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1. Introduction

Andreassi defines psychophysiology as the study of the relations “between psychological manipulations and resulting physiological responses measured in the living organism.”  The effect that digital games have on a player’s emotion and attention are examples of physiological responses to psychological manipulation.  Psychophysiological measurements therefore can be used to quantify player experiences of digital games.  The GameScience Lab in Sweden at the Blekinge Technical Institute has identified two classifications of psychophysiological measurements1.  First, context independent data is “data that can be acquired with no regard to context or content of the game.”  Second, context dependent data is “data that requires knowledge about key game elements or game values.”  A number of technologies currently exist for recording context independent data.  One example is electroencephalography, which measures the electrical activity of the brain.  The output trace shows a summation of post-synaptic potentials1.

Psychophysiological measurements represent an improvement over previous methods for recording player experiences, namely, the questionnaire method.  Kennerly points out one flaw of the questionnaire method.  He proposes that players do not accurately report their own behavior in questionnaires, but rather that a player’s feedback is a revised report that portrays distorted psychological and social forces.  GameScience Lab refers to this phenomenon as “subconscious distortion.”  An additional disadvantage of questionnaires is “subconscious discrepancy” that occurs after the event, giving participants the opportunity to forget important details about their experience.  Automated “logging”, the monitoring and recording of player-related data during game play may solve both these problems.

Existing video game software does not accommodate real-time integration with EEG recording.  A solution requires the alteration of video game source code as well as software development kits that allow access to psychophysiological data acquisition hardware from custom applications.  The alteration of video game source code for the integration of logging capability into digital games requires a skill and experience in digital game computer programming.  Typically, psychology researchers do not have the required level of expertise in this area.  Consequently, a method for rapid development of digital games for psychological experiments would benefit the field by offering a way to record psychological events physiologically through the EEG.  This would, in turn, increase the ability to have quantitative studies in the psychological fields using digital games.  The use of digital games provides a more realistic environment for psychological experiments.  These are the qualities of digital games and EEG that make this study desirable to psychologists. 
2. Literature Review

In a 1997 study, Miltner et. al. measured the brain potentials, the electrical signal between two points in the brain, of human participants required to estimate the duration of a 1-sec time interval.  The study found that following negative feedback (indicating an incorrect response), event-related brain potential (ERPs) became more negative.  Equivalent dipole analysis procedures suggested a source for the negative scalp potential in or near the anterior cingulate cortex (ACC) indicated in Figure 1.  The authors noticed a similarity between this feedback error-related negativity (the feedback ERN) and the previously discovered negativities following response errors (the response ERN).  This similarity led the authors to propose that both ERNs were associated with the same neural and cognitive error detection process.
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Figure 1: Anterior Cingulate Cortex (Cromie, 2004)


Nieuwenhuis, Holroyd, Mola, and Coles (2004) noted that since the 1997 report of Miltner et. al. much progress has been made in understanding the neural basis and functional significance of the feedback ERN due to empirical studies inspired by the reinforcement learning theory of the ERN (RL-ERN theory).  Nieuwenhuis et. al. outline four predictions of the RL-ERN theory in their paper.

The first prediction of the RL-ERN theory holds that the ERN reflects the outcome of an evaluation of events along a good–bad dimension, suggesting that the ERN should be sensitive to any performance-related feedback information indicating favorable or unfavorable outcomes.  Two studies were able to add to this prediction.  The first was conducted by two of the authors who also contributed to Nieuwenhuis et. al. (2004).  The second study was conducted by Gehring and Willoughby (2002).  Together, these two studies were able to contribute the observation that the ERN evaluates events along an abstract good-bad dimension rather than in terms of correctness or gain/loss.  Additionally, according to the RL-ERN theory, the ERN system can base its good–bad evaluations on different sources of information, and the choice of source can be determined by the context in which the information is provided.  Additionally, Holroyd et. al. (2004) suggested on the basis of experiments conducted by Yeung and Sanfey (2004) that it might be possible that the monitoring system responsible for the error detection process scales the variance of possible outcomes so that the extreme outcomes are weighted equally irrespective of their absolute magnitude.

