 

Australia, New Zealand, and the United Kingdom were explored. Secondly, these profiles were compared across 

the aforementioned countries to investigate the potential differences between high-risk and at-risk groups by 

exploring how gaming, problematic behaviour and substance use, personality factors, and coping mechanisms 

were reported within these individualistic countries, as opposed to the often-examined individual/collectivist 

dichotomy.  

The findings suggest that H1 was partially supported. More specifically, it was found that across each 

cohort, there was a profile (i.e., high-risk profile) in which individuals scored consistently higher across substance 

use variables (i.e., drug use, alcohol use, cigarette use) with varying elevated levels of behavioural variables (e.g., 

gaming, social media use). Similarly, a profile with elevated levels across behavioural and substance use was also 

found within each profile. Individuals with this profile consistently scored lower than individuals with the high-

risk profile – but higher than individuals with the low-risk profiles. Therefore, H2 was supported, which suggests 

that each cohort contains a profile which demonstrated at-risk scores, i.e., scores which were lower than the highest 

Variables Cohort 

1 

Cohort 

2 

Estimate Confidence 

low 

Confidence 

high 

Adjusted p-

value 

Drug Use AU UK -1.672 -2.454 -0.89 <.001 

Drug Use AU NZ 0.638 -0.117 1.393 0.101 

Drug Use UK NZ 2.311 1.314 3.308 <.001 

Gambling AU UK 3.230 2.525 3.935 <.001 

Gambling AU NZ 0.968 -1.863 3.800 0.626 

Gambling UK NZ -2.262 -5.108 0.584 0.124 
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profile but were higher than low-risk profiles. The profiles identified as at-risk and high-risk demonstrated 

consistently higher scores on dysfunctional coping strategies, and lower scores on conscientiousness. In addition, 

scores on emotional stability remained low in both the risk profiles and low-risk profiles, therefore partially 

supporting H3. Lastly, H4 was partially supported. More specifically, while the at-risk profile demonstrated 

significant differences between cohorts, these differences were not present across all variables.  

Risk Profiles Across Cohorts  

The results of the LPA provided some support for H4, which suggested that within each cultural cohort, 

a set of unique risk factors would be present. The at-risk profile made up 39.2%, 20%, and 25.5% of total UK, 

NZ, and AU cohorts, respectively, while the high-risk profiles made up 4.6%, 5.8%, and 9.7%, respectively. 

Behaviour, Substance Use, and Co-occurrence 

In regard to drug use scores in the at-risk group, the UK cohort demonstrated higher scores than both the 

AU and NZ cohorts, while the AU and NZ cohorts did not show any significant differences. This suggests the UK 

cohort may have experienced higher rates of substance use. In regard to behaviours, the AU cohort demonstrated 

significantly higher scores on gambling and gaming, while each cohort varied in relation to disordered internet 

use. In regard to the high-risk sample, the UK cohort demonstrated higher scores on substance use when compared 

with both the AU and NZ cohorts. The AU cohort scored significantly higher on gambling than the UK cohort. 

These findings suggest that, within the present at-risk sample, there are nuances in how each cohort experienced 

behavioural and substance use disorders. This is in line with previous literature suggesting that a country can 

influence specific risk behaviours (Király et al., 2019; Laconi et al., 2017), with the present study suggesting that 

this is not limited to countries that have different cultural norms. There is evidence to suggest that individualistic 

and collectivist countries can influence how the individual experiences and manifests disordered behaviours 

(Andreetta et al., 2020). However, as seen in the present study, this is also apparent in country that share many 

intracultural similarities.  

Understanding how individuals interact within their country and how their country may contribute to the 

manifestation and prevalence of disordered behaviours has important implications for at-risk individuals because 

the literature suggests that cultural paradigms may influence specific co-occurring problematic behaviours among 

at-risk individuals (Andreetta et al., 2020). Within the current cohorts in the present study, the results suggested 

that the UK cohort demonstrated a higher risk in relation to substance abuse, whereas the AU cohort demonstrated 

a higher risk of gambling. Understanding the potential co-occurring at-risk and high-risk behaviours associated 

with substance use or gambling may allow researchers to better contextualise and explore issues of co-occurrence 

across these specific individualistic country by considering the specific intracultural nuances. Co-occurrence is 

prevalent across multiple different countries, both individualistic and collectivist (Burleigh, Griffiths, et al., 2019), 

and research has shown that co-occurrence is related to, and thus, may complicate the diagnosis and treatment of 

clinical disorders (Najt et al., 2011). Therefore, it is important that clinicians have access to empirical data that 

will aid in the creation of early interventions which are tailored to at-risk groups, with a focus on the known co-

occurring issues experienced within their country. While the differences in the engagement of substance use and 

behaviours are apparent, it should be noted that the cohorts shared similarities in both personality and coping 

style.  
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Personality Factors 

