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Facial and Bodily Expressions of Emotional Engagement: 
How Dynamic Measures Reflect the Use of Game Elements 
and Subjective Experience of Emotions and Effort 
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KATHARINA BERNECKER, University of Zurich, Switzerland 
MANUEL NINAUS, University of Innsbruck, Austria    

Users’ emotional engagement in a task is important for performance and motivation. Non-intrusive, 
computerized process measures of engagement have the potential to provide fine-grained access to 
underlying affective states and processes. Thus, the current work brings together subjective measures 
(questionnaires) and objective process measures (facial expressions and head movements) of emotions to 
examine users’ emotional engagement with respect to the absence or presence of game-elements. In 
particular, we randomly assigned 156 adult participants to either a spatial working memory task with or 
without game elements present, while their faces and head movements were recorded with a webcam during 
task execution. Positive and negative emotions were assessed before the task and twice during task execution 
using conventional questionnaires. We additionally examined whether perceived subjective effort, assumed 
to inherit a substantial affective component, manifests at a bodily expressive level alongside positive and 
negative emotions. Importantly, we explored the relationship between subjective and objective measures of 
emotions across the two tasks versions. We found a series of action units and head movements associated 
with the subjective experience of emotions as well as to subjective effort. Impacted by game elements, these 
associations often fit intuitively or lined up with findings from literature. As did a linear increase of blink 
(action unit 45) intensity relate to participants performing the task without game elements, presumably 
indicating disengagement in the more tedious task variant. On other occasions, associations between 
subjective and objective measures seemed indiscriminative or even contraindicated. Additionally, facial and 
bodily reactions and the resulting subjective-objective correspondences were rather consistent within, but 
not between the two task versions. Our work therefore both gains detailed access to automated emotion 
recognition and promotes its feasibility within research of game elements while highlighting the 
individuality and context dependency of emotional expressions.  
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interaction design; • Applied computing → Psychology; Interactive learning environments. 
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1 INTRODUCTION 

Many of today’s attempts to deepening the understanding how individuals perform tasks are 
concerned with engagement [45,52,64]. Such endeavours usually follow the rationale that 
engagement is a proxy for an ideal state characterised by active involvement in a task as opposed 
to disinterest, absence or surface attendance [58]. Engagement seems to be predictive of several 
positive educational parameters, including better learning outcomes, grades and increased 
ambition to higher education [83,19,84]. 

Game-based environments and gamification seem to be promising ways to promote 
engagement. In other words, the literature on game-based learning and gamification suggests that 
adding game elements increases the enjoyability of a (cognitive) task that is otherwise considered 
tedious or boring [3,59]. In particular, game elements can positively influence performance and 
learning indirectly through individuals changes in attitudes and behaviors [44,43], motivation, 
and affect [31,70]. However, underlying mechanisms and processes of game elements have not 
been studied sufficiently yet [6]. Recent studies aim at utilizing process measures, such as 
physiological [e.g. 50] and neurophysiological data [e.g. 88], to better understand these 
mechanisms on a fine-grained level [for an overview see 57]. For instance, Ninaus et al. [59] utilizd 
facial emotion classification and were able to predict whether participants engaged in a math 
learning task with or without game elements on facial emotion data alone. Like previous studies, 
the current work utilizes process measures and assumes that adding game elements leads to an 
increase in (emotional) task engagement. The resulting increase in task engagement should 
manifest in detectable bodily or facial expression alterations. Previous works have proven the 
feasibility of such attempts [for an overview see 57]. By comparing two variants of a working 
memory task, one with and one without game elements, the current work aims at broadening our 
knowledge on how game elements and their effects on emotional user engagement relate to 
dynamic, objective and fine-grained expressive measures of affect such as facial (action units) and 
head activity features (head translations and rotations). First of all, we generally examine which 
of these facial and head activity features predominantly reflect the presence (or absence) of game 
elements during the interaction with the task. Secondly, we sharpen these correspondences by 
examining the relationship between facial/bodily features and self-reported reported affective 
states (i.e. positive and negative emotions) as well as the subjective feeling of effort. Finally, we 
explore whether these results show any consistencies on a meta-level, such as whether identified 
facial features likewise reflect positive/negative emotions and the presence/absence game 
elements. 

