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Abstract
Digital games are a dominant form of entertainment and of increasing interest to HCI researchers. Unlike productivity applications, the chief outcome of a game is the experience it provides and one of the key aspects of that experience is the feeling of immersion. Immersion can be measured using the Immersion Experience Questionnaire (IEQ) (Jennett et al., 2008), however this scale was developed over 16 years ago using outdated methods and its length (31 items) makes it unsuited for studies which use multiple scales or recruitment platforms which charge by the minute. To address this, we used item response theory and open science practices to develop a new Immersion Experience Questionnaire Short Form (IEQ-SF). We performed a large-scale factor analysis and developed a candidate short-form with 11-items which represent the subfactors of Involvement, Real-World Dissociation and Challenge. This scale was then validated with four studies using a mix of existing data available through Open Science and a new validation study. The short-form was found to function very similarly to the original IEQ. We also provide best practice guidelines for development of short form scales, and through OSF, all analysis scripts and data used during this scale development. 
Introduction
Digital games have become increasingly dominant both as a form of leisure (Unity Technologies, 2022) and a domain of study by HCI researchers.  As a research domain, games differ from early HCI studies for which the key goal was the maximising of productivity. Instead, the key feature of digital games is the experience of playing and arguably the most important aspect of that experience is that users are engaged – they play because they want to.  Game engagement has accordingly attracted considerable academic interest, both in its own right and in terms of concepts such as flow, enjoyment, presence and immersion. Though these terms differ, there is growing evidence that pragmatically they are simply different facets of engagement (Denisova et al., 2016). As a significant facet of game engagement, immersion has been found to be highly valued by players and developers (Brown & Cairns, 2004) and refers to the experience of finding the game so engaging that players do not notice their surroundings and feel “in the game” (Brown & Cairns, 2004; Jennett et al., 2008). Game immersion has been seen as a product of sensory, gameplay and narrative factors (Abeele et al., 2020; Calleja, 2011; Jennett et al., 2008; Mäyrä & Ermi, 2005) and found to be moderated by specific changes to in game design (Denisova & Cairns, 2015; Iacovides et al., 2015; Sanders & Cairns, 2010).  Players enjoy more immersive games (Brown & Cairns, 2004) so increasing immersion is a goal for game designers but immersion has also been linked to both positive game effects such as learning (Cheng et al., 2015; Hamari et al., 2016) and negative effects such as addiction (Seah & Cairns, 2008).
Accordingly, considerable research has been done onto how games create immersion and how this can be increased. A key prerequisite for these studies is a robust measure of immersion. Physiological measures such as EEG (Burns & Fairclough, 2015), ECG (Nacke & Lindley, 2008), Eye tracking (Cox et al., 2006) and attention (Cutting & Cairns, 2022) have all been used, but the majority of studies quantify players’ feelings of immersion with a post-game questionnaire. Of these questionnaires the most widely used is the 31-item Immersion-Experience Questionnaire (IEQ) (Jennett et al., 2008) with over 2000 citations, translations into other languages such as Bahasa Malaysia (Nordin et al., 2018), and use in numerous player experience studies. 
However, in the 16 years since the IEQ was created, the requirements and context for player experience questionnaires has changed; in particular there is now a need for shorter questionnaires that take less time to fill in. The original IEQ has 31 questions and can take around 3 minutes to complete. Many game experience studies are now run via online recruitment platforms such as Mechanical Turk (e.g. Bowey et al., 2015; Johanson et al., 2019) or Prolific (e.g. Cutting & Iacovides, 2022) which charge researchers for every minute of time taken by participants. In a short study taking ten minutes, filling in a long questionnaire can easily take 25% of the study time and accordingly 25% of the participant fees. A shorter questionnaire thus has the potential to save 10-15% of the whole study cost. This is more of an issue in studies that use a battery of questionnaires to measure changes in experience over time or several different constructs, so that filling in the questionnaire may form a significant part of the study duration which then both increases cost of research and raises concerns that participants will become fatigued or bored and the quality of their responses will suffer (O’Brien et al., 2018). In response to these concerns, researchers have used individual subscales of longer questionnaires such as the Intrinsic Motivation Inventory (Deci & Ryan, 1985), used short questionnaires such as the 6-item NASA-TLX (Hart & Staveland, 1988) and the 10-item System Usability Scale (Lewis, 2018) or created short-forms of already established questionnaires such as the User Engagement Scale (O’Brien et al., 2018). However, none of these approaches are suitable for measuring immersion because the current IEQ requires all subscales to measure immersion and there is, as yet, no appropriate short form immersion questionnaire.
A further consequence of the time that has passed since the creation of the original IEQ is that there have been two main developments in the field, which were not available at the time, but now present an opportunity to create an improved questionnaire. The first of these advances is the availability of tools for using Item Response Theory (IRT) (Embretson & Reise, 2013), which has been made easily available through the mirt package (Chalmers, 2012) for the R statistics system. IRT improves on the Classical Test Theory (CTT) used to develop the original IEQ in that IRT considers that responses to individual test items may be due to both differences between the items and differences between the respondents.  The second of these advances is the Open Science movement (Munafò et al., 2017; Nosek et al., 2015; Vornhagen et al., 2020), which in response to the replication crisis in psychology and other disciplines (Cockburn et al., 2020; Shrout & Rodgers, 2018; Tackett et al., 2019) has normalised the sharing of datasets. The original development and validation of the IEQ was limited to whatever the data the original authors could collect which was only 244 participants. Now, in part due to the IEQ’s success, many more immersion data sets have been collected and due to the Open Science movement, they are available for use in creating improved questionnaires. As a further consequence of Open Science developments, new questionnaires can be developed using open principles of pre-registration and data sharing thus creating improved transparency and accountability over previous immersion measures.
Therefore, in response to the requirement from researchers for a shorter version of the IEQ alongside developments in Open Science and item response theory, our goal is to develop a modern measure of immersion designed to meet the pragmatic requirements current player research. In this paper, we describe the development of the Immersion Experience Questionnaire Short Form (IEQ-SF) including the selection of question items and an extensive testing and validation process. 
Background
This section explores the current context of both game immersion measurement and questionnaire development techniques in order to determine a rigorous, pragmatic methodology that will create a short form which is appropriate for current needs. As such, it first discusses research on immersion and approaches to measuring game experience including the existing Immersion Experience Questionnaire (IEQ). We then describe advances in scale development since the original IEQ and the implications of the rise of the Open Science movement on the creation of questionnaires. Finally, we consider recommendations for short form scale development and lay out the procedure we followed to develop the short form immersion experience questionnaire. 
The experience of immersion in video games and other media has attracted considerable interest from researchers. Brown and Cairns (2004) performed a grounded theory analysis of player interviews to find a common experience described as “When you stop thinking about the fact that you’re playing a computer game and you’re just in a computer”. Around the same time, Mäyrä and Ermi (2005) created a “gameplay experience model” in which they considered three different types of immersion; sensory, challenge-based and imaginative immersion which, roughly speaking, are created by the hardware, gameplay and narrative of a game respectively. 
Since then there have been a variety of formulations of immersion and game engagement, for example Curran (2013) focused on the identification of the player with the setting or characters of a game and Calleja (2011) extended immersion to the notion of incorporation as a collection of forms of involvement. These different formulations tend to not only consider the experience of immersion but what might be called the sources of immersion, that is, the elements of a game which engender the sense of immersion. Agrawal et al. (2019) recognised these different sources of immersion represented in the research literature. However, they synthesised a definition of immersion as an experiential outcome, much like Brown and Cairns (2004). That is, they say that immersion is a “deep mental involvement in which [people’s] cognitive processes (with or without sensory stimulation) cause a shift in their attentional state such that one may experience disassociation from the awareness of the physical world.”
It is such an experiential outcome that Jennett et al. (2008) operationalised as immersion across a set of studies. They related immersion to real world dissociation (Jennett et al., 2009) and concluded that immersion was a form of selective attention (Jennett, 2010). As part of this they developed the Immersive Experience Questionnaire (IEQ) which had five constituent factors of Cognitive Involvement, Emotional Involvement, Real World Dissociation, Challenge, and Control, the first three factors being the outcome of immersion and the last two aspects of the experience of games specifically that lead to immersion. 
Concurrent with these investigations into the nature of immersion were a number of approaches to creating measurement instruments. Jennett et al. (2008)’s initial experiments related immersion to reduced ability to carry out demanding tasks outside of the game, but since then a wide variety of physiological and other measures have been considered including EEG (Burns & Fairclough, 2015), ECG (Nacke & Lindley, 2008), Eye tracking (Cox et al., 2006) and attention (Cutting & Cairns, 2022). These physiological measures show some potential but the need for specialist equipment and real expertise in the use of that equipment (Aung, 2022) limits their widespread use. As a consequence, due to its ready availability and straightforward deployment, the most widely used measure has been Jennett et al’s IEQ. This was created using accepted standards of the time, based on 244 responses of whom only 5.7% were female and using classical test theory based on principal components analysis. The resulting 31 item questionnaire (see Appendix) has been very influential with around 2500 citations and has been employed to measure the effect on immersion of a wide variety of design elements including heads-up displays (Iacovides et al., 2015), camera perspectives (Denisova & Cairns, 2015), diegetic game elements (Pfister & Ghellal, 2018), augmented reality (Zhang & Robb, 2021) and emotional aspects of game play (Robinson et al., 2018). The IEQ has also served as the basis for investigations of immersion in non-game contexts, such as the 24 item Film IEQ scale (Rigby et al., 2019) for measuring immersion in non-interactive video experiences. 
Since the original IEQ was created in 2008, the field of player experience has blossomed – a recent Google scholar search of the term “Player experience” gives 19,200 results.  Immersion is one aspect of the broader concept of player experience and the IEQ is just one of many game experience questionnaires such as the Game Engagement Questionnaire (GEngQ) (Brockmyer et al., 2009) or PENS (Ryan et al., 2006) looking at engagement through a variety of different lenses. Denisova et al. (2016) compared these two questionnaires with the IEQ and found a high degree of overlap. Despite this overlap, there are several issues which prevent these scales being effective short measures of immersion. The GEngQ was developed for use in horror games and only contains a single item directly related to immersion. PENS has some validity issues (Johnson et al., 2018) but the biggest issue with this scale is that it is proprietary, which is in direct contradiction to Open Science goals of transparency of measurement, so we cannot recommend the PENS for any research which aims to be replicated. The PXI (Abeele et al., 2020) is an open validated scale which contains a 3-item immersion construct. However, Perrig et al. (2024) re-validated the scale on 1518 players and found low reliability and validity for the immersion construct. These issues suggest that existing scales, including the IEQ, which were developed using older analysis and data gathering techniques may not live up to modern standards of transparency and validity. 
The context of studies has also changed since early work on player experience, rather than lab-based studies which use a single questionnaire, modern studies are increasingly likely to be online, subject participants to a battery of different questionnaires and recruit them via platforms such as Mechanical Turk or Prolific which charge for every minute of study time.  All of these factors mean that researchers are finding that older scales with 30-40 items are too long and so turn to subscales of long questionnaires (O’Brien, 2016) or short-form scales such as the User Experience Scale Short Form (O’Brien et al., 2018) and the miniPXI (Haider et al., 2022).  These developments suggest that modern statistical techniques and data availability could be used to create a new short immersion scale which will be both quicker to complete and have higher validity than the existing IEQ. 
Another development since the development of the original IEQ is the rise of the Open Science movement. This movement was prompted by the “Reproducibility crisis” finding that a significant proportion of results in leading psychology journals could not be replicated (Open Science Collaboration, 2015). Similar findings and concerns have been raised for other fields such as cancer research (Begley & Ellis, 2012) and artificial intelligence (Hutson, 2018). In response, recommendations have been made for increasing transparency and openness (Nosek et al., 2015) with a view to increasing reproducibility (Munafò et al., 2017). These proposals are known as “Open Science” and have two main focuses; transparency of all aspects of study and pre-registration of hypotheses before they are tested. Transparency consists of reporting all aspects of a study’s design; including all experimental materials, all analytical code, all results and all experimental data. Pre-registration of hypotheses entails publishing a detailed plan of the analysis and hypotheses to be tested before they are carried out. The motivation for this is to ensure against “p-hacking” in which multiple hypotheses are tested to find one which gives a significant outcome which is then published as though it were the only test. The Open Science movement was motivated by a desire to ensure the reproducibility of experimental results and a key criterion for a successful scale is that results should be reliable, that is they should be highly likely to be reproduced. As such, it follows that the principles of transparency and pre-registration can also improve questionnaire development. Questionnaire development requires large data sets which previously needed to be collected specifically for each questionnaire, but now Open Science transparency requirements mean that existing studies which use questionnaires are more likely to publish the full data set. Accordingly, for the development of our new scale we have made use of existing published data sets for both exploratory scale analysis and for subsequent validation of the resulting questionnaire. As well as providing additional data for analysis, Open Science practices of transparency and pre-registration also allow us to improve the reproducibility and confidence of our scale. By pre-registering our validation studies, we ensure that neither scale nor analysis were altered so that the scale validated successfully. By publishing our analysis code and data sets we make the scale development more open and provide a resource for future researchers. It is important to note that Open Science critics have raised concerns about privacy, misuse of personal data (Dennis et al., 2019; Ruben & Stosic, 2024) and implications for early career researchers (Allen & Mehler, 2019). Thus, Open Science should not be seen as a universal requirement for all research. However, all data in this study is completely anonymised which we believe obviates any privacy concerns and the additional benefits of transparency and reproducibility create a stronger basis for future work by other researchers. 
[bookmark: _Ref164353133]Best practice for developing short forms
It is well recognised that a short form of questionnaires can be useful and that many established questionnaires therefore have a short form, e.g. the well-known Eysenck Personality Questionnaire (EPQ) has at least two short forms (Colledani et al., 2019). However, there are not widely recognised procedures for producing a short-form that have kept pace with more recent developments in the creation of questionnaires.
A relatively old but still relevant resource is Smith et al. (2000). This offers systematic guidance on producing short forms as a set of recommendations. The first and probably most important recommendation is to make sure that the starting point is a well validated “long” form. Another recommendation is to ensure that where the long form has multiple factors, those multiple factors are captured in any short form and remain valid and meaningful in relation to the original factors. The final recommendation is to evaluate whether the short form actually delivers the benefits that were intended.
Smith et al mainly consider short-form development in the context of Classical Test Theory (CTT) (Crocker & Algina, 1986) which is based on the assumption that each participant has a “true score” for the underlying concept to be measured. Accordingly, the error rate between the true and recorded score can be minimised by using factor analysis to create an optimum scale.  Up until recently, CTT was the most commonly used method for creating both long and short form scales (Prieto et al., 2003) due to the easy availability of factor analysis tools and the comparatively low computing power requirements to use them.  However, Smith et al. did also consider Item Response Theory (IRT) which considers variability within both items and participants and note that it is superior to CTT in creating smaller more reliable scales. A noteworthy aspect of this is that IRT acknowledges that some items may be more likely to have random answers, some may be more likely to have positive responses and others are better at discriminating differences in the underlying concepts (O’Brien et al., 2018). At the time Smith et al (2000) were writing, IRT required prohibitively high computing power to run, however now both the computing power and tools (Chalmers, 2012) are available so IRT can be considered the recommended technique for short form development. 
Another approach to factor analysis that Smith et al. were not in a position to consider is the use of bifactor analysis (Reise, 2012). In this approach, the underlying model is that there is a general factor, g, that represents and captures the core concept represented by the questionnaire, for example IQ or Immersion. There are then distinct subfactors that represent related but distinct variations on that core concept, for example for IQ, there are verbal and mathematical reasoning factors that are correlated with g but that are also conceptually distinct. A bifactor model assumes that each item loads on g and one other subfactor. The value of this approach is in recognising whether the concept being considered is meaningfully decomposed into distinct subfactors, like say personality questionnaires, or, like IQ, better interpreted as a single factor with some distinct sources of variation.  
Smith et al. therefore remains an important guide for the development of short forms but there is growing recognition that these new methods of factor analysis should be used (Greer & Liu, 2016). More significantly, Greer and Liu also emphasise the importance of both theoretical and empirical bases for the selection of items from the long form. Items can be selected (or not) based on their similarity of wording to other items, possible wording ambiguities, possible unreliable interpretations of wording depending on the context as well as closeness to the concept being measured. This selection should further consider statistical measures, specifically item-total correlation and whether dropping an item brings about any change in reliability as measured by the Cronbach alpha. This latter measure is referred to as the “alpha if dropped” for the item.  They suggest a minimum threshold of 0.2 for item-total correlations to indicate that an item is acceptable and that if the alpha-if-dropped is appreciably less than the factor’s overall alpha, then the item is important to the factor. 
A more extreme approach to producing a short form is through exploring the space of all possible short forms whether exhaustively or through some optimisation algorithm such as genetic algorithms (Franzen et al., 2022). However, this can only be done in relation to statistical measures, such as reliability and neglects considerations of the conceptual underpinning of scale being produced contrary to the recommendations of Greer and Liu and others such as Cairns (2019 Chapter 17).
As well as being a more robust method, IRT can provide a measure of the information captured by each item (Koğar, 2020). Items that are more informative about the latent traits represented by the model are clearly better than less informative items. However, there are no guidelines as to what constitutes a more informative item in the context of items with multiple responses such a 5-response Likert scale. Practically speaking though, the factor loading of an item on the latent concept does broadly correspond to the informativeness of items and therefore we can use more traditional factor loading thresholds for considering this.
In addition, IRT can also produce individual item fit statistics, specifically Infit and Outfit, that Greer and Liu recommend being considered with good items having acceptable standardised fit measures between 0.5 and 1.5 (1.0 is the ideal). 
There are also other considerations in the various recommendations such as considering item difficulty (e.g. Calamia et al., 2011) and whether items function differently between different subpopulations (e.g. Smith et al., 2000). However, these typically require maturity in the existing measures so that, in effect, the proposed items of the short form can be evaluated against an established ground truth. In the field of player experience questionnaires, we are simply not able to produce the required benchmarking because of the subjective nature of any instance of an individual’s particular experience.
Overall, we propose the following steps for the development of a short form questionnaire in the context of existing player experience instruments where it is (currently) impossible to identify a ground truth of the actual experience. These steps build primarily on Smith et al but incorporate the use of IRT and bifactor analysis into the approach:
1. Select a well validated questionnaire of the player experience of interest as the long form (Smith et al., 2000).
2. Confirm the factor structure of the long form using exploratory factor analysis and confirmatory factor analysis including bifactor analysis (Reise, 2012; Smith et al., 2000). 
3. Develop a candidate short form based on the wording of items in relation to the concepts represented and also consideration of the statistical properties of the shortened scales, specifically item-total correlations, Cronbach alpha and alpha-if-dropped (Greer & Liu, 2016). 
4. Confirm the factor structure of the short form on new data (Smith et al, 2000).
5. Validate the short form by evaluating its performance on new data (Smith et al, 2000). 
The remainder of the paper will proceed through these steps for extracting a short-form from the IEQ.
Short form development process
To develop our short form of the IEQ we followed the 5 steps outlined in the previous section on short form development best practice. 
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Figure 1 Diagram summarising the derivation of the 11 item IEQ Short Form (Steps 2,3 and 4 of our analysis). Processes are shown in blue rounded rectangles, inputs and outputs are in green. RWD is an abbreviation of the Real-World Dissociation factor. 