 In regard to the personality factors assessed within the at-risk cohorts, only individuals with 

higher extraversion scores were found to score consistently higher across all three at-risk cohorts – however, it 

should be noted that within the UK at-risk cohort, individuals scored higher on “openness to experience” when 

compared to the standardised mean of the other cohorts. The remainder of the personality factors (i.e., 

agreeableness, conscientiousness, emotional stability, and openness to experience) were found to be negatively 

associated with the at-risk profile. Emotional stability was found to be the lowest scored personality trait across 

all three at-risk cohorts. In regard to the high-risk cohorts, it was found that individuals consistently scored lower 

on conscientiousness across all cohorts. Similarly, there were lower scores on agreeableness when compared to 

the standardised means scores of other personality factors. There have been a number of studies which have 

considered personality in relation to both problematic substance use and behaviours (Chew, 2022; Hussain & 

Pontes, 2019), and the present findings suggest that within each risk profile cohort, there are consistent personality 

factors which are present. Indeed, the present results support that consistent personality factors can be seen across 

countries, and that some personality factors (e.g., low conscientiousness, extraversion) could be considered risk 

factors in relation to problematic behaviours and substance use (Chew, 2022; Hussain & Pontes, 2019).  

It is well established that high levels of extraversion and low levels of conscientiousness can, and often 

are, used as a predictors for disordered behaviours (Lui & Rollock, 2020). The present study also supports the 

established literature on disordered behaviour. However, while there appears to be consistency in a majority of 

the personality factors in relation to addictive behaviours, it is interesting that extraversion is consistently high 

despite being tested on a high majority of gamers – when previous research suggests that extraversion is typically 

lower in gamers (Chew, 2022). This result may be due to the type of gamers surveyed. There is a large body of 

research which focused on individuals who play Massively Multiplayer Online Role-Playing Games 

(MMORPGs). Their findings suggest that more introverted individuals play these games in order to fulfil fantasies 

which they perhaps cannot fulfil in their offline life (Burleigh et al., 2018). However, videogames have evolved 

significantly in the past decade; new and more competitive gaming genres (e.g., Battle Royale games, Multiplayer 

Online Battle Arena [MOBA] games) have become increasingly popular (Laconi et al., 2017). It could be that the 

gamers surveyed in the present cohorts were more outgoing and competitive and therefore scored more highly on 

extraversion as a result. This may also be reflected in the substance use behaviour of these cohorts, as preliminary 

data suggest that competitive gamers consume substances with stimulating effects (Škařupová et al., 2018). This 

may also be associated with the low scores in agreeableness that were found among the at-risk and high-risk 

cohorts because low agreeableness is associated with competitive and antagonistic attitudes (Kaufman et al., 

2019). How personality factors may influence individuals’ engagement with different videogame genres is beyond 

the scope of the present study. However, the present study highlights the need to investigate the ambiguity found 

in relation to extraversion further.  

Emotional stability appeared as the lowest scored trait across each of the at-risk and high-risk cohorts. 

However, it should be noted that the UK cohort appeared to have higher emotional stability within the high-risk 

profile, although this was not significantly higher than the other two cohorts. Nevertheless, poor emotional 

stability (i.e., neuroticism) indicates that individuals in the at-risk group may be more emotionally reactive, and 

therefore find it more difficult to cope with stressful situations (Kaufman et al., 2019). It then follows that those 
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who have poor emotional stability are more likely to develop emotion-focused and dysfunctional coping strategies 

as they are more emotionally reactive. 

Coping 

In regard to coping, the findings suggest that coping style appeared to be associated with disordered 

behaviour, and similar to personality factors, this appeared to be consistent across cohorts. It was found that within 

both the at-risk and the high-risk profiles, individuals consistently scored higher on dysfunctional coping strategies 

relative to the sample mean, and higher than both problem-focused and emotion-focused coping. Therefore, the 

present findings support the broader literature that associates poor coping strategies with potentially addictive 

behaviours (Burleigh, Griffiths, et al., 2019). The high-risk cohort consistently scored higher on dysfunctional 

coping compared to their at-risk counterparts, which suggests that the coping strategies used are likely well 

established. This could indicate negative long-term effects on mental well-being (Loton et al., 2016) and the 

exacerbation of co-occurring behaviours (Kuss et al., 2017) as demonstrated by consistently high scores across 

disordered behaviour and substance use. For example, it has been documented that individuals, and particularly 

gamers, utilise strategies such as escapism to cope with stressors in life (Melodia et al., 2022). While this is not a 

maladaptive strategy in and of itself, if relied upon without other strategies, it may worsen symptomology 

(Kardefelt-Winther, 2014; Loton et al., 2016). Therefore, it is important that when considering disordered 

behaviours, such as gaming, a focus on how individuals cope with life stressors, and their reason for playing 

videogames (e.g., stress release, escapism), should be considered irrespective of country or perceived risk level. 

Indeed, a better understanding of coping strategies and how individuals with different personalities approach life 

stressors would be beneficial for both at-risk and high-risk groups.  