2 RELATED WORK 

2.1 Game elements & (emotional) engagement 
Engagement usually describes the active involvement in a given task as opposed to a lack of 
interest, apathy, or superficial participation [58]. Ample research evidence suggests that 
engagement is related to better educational outcomes and thus is of primary importance in 
education and training [19,83,84].  
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Despite an ongoing debate about its exact underpinnings, engagement can be conceptualized 
to consist of the dimensions behavior, cognition and emotion [20]. In the current study, we focus 
on aspects of emotional engagement. That is, for instance, learners’ emotional reactions to 
instructional material [see 1,33 for a more comprehensive definition]. Research suggests that a 
lack of emotional engagement can also lead to behavioral and cognitive disengagement [34,30,2], 
emphasizing the importance of emotional factors. 
Within the last decade, studies capturing any kind of engagement have become more and more 
digitally enhanced and technologically supported [71]. Studies using computer vision and 
machine learning techniques in the domain of affective computing showed promising results to 
differentiate between different emotional states and levels of engagement [49,59,74]. Automatic 
analysis of, for instance, images or videos of users faces during task interaction to estimate 
operator attention [67], emotion [46] or even engagement in the classroom [for a review see 25] 
has become a popular and efficient means.  

What is sometimes referred to as advanced, analytic, and automated (AAA) approaches utilize 
heavily computerized examination of relevant, often affective learning states [12]. These AAA 
approaches include, amongst others, video analyses of facial expressions and bodily postures. In 
this context, facial expressions and action units are often used to classify discrete emotions such 
as happiness and sadness. For instance, Ninaus et al. [59] compared a game-based and a non-
game-based math learning task directly to evaluate the affective impact on the player using 
discrete emotions and machine learning techniques. They found that game elements can exert an 
affective effect that also entails an expressive component measurable by automatic recognition of 
facial expressions and standard questionnaires. They concluded that adding game elements to a 
task leads to more emotional engagement in both positive and negative directions.  

2.2 Game elements and subjective effort 
Sustaining cognitive performance on a task is ubiquitous and critical in everyday life [38]. 
Subjective effort and its phenomenological qualities unify aspects of all three different levels of 
engagement: cognitive, behavioural and emotional. Importantly though, investing effort into a 
given task is often discussed on a cognitive or behavioural level [12,20].  

Actual and subjective effort may often be congruent regarding their direction [see 77]. 
However, as this is not necessarily the case, subjective and actual effort are conceptually 
inequivalent [76,77]. An individual’s perception of its capacity seems to determine the amount of 
effort that can be exerted in the first place [77]. Assuming that an individual’s capacity may be 
grounded in his or her motivations [75], task engagement, and its accompanying motivational 
upheaval, should lead to an increase in the expended effort. Game elements potentially make a 
task more rewarding or enjoyable. As such, there is evidence of heightened objective effort 
expenditure in (cognitive) tasks with game elements present [55,61]. It is suggested that game 
elements might influence the willingness to invest (cognitive) effort as they alter the learner’s 
perception of the task at hand [60,73]. That is, tasks with game elements can be perceived as less 
effortful or less strenuous than tasks without game elements present [3]. This argument relies on 
the assumption that cognitive resource allocation is flexible and can be influenced by ones 
motivational and emotional state [62,65,79]. This potential link between subjective experience of 
effort and emotions might further suggest that subjective effort might also be reflected in users’ 
facial or even bodily features during task execution.  
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2.3 Face & head features and affective states:  

Table 1: Action Units used in the current study (adapted from FACS) 

AU   AU   

1 Inner Brow 
Raiser  

14 Dimpler 

 

2 Outer Brow 
Raiser 

 
15 Lip Corner 

Depressor 
 

4 Brow Lowerer 
 

17 Chin Raiser 

 