Step 1: Select a well validated questionnaire of the player experience of interest as the long form
In our case this was the existing 31 item IEQ (see Appendix) which is well validated and widely-used questionnaire. 
[bookmark: _Ref196483565]Step 2: Confirm the factor structure of the long form using exploratory factor analysis and confirmatory factor analysis including bifactor analysis
A key criterion for determining the best subset of questions is that the new shorter scale should include all of the factors which were included in the original scale (Smith et al., 2000). The original factor analysis of the IEQ (Jennett et al., 2008) found one omnibus factor and five subfactors; Cognitive Involvement, Real World Dissociation, Challenge, Emotional Involvement and Control. However, this was on a smaller data set using less sophisticated PCA and scree plot analysis. Also, the relationship between the overall IEQ and the constituent subscales was not clarified as bifactor analysis was not available at that time.
[bookmark: _Hlk142576752]To ensure our short form meets the requirements of this step of the process, we performed a new rigorous investigation of the IEQ factor structure using a large-scale data set (n=3539) of responses to the IEQ questionnaire (Perrett, 2018).  The respondents completed the survey in response to playing 669 different games that included Overwatch, Pokemon Go, The Sims 4, Rocket League and Monster Hunter: World. This dataset also contained another questionnaire and some demographic items to make a total of 67 items. Based on a ten percent trimmed mean, the mean time to respond to an item was 6.8s.
This dataset was split randomly into an exploratory half and a validation half.  The exploratory half was used for the exploratory factor analyses carried out for the initial exploration of the factor structure, and the selection of IEQ-SF items. The validation half was used later for the sole purpose of conducting the confirmatory item response theory (IRT) factor analysis. 
Exploratory analysis
The initial IEQ exploratory factor analysis only found one omnibus factor; however, this did not account for 6 of the 31 questions (Jennett et al., 2008). These omitted questions were from four of the five original questionnaire factors; 2 from Challenge, 1 from Cognitive Involvement, 2 from RWD and 1 from Control. Furthermore, the reliability statistics of the Challenge and Control factors were well below typical thresholds (see Table 1). 
	Factor
	Low loading items
	α (95% CI)
	Item-total r range
	α if dropped range