Implications and Future Directions 

 The present results suggest that individuals within the at-risk profile would likely benefit from 

psychoeducation as a potential preventative strategy. In addition, psychoeducation which considers coping 

strategies may be efficacious despite varying cultural backgrounds because each present cohort displayed 

consistent coping profiles. More specifically, informing at-risk and high-risk individuals about adaptive coping 

strategies and co-occurrence would be beneficial (Lee et al., 2018), in conjunction with an understanding of 

cultural manifestations and shared clinical features (e.g., personality factors; Ream et al., 2011) of problematic 

behaviours and/or substance use could increase resilience. The present results also suggest that individuals within 

all high-risk cohorts scored highly across disordered substance use and some addictive behaviours, which may 

indicate co-occurrence (Burleigh, Kuss, et al., 2019). The present research suggests that when considering 

potential substance and behavioural addictions, a more nuanced understanding should be considered. A number 

of studies have considered the effect of co-occurring addictive disorders on treatment efficacy, suggesting that 

treatment efficacy can be increased when considering not only the primary disorder, but also other secondary 

problematic disordered behaviour (Burleigh, Kuss, et al., 2019; Kuss & Pontes, 2019). Indeed, research in the 

field of substance abuse has gained traction when considering an integrated treatment approach (Carrà et al., 2015; 

Roncero et al., 2017). The present research suggests that high rates of potentially addictive substances and 

behaviours are present in large samples of at-risk and high-risk gamers, which suggests that co-occurrence is as 
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well. Therefore, scholars should also investigate the efficacy of integrated treatment paradigms when engaging 

at-risk and high-risk gamers.  

Limitations and Strengths 

There are some limitations that should be acknowledged. Firstly, the measure used to assess personality 

factors contained only two questions per personality domain, which results in the scale having an adequate omega 

coefficient. As a result, the conclusions drawn in relation to personality should be interpreted with caution, and 

future research should consider more psychometrically robust personality measures. Furthermore, the study 

employed self-report measures for each cohort; therefore, participants may not accurately represent their 

behaviours related to substance use or problematic behaviours, which may lead to biased reporting. Second, the 

present study utilised a cross-sectional design, and therefore temporal and casual relationships cannot be argued 

empirically. Third, it is worth noting that the NZ cohort and the number of non-gamers within the whole sample 

was quite small, which means that the results cannot (and should not) be generalised to the wider general 

population and may not apply to non-gamers. Fourth, the labels for each group (e.g., high risk, low risk) were 

decided based on a visual inspection of the data, and thus are subjective in nature. Lastly, while the present study 

contained three individualistic countries, generalisation to other individualistic countries (e.g., USA) may be 

limited, as individuals in these countries may have different risk factors unique to that specific country. However, 

this is also one of the strengths of the present study. The present study had a diverse sample from three 

individualistic countries, which had large to medium sample sizes within each cohort. The present study 

considered a number of different risk factors using an LPA analysis, and also provided evidence on how 

individuals with these profiles may or may not differ within similar cultural settings. The study also provides 

valuable insight into the gaming community and further adds to the call for stronger research into treatment 

paradigms (Andreetta et al., 2020).  

Conclusions 

While evidence suggests that a minority of gamers are affected by GD, there appears to be an at-risk 

cohort who may utilise gaming as a maladaptive coping strategy and other accompanying potentially addictive 

behaviour or substance use may be exacerbated as a result (Pontes, 2018), the manifestation of which can be 

influenced based on cultural elements (Andreetta et al., 2020). Therefore, when considering gamers from similar 

countries, it is important to be cognisant of the variations found in the manifestations of GD and accompanying 

potentially addictive behaviours to allow for more precise identification of at-risk behaviours, which will result in 

more favourable treatment outcomes for those who are at-risk or high-risk individuals. Similarly, it is vital that 

future studies continue to investigate how cultural factors, individual factors, and their interactions may impact 

gamers as the present study suggests that factors can vary, even within countries which are more individualistically 

orientated.  
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Part III: General Discussion 
 

Chapter 7 
 

General Discussion 

The present doctoral research thesis investigated the neurophysiological underpinnings of gaming 

disorder (GD), and the way in which co-occurrence can influence and correlate with GD in a clinical and a multi-

cultural context. The unique contribution of knowledge was (i) the assessment of the neurophysiological 

expression of gamers using a novel spiking neural network (SNN) methodology; (ii) exploring co-occurrence in 

gamers and substance abstinent gamers; and (iii) exploring co-occurrence in gamers across three different 

individualistic countries (i.e., Australia, New Zealand, and the United Kingdom).  

In order to contextualise the aims of the present doctoral thesis, the literature was systematically 

reviewed, with a focus on co-occurrence, EEG methodologies, and the use of ML algorithms within EEG resting 

state data. The first review presented in Chapter 1 aimed to determine the co-occurrence of potentially addictive 

behaviours with problematic and disordered gaming, and to explore the potential risk factors in the development 

and maintenance of co-occurrence within gaming disorder. The findings suggested that there were few empirical 

studies examining the (i) co-occurrence of gaming disorder with other addictive behaviours, (ii) longitudinal risk 

of disordered gaming with co-occurring addictive behaviours, and (iii) mechanisms of co-occurrence in disordered 

gaming with co-occurring potentially addictive behaviours. Furthermore, the findings suggested that that 

disordered gaming can co-occur with a variety of other addictive behaviours (e.g., alcohol use disorder or social 

media addiction). The reviewed literature suggested that gamers engage in a number of potentially addictive 

behaviours including substance use which can have detrimental outcomes on health and wellbeing. While a 

majority of the reviewed studies considered prevalence rates from a range of geographical locations, there are 

fewer studies which investigated individual and environmental risk factors. Therefore, the first chapter 

contextualized the understanding of co-occurrence and gaming within the present research project.  