5 Upper Lid Raiser 
 

20 Lip stretcher 
 

6 Cheek Raiser  23 Lip Tightener 
 

7 Lid Tightener  25 Lips part 

 

9 Nose Wrinkler 
 

26 Jaw Drop 

 

10 Upper Lip Raiser 
 

28 Lip Suck 
 

11* 
Nasolabial 
Deepener 

 
45 Blink  

12 Lip Corner 
Puller 

 

    

*not included in the data collection 

2.3.1 Mapping action units onto emotions. Interest in the reliable recognition of expressive facial 
features and the interpretation of their configuration continues unabated [46,51]. This is 
particularly interesting when investigating player experience, as players are not disturbed by, for 
instance, responding to a questionnaire during gaming, which might distract the players or even 
disrupt rather volatile user states such as flow or presence (e.g. Nebel & Ninaus, 2019). A 
substantial body of work used the facial action coding system (FACS) – a taxonomy of human 
facial 57 expressions. Originally developed in 1978 (Ekman & Friesen, 1978; revision: Ekman, 
2002), the system specifies 32 distinct facial muscle actions called Action Units (AUs; see Table 1 
for an overview of AUs). Due to their fine-grained partition into facial features, action units are 
still considered state-of-the-art for a detailed facial expression analysis.  

Traditionally, those small units were combined and related to larger and compound concepts 
of emotional expressions (e.g. discrete emotions). Basic emotions can in this system be 
represented as a combination of action units [80] (see Table 2). Happiness, for instance, is 
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frequently represented as a combination of cheek raiser (AU6) and lip corner puller (AU12) [51]. 
Besides this widely applied approach, other works established associations between single AUs 
and basic emotions. The current study similarly relates single action units to a negative and a 
positive continuum of emotion. For instance, using happy again as an example, this emotion has 
cheek raiser (AU 6), lid tightener (AU 7), lip corner puller (AU 12) and jaw drop (AU 26) as positive 
associations but inner and outer brow raiser (AU 1, AU 2), upper lid raiser (AU 5) and nose wrinkle 
(AU 9) as negative associations [81]. 

Another popular approach utilizes the two-dimensional circumplex model of affect [69] that 
arranges emotional experiences within the spectrum of arousal and valence. Accordingly, one can 
map discrete positive and negative emotions onto the valence dimension. That is, happy and 
surprise are, for instance, usually located in a positive valence space [48]. A more direct 
inclination of the valence dimension and action units has shown the discriminative power of 
single action units [54]. As such, lip corner puller (AU12) seems to be highly indicative for positive 
valence, whereas nasolabial deepener (AU 11) is strongly indicative for negative valence (see also 
Table 2).  

 
Additional information stems from attempts to map action units onto more complex emotions 

than the basic ones. Researcher examined so-called learner-centered affective states such as 
boredom [10,56], frustration [41,see also 13] and confusion [41,26], using facial expressions. 
McDaniel and colleagues manually coded action units of facial video recordings from participants 
interacting with the system AutoTutor [53]. They identified several action units that, when 
present (+) or absent (-), distinguished emotions from neutral states. Confusion, for instance, was 
indicated by brow lowerer [AU4(+)], lid tightener [AU7(+)] and lip corner puller [AU12(-)]. 
Frustration was indicated only by lip corner puller [AU12(+)]. Another work correlated task 
difficulty with activation of action units, and revealed that only lower blink rate (AU45) was 
consistently indicative [86]. An approach of automated frustration and confusion classification 
based on action units likewise mainly relied on blink (AU45) [4]. Brow lowerer (AU4) or the 

Table 2: Overview of Action Units and their association to basic emotions 

[adapted from 80] AUs [adapted from 51] 
{4,5,7,10,22,23,25Ú26} {4,5,7,10,23,25Ú26} 