	Cognitive Involvement 
	22
	0.77 (0.73-0.77)
	0.31-0.62
	0.71-0.76

	Emotional Involvement
	n/a
	0.66 (0.63-0.68)
	0.35-0.62
	0.42-0.72

	Real World Dissociation
	8, 9
	0.75 (0.73-0.77)
	0.44-0.68
	0.70-0.74

	Challenge
	18, 20
	0.23 (0.17-0.29)
	0.37-0.74
	0.06-0.67

	Control
	10
	0.37 (0.32-0.42)
	0.13-0.51
	0.22-0.40


[bookmark: _Ref202775562]Table 1 Reliability analysis of the original formulation of the IEQ performed on the exploratory half of our large dataset (n = 1770).
To ensure that our new analysis considered all of the most likely factor structures we carried out five exploratory factor analyses corresponding to between 1 and 5 factors.  Structure exploration (Chalmers, 2012) was done using the mirt R package. Evaluations of scale consistency and validation analysis used the agricolae (De Mendiburu & Simon, 2015) and psych (Revelle, 2020) packages. For each of the 5 factor options the items with the greatest factor loadings were chosen in a shortlist, with a nominal exclusion threshold of a loading above 0.3 or below -0.3 for inclusion in the factor, as recommended by (Kline, 2000, 2014).
 Our main criteria for evaluating the factor structures were:
· Completeness: Does the factor structure account for as many of the original set of 31 questions as possible?
· Minimum cross loadings: Cross loading is when one question loads onto more than one factor.  It should be minimised to ensure that each factor is separate from the others (Kline, 1994)
· Parsimony:  factors offer a useful description of the concept of interest, in this case immersion, but to be effective it is generally better to have fewer factors provided they meaningfully represent the overarching concept.
· Conceptual clarity:  Each factor should map onto a single concept which is easy to relate to the experience being measured
Results
	