The second review in Chapter 2 contextualized and explored the methodological use of EEG within the 

GD field. This was done in an attempt to better understand how resting state EEG methodologies have been 

utilized, and therefore give insight into the current neurophysiological understanding of the presentation of GD. 

The results suggested individuals with GD have raised delta and theta activity and reduced beta activity, with 

coherence analysis suggesting altered brain activity in the mid-to-high frequency range. Individuals with internet 

addiction (IA) demonstrated raised gamma activity, and reduced beta and delta activity. The reason Chapter 2 also 

considered IA was to illustrate the differences between GD and IA and their neurophysiological expression. This 

was an important distinction because several problematic gaming labels (e.g., ‘pathological video gaming’; 

Lemmens et al., 2011) have fallen under the IA umbrella (Kuss et al, 2014). The results of the review suggest that 

the altered brain activity found in GD/IA may represent distinct underlying neurophysiological markers or traits 

– which importantly – further supported the research suggested that they were unique constructs.  
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This ensured that utilizing the EEG methodology in Chapter 4 would yield results in relation to GD and 

not IA. As with previous research in the field, it was suggested that the findings of EEG studies should be 

replicated and/or explored in a wider variety of cultural contexts in order to strengthen the neurophysiological 

bases of GD. This was an important factor, as each of the EEG papers reviewed within Chapter 2 were from either 

China or South Korea. This indicated a dearth of resting state EEG methodologies employed in the western GD 

field; therefore, the present doctoral research project also filled this empirical gap by utilising a resting state EEG 

methodology in a western sample.  

The third and last review chapter was presented in Chapter 3. This investigated the use of machine 

learning (ML) methodologies within the GD field. Chapters 2 and 3 illustrated that there is an increased need to 

better understand, conceptualise, and assess GD. The topic of assessment and prediction has long been explored 

by data analysts, experimental scientists, and psychologists. In recent years, the advent of artificial intelligence 

(AI) technology has brought new insights into the discussions regarding analysis and assessment (Orrù et al., 

2020). Chapter 3 explored how ML methodologies had been employed within the GD field, with the aim of 

providing contemporary information on the use of ML techniques and findings in relation to GD. Therefore, 

providing an up-to-date summary of ML techniques currently employed and the subsequent findings within the 

scope of GD. The findings suggested that ML should be utilised in the assessment and prediction of GD. It was 

found that a wide variety of ML techniques were utilized in psychometric studies and reported high accuracy in 

differentiating disordered gamers from recreational gamers.  

Furthermore, studies which investigated neurophysiological and physiological data utilized similar ML 

techniques, and all reported high accuracy, indicating that the use of neurophysiological in conjunction with EEG 

data would be a novel avenue of research for the present doctoral research project. The review concluded that 

future research should consider utilising ML to investigate other areas within the GD field, such as the detrimental 

aspects of co-occurrence in disordered behaviour and substance use. They highlight a further need to investigate 

potential applications of ML and related techniques in the detection and prediction of GD. Therefore, the present 

doctoral research project utilised an approach which combined resting-state EEG with a novel ML methodology 

within a western sample to contribute to the neurophysiological conceptualisation and understanding of GD, as 

detailed within the first empirical study. 

 The first empirical study presented in Chapter 4 (i) utilised the NeuCube SNN architecture within the 

GD field, thereby utilizing a novel AI-related methodology to discriminate recreational and problematic gaming 

behaviour; and (ii) investigated gamers using resting state EEG data to better understand the neurophysiological 

expression of recreational and problematic gaming. Resting state EEG data was collected from 16 participants, 

which was then analysed with the NeuCube – an SNN architecture. The results indicated that the NeuCube was 

able to accurately discriminate between recreational gamers and problematic gamers (within the current sample) 

with a high success rate. However, these results were not statistically significant when averaged and explored 

using a repeated measures ANOVA. This may be due to the limitations of averaging data points to conduct the 

analysis, and in doing so losing spatial and temporal data. Nevertheless, the results from the NeuCube suggest 

that recreational gamers and problematic gamers appear to have different resting state brain activity, suggesting 
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that problematic play, and by extension disordered gaming, may alter an individual’s neurophysiology. This 

provides evidence that GD has a neurophysiological underpinning and therefore should be considered as a 

disordered behaviour because it can alter neurophysiological expression. Understanding the different 

neurophysiological expressions of recreational and problematic gamers could aid in the early detection and 

classification of GD, and the NeuCube appears to be a viable tool to use to investigate these differences.  

The second empirical study presented in Chapter 5 explored how gamers experienced co-occurrence in 

a general and a clinical sample. Chapter 4 suggested that recreational and problematic gamers appear to have 

different resting state neurophysiology depending on their involvement in videogames. Therefore, Chapter 5 

sought to better understand the presentation of gamers in a non-clinical and clinical (substance abstinent) cohort, 

therefore, giving insight into the similarities and differences in mechanisms of disordered behaviour between GD 

and substance use disorder. A cross-sectional survey was conducted with a clinical sample of 64 substance 

abstinent participants and a control group comprised of 138 (convenience-sample) participants. The scores were 

standardised, and the control group was matched to the clinical cohort. The results suggested that gamers shared 

common at-risk behaviours (seen in both the clinical and non-clinical group). More specifically, problematic 

behaviours were more pronounced in abstinent substance use gamers, and more so in poly-substance use gamers. 