{4,5,7,17,23Ú24} {4,5,7,23Ú24} {4,5Ú7}  
{17,24} 

anger 4, 5, 7, 10, 17, 22-26 

{9Ú10,17} {9Ú10,16,25Ú26} {9Ú10} disgust 9, 10, 16, 17, 25, 26  

{1,2,4} {1,2,4,5,20,25Ú26Ú27} 
{1,2,4,5,25Ú26Ú27} {1,2,4,5} {1,2,5,25Ú26Ú27} 

5,20,25Ú26Ú27} {5,20} 
{20} 

fear 1,2,4,5,20,25,26,27  

{12} {6,12} happiness 6, 12, 25  
{1,4} {1,4,11Ú15} {1,4,15,17} {6,15} {11,17} 

{1} 
sadness 1,4,6,11,15,17  

{1,2,5,26Ú27} {1,2,5} {1,2,26Ú27} {5,26Ú27} surprise 1,2,5,26,27  
- pain 4,6,7,9,10,12,20,25,26,27,43  

1,2,5,15,17,22 cluelessness 
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corrugator is the only one mentioned to be linked to mental effort, prominently termed as “the 
muscle of concentration” by Darwin [47]. 

2.3.2 Mapping head movements: Examining “bodily expressions” [single body parts or the whole 
body [82]] as the expressive component of emotions has a substantial body of research that, 
however, primarily focused on controlled expressions from actors in specific situations [11,32]. 
However, literature’s focus is very limited with respect to effort, which is why we will focus on 
related emotional expressions such as boredom. For instance, it has been shown that increased 
upper body shifts are associated with boredom. In contrast, positive emotions, like joy and 
happiness, are often expressed by an elevated upper body posture [32] or a head leaning upwards 
[11,82]. In a different study, increased head activity was related to frustration during a computer-
supported tutoring lesson [27]. Moreover, positioning the upper body closer to the screen was 
also indicative of self-reported frustration. Accordingly, bodily expressions might provide 
information about a users’ disposition to engage in a particular task [22,23]. More specifically 
related to gaming, differently engaging tasks (i.e., a “boring” vs. “interesting” reading task vs. 
playing a shooting game on a computer) lead to different head activity with highest activity in 
the “boring reading task” condition [87]. In contrast, van den Hoogen et al. [35] showed that 
boredom can also lead to decreased upper body activity. Riemer et al. [68] recently used a Kinect 
sensor to capture head and upper body movements from participants interacting with a computer 
platform game. Positioning the upper body towards the gaming screen was associated with self-
reported frustrations, just like keeping the head turned to the right (while keeping it turned to 
the left indicated enjoyment). Boredom was most significantly indicated by increased head rolling 
activity (tilting to the left or right shoulder). Additionally, keeping the head turned to the right 
was a sign of frustration, keeping it turned to the left however was linked to enjoyment [see also 
4].  

2.4 The current study 
We augmented a classic working memory paradigm, the spatial n-back task [39], with game 
elements to evaluate their effect on processes of engagement. In particular, we compare two 
digital versions of the n-back task that are equivalent as regards their basic task characteristics. 
However, one version utilized various game elements, e.g. a narrative with matching visual 
aesthetics as well as enhanced feedback. Importantly, game elements did not change the basic 
mechanics of the spatial n-back task so that maximal comparability with the version without 
game elements was given. 

In contrast to most previous work, we perform a fine-grained analysis of the influence of game 
elements on expressive (emotional) facial and bodily features. Because previous research 
indicated that certain facial and bodily features can act as objective proxies for subjective 
(emotional) experiences, we aim to explore the potential of these dynamic measures to study the 
impact of game elements on (emotional) engagement. All measures used are part of a larger 
project from which results of questionnaire ratings regarding emotions and subjective effort have 
been already published elsewhere [3]. Drawing upon this previous analysis, it revealed that 
positive emotions decreased over time in the working memory task without game elements (no-
game condition), but remained at baseline levels in the working memory task with game elements 
present (game condition). In this latter condition, participants had a higher baseline level of 
negative emotions but experienced fewer negative emotions than the non-game condition 
afterwards. For subjective effort, participants in the game condition experienced the task as less 
effortful throughout the experiment. No performance differences were found between 
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participants in the game or no-game condition. The current work extends this data by linking it 
to objective facial and body movement features such as action units and head movement and 
rotations. 