	1 factor
	2 factor
	3 factor
	4 factor
	5 factor

	
	1F-F1
	2F-F1
	2F-F2
	3F-F1
	3F-F2
	3F-F3
	4F-F1
	4F-F2
	4F-F3
	4F-F4
	5F-F1
	5F-F2
	5F-F3
	5F-F4
	5F-F5

	IEQ1
	0.72
	-0.58
	-0.30
	-0.50
	-0.32
	0.17
	-0.56
	-0.35
	0.11
	-0.02
	-0.23
	-0.35
	0.09
	-0.01
	0.41

	IEQ2
	0.76
	-0.73
	-0.13
	-0.65
	-0.16
	0.18
	-0.72
	-0.20
	0.12
	0.00
	-0.28
	-0.21
	0.08
	0.02
	0.54

	IEQ3
	0.62
	-0.68
	0.02
	-0.58
	0.01
	0.27
	-0.63
	-0.01
	0.22
	0.01
	-0.13
	0.00
	0.10
	-0.06
	0.61

	IEQ4
	0.54
	-0.66
	0.11
	-0.56
	0.11
	0.27
	-0.66
	0.06
	0.20
	0.07
	-0.13
	0.07
	0.11
	-0.01
	0.61

	IEQ5
	0.52
	-0.29
	-0.42
	-0.25
	-0.44
	0.07
	-0.13
	-0.37
	0.09
	-0.26
	-0.17
	-0.36
	0.06
	-0.22
	0.07

	IEQ6
	0.38
	0.07
	-0.80
	0.09
	-0.79
	-0.01
	0.03
	-0.79
	-0.03
	-0.03
	0.03
	-0.80
	0.00
	0.00
	-0.04

	IEQ7
	0.53
	-0.30
	-0.43
	-0.28
	-0.46
	0.00
	-0.23
	-0.42
	-0.01
	-0.16
	-0.24
	-0.44
	0.02
	-0.05
	0.08

	IEQ8
	0.25
	0.18
	-0.73
	0.21
	-0.71
	0.04
	0.08
	-0.74
	0.01
	0.08
	0.12
	-0.75
	0.06
	0.06
	-0.07

	IEQ9
	0.14
	0.22
	-0.59
	0.24
	-0.56
	0.08
	0.00
	-0.65
	0.02
	0.28
	0.22
	-0.65
	0.04
	0.17
	0.04

	IEQ10
	0.29
	-0.14
	-0.29
	-0.13
	-0.29
	0.00
	-0.26
	-0.34
	-0.05
	0.13
	-0.12
	-0.39
	0.02
	0.21
	0.11

	IEQ11
	0.54
	-0.48
	-0.16
	-0.52
	-0.22
	-0.15
	-0.16
	-0.08
	-0.08
	-0.54
	-0.59
	-0.12
	-0.01
	-0.22
	-0.13

	IEQ12
	0.54
	-0.17
	-0.68
	-0.15
	-0.70
	-0.02
	-0.06
	-0.64
	0.00
	-0.23
	-0.08
	-0.63
	-0.04
	-0.20
	0.08

	IEQ13
	0.66
	-0.59
	-0.17
	-0.57
	-0.21
	0.01
	-0.27
	-0.09
	0.06
	-0.50
	-0.57
	-0.11
	0.10
	-0.24
	-0.01

	IEQ14
	0.56
	-0.22
	-0.62
	-0.21
	-0.66
	-0.08
	-0.05
	-0.56
	-0.04
	-0.34
	-0.16
	-0.55
	-0.08
	-0.27
	0.03

	IEQ15
	0.48
	-0.21
	-0.49
	-0.19
	-0.51
	0.00
	-0.01
	-0.42
	0.04
	-0.33
	-0.12
	-0.40
	-0.02
	-0.29
	0.03

	IEQ16
	0.35
	-0.43
	0.09
	-0.48
	0.06
	-0.12
	-0.33
	0.10
	-0.11
	-0.22
	-0.46
	0.05
	-0.03
	0.03
	0.05

	IEQ17
	0.36
	-0.38
	0.00
	-0.13
	0.07
	0.83
	-0.19
	0.06
	0.80
	0.04
	-0.06
	0.03
	0.79
	0.03
	0.16

	IEQ18
	0.10
	-0.15
	0.05
	-0.32
	0.02
	-0.47
	-0.37
	-0.03
	-0.51
	0.08
	-0.47
	-0.12
	-0.31
	0.39
	-0.06

	IEQ19
	0.73
	-0.79
	0.00
	-0.75
	-0.04
	0.09
	-0.62
	-0.01
	0.08
	-0.23
	-0.46
	-0.03
	0.06
	-0.09
	0.38

	IEQ20
	0.26
	-0.21
	-0.08
	0.04
	-0.02
	0.83
	0.01
	-0.01
	0.83
	0.00
	-0.06
	-0.04
	0.89
	0.03
	-0.06

	IEQ21
	0.41
	-0.52
	0.11
	-0.52
	0.07
	-0.03
	-0.41
	0.09
	-0.04
	-0.17
	-0.30
	0.08
	-0.06
	-0.07
	0.27

	IEQ22
	0.29
	-0.41
	0.13
	-0.53
	0.09
	-0.34
	-0.58
	0.03
	-0.40
	0.07
	-0.17
	0.05
	-0.45
	0.06
	0.48

	IEQ23
	0.56
	-0.47
	-0.20
	-0.46
	-0.24
	-0.02
	-0.17
	-0.13
	0.02
	-0.46
	-0.35
	-0.11
	-0.03
	-0.36
	0.07

	IEQ24
	0.53
	-0.58
	0.03
	-0.55
	-0.02
	0.04
	-0.28
	0.09
	0.08
	-0.43
	-0.51
	0.07
	0.10
	-0.19
	0.04

	IEQ25
	0.34
	-0.34
	-0.03
	-0.21
	-0.02
	0.37
	-0.35
	-0.07
	0.32
	0.14
	0.28
	-0.01
	0.12
	-0.12
	0.63

	IEQ26
	0.33
	-0.25
	-0.15
	-0.06
	-0.12
	0.54
	-0.01
	-0.08
	0.56
	-0.12
	0.15
	-0.04
	0.40
	-0.26
	0.23

	IEQ27
	0.47
	-0.31
	-0.31
	-0.27
	-0.33
	0.04
	0.06
	-0.18
	0.11
	-0.53
	-0.09
	-0.11
	-0.06
	-0.62
	0.07

	IEQ28
	0.44
	-0.53
	0.08
	-0.57
	0.05
	-0.10
	-0.36
	0.11
	-0.08
	-0.32
	-0.56
	0.07
	-0.01
	-0.04
	0.05

	IEQ29
	0.67
	-0.83
	0.16
	-0.85
	0.12
	-0.05
	-0.71
	0.15
	-0.06
	-0.24
	-0.76
	0.09
	0.06
	0.09
	0.20

	IEQ30
	0.48
	-0.34
	-0.27
	-0.31
	-0.28
	0.07
	-0.20
	-0.26
	0.06
	-0.22
	-0.21
	-0.27
	0.06
	-0.17
	0.09

	IEQ31
	0.59
	-0.66
	-0.04
	-0.64
	-0.07
	0.05
	-0.52
	-0.02
	0.02
	-0.24
	-0.53
	-0.08
	0.11
	-0.04
	0.18


[bookmark: _Ref142554427]Table 2 Multidimensional exploratory factor analysis results. The numbers in the column headers refer firstly to the number of specified factors, and then to the specific factor within each model, e.g. the column 4F-F2 refers to Factor 2 of the 4 Factor model. Items that cross-load on multiple factors are emboldened. Loadings above the threshold of 0.3 are colored red for negative values and green for positive values.
As IRT analysis is an inherently stochastic and black box process, there is a possibility that the solutions it finds are unstable, although repeated runs of the IRT analysis did produce consistent results. Nonetheless, for robustness, we therefore also replicated the analysis in SPSS. The resulting factor structures consistently had more cross-loadings than those produced by mirt but if items were allocated to factors based on the strongest loading, the factor structures were essentially identical. Thus, mirt actually produced factor structures in agreement with, but clearer than the traditional techniques implemented in SPSS.
Interpretation
As can be seen from Table 1 and Table 2, in choosing between these models there is a trade-off to be made between maximising the number of original scale items loaded on the model and minimising the number of cross-loadings. We rejected 1 and 2 factor models because they account for a low number of items (24 and 27 respectively). We rejected the 5-factor model due to 5 cross-loadings. Although the 3-factor model does not load 1 item (IEQ10), that item is just below the threshold of loading onto F2. The 3-factor model is also superior to the 4-factor model due to having only two cross-loadings which makes it much easier to conceptualise those three factors as variants of the original IEQ subfactors. Together with the consideration of parsimony, we concluded that the 3-factor model is the optimum choice from our multi-dimensional factor analysis. 
	Factors
	Loaded items / 31
	Cross loadings

	1
	25
	0

	2
	27
	1

	3
	30
	2

	4
	30
	5

	5
	30
	5


[bookmark: _Ref142554541]Table 3 Multi-factor analysis loaded items and cross-loadings
Inspecting the words used in the items of each factor and resolving the issues represented in Table 2, the factors were defined as:
· F1: Involvement, where item 1 was taken to load most strongly on this factor
· F2: Real-world Dissociation (RWD), where item 10 assigned to this factor as nearly loading at the 0.3 threshold
· F3: Challenge, where item 17 was taken to load most strongly on this factor
It is notable that the first two factors align strongly with Agrawal et al. (2019)’s definition which focuses on involvement leading to dissociation. The extra Challenge factor may arise as the game specific experience of immersion as opposed to immersion from watching a film or reading a book.
A reliability analysis on these factors showed that the Cronbach alpha of each factor was: Involvement, 0.82, RWD 0.78, Challenge 0.36. Further summaries of the item-total correlations and alpha-if-dropped are given in Table 3. The low alpha of Challenge was concerning. Shorter scales tend to have a lower reliability (Rammstedt & Beierlein, 2014) but further consideration shows that item 18, which already cross-loaded in the 3F model, was problematic. Its alpha-if-dropped raised the reliability to 0.68 and its correlation with the Challenge factor was only 0.13.
	Factor
	α (95% CI)
	Item-total r range
	α if dropped range

	Involvement
	0.83 (0.82-0.84)
	0.36-0.68
	0.81-0.83

	RWD
	0.78 (0.77-0.80)
	0.38-0.72
	0.74-0.79

	Challenge
	0.36 (0.31-0.41)
	0.13-0.71
	0.14-0.69

	Challenge w/o 18
	0.68 (0.66-0.71)
	0.60-0.78
	0.55-0.70


[bookmark: _Ref154045470]Table 4 Reliability analysis for first split half
However, the loading of item 18 was quite high on the Challenge factor and conceptually it does fit with identifying Challenge: “There were times in the game in which I just wanted to give up”. 
We therefore decided to retain item 18 in our confirmatory analysis. With classical test theory approaches such as Principal Component Analysis, weak items can undermine the effectiveness of the method. However, with IRT, because it models each item separately, it is more robust to including weak or unrepresentative items (Embretson & Reise, 2013).
Confirmatory factor analysis
To confirm that the previous factor analysis was not an artefact of particular data or over-analysis we performed a confirmatory factor analysis on the other half of the large set from Perrett (2018).
We performed two different types of analysis on this half of the data; a confirmatory factor analysis using IRT multi-factor analysis for the 3 factors identified and a confirmatory bi-factor analysis (Reise, 2012).  The standard 3 factor confirmatory model showed that all items loaded above 0.3 (or below -0.3) on their respective factors, with the exception of item 10, which loaded again just below this threshold at 0.281. This strongly suggested that item 10 is a weak item overall in the IEQ.
Reliability analysis on this second subset of data gave very similar results (Table 4) to the first subset with item 18 again obviously weakening the Challenge factor. An examination of infit and outfit statistics (Greer & Liu, 2016) did not raise any concerns as all infit and outfit values were in the range 0.55 to 1.1. The reliability of the Challenge factor (excluding item 18) is lower than that of the other two factors but this difference is most likely an artefact of it simply being shorter than the other two.
	Factor
	α (95% CI)
	Item-total r range
	α if dropped range

	Involvement
	0.82 (0.81-0.83)
	0.36-0.66
	0.81-0.83

	RWD
	0.76 (0.74-0.78)
	0.35-0.71
	0.72-0.76

	Challenge
	0.32 (0.27-0.37)
	0.17-0.70
	0.10-0.63

	Challenge w/o 18
	0.63 (0.60-0.66)
	0.55-0.76
	0.48-0.67


[bookmark: _Ref154046001]Table 5 Reliability analysis for second split half
The bi-factor analysis fits a model where each item loads on a putative single common dimension (g), in this case immersion, and a second factor which is the specific aspect of immersion proposed by our previous analysis. The bi-factor analysis produces a “communality value” (h2) being the degree to which the variance of each question item is accounted for by the model as a whole.  A good threshold for h2 is to be above 0.1 because this corresponds to a single factor loading of 0.3 or above (0.32  ≈ 0.1)
The bi-factor analysis suggests a good model fit, see Table 5. The h2 values are all above 0.1 suggesting the model can account for an appreciable level of variance in every item. Furthermore, most items load on the general factor, g, suggesting that there is good reason to think of the questionnaire as pertaining to a single underlying concept. Where items do not load strongly on g, that is below 0.3, they have a stronger loading on their specific factor. The exception is item 10, which was noted as weak in the exploratory analysis.
This suggests that, overall, the model does capture both the general concept of immersion and that the separate factors of Involvement, RWD and Challenge do add further specific aspects of immersion that can be differentiated from the general factor.
	