The findings suggest that maladaptive coping style and co-occurrence appear in both groups. More 

specifically, dysfunctional coping strategies were found across both groups, and the maladaptive coping was found 

to be higher in the substance-abstinent gamers. This finding suggests that poly-substance users (i.e., individuals 

who take more than one illicit substance concurrently) may be at a higher risk of developing a repetitive use of 

videogames, representing a unique risk factor within gamers abstaining from substance use. This is an important 

finding because it highlights the complexities of clinical symptomology, and the way in which co-occurring use 

may manifest other potential underlying risk factors (Najt et al., 2011). Indeed, previous research has evidenced 

the co-occurrence of substance use and other addictive behaviours (Kotyuk et al., 2020). Chapter 5 adds to the 

discourse suggesting that there can be overlaps in problematic/disordered behaviours and substance use. Taken 

together, Chapters 3 and 4 illustrate that GD has both a neurophysiological underpinning and demonstrates 

observable maladaptive behaviours which mirror other disordered behaviours such as substance abuse disorder. 

The US National Institute of Mental Health (NIMH) advocates using Research Domain Criteria (RDoC) 

and a multidimensional approach that includes observable behaviour and neurophysiological measurements to 

understand complex human behaviours and the mental disorder continuum (Clark et al., 2017). Chapters 4 and 5 

established that there appears to be an empirical basis for both the neurophysiology and behavioural expression 

of GD, lending support to its inclusion in the ICD-11 and DSM-5 (American Psychiatric Association, 2013; World 

Health Organization, 2019). Furthermore, they demonstrated that gamers may have varying experiences due to 

the coping mechanisms they employed, with the studies suggesting that dysfunctional coping strategies can result 

in aggravation  of disordered behaviours through a cycle of reciprocity (i.e., co-occurrence). However, it has been 

noted that co-occurrence (e.g., substance-use) can manifest in different ways due to cultural influences (Burleigh, 

Griffiths, et al., 2019). As Chapters 4 and 5 focused on smaller groups from different geographical locations, it 
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was then important to understand how co-occurrence and maladaptive coping strategies may present themselves 

across different individual-oriented countries.  

Indeed, the identification of individuals who may be at risk of developing maladaptive coping strategies 

– and the way in which their geographical location, and problematic behaviours such as GD or substance use may 

influence it – may have implications in both a research and clinical setting. Therefore, the aim with Chapter 6 was 

to identify profiles of individuals characterized by unique patterns of disordered behaviours (e.g., gambling, 

substance use), personality factors (e.g., neuroticism), co-occurrence, and coping strategies across individualised 

countries (i.e., Australia, New Zealand, and the United Kingdom). A cross-sectional survey was distributed across 

four different universities in three different countries. The total samples across Australia, New Zealand, and the 

United Kingdom were 1185, 170, and 561, respectively. A latent profile analysis (LPA) was conducted to 

investigate the potential differences between high-risk and at-risk groups by exploring how gaming, problematic 

behaviour and substance use, personality factors, and coping mechanisms were reported within these 

individualistic cultures.  

The findings suggest that across each cohort, there was a consistent high-risk profile in which individuals 

scored consistently higher across substance use variables with varying elevated levels of behavioural variables 

(e.g., gaming). In addition to this, each cohort contained a profile which demonstrated at-risk scores (i.e., scores 

which were lower than the highest profile, but were higher than low-risk profiles). Both the high-risk and at-risk 

profiles consistently demonstrated higher scores on dysfunctional coping strategies, and lower scores on 

conscientiousness. In addition, scores on emotional stability were low in both the risk profiles and low-risk 

profiles. Therefore, there appears to be an at-risk cohort present in each country which score highly across multiple 

problematic behaviour measures. Considering their high scores in relation to dysfunctional coping strategies and 

gaming, they may utilise gaming as a maladaptive coping strategy, and as a result other accompanying potentially 

addictive behaviour or substance use may be influenced (Pontes, 2018).  

The findings also suggested that the manifestation of substance use (e.g., alcohol, cigarette use, etc.) and 

problematic behaviours (e.g., gambling, gaming, sexual activity, etc.) can be influenced by the country that the 

participant resides in, as indicated by the differing risk-factors (e.g., problematic sexual behaviour is scored higher 

in the NZ high-risk cohort compared to the AU and UK high-risk cohorts) found within each cohort (Andreetta et 

al., 2020). Therefore, when considering gamers from individually-oriented countries, it is important to be 

cognisant of the variations found in the manifestations of GD and accompanying potentially addictive behaviours 

– and the co-occurrence of those behaviours – to allow for more precise identification of at-risk behaviours, which 

will result in more favourable treatment outcomes for those who are considered to be an at-risk or high-risk 

individual. 

Methodology 

In the present doctoral research project, quantitative research methods were employed, integrating novel 

ML methodologies in conjunction with EEG data. In the first empirical chapter (Chapter 4), EEG data were 
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collected from a number of participants. There are several advantages to utilising EEG data over other 

neuroimaging techniques. For example, collecting EEG data does not require invasive scanning; it is more mobile 

than other neuroimaging machine (e.g., fMRI); it is also more accessible; and has a lower financial cost to utilise 

(Burleigh et al., 2020). In addition to this, EEG can capture spatial temporal brain data (STBD) when the human 

brain is activated by cognitive tasks, or even when it is at rest. It has also been used to investigate various disorders, 

with spectral and coherence analyses being employed to investigate addiction (Houston & Ceballos, 2013). 