Action units are usually examined using rough intensity change estimates [see 47 for another 
use of de-/increase measures of AUs] or mere frequency [29]. In the present work, we take a 
different approach using two process parameters describing AU changes across conditions and 
blocks of the experiment. One describes the (latent) intensity de- or increase over time. The second 
is a variability parameter, indicating fluctuations over time. Both measures overcome the 
threshold problem of counting significant activation of action units, meaning that they are only 
considered if a human judge or a machine classifies them as significant. These process measures 
should allow us highly detailed access to the properties of single AUs over the course of the 
experiment.  
Further, we establish a relation between different movement and orientation parameters of the 
head and game elements as well as emotional engagement. Variants of the same movement and 
orientation parameters have been proven useful in the past [68]. In particular, we try to establish 
indicators of head movements such as range, velocity and stability, and link them to the presence 
or absence of game elements as well as participants’ subjective (emotional) experience.  

In summary, the current work focuses on two research questions (RQs). Assuming an 
underlying affective component, can facial and head activity features reflect the use and impact 
of game elements in a cognitive task (RQ1)? Can subjective effort, alongside positive and negative 
emotions, be meaningfully mapped onto objective, expressive components of emotions such as 
facial and head activity features (RQ2)? Beyond these research questions, we will also consider 
and discuss potential overarching patterns identified by our analyses. This will shed light on the 
stability of the relationship between objective, expressive components of emotions and 
established subjective measures over the course of the experiment (e.g., are subjective negative 
ratings accompanied by similar negative expressions across time and experimental conditions?).  

3   Method  

The current study is part of a larger project investigating the effects of game elements in cognitive 
training. As such, part of the data acquired in the project have been published elsewhere [3]. 
However, data, analyses, and results presented in the current study have not been published and 
focus on facial and head movement data. 

3.1   Design 
The study was designed with one between-subjects factor (game vs. non-game task condition). 
Participants in both conditions worked on spatial 2-back tasks. In the game condition, the 2-back 
task was augmented with typical game elements, i.e. game-like visual design, game narrative, 
individual score, progress bar, and streaks (extra points awarded for 5 correct responses in a row). 
In the non-game condition, these game elements were absent in the 2-back task. 

3.2   Participants and procedure 
In total, 190 adult participants were recruited (42 male, 147 female, 1 na, mean age= 22.47 years, 
SD age = 2.46) via the research institutions participant tool in a city in Germany, which contains 
mainly university students. All participants were reimbursed participating for participating in the 
study with 8 EUR, which took about 1 hour. Unfortunately, complications (image quality or face 
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recognition problems) reduced the sample of participants to a total of 156, equally split to both 
conditions (N=78 each). 

After providing informed consent, participants were randomly assigned to one of the two 
conditions (game vs. non-game task version) and received the corresponding instruction for the 
spatial 2-back task. First, participants completed 50 practice trials, where all participants received 
trial-based feedback on whether their response was correct or incorrect. This should ensure that 
every participant understood the objective of the spatial 2-back task. Afterwards, participants 
worked in two blocks, consisting of 120 trials each. After each of the two spatial 2-back task 
blocks, participants’ positive and negative affect as well as subjective experience of effort were 
assessed with questionnaires. During the spatial 2-back task, participants faces were recorded 
with a conventional webcam. For more details on the procedure unrelated to the current study 
see [3]. 

3.3   Measures and materials 
3.3.1. Game and non-game spatial 2-back task.  

Non-game task: The spatial 2-back task was realized using PsychoPy [63]. During each trial of 
the task, a blue square was randomly presented in one of four locations (i.e., grey squares) for 
precisely 900 ms (see Figure 1 left). Each of the four locations was assigned to a key on a QWERTZ 
keyboard (i.e., Q, A, P, L). After stimulus presentation, participants had 900 ms to press the 
corresponding key on the keyboard to indicate the location of the stimulus presented 2 trials ago 
to the current trial. That is, for the first two trials of each block no response was possible or 
necessary. A new stimulus would appear after 500 ms independent of whether a participant 
pressed a key or not within the 900 ms time window. Accordingly, the interval between any two 
stimuli was 1400 ms.  