The second prediction of the RL-ERN theory reviewed by Nieuwenhuis et. al. is that a more negative ERN signal is elicited when the monitoring system has to revise its reward expectations for the worse.  This is indicated graphically in Figure 2. (Notice that the y-axis is inverted.)  The labeled feedback ERN, which shows a more negative slump, was elicited for the event the subject revised his/her expectation for the worse.  The theory further predicts that the amplitude of the ERN is proportional to the size of the prediction error, making the amplitude of the feedback ERN dependent on the difference between the actual outcome of a trial and the expected outcome of that trial.  The results of two studies, one by Holroyd and Coles the other by Nieuwenhuis, Ridderinkhof, et. al. (2002), indicate that ERN amplitude tracks the prediction error on a trial-to-trial basis.  Holroyd et. al. (2002) was able to rule out the possibility that the feedback ERN is sensitive to the absolute magnitude of the reward.
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Figure 2: Feedback ERN Potential
 (Nieuwenhuis, 2004)

Additionally, the RL-ERN theory predicts that the ERN is elicited following the earliest predictor of negative outcome.  In accordance with this prediction, Holroyd and Coles (later verified by Nieuwenhuis et. al. showed that during the initial stages of learning the ERN is large following the feedback and absent following the response.  As the predictive value of the response is learned however, the ERN propagates back from the feedback to the response.  In cases where the mapping to the response is randomly determined and hence cannot be learned the ERN remains invariably high following the feedback, and does not propagate back to the response.

The final prediction of the RL-ERN theory is the generation of the ERN in the anterior cingulate cortex (ACC).  All studies reviewed by Nieuwenhuis et. al. are consistent with this final prediction.
3. Methods

In our study, we developed a first person shooter (FPS) digital game.  The game was developed using the Torque Game Engine Advanced.  Our psychological experiment implemented a 3 x 2 design.  The game had three artificial intelligence (AI) targets for the player to fire upon and two reinforcement contingencies.  Our two contingencies were differentiated by the level of difficulty for the user to kill each target.  The three AI targets had a difficulty hierarchy in which each target is progressively more difficult to kill.   All three targets were soldier models with different colors on them.  The red soldier was the easiest, the white soldier was moderate, and the blue soldier was the most difficult to kill.

In the first half of the experiment, the test subject played the FPS game without the contingencies applied.  This allowed the user to expect  how difficult it was to eliminate each target.  The game was linear, meaning that there are no subplots and that the game goes in one direction only, so that the subject must eliminate all the targets maximizing the number of trials.  The test subject was given unlimited ammo in order to complete the task successfully.  There will be 20 trials within the game with each trial containing each of the three AI.  

In the next portion of the experiment, the contingencies were applied.  The two contingencies had opposite difficulty hierarchies.  The AI target that was the least difficult to kill in the first contingency became the most difficult to kill in the second contingency and the AI target that was the most difficult to kill in the first contingency became the least difficult to kill in the second contingency.  The AI between the most difficult and least difficult AI remained the same and did not have a contingency applied.  The reinforcement contingencies were set up on a 70/30 basis.  The thirty percent violation of this expectancy should be sufficient to trigger the error related negativity from the anterior cingulate cortex (ACC).  For this portion of the experiment, there were 60 trials in the game with each trial containing the new AI as well as the AI from the first trial set.

Electroencephalography (EEG) was used to measure ERPs associated with reinforcement learning.  For the purposes of this study, the EEG revealed whether or not the error related negativity was triggered on a particular AI.  The two contingencies of our game were then modified to integrate logging functionality according to the event related potentials (ERP) recorded.  Logging functionality was incorporated into our experiment by modifying the source code of our game and incorporating a parallel port connection between our central processing unit and our electroencephalograph.  Our setup received information from the game data and signals a trigger in the EEG software that indicated the moment an AI was terminated.  An off signal was sent when the new soldier spawns or the player completed a round of the level.  