	g
	Involvement
	RWD
	Challenge
	h2

	IEQ1
	0.72
	0.01
	
	
	0.52

	IEQ2
	0.79
	0.11
	
	
	0.63

	IEQ3
	0.65
	0.22
	
	
	0.47

	IEQ4
	0.62
	0.19
	
	
	0.42

	IEQ5
	0.47
	
	0.32
	
	0.33

	IEQ6
	-0.17
	
	-0.77
	
	0.63

	IEQ7
	0.41
	
	0.42
	
	0.34

	IEQ8
	0.03
	
	-0.73
	
	0.53

	IEQ9
	0.09
	
	-0.63
	
	0.41

	IEQ10
	-0.22
	
	-0.24
	
	0.11

	IEQ11
	0.49
	0.27
	
	
	0.31

	IEQ12
	0.41
	
	0.62
	
	0.55

	IEQ13
	0.58
	0.25
	
	
	0.40

	IEQ14
	0.46
	
	0.52
	
	0.48

	IEQ15
	0.39
	
	0.37
	
	0.28

	IEQ16
	0.30
	0.35
	
	
	0.21

	IEQ17
	0.35
	
	
	0.75
	0.69

	IEQ18
	-0.09
	
	
	0.38
	0.16

	IEQ19
	0.63
	0.4
	
	
	0.56

	IEQ20
	-0.17
	
	
	-0.77
	0.62

	IEQ21
	0.32
	0.36
	
	
	0.23

	IEQ22
	0.27
	0.32
	
	
	0.17

	IEQ23
	0.46
	0.19
	
	
	0.25

	IEQ24
	0.45
	0.33
	
	
	0.31

	IEQ25
	0.33
	
	
	0.24
	0.16

	IEQ26
	0.36
	
	
	0.47
	0.35

	IEQ27
	0.44
	
	0.19
	
	0.23

	IEQ28
	0.41
	0.44
	
	
	0.36

	IEQ29
	0.52
	0.73
	
	
	0.80

	IEQ30
	0.42
	-0.01
	
	
	0.17

	IEQ31
	0.47
	0.59
	
	
	0.57


[bookmark: _Ref154047458]Table 6 Multidimensional item response theory confirmatory bifactor analysis results for a 3-factor defined structure. h2 communality coefficients are reported with respect to within defined factors combined with the general IEQ construct. Blank values correspond to a value of 0 as items were only assigned one factor in the model definition. 
Step 3:  Develop a candidate short-form
Having determined that the underlying structure behind the full IEQ questionnaire has 3 distinct factors that could be aggregated into a single unified factor g, we then needed to determine a candidate short form scale which could be validated to ensure it meets quality requirements such as validity and reproducibility. When creating a short form scale there is often a trade-off between keeping the questionnaire as short as possible and quality. Ideally our short form should be no longer than existing short forms such as miniPXI (11 items) and UES-SF (12 items) whilst still maintaining quality. We therefore aimed to select four items per factor. 
To determine which questions to include in the short form, we chose those questions for each factor which had the highest loading onto that factor in the exploratory analysis and had high h2 values in the confirmatory bifactor analysis. We then considered the items themselves in relation to whether they had similar wordings or any ambiguity as to how the items could be interpreted in a variety of games. For the Involvement factor, items 1, 2, 3, 13, 19, 29 and 31 had suitably high loadings and h2 values. However, item 31 is about wanting to play the game again and some games do not lend themselves to replay, it was also likely to be close in meaning to item 29 (that asks about enjoyment). Item 13 was retained because it refers to the game as an experience which we felt was a unique conceptual facet of involvement in a game. The remaining three items were determined by statistical analysis rather than conceptual analysis. Thus, item 19 was retained because it had high loadings. That left items 1, 2 and 3 which were all good candidates distinct from the others and each had different key terms: item 1 refers to attention, item 2 to focus and item 3 to effort. We therefore looked more carefully at the statistical relationship between each item and the potential subscale. By considering each item in turn with items 13, 19 and 29, item 2 gave the highest Cronbach alpha to the short scale and had the highest correlation with all of the other items considered.  We also considered pairs of items to potentially give a short form of five items but no pairing gave a markedly improved Cronbach alpha, We, therefore selected item 2 as the fourth item to complete the short form of the scale. 
For the RWD factor, based on factor loadings and h2 values, items 6, 7, 8, 9, 12, 14 and 15 were considered. All items do seem well linked to the concept of real-world dissociation but item 8 has been previously found to have ambiguity with participants being unsure if the surroundings referred to in-game or real-world surroundings. Item 9 was dropped as being similar in content to item 6 and with slightly less strong loadings.  Finally, item 14 was not selected because of the comparison that it asked participants to make rather than asking them directly about the experience as felt.
For the Challenge factor, with only five items to choose from, only item 18 was dropped because of the issues with it in the previous analysis. The reliability analysis of the short forms is given in Table 6.
	Short Factor
	Items from IEQ
	α (95% CI)
	Item-total r range
	α if dropped range

	Involvement
	2, 13, 19, 29
	0.67 (0.65-0.70)
	0.51-0.67
	0.59-0.67

	RWD
	6, 7, 12, 15
	0.67 (0.64-0.69)
	0.49-0.68
	0.53-0.63

	Challenge
	17, 20, 25, 26
	0.63 (0.60-0.66)
	0.25-0.41
	0.48-0.67

	Challenge v2
	17, 20, 26
	0.67 (0.64-0.70)
	0.47-0.69
	0.5-0.72


[bookmark: _Ref154049059]Table 7 The items from the full IEQ chosen to constitute the Short Form together with the Cronbach alpha and alpha-if-dropped range for the Short Form factors.
In the initial four-item version of the Challenge factor, item 25 had a low correlation of only 0.25 with the scale overall and if dropped, the Cronbach alpha of the short scale increased. The phrasing of the item is about wanting to “win” the game which does not necessarily apply to some games such as resource management games. Given these issues, we therefore chose to drop this item. In the three-item version of Challenge, item 26 did have an increased alpha-if-dropped but correlates well with the scale and the other two items. Its phrasing also does capture a sense of challenge. Further, removing it would leave only two items in the shortened Challenge scale which would be undesirably short (Cairns, 2013).
This then gives the 11-item short form shown in Table 7.
	IEQ-SF Item
	IEQ Item
	Content
	Factor
	Reverse scored?

	1
	2
	I felt focused on the game.
	Involvement
	No

	2
	13
	The game was something that I was
experiencing, rather than just doing.
	Involvement
	No

	3
	19
	I felt motivated when playing the game.
	Involvement
	No

	4
	29
	I enjoyed playing the game.
	Involvement
	No

	5
	6
	I felt consciously aware of being
in the real world whilst playing.
	Real world dissociation
	Yes

	6
	7
	I forgot about my everyday concerns.
	Real world dissociation
	No

	7
	12
	I felt that I was separated
from the real-world environment.
	Real world dissociation
	No

	8
	15
	I found myself so involved that
I was unaware I was using controls
	Real world dissociation
	No

	9
	17
	I found the game challenging.
	Challenge
	No

	10
	20
	I found the game easy.
	Challenge
	Yes

	11
	26
	I felt in suspense about whether or
not I would do well in the game.
	Challenge
	No


[bookmark: _Ref142042640]Table 8 The 11 item IEQ Short Form scale. 
A preliminary sensitivity analysis
It is important to understand whether the short form is able to detect differences in immersion in a way that is similar to the full IEQ. The real test of this is that it performs well on new data as will be demonstrated in the subsequent validation studies. However, as a preliminary test, it is useful to see that, in principle, the short form had the sensitivity to detect potentially small differences in immersion picked up by the full IEQ. 
To do this, we ran a bootstrap simulation based on the second half of the data from (Perrett, 2018). A power calculation showed that for a t-test with significance at 0.05, two samples of 175 should detect small effect sizes, Cohen’s d = 0.3, with a power of 0.8 (which is typically assumed). We therefore generated pairs of samples by bootstrapping with resampling from the data. Pairs whose difference in IEQ scores corresponded to an effect size ranging from d = 0.30 to d = 0.35 were retained until there were 1000 such pairs. The candidate short form scores were then generated for each pair and a t-test was used to evaluate whether the two samples in a pair were significantly different. Of the 1000 pairs, 879 of the pairs were significantly different based on the short form alone. This corresponds to a power of 0.879. This gives good confidence that the short form has similar power to the full IEQ in detecting small effect sizes, at least in simulation. Furthermore, because of the bootstrapping process, the means of the samples were very close to 3.5, that is, very much not at the extreme ends of immersion and where detecting small differences might be most challenging.  Overall, then, this preliminary evaluation provides some confidence that the short form has good sensitivity for small effect sizes.  
Steps 4 and 5: Confirm and validate the Short Form on new data. 
As recommended by Smith et al. (2000), the short form needs to be validated in two ways. First, the factor structure should be confirmed on previously unseen data and secondly that the short form should reproduce the findings of studies that used the long form. Fortunately, due to the adoption of Open Science practices, we could access an existing dataset that used the full IEQ. This formed the basis for the first confirmation and validation, which was pre-registered ahead of the analysis, and we then replicated this study, also as a pre-registration, using only the short form to show that it would work correctly independently of the other IEQ items. We also validated the short form on two additional game immersion data sets. 
In both studies, to address the first goal of confirming the factor structure, our criteria were that all items load satisfactorily on their corresponding factors and that the reliability and fit statistics remained in accordance with the criteria used previously. 
To address the second goal that the IEQ-SF behaves like the full IEQ, there are no explicit criteria in the literature for what it means in practice to reproduce the findings from using the long form. Smith et al. (2000) warn against correlating the short form with all or part of the long form from which it was extracted so this was not done. As typically the IEQ is used to assess differences in players’ immersion in experimental settings, ideally the IEQ-SF should be able to produce effect sizes similar to those seen by the IEQ. In these validation studies we operationalise “statistically similar” as the situation where the effect size as measured by the IEQ-SF lies within the 95% confidence interval of the effect size as measure by the IEQ and that conversely, the IEQ effect size lies within the 95% confidence interval of the IEQ-SF effect size. Meeting these criteria would mean that the IEQ-SF has been validated in an experimental setting as producing a similar outcome to the IEQ.
[bookmark: _Ref154066561]Validation Study 1
The first validation study was done on an existing Open Science data set from Cutting et al. (2020). The data was from experiment 2 in this paper, which was a between-participants study with two conditions, each with 80 participants, making 160 in total (77 male, 81 female and 2 non-binary, age range 18–40, mean age = 25.8). In each condition participants played either an engaging or a less engaging version of the self-paced puzzle game Two Dots and then filled in the full IEQ.  In the original study, a t-test analysis found a significant difference in immersion between conditions with a large effect size. We were able to use this data to validate the new 11-item short form IEQ because the short form is a subset of the longer form and so the full IEQ data contains all the items for new form. To validate our new short form, we repeated the original analysis which compared immersion between conditions but used our new short form IEQ instead of the original full-length questionnaire. 
This validation study employed another Open Science technique: “pre-registered analysis of existing data” (Munafò et al., 2017). This involves pre-registering the study analysis and hypotheses to be used in the analysis of an existing data set, by specifying both analysis and hypotheses before performing them, this ensures that neither of them can be changed post-analysis and that the results can be interpreted as data independent confirmatory research without the possibility of “p-hacking” (Simmons et al., 2016). Pre-registering our validation is a more severe test of the new short form because it ensures that neither the short form nor analysis can be changed after the results are known.
Design and Materials 
Cutting et al. (2020)’s study had a between participants design with 2 conditions. In both conditions participants played a game for 5 minutes and then filled in the IEQ to record their game experience. The game chosen was a clone of Two Dots, a commercially successful self-paced mobile puzzle game. Two Dots features a grid of different coloured dots and players must draw lines between dots of the same colour. The connected dots then disappear and new dots drop down from the top of the screen. The aim of the game is to remove a pre-set number of dots of each colour within a move limit. 
There were two different versions of the game and the independent variable between conditions was the version of the game that the participant played. One version was a straight clone of the first ten levels of Two Dots. Two Dots is known to be engaging which is likely to lead to high levels of immersion so this version is known as the high immersion game (see Figure 1). The other version of the game has the same grid of dots which can be joined and drop down; however, all the dots are the same colour and there is no move limit. These changes make this version of the game considerably less engaging which is likely to reduce immersion, hence this version is known as the low immersion game (See Figure 2). 
[image: ]
[bookmark: _Ref140218625]Figure 2 The high immersion version of Two Dots (Cutting et al., 2020). Players have to join the circles (known as dots) which are the same colour in order to meet the targets at the top of the screen. Cutting et al put pictures into the dots to study attentional processes during the game, but they are irrelevant to the game task.
[image: ]
[bookmark: _Ref140218647]Figure 3 The low immersion version of Two Dots. This is the same as the high immersion version above but all the dots are the same and there is no move limit.