Game task: In the game version of the spatial 2-back task entitled “Brains vs. Zombies”, several 
game elements augmented the conventional/non-game task version. A game narrative was 
introduced before the instructions and stated that a cemetery in the city of the study is haunted 
and zombies appear on every gravestone. The zombies need to be eliminated before they reach 
the city and can only be eliminated with a remote-controlled weapon. The weapon must be aimed 
at the exact position of the zombies, but they are very fast and visible only for a brief period of 
time. After this short game narrative statement, the identical instructions as in the non-game 
version of the task were presented to the participants. The only exception was that a graveyard 
design was presented (see Figure 1 right). Moreover, instead of a blue square, zombies were used 
as stimuli to further enhance the credibility of the narrative. Finally, in the game version of the 
task we implemented and individual score (i.e. 10 points for each correct response), a progress bar 
showing the progress within each block in the form of a brain, and performance streaks (i.e. 10 
extra points were awarded if participants gave 5 correct responses in a row).  

In [3] the number of correct responses served as dependent measure. The authors did not find 
a difference in number of correct responses between conditions, but participants increased their 
performance from practice to first block and second block of the spatial 2-back task in both 
conditions. 
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Fig. 1: Non-game (left) and game (right) version of the spatial 2-back task 

 
3.3.2   Facial expressions.  Video data were analysed using OpenFace 2.0 (Baltrusaitis et al., 2018). 

We obtained intensity values for a total of 18 action Units (see Table 1) provided by the system. 
Importantly, for every frame of the video, an intensity value (range from 0 to 5) is provided by 
the software, indicating to which extent an action unit was present in a single frame. We used 
linear regression models for every AU and subject with time (frames of the video) as the 
dependent variable to obtain slopes and residuals out of these separate models. Positive and 
negative slopes describe an increase or a decrease of the intensity of the AU over time, 
respectively. Residual values, on the other hand, describe the amount of deviation from the linear 
function and, therefore, the intensity’s variability of a given AU across time, or, in the present 
case, across a block of the experiment.  

3.3.3 Head movement. Estimation of head pose was obtained using the same software and 
returned process values on two different levels, translation, and rotation (for detailed information 
see https://github.com/TadasBaltrusaitis/OpenFace/wiki/Output-Format). 

Translation: Head translation refers to the heads motions in space (visible by the camera) along 
the three axes (X,Y,Z), while the camera represents the origin of the space. For instance, 
alterations along the Z-axis describe movements away or towards camera (distal, the camera is 
the point of origin), Y indicates the head moving up or down (vertical) and X describes movements 
to the left or right (horizontal).  

Rotation: We obtained head rotations (also known as pitch, yaw and roll) around the three axes 
(X,Y,Z; relative to the camera as point zero). For instance, X means nodding the head to look up 
or downwards, Y is turning the head to the left or to the right and Z describes rolling (or tilting) 
the head left or right towards the shoulders. 

For both rotation and translation parameters, we obtained range, velocity and stability metrics 
for every subject n. Range (dn) refers to the sum of absolute differences of head movements for 
frames k: 

d! =#|𝑥"#$ − 𝑥"|
%

"&$

 



240:10   Simon Greipl, Katharina Bernecker, & Manuel Ninaus 

PACM on Human-Computer Interaction, Vol. 5, No. CHI PLAY, Article 240, Publication date: September 2021. 

 Velocity was calculated as the average movement speed (millimeters for translation and 
radiants for rotation) per second per subject (vn) as follows:  

v! =
∑ $%x"#$ − x"t )

%
&
"'$

k  

with t=1/30 being the timespan of a single frame in seconds and k the number of frames. To 
calculate stability we used the homonymous function from the tsfeatures package in R [36] which 
calculates variance of means within user defined timeframes, which were set to 30 seconds in the 
current analysis. Higher values of the parameters range and velocity, but lower values of the 
parameter stability would thus refer to more movement and therefore more activity (vice versa 
for less movement and thus less activity). 