Furthermore, EEG is capable of recording said STBD with high temporal resolution, allowing it to detect changes 

across the brain in milliseconds (Doborjeh et al., 2016). EEG is also able to detect and capture changes associated 

with perception and cognitive function, such as memory and attention. Consequently, EEG data analysis can be a 

complex task, and as such a wide range of methodologies have been used to interpret the data, such as AI-related 

approaches (Burleigh et al., 2020). Therefore, the use of EEG to collect neurophysiological data within Chapter 4 

seemed appropriate due to the mobility, cost effectiveness, and its use within the behavioural addiction field.  

Furthermore, EEG has been used with ML methodologies to improve classification of disorders using 

neurophysiological data (Drysdale et al., 2017). More specifically, ML methodologies have been used to improve 

prognosis and diagnosis in mood disorders using neurophysiological data (McGinnis et al., 2018; Tekin Erguzel 

et al., 2015). In recent years, there has also been preliminary use of SNN models and methodologies in conjunction 

with EEG data to analyse and interpret substance abuse data (Doborjeh et al., 2016; Doborjeh & Kasabov, 2016). 

When using SNN models (to analyse and interpret EEG-related STBD), results have demonstrated superior 

classification accuracy when compared with more traditional ML techniques such as support vector machine or 

logistic regression (Doborjeh et al., 2016). Therefore, given these methods appear to be under-utilised in the GD 

field (see Chapter 2 [i.e., Burleigh et al., 2020] and Chapter 3, for review), the present doctoral research project 

evaluated the efficacy of a novel ML SNN model in conjunction with complex STBD.  

Moreover, deeper modelling insight into neural circuitry, information processing, and plasticity in brain 

areas is important in building an understanding between disordered gaming symptoms at the neural level and the 

resulting behavioural disorder of an individual. In order to provide novel insights into the potential use of neural 

networks and to identify specific neurological behaviour and disordered behaviour, in Chapter 4, a novel 

computational framework of brain-inspired SNN (i.e., the NeuCube) was applied to resting EEG data to 

investigate the differences between recreational and problematic gamers. Indeed, the use of a SNN, which 

considers both the space and time components of STBD, was an appropriate tool for the investigation of the 

neurophysiological presentation of gamers investigated in Chapter 4.  

In addition to the aforementioned methods, self-report surveys were collected and analysed in both 

Chapters 5 and 6. While Chapter 5 contained a clinical sample which had been clinically evaluated, the general 

cohort in Chapter 5 and the cohorts in Chapter 6 were collected from the general public. Therefore, additional 

caution is advised when interpreting results as the self-reported measures used do not indicate a clinical diagnosis. 

However, it should be noted that self-report measures are commonplace in psychological research and have a 

number of benefits to being used (Frankfort-Nachmias et al., 2015). For example, self-reported surveys are a cost-
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effective way to reach a wider sample as they do not require professional training for distribution or 

administration. Moreover, they are anonymous, and allow for participants to consider their responses. 

However, there are several associated disadvantages. Self-report surveys must include simple and easy 

to understand questions, which may result in the questions being limited in their depth. Furthermore, researchers 

cannot follow up open-ended questions, and there is a limited amount of control to the environment when a 

participant is completing the survey, which may lead to distractions (Frankfort-Nachmias et al., 2015). 

Nevertheless, it has been suggested that there is not a significant difference between self-rating and clinical ratings 

regarding disordered behaviours. Therefore, self-report measures may closely reflect a participant’s 

symptomology in relation to a disordered behaviour (Jackson et al., 1998). Furthermore, it is common practice 

within clinical psychology to utilise psychometric screening tools to evaluate a patient’s mental health prior to 

treatment (Bernstein et al., 2020). Moreover, self-reported symptom severity has been used to discriminate 

between participants with and without clinically diagnosed disorders (Jackson et al., 1998), which supports the 

use of self-report measures for screening and initial evaluation. This demonstrates the efficacy of self-report 

measures as an appropriate tool when assessing an individual’s behaviour, and therefore was a suitable tool to use 

within the empirical chapters when assessing problematic behaviours in both clinical and non-clinical samples.  

Limitations, Implications, and Future Research 

There are a number of limitations within the present doctoral research project. The following section 

highlights a number of these, in addition to the ones presented throughout the empirical chapters. It should be 

noted that each empirical chapter was of a cross-sectional design and while the respective results offer insights 

into the associations between the assessed variables, a causal relationship cannot be determined. Consequently, 

longitudinal research should be considered to provide insight into the variables’ effects over time. This will allow 

researchers to better understanding the neurophysiological underpinnings of GD and how the factors identified in 

the empirical chapters may change over time. This may offer insight into the development and maintenance of 

disordered behaviours.  