Pre-registered hypotheses and analysis
The original study (Cutting et al., 2020) which generated the data had a main hypothesis that immersion would be significantly different between high and low immersion game conditions. In the new IEQ-SF the three factors are equally as important as the unified immersion metric so our hypotheses for this study included both comparisons between conditions of the overall immersion metric as the individual factors.
The main hypothesis for the original experiment was that the immersion score would be significantly different between the low and high immersion condition. However, as the new IEQ-SF places a stronger emphasis on the 3 individual factors our main hypothesis for this study was that there would be a significant difference between conditions in both the overall immersion score and the individual immersion factor scores as measured by the IEQ-SF. The high immersion game was hypothesised to have a significantly higher scores for all measures than the low immersion game.
(NB We pre-registered the hypotheses that the individual factors would be different, but due to an error we did not pre-register the hypothesis on the overall immersion score comparison). 
Results
This study aimed to both confirm the factor structure of the IEQ-SF and validate it against the original IEQ. Therefore, we first performed a confirmatory factor analysis and then analysed how well the IEQ-SF reproduced the original IEQ findings. 
Confirmatory factor analysis
The confirmatory factor analysis gave good support for the 3-factor structure of the IEQ-SF. All loadings in the 3-factor analysis were above 0.45 with h2 values all above 0.4 with the exception of 3 items whose h2 values were above 0.2. The corresponding bifactor analysis showed good support for the g factor of Immersion with all but item IEQ6 (item 5 of IEQ-SF) loading strongly on g and all items having h2 values above 0.35. The reliability statistics shown in Table 8 are very similar to those found when developing the short form. Overall, then this confirmatory model meets our acceptability criteria used previously.
All but two items gave infit and outfit statistics from the bifactor model in the desired range of 0.5 to 1.5. The exceptional items were item 5 (IEQ6) where infit was 0.47 and outfit 0.48 and item 9 (IEQ17) where outfit was 0.49 (and infit 0.79). These are close to the nominal threshold of 0.5 but this does suggest item 5 may not be closely fitting the proposed short form model. The item asks players about their awareness of the real world whilst playing so it may be that in the experimental context of this study that players were very aware that they are also participants and this makes this item respond differently.
	Short Factor
	α (95% CI)
	Item-total r range
	α if dropped range

	Involvement
	0.72 (0.65-0.79)
	0.68-0.82
	0.60-0.74

	RWD
	0.69 (0.60-0.76)
	0.63-0.81
	0.52-0.71

	Challenge
	0.71 (0.62-0.78)
	0.72-0.89
	0.41-0.77

	IEQ-SF
	0.82 (0.78-0.86)
	0.35-0.75
	0.79-0.83


[bookmark: _Ref154051450]Table 9 The reliability statistics for the IEQ-SF and its factors in Validation Study 1
Reproduction of experimental findings
The results of the study were analysed according to the pre-registration of this analysis. T-tests were used to examine significance in each factor and the whole IEQ-SF.

	Factor
	Low Immersion 
Condition
Mean (SD)
	High
Immersion Condition
Mean (SD)

	p
	t(158)
	Effect Size (d)
	Effect Size CIs

	Involvement
	3.15 (0.75)
	4.03 (0.56)
	<0.001
	-8.38
	d = -1.325
	[-1.670, -0.980]

	RWD
	2.83 (0.85)
	3.33 (0.74)
	<0.001
	-3.977
	d = -0.629
	[-0.949, -0.309]

	Challenge
	2.47 (0.97)
	3.20 (0.76)
	<0.001
	-5.269
	d = -0.833
	[-1.158, -0.508]

	IEQ-SF
	2.85 (0.63)
	3.55 (0.53)
	<0.001
	-7.594
	d = -1.200 
	[-1.540, -0.861]


[bookmark: _Ref136521076]Table 10 Analysis of IEQ-SF factors and unified immersions core. The high immersion game was significantly higher in all measures than the low immersion game
Our main hypothesis was supported in that the overall immersion score and all three subfactors of the IEQ-SF were a significantly greater in the high immersion game than the low immersion game. (See Table 9).  For comparison, the original study from Cutting et al found a significant difference between conditions in immersion as measured by the full IEQ (t(158) = -7.854, p < .001) with a substantial effect size (d = -1.242, [-1.583, -0.9]). Thus, the IEQ-SF is producing an effect size and confidence interval that is in statistically similar to the full IEQ.
Discussion
This validation analysis of the new IEQ-SF used existing data from a previously published study which used the original IEQ. The original publication found a significant difference in IEQ between conditions, with a strong effect size (d=-1.242) and a statistically similar result (d=-1.200) was also found with the IEQ-SF which provides strong validation that the new IEQ-SF works well as a replacement for the IEQ in experimental contexts. The effect sizes observed with the IEQ-SF factors range from roughly moderate (d = -0.629) to very strong (d = -1.325), which are also comparable to the originally reported effect size. These results support the claim that the IEQ-SF is a viable alternative to the full IEQ, with minimal loss to power.
In addition, Cronbach a coefficients for each factor support our goal that the IEQ-SF would be adequately reliable in a real-world use despite the reduced number of items.  
However, this validation may be limited by using IEQ-SF items derived from a full IEQ dataset that had been collected for another purpose. It is possible that a case could be made that the process of completing the full IEQ that may have been transferred some quality to these IEQ-SF scores that would otherwise not exist if they only completed the IEQ-SF. Perhaps some items in the full IEQ can inform participants about others, either by a cueing effect or by task familiarisation. To overcome this challenge to the validity of the IEQ-SF, it is important that it is validated independently from the full set of IEQ items (Smith et al., 2000).
Validation Study 2
To address the issues  of Validation Study 1, we performed an additional validation study which collected new data and which only asked participants to complete the IEQ-SF without the additional items from the original IEQ but otherwise was a replication of the same Study 2 from Cutting et al. (2020)ie Validation Study 1. This study took advantage of another Open Science practice, namely the sharing of experimental source code. By modifying the same source code as used in the original study we were able to replicate the study exactly, apart from the change in questionnaire used. 
Study design 
As a replication of Study 2 from Cutting et al. (2020) the study was identical in all ways to the original study except that, after playing the game, participants completed the IEQ-SF rather than the full IEQ. As such, this study was also a between-participants study with two conditions. The main experimental manipulation was the level of immersion experienced in different versions of the game Two Dots. The full design and materials are the same as those described previously in section Validation Study 1. The study was approved through the ethical approval procedures of the ANONYMISED FOR REVIEW.
Participants
We aimed to have 160 participants as this was the number of participants in the original experiment. Participants were recruited via the Prolific online recruitment platform and paid ANONYMISED FOR REVIEW.
In total, 206 participants were recruited for the main experiment, of which 7 participants were omitted for colour blindness, 1 participant was omitted for not completing the tutorial, 14 participants were omitted for taking a break during the game, 6 were omitted for failing the attention check dummy question, 12 participants were omitted due to faulty behaviour of the study (bugs and glitches, etc), and 2 participants’ data were lost due to technical issues. The final remaining sample was N = 164 participants, with 83 participants in the low immersion condition and 81 participants in the high immersion condition. Participants were 83 male, 80 female and 1 non-binary, the age range was 18–41, with the mean age = 27.1.  
Procedure
Participants were allocated to the high or low immersion conditions in turn, so the first participant did the high immersion condition, the second the low immersion and so on. After completing a consent procedure, they were taken through a short tutorial on how to play the game. They then played the version of Two Dots which was appropriate to the experimental condition. During both games in the original study, participants were also shown 60 different icons from the Webdings typeface. Immediately after the game, they were tested on how many of these icons they recognised. Our replication kept these elements in the study, but as the image recognition data was not relevant to this validation, we did not analyse it further. After completing the icon test, participants completed the IEQ-SF which also included a dummy question to check participants were answering the questions in good faith.  
Results
As with Validation Study 1, we first performed a confirmatory factor analysis and then analysed whether the new IEQ-SF replicated the same hypothesis tests as the original study with similar effect sizes
Confirmatory factor analysis
For this study, the confirmatory factor analysis also showed good support for the 3-factor model. All factor loadings, but one, were above 0.5, the exception being item 11 where the loading was 0.36, and correspondingly all h2 values were above 0.3 except for item 11 with a value of 0.130. The corresponding bifactor analysis showed good support for the g factor of Immersion with all but items 5 and 10 loading strongly on g (loadings of 0.11 and 0.21 respectively) and all items having h2 values above 0.3. The reliability statistics shown in Table 10 are very comparable to those found when developing the short form.
	Short Factor
	α (95% CI)
	Item-total r range
	α if dropped range