3.3.4   Subjective Emotions. Positive and negative emotions were assessed using the German 
short version of the Positive and Negative Affect Schedule [PANAS; 42,85]. The scale consists of 
6 items for positive affect (PA; e.g. “interested”, “excited”) and 6 items for negative affect (NA; e.g. 
“upset”, “irritable”). Participants rated each item to what extend they felt the way described on a 
scale from 0-100 (not at all – very much). PA and NA were assessed before the spatial 2-back task 
as a baseline and after the first and second block of the task to assess whether affect changed over 
time and between task versions. 

3.3.5   Subjective Effort. Subjective task effort was assessed using three items (i.e. “How 
effortful/difficult/strenuous has the task been so far?”[adapted from 40]. We again used a scale 
from 0-100 (not at all – very much) to assess how much participants agreed with each item. 

3.4   Analysis 
Data analysis was carried out using R version 3.6.3 [66]. We calculated batches of logistic as well 
as linear regression models to predict either condition (game/non-game, logistic regression, RQ1) 
or affective states (pos/neg emotions and subjective effort, linear regression, RQ2).  

To address RQ1, two batches of models were established where condition (game/non-game) 
was predicted by either action units or head pose features in separate logistic elastic net regression 
models (see below for further explanation on the regression technique). In the first batch with 
facial features as the predictor, all 18 action units were simultaneously entered in one model. 
However, models were separately calculated for the two parameters of action units, slopes and 
residuals, as well as block 1 and 2, totaling in 4 models for this batch.  

The second batch addressed head pose features predicting condition. The actual predictors in 
this model batch were the axis values X,Y, and Z. Again, separate models were calculated for two 
head pose geometry parameters, movement and orientation and, like before, separately for blocks 
1 and 2. In addition however, we also calculated separate models for each of the three head pose 
metrics, range, velocity and stability, totaling in 12 regression models for this batch.  

To address RQ2, two further batches of models were calculated where one of the three 
subjective outcomes (pos./neg. emotions, subjective effort) was implemented as the dependent 
variable. This third and fourth batch is similar to previous batches, as slopes and residuals of 
action units as well as orientation and movement of head poses were again used as predictors in 
separate models. Unlike the previous batches, not only separate models for blocks as well as head 
pose metrics (range, velocity and stability, batch 4 only) were calculated, but also separate models 
for both conditions (game/non-game). Because our three subjective measures (i.e., PA, NA, and 
effort) of affect also required separate models, batch 3 comprised 24 models regarding the 
prediction of affective states by means of action units. Batch 4, in which affective states were 
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predicted by head pose features, contained 72 models, resulting in a total of 112 regression models 
in our analysis (see https://osf.io/jz9sr/ for a tabular overview of models calculated).  

Because there are 18 action units as predictors in our model, they were considered high 
dimensional and therefore potentially suffering from intercorrelations. To prevent such 
shortcomings and to more clearly identify relevant variables and possibly reducing the 
dimensionality, we calculated penalized logistic elastic net regressions for the models examining 
action units. This hybrid between ridge and lasso regression combines advantages of both L1 and 
L2 regularization by determining optimal alpha and lambda parameters. Lambda was evaluated 
using a cross-fold technique from R’s Glmnet package [21]. Alpha was iteratively determined by 
repeating the procedure for a coarse sequence of possible alpha values between 0 and 1. The final 
model was selected using the lowest AIC value, indicating the best model fit. Estimation and 
hypothesis testing was done using induced smoothing as implemented by the islasso package [9].  