In regard to ML models, there are still technical challenges when using a SNN architecture, such as the 

NeuCube. For example, there is currently no robust information theory supporting the design and implementation 

of SNN, the choice of network structure (e.g., the placement of input neurons), and the additional hyperparameter 

for each application (e.g., classifying mood disorders, or behaviour disorders) is based on heuristic measures and 

expert opinion (Tan et al., 2020). Therefore, it is difficult to generalise and optimise the operation in a number of 

different settings (e.g., clinical settings). Consequently, additional research is needed into the use and parameter 

optimisation of SNNs, making them more accessible to the scientific and clinical communities. Nevertheless, the 

use of the NeuCube within GD has practical implications for the field because it paves the way for SNNs being 

used in the classification and prediction of various disordered behaviours, such as gambling disorder.  

Future research should investigate other behavioural disorders to further test the accuracy and sensitivity 

of the NeuCube within the addiction field. In addition to this, replicating the findings presented in Chapter 4 is 
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also an important direction to consider because this will strengthen the hypothesis that behavioural addictions 

such as GD appear to have a specific neurophysiological basis similar to other substance use addictions (Park et 

al., 2021). In doing so, the NeuCube may become a valuable tool in the predication and/or assessment of 

disordered behaviour. However, additional research is needed to assess the viability of such an idea.  

It should also be noted that, as pointed out in Chapter 4, there was no control group used within that 

empirical study (i.e., participants who did not play videogames). Unfortunately, due to the global COVID-19 

pandemic, it was not possible to collect participants during the projected data collection phase. However, a study 

which was conducted using microstate EEG found that there were no significant differences between recreational 

gamers and healthy controls (Wang et al., 2021). Consequently, it was decided that the use of a single recreational 

gamer cohort would be viable. However, future research should address this gap by implementing control groups 

to investigate the difference in resting state data using SNN.  

The research within the present project has implications for the conceptual underpinnings of GD, its 

classification, and prediction in a research setting. Firstly, in Chapter 4, STBD in conjunction with the SNN 

architecture the NeuCube was used, providing a unique opportunity to better understand the complex interactions 

of space and time in EEG data. Indeed, the study presented in Chapter 4 represents the first foray into using this 

particular method in the disordered behaviour field (to the author’s knowledge), offering a novel step forward in 

the use of AI-related methodologies. However, further investigating differences of the connectivity weights within 

the SNN using traditional statistical methods will require appropriate sample size. Nevertheless, using the 

NeuCube within this context has implications for understanding the neurophysiological expression of GD. It has 

been suggested that behavioural disorders have a neurophysiological basis similar to that of substance use (Park 

et al., 2021), and the present research project suggests that this too may be the case with GD. In addition to this, 

it also paves the way for SNNs to be used in the classification and prediction of other behavioural disorders.  

The findings also have extended implications in the behavioural presentation of GD in clinical cohorts, 

which should be considered in clinical research. In Chapter 5, previous research which focuses on co-occurrence 

(Walther et al., 2012), and coping (Schneider et al., 2018) was expanded on, and as recommended by previous 

research, utilised a clinical population sample (Burleigh et al., 2019). In Chapter 5, the effect of co-occurring 

disordered behaviour on the association of dysfunctional coping strategies was emphasised, resulting in a cycle 

of reciprocity (Gossop, 2001; Haylett et al., 2004; Martin et al., 2014). This has important implications for clinical 

research because it highlights the need for assessment of multiple risk factors associated with disordered 

behaviours and suggests that clinicians and researchers should be aware of the different types of co-occurrences 

which may accompany specific disordered behaviours (Burleigh et al., 2019). This adds to the growing literature 

that suggests that clinicians need to consider underlying co-occurring disorders which may require an integrated 

treatment approach (Carrà et al., 2015; Roncero et al., 2017). Therefore, additional research is needed into specific 

aspects of gaming in order to ascertain the way in which it may facilitate co-occurrence because gamers were 

found to score significantly higher across disordered behaviour measures when compared to healthy controls.  
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In regard to gaming populations, there is a need for more research into the impacts of problematic gaming 

in gamer populations who suffer clinical symptomology, such as substance use disorder (Burleigh, Griffiths, et 

al., 2019). Interestingly, the findings in Chapter 5 indicated that while disordered gaming scores were not 

significantly different between non-clinical and clinical cohorts, the results suggested that other behaviours, such 

as problematic sexual activity, may instead play a replacement role in gamers. Therefore, future research should 

investigate problematic behaviours with larger clinical samples, examining a variety of substance uses with a 

focus on specific co-occurring usage, whilst considering the onset and length of use in relation to the development 

of other problematic behaviours. 

In regard to coping, Chapters 5 and 6 further expanded previous work in regard to coping strategies 

(Loton et al., 2016; Plante et al., 2019; Schneider et al., 2018), highlighting that dysfunctional coping styles 

influence the association between psychopathology, personality, and videogame use. Indeed, in Chapter 5, these 

findings are extended to a sample of gamers and substance-abstinent gamers. While the results presented in 

Chapter 6 support that high-risk gamers (i.e., from a general sample) consistently scored higher on dysfunctional 

coping compared to their at-risk counterparts, which suggests that the maladaptive coping strategies used are 

likely well established. These findings have implications for preventive efforts for gamers whether it be those 

with at-risk behaviours or clinical symptomology. For example, research should consider exploring the 

effectiveness of psychoeducation within gamer populations.  