	Involvement
	0.77 (0.70-0.82)
	0.70-0.85
	0.64-0.77

	RWD
	0.75 (0.68-0.81)
	0.68-0.86
	0.59-0.75

	Challenge
	0.68 (0.58-0.75)
	0.69-0.85
	0.42-0.82

	IEQ-SF
	0.82 (0.77-0.86)
	0.40-0.69
	0.79-0.82
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For all items in the bifactor analysis, the infit value was between 0.5 and 1.5 though for items 3 and 7, the outfit values were 0.43 and 0.41 respectively. Across these analyses, there does not seem to be any item that is a consistent source of concern and the issues seen in Validation Study 1 with item 5 were not seen in this study despite the replication of the study design.
Reproduction of experimental findings
As in Validation 1, our analysis took into account that in the new IEQ-SF, the 3 constituent factors of Involvement, Real-World Dissociation and Challenge are as important as the combined overall immersion score. 
Thus, we tested four hypotheses for this study, namely that in the high immersion condition there would be a significant difference between all 3 of these factors and also the overall immersion score. These results are shown in Table 11.
	Factor
	Low Immersion 
Condition
Mean (SD)
	High
Immersion Condition
Mean (SD)

	p
	t(162)
	Effect Size (d)
	Effect Size CIs

	Involvement
	3.38 (0.67)
	4.08 (0.34)
	<0.001 
	-6.22 
	-0.97 
	[-1.29, -0.64] 

	RWD
	2.70 (0.88)
	3.07 (0.9)
	0.007
	-2.708
	-0.423 
	[-0.735, -0.111]

	Challenge
	2.22 (0.89)
	3.14 (0.69)
	<0.001
	-7.357
	-1.149 
	[-1.482, -0.816]

	IEQ-SF
	2.82 (0.63)
	3.46 (0.56)
	<0.001
	6.874
	-1.073 
	[-1.403, -0.744]
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Discussion
This second validation of the IEQ-SF replicated an existing IEQ study with new data provided by a new set of participants, but using the IEQ-SF in place of the original IEQ. The original study found a significant difference in IEQ between conditions, with a strong effect size (d=-1.242) and we found a similarly large effect between conditions (d=-1.073). In particular, it should be noted that the 95% confidence interval for this effect size ([-1.403, -0.744) encompasses the effect size of the original study and vice versa.   Thus, the two studies give statistically similar effect sizes for the experimental manipulation on immersion as measured by the IEQ-SF.  The effect sizes observed with the factors of the IEQ-SF range from roughly moderate (d = -0.423) to very strong (d = -1.149). These effects are also very similar to those in Validation Study 1. Again, consideration of the 95% CI of the effect sizes show that the two studies have statistically similar effect sizes for each individual factor. The results of this second validation therefore support the claim that the IEQ-SF is a viable alternative to the full IEQ, with minimal loss of power. 
This replication of the original study with new data also provides a strong validation of the original study results. This also provides support for view that the Open Science practice of sharing code can lead to effective replications and that these replications can be used to develop new measures which can then be effectively validated against existing measures. 
Further validation on two additional datasets
The previous validation studies provide confidence in the use of the IEQ-SF in experimental studies. To add further weight and to vary the context for validating the IEQ-SF, we were able to take advantage once more of Open Science to also consider two further publicly available datasets that used the IEQ, namely studies 6 and 7 from Denisova (2016). These help to broaden the validation as the games were quite different from those used in Validation Studies 1 & 2. Denisova’s Study 6 (n=120, 82 male, 38 female, age range 18-50, mean age =24.2) used an isometric action shooter game and Study 7 (n=42, 41 male, 19 female, age range 18-50, mean age=25.6) a third-person object collection game. In both studies, the dependent variable was immersion as measured by the IEQ and the independent variables were whether the game adapted difficulty in response to player performance (known as Adaptation) and the information that players had about this adaptation (known as Information).
The original analysis of the full IEQ and the new analysis of short form and its constituent factors are summarised in Table 12 for Study 6 and Table 13 for Study 7.
	Effect
	IEQ
	Short Form
	Involvement
	RWD
	Challenge

	Adaptation
	0.164***
(0.058-0.280)
	0.074**
(0.009-0.162)
	0.080**
	0.038*
	0.008

	Information
	0.081***
(0.006-0.173)
	0.067*
(0.001-0.153)
	0.084**
	0.086**
	0.005

	Adaptation interaction with Information
	<0.01
(0-0.018)
	<0.01
(0.-0.018)
	0.012
	<0.01
	0.005


[bookmark: _Ref154067949]Table 13  Effect sizes (partial eta squared) and 95% CI of the full IEQ, the short form and the three factors of the short form for (Denisova, 2016), Study 6. NB all values are effect sizes.  Asterisks indicate significance at: * p<0.05; ** p<0.01; *** p<0.001
	Effect
	IEQ
	Short Form
	Involvement
	RWD
	Challenge

	Adaptation
	0.145**
(0.018-0.301)
	0.152**
(0.021-0.310)
	0.097*
	0.019
	0.110*

	Information
	0.119**
(0.009-0.266)
	0.182***
(0.035-0.347)
	0.078*
	0.061
	0.099*