4. Results

At the FCz electrode, event-related potentials were observed for the alternative red AI (ared), red, and alternative blue (ablue) events.  The ared potential deflection reaches a maximum of approximately -1.7 μV at approximately 75 ms after the event.  The red potential deflection reaches a maximum of approximately -.7 μV approximately 45 ms after the event.  The ablue potential deflection reaches a maximum of approximately -.5 μV approximately 15 ms after the event.
Additionally, a differential response was observed in the event-related potentials that appeared to be graded according to the level of difficulty of the bots for the player to kill.  This graded response was observed in the learning condition with respect to the three bots and across the learning condition and the test condition in terms of the three bots with respect to their anomalous counterparts.

In the learning condition, the differential response to the three bots was apparent at the CPz and F8 electrodes.  At the CPz electrode, the observed event-related potentials were initiated approximately 200 ms after the respective events.  The response appeared to last for approximately 800 ms, with the responses reaching their peak amplitudes in approximately 300 ms.  The peak amplitude of the event-related potential for the red event was approximately 4.1 μV, approximately 3.8 μV for the white event, and approximately 2.3 μV for the blue event.  These responses reflected the progressive difficulties in killing the three bots, where the red bot was the least difficult to kill, the white bot corresponded to the middle difficulty, and the blue bot was the most difficult to kill.

It is interesting to note that a similar pattern of event-related potentials occurred at the F8 electrode.  However, the order of which bot event corresponded to the maximum potential deflection was reversed and the potential deflections were negative, for the most part.  Thus, the error-related potentials were similarly initiated approximately 200 ms after the events and the red event corresponded to the largest potential deflection of approximately -3.6 μV, the white event had a maximum amplitude of approximately -1.8 μV, and the blue event had a maximum amplitude of approximately .4 μV.  The responses, similarly, appeared to last for approximately 800 ms, with the maximum amplitudes occurring approximately 300 ms after the responses were initiated.

A differential response was observed across the learning and test conditions that was graded according to the difficulty of the bots for the user to kill.  This differential response was observed at the CPz and the Fpz electrodes.  At the CPz electrode, these responses appeared to initiate at the time of the event and took approximately 500 ms to reach their maximum amplitudes and approximately 1000 ms to run their course.  The ared event had a maximum amplitude of approximately 2 μV, the blue event had a maximum amplitude of approximately 3 μV, and the red and ablue events both had a maximum amplitude of approximately 4 μV.

The response observed at the Fpz electrode appears to mirror the response at the CPz electrode for the most part, but in reverse order of maximum amplitude and with reversed polarity.  These responses also appear to initiate at the time of the events, take 1000 ms to run their course, and reach their maximum amplitudes approximately 700 ms after they initiate for the most part.  One important deviation from the symmetry of the responses at the Fpz and CPz electrodes is the fact that the ared event appears to elicit a stronger response than the blue event at the Fpz electrode as opposed to the reverse situation at the CPz electrode.  The event-related potentials at the Fpz electrode are not as consistent over time as at the CPz electrode and are consequently more difficult to interpret.

5. Discussion

The appearance of these event-related negativities following the triggers of the ared, red, and ablue events created by our logging program appear to be strong confirmation for the advantage of incorporating logging functionality into digital games for the purpose of psychophysiological data acquisition.

It appears that the red and ablue events, which were the bots that were the easiest to kill, elicited the strongest response.  Additionally, the response was equally strong for both bots, although the ablue response took approximately 100 ms longer to reach a maximum than did the red response and the ablue response stayed at or near maximum displacement for approximately 300 ms compared to approximately 10 ms for red.  Additionally, the response to a blue event had a larger maximum amplitude than the response to an ared event.  Thus, the strongest responses appear to focus on the change in the level of difficulty of the blue bot for the user to kill.
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