Psychoeducation has been shown to be a useful tool for substance users in treatment as substance users 

often lack insight into their symptomology (Ekhtiari et al., 2017), and in Chapter 6 it was suggested that 

psychoeducation may be an efficacious approach despite varying cultural backgrounds as consistent coping 

strategies were present across different countries. Therefore, a psychoeducation approach should be investigated 

to aid a wide range of different gamers in learning the risks of co-occurrence and replacement behaviours and 

which coping styles are implicated in the process. This could be done by investigating the over-time development 

and/or maintenance of these coping strategies, with a specific focus on identifying specific known risk factors 

(e.g., co-occurrence) and gaming-related elements (e.g., playstyle or game genre) that may act as risk or resilience 

factors in the development of maladaptive coping.  

Taken together, the present studies suggests that co-occurring behaviours within GD and other disordered 

behaviours may be enforced through dysfunctional coping strategies (Heggeness et al., 2020; Kuss et al., 2017). 

Moreover, the present doctoral thesis offers a novel insight into the links between maladaptive coping and 

potential co-occurrence within in a clinical sample, and samples across multiple cultures. It demonstrates that 

when considering potential substance and behavioural addictions, a more nuanced understanding should be 

considered, one that not only considers any primary presenting behaviours, but also considers potentially 

problematic secondary behaviours; therefore offering an integrated treatment approach (Carrà et al., 2015; 

Roncero et al., 2017). In addition to this, research has suggested there is an effect of co-occurring addictive 

disorders on treatment efficacy, indicating that treatment efficacy can be increased when considering not only the 

primary disorder, but also other secondary problematic disordered behaviour (Burleigh, Kuss, et al., 2019; Kuss 

& Pontes, 2019). Therefore, clinicians should consider an integrated treatment approach; a paradigm which has 
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gained traction in the substance abuse field (Carrà et al., 2015; Roncero et al., 2017). However, what is less clear 

from the empirical chapters is the extent to which gaming activities themselves differ across individual-oriented 

countries and how co-occurrence and maladaptive coping behaviours may influence adverse outcomes in a range 

of gamers. While it is possible that perceptions and nuanced risk-factors around videogame use may differ across 

studies due to the geographical location of the participants included (Lee & Wohn, 2012; Stavropoulos, Baynes, 

et al., 2020), further multi-cultural data are required to investigate this theory. 

Summary and Conclusion 

The present doctoral research project sought to further understand the conceptualisation of GD using 

multiple systematic research methods of the present literature, the use of neurophysiological EEG data, a ML 

approach which utilised a novel SNN architecture (i.e., the NeuCube), and the use of surveys to reach a clinical 

cohort and three cohort spanning three different countries in an effort to investigate the way in which co-

occurrence may influence gamers and at-risk gamers. This was achieved by exploring the similarities and 

differences in the neurophysiological expressions of recreational gamers and problematic gamers. The findings 

presented in Chapter 4 supported the hypothesis that problematic gamers experience different neurophysiological 

symptoms than those who recreational game. Not only that, but it also utilised a novel ML methodology to be 

used in the classification of problematic gaming, which has the potential to be used as a cost-effective method of 

classification when used in conjunction with EEG spatial-temporal brain data.  

In Chapter 5, results were presented from a study investigating the mechanisms underlying the difference 

between recreational and problematic gamers (in both a general and clinical setting), focusing on co-occurrence 

and coping strategies. The findings identified similarities between each cohort, suggesting that maladaptive coping 

strategies were significantly associated to gaming scores, and that gamers appeared to experience co-occurrence 

more so than their non-gamer counterparts. To better understand the profile of these at-risk groups, the next study 

presented in Chapter 6 used large-scale cross-sectional sample, finding that at-risk and high-risk gamers may 

utilise gaming as a maladaptive coping strategy and other accompanying potentially addictive behaviour, or 

substance use may be influenced as a result. Moreover, the findings also suggested that the manifestation of these 

factors can be influenced by the countries in which an individual resides because within the present research each 

individualistic country appeared to vary in dominate risk factors within the at-risk groups (e.g., the AU and NZ 

cohort scored more highly within the at-risk group for problematic gaming use compared to the UK at-risk profile, 

see Chapter 6).  

Taken together, the present doctoral project further clarified the conceptualisation of GD, utilising a 

neurophysiological underpinning which is further supported with observed behaviour as suggested by the NIMH. 

It provides a novel and effective method of analysing and identifying GD in individuals, thereby contributing to 

the identification and potential diagnosis of GD. In addition, it places an emphasis on the importance of 

understanding co-occurrence and specific at-risk factors (e.g., coping) which may contribute to the development 

and maintenance of problematic or disordered gaming in a clinical sample. Moreover, it asserts that when 

assessing co-occurrence within different individualistic societies, clinicians and researchers alike should consider 
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the potential unique risks that specific location (e.g., a higher rate of alcohol use in one individualistic country 

may not be reflected in another individualistic country) in order to provide an integrated treatment approach. In 

sum, the findings offer a multidimensional conceptualisation of GD, drawing parallels with other disordered 

behaviours and substance use, and further supporting the GD classification as a multi-faceted behavioural 

disorder.  
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