	Adaptation interaction with Information
	0.018
(0.-0.085)
	0.060
(0-0.174)
	0.016
	0.027
	0.027
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As can be seen, in both studies, the short form replicated the pattern of significant effects seen with the IEQ as whole. This provides good support that the IEQ-SF is a viable alternative to full IEQ. Although there are differences between the full IEQ and short form in their estimates of effect sizes, which in some cases is considerable, all of the short form effect sizes are within the 95% CI of the full IEQ’s effect size and vice versa with the exception of Adaptation effect in Study 6. For that, the effect size from the IEQ is 0.164 which is outside the Short Form’s 95% CI though it is close to the upper bound of 0.162. Thus, in this case it would seem that the short form has significantly underestimated the original effect size but it is still plausible that a “true” effect sits within the 95% CI of both measures. In terms of the experimental outcome though, the effect is still significant.  Overall then, the results from using the IEQ-SF are almost all statistically similar to using the full IEQ. This does suggest that the short form can vary from the effects of the full IEQ but, with sufficient power, we can have some confidence that it can be interpreted to have the same meaning as the IEQ.
It is also worth noting differences in patterns of significance between the three factors of the short form. In Study 6, only the Involvement and RWD factors show significant effects due to the two independent variables whereas in Study 7, it is Involvement and Challenge that show significant effects. This adds support to the previous factor analysis that the factors do constitute distinct facets of immersion that, whilst related, give insights into the different ways in which people experience immersion. 
Overall discussion
Our aim was to develop a new short form of the IEQ which had considerably fewer items than the original questionnaire and also took advantage of advances in scale development and Open Science practices to create a more reliable and valid measurement scale. 
As is best practice, we based the new short form on the well validated IEQ. We then used a large data set (n=3539) to confirm that this long form was best represented by 3 factors. Qualitative analysis of conceptual relevance determined that those 3 factors corresponded to the concepts of Involvement, Real World Dissociation and Challenge.  We then used a combination of quantitative analysis of reliability and qualitative analysis of the question wording to determine the 11 items that comprised the most appropriate short form. The IEQ-SF omits the Control subfactor, that is, the sense of being in control of what is happening in the game. Although the experience of control may moderate immersion, our factor analysis on a much larger and wider selection of games found that for most games this is unlikely to be a direct link, instead the experience of control impacts the subfactor of RWD which is included in the IEQ-SF.
This short form was validated over four datasets that had not been used in the development of the short form. The first validation used a reanalysis of existing data from published study that used the IEQ and the second collected new data to replicate the same study but using only the short form IEQ. Both studies found that the new IEQ-SF had very similar results to the original IEQ with statistically similar effect sizes and little loss of power. The third and fourth validations similarly used published studies that used the IEQ but in very different games from the previous two validations. Again, the short form gave substantially the same pattern of results as the full IEQ.
These validations collectively provide good evidence that the new 11 item IEQ-SF is a conceptually well-founded and validated effective replacement to the original IEQ whilst satisfying our requirements to be considerably shorter. 
The IEQ-SF is thus suitable for use in all cases where the IEQ was previously used, but is particularly suitable for use in studies which need participants to fill in several scales, where the reduced size of the IEQ-SF could help prevent the study becoming too long and participants from suffering questionnaire fatigue. For example, Safar (2024) made use of the IEQ-SF when investigating the effect of game immersion on stress reduction which required repeated measures of stress as well as measuring immersion. The IEQ-SF is particularly suited for use cases such as described by Alexandrovsky et al. (2020) who highlight the value of scales which can be used within VR environments where short questionnaires are particular important, especially for repeated measures used to assess to changes in immersion over time or when one participant is assessing multiple study conditions.
As previously mentioned (in section 3.2), Perrett (2018)’s large-scale IEQ study found a mean time of 6.8 seconds to complete each item of the IEQ. As the IEQ-SF has 20 fewer items than the IEQ it may result in a saving of around 2 minutes in completion time. An example use case is Cutting et al. (2020), which used the IEQ for online studies on several hundred participants via the Prolific platform, but would have reduced the time and thus cost of the studies by around 15% if the IEQ-SF had been used instead. We also recommend its use in situations where studies would otherwise choose an unvalidated subset of IEQ items. This includes existing studies on VR (e.g. Hudson et al. (2019) used 4 items of the IEQ and Li and Cesar (2023) used 5 items from the IEQ) and Education (e.g. Kim et al. (2022) used 15 items based on the IEQ and Nicolaidou et al. (2023) used 7 items from the IEQ). The IEQ-SF factor structure was created from a data set containing a wide variety of game genres and the validation encompassed both self-paced casual puzzle games and fast moving action games which together could be seen as representing the majority of games commonly played (Unity Technologies, 2022). However, there may be other game genres, for example, interactive fiction or idle games (Cutting et al., 2019) where the new IEQ-SF may not be quite as appropriate. Indeed, the Film IEQ scale (Rigby et al., 2019) which adapted the IEQ to film found that although film immersion also contains the same Involvement and RWD factors, the Challenge factor is less relevant. Thus, researchers applying the IEQ-SF to new genres of game should be aware that not all of the 3 factors may be equally salient for that particular game experience, but between them they are likely to account for a substantial proportion of the experience of immersion. 
Our scale development process made use of a number of Open Science practices which resulted in a better conceptualised and validated scale than would otherwise have been the case. Our initial factor analysis made use of a large shared dataset (Perrett, 2018) of IEQ responses which had been collected for another study. Our first validation study for the scale was based on a reanalysis of another public dataset of IEQ responses to a hypothesis test study (Cutting et al., 2020). The second validation study collected new data, but made use of the publicly shared experiment source code from the same hypothesis test study. This shared source code enabled us to replicate the original complex game interaction and change the questionnaire to our new IEQ-SF, but without having to create the software from scratch. 
Summary of contribution
In summary, we make three main contributions to the field of game experience and scale development.  The primary contribution is the creation of a new short form immersion questionnaire; the IEQ-SF.  This new scale is 11 items in length, around a third of the length of the original IEQ. Not only is the IEQ-SF shorter than the original IEQ, it has considerably stronger foundations and validation. The original IEQ was developed with 244 participants, whereas the IEQ-SF was developed with 3539 participants and then later validated over four different studies with 486 participants in total.  In addition, the IEQ-SF was created using item-response theory which creates a more reliable scale than the classical test theory used for the IEQ.  This improved development and validation resulted in a new 3 factor structure for the IEQ-SF, with immersion consisting of the 3 factors of Involvement, Real-world Dissociation and Challenge.
A secondary contribution to the field of scale development is the use of Open Science datasets for scale development and validation. Open Science data sharing is usually motivated by a desire to aid replication and reproducibility. To the best of our knowledge, it has not previously been repurposed for scale development and validation. Reusing data in this way allows for much larger and more varied datasets in scale creation, giving a much stronger basis for scale development and allowing the scale to be validated in a wider variety of contexts. In our case, this provided a large-scale dataset for scale development and further validation on 3 different games without the collection of new data.  
Our third main contribution is to aid future scale development by including a detailed model for developing short form scales which includes theoretical justification, methods and analysis scripts. Here we again follow the lead of Open Science in making materials and data available to serve as a foundation for future work and replication. But in addition to this, our paper synthesises recent guidance into a step-by-step best-practice guide to creating short forms (in section 2.1). We also make our full R analysis scripts and validation game source code available for reuse. Together these elements contribute a strong basis for future short form scale development both within the area of game experience and also in the broader field of HCI. 
Limitations
A limitation of our scale development process is that although the feeling of immersion is common in a wide variety of game, two of the validation studies of the new scale used variants of same self-paced puzzle game. However, the other two validation studies used diverse action games and the data set used for the initial factor analysis used a wide variety of different types of digital games with a much larger sample size (n=3539) than the one used to create the original IEQ (n=244). This gives the new IEQ-SF much stronger statistical foundations than the original IEQ scale. It may be possible that there is some loss of power when the new IEQ-SF is used with other types of games that we did not validate against, but this seems unlikely as the underlying 3-factors of Involvement, Real-World Dissociation and Challenge are common to almost all digital games. Indeed, the new IEQ-SF removes some elements of original IEQ (e.g. the Control subfactor) which are more specific to action games, and focuses more on the experience of immersion which is common to almost all games. 
The new IEQ-SF reduces the original 31 items of the IEQ to 11, and common concern about such short forms is that there may be some loss of power, however our four validation studies showed that this is minimal and that the new IEQ-SF can be used in place of the original IEQ. 
Use of IEQ-SF
All items of the new Short Form IEQ scale are shown in Table 8 together with their associated factors. To use the new scale all items should be presented to the participant with a 5-point Likert scale for them to give their answer. Each Likert scale is scored from 1 to 5 points where 1 corresponds to “Strongly Disagree” and 5 to “Strongly Agree” except for items 5 and 10 which are reverse scored (see Table 7). The score for each of the three factors is the mean score of the 3 or 4 items associated with that factor. The overall immersion score is the mean score of all 11 items.
Our development and validation process indicates that the IEQ-SF is a good substitute for the full IEQ in both high and low immersion situations. It is possible that reducing the number of items from 31 to 11 has resulted in a small loss of power, so if a study requires very high power, then it may be advisable to still use the original IEQ scale. However, for most other uses the new IEQ-SF can be considered a shorter and improved measure of immersion in games and can be used in place of the original long scale. 
Conclusions
In this paper we have presented the motivation, development and validation of the 11 item Short Form Immersion Experience Questionnaire (IEQ-SF). This addresses the need for a shorter version of the original 31 item Immersion Experience Questionnaire. To develop this new scale, we made use of new developments such as Item Response Theory and Open Science. Open Science data sharing practices allowed us to use pre-collected data for factor analysis (n=3539), evaluation (n=343) and validation (n=322) of the new scale. We also performed validation on new data (n=164). The resulting 11 item scale shows good validity and reliability but in contrast, to the original single factor IEQ the new IEQ-SF has 3 subfactors of Involvement, Real-world Dissociation and Challenge which make up an omni-factor of immersion. 
The final questionnaire can be used in place of the original IEQ with very little loss of power. We envisage that it will be a useful measure for game experience research, particularly in studies where participants are paid by the minute or are required to fill in a battery of questionnaires. These criteria describe increasing numbers of investigations, so we see the IEQ-SF becoming a key tool in the future of game research. 
Supplementary materials
The OSF repository at https://osf.io/a3bzk/?view_only=ce0975a91b7345f4b9ce80a7759707f5 contains all datasets used for creation and validation of the scale. It also contains all R analysis scripts, pre-registration and all source code needed to run the experiment.
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Appendix: Immersive Experience Questionnaire (IEQ)
The following lists the items of the IEQ. These are presented to participants as a seven-point Likert items with responses ranging from Strongly Disagree to Strongly Agree. To score, these are converted to a score from 1 to 7 (with the items indicated with an ‘r’ reverse scored) and the mean of all items used as the IEQ score (or subset of items for the relevant factor scores). Also, to clarify the relationship between the IEQ and the IEQ-SF, the table indicates to which factors each item belongs in both the original IEQ formulation and the Short Form formulation. 
The factor names are abbreviated to fit in the table:
Inv = Involvement, Inv: E = Emotional Involvement, Inv: C = Cognitive Involvement, RWD = Real World Dissociation, Ch = Challenge, Ctrl = Controls
	Item key
	Item
	IEQ Factor
	SF Factor

	IEQ1
	The game had my full attention
	Inv: C
	

	IEQ2
	I felt focused on the game
	Inv: C
	Inv

	IEQ3
	I put effort into playing the game
	Inv: C
	

	IEQ4
	I tried my best
	Inv: C
	

	IEQ5
	I lost track of time
	RWD
	

	IEQ6 (r)
	I felt consciously aware of being in the real world whilst playing
	RWD
	RWD

	IEQ7 (r)
	I forgot about my everyday concerns
	RWD
	RWD

	IEQ8 (r)
	I was very much aware of myself in my surroundings
	RWD
	

	IEQ9
	I noticed events taking place around me
	RWD
	

	IEQ10 (r)
	I felt the urge to stop playing and see what was happening around me
	Ctrl
	

	IEQ11
	I felt like I was interacting with the game environment
	Ctrl
	

	IEQ12
	I felt that I was separated from the real-world environment
	RWD
	RWD

	IEQ13
	The game was something that I was experiencing, rather than just doing
	Inv: E
	Inv

	IEQ14
	The sense of being in the game environment was stronger than the sense of being in the real world
	RWD
	

	IEQ15
	I found myself so involved that I was unaware I was using controls
	Ctrl
	RWD

	IEQ16
	I moved through the game according to my own will
	Ctrl
	

	IEQ17
	I found the game challenging
	Ch
	Ch

	IEQ18 (r)
	There were times in the game in which I just wanted to give up
	Ch
	

	IEQ19
	I felt motivated when playing the game
	Inv: C
	Inv

	IEQ20 (r)
	I found the game easy
	Ch
	Ch

	IEQ21
	I felt that I was making progress towards the end of the game
	Inv: C
	

	IEQ22
	I performed well in the game
	Inv: C
	

	IEQ23
	I felt emotionally attached to the game
	Inv: E
	

	IEQ24
	I was interested in seeing how the game's events would progress
	Inv: E
	

	IEQ25
	I wanted to "win" the game
	Inv: C
	

	IEQ26
	I felt in suspense about whether or not I would do well in the game
	Ch
	Ch

	IEQ27
	I found myself so involved that I wanted to speak to the game directly
	Inv: E
	

	IEQ28
	I enjoyed the graphics and the imagery
	Ctrl
	

	IEQ29
	I enjoy playing the game
	Inv: C
	Inv

	IEQ30
	When I stop playing, I am disappointed that the game is over
	Inv: E
	

	IEQ31
	I would like to play the game again
	Inv: E
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