4   RESULTS 

4.1   Facial action units and head movements reflecting game-elements (RQ1) 
4.1.1 Action units & game/non-game task. To investigate whether the use of game elements in a 
cognitive task has a measurable impact on (emotionally) expressive facial features, we analyzed 
individual slopes of facial AU intensity (i.e. increase or a decrease of the intensity of the AU over 
time) as well as the residual values from the individual linear function (i.e. intensity’s variability 
of a given AU across time; for more details see also 3.3.2 and 3.4). Concerning the slopes, a 
negative/positive beta value indicates that an increasing intensity over a block is predictive of the 
lower/higher conditional value, i.e. the non-game/game condition. Increasing slopes of outer 
brow raiser (AU02), block 2 only), lid tightener (AU07, block 1 only) and blink (AU45, block 1 
only) were predictive of the non-game condition. This means, for instance, that eye blink (AU 45) 
intensity increased over the course of a block which might either be caused by an increase in 
blink rate or the eyelid opening decreased over the course of the experiment predominantly in 
the non-game condition. Only increasing slopes of upper lid raiser (AU05) were predictive of the 
game condition (block 1 only).  

 Higher variability (see Table 3, residuals) in nose wrinkler (AU09, block 2 only) was indicative 
for the non-game condition. In contrast, higher variability in lips part (AU25) was significantly 
associated with the game condition (see Table 3 for statistical details). No other AUs were 
significant (all ps>.06). Overall, we found slopes of four AUs and residuals (variability) of two 
action units to be indicative for game or non-game condition. Further, in most cases effects were 
significant for the first block. 
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4.1.2   Head movement and game/non-game task. To investigate whether the use of game 
elements in a cognitive task has a measurable impact on head movement features, we analyzed 
range, velocity and stability of head translations and rotations along and around the three axes 
X, Yand Z, respectively. All significant predictors occurred exclusively in block 2. 

Translation: The only predictive variable in this measure was vertical head movement stability 
around (Y) in block 2. Higher stability was associated with the presence of game elements (see 
Table 4 for statistical details). 

Rotation: As in the analysis before, positive beta values indicate a positive increase significantly 
related to the presence of game elements, whereas negative values indicate an increase 
significantly associated with the absence of game elements. With respect to range, higher levels 
of head turning (rotations around Y) significantly predicted the game condition, whereas higher 
head tilting (rotations around Z) was related to the non-game condition (both block 2). The same 
pattern occurred with respect to velocity: head turning significantly predicted the game condition, 
whereas higher head tilting was related to the non-game condition. Additionally, stability of head 
rotations (Z) was associated with the game condition. All other head features were non-significant 
(ps>.05). In sum, also head movements were quite predictive of game vs. non-game condition, 
especially head turning was related to game condition in the second block and tilting to the 
nongame condition also in the second block.  

 
 
 
 
 

Table 3: action units and condition (game = 1, non-game = 0, Dfa = 155) 

  Estimate Std. Error Df z value p value Estimate Std. Error Df z value p value 
 Block Slopes Residuals 

AU02 

 

1           

2 -11507.33 5881.37 0.73 -1.96 .050      

AU05 

 

1 122271.15 30385.78 0.96 4.02 <.001      

2           
AU07 

 

1 -23703.62 9685.96 0.96 -2.45 .014      

2           
AU09 

 

1           

2      -6.33 3.23 0.83 -1.96 .050 
AU25 

 

1      1.80 0.92 0.74 1.97 .049 

2           

AU45 

 

1 -52306.78 13973.85 0.96 -3.74 <.001      

2           

a Degree of freedom (null model, constant) 
b values of the predictor variable slopes were extremely low (range ~-0.0001 to 0.0001), leading to very high 
beta estimates associated to unit changes in slopes. 
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Table 4: head movements and condition (game = 1, non-game = 0, Dfa =155/152) 

  Estimate 95% CI z p value Estimate 95% CI z p value 
Parameters Axis Block Translation Rotation 
Range   

 
Y 

1         

2     0.15 [0.04, 0.31] 2.25 .025 

 
Z 

1         

2     -0.21 [-0.38, -0.08] -2.84 .005 

Velocity   
 

Y 
1         

2     40.41 [9.83, 81.68] 2.23 .026 

 
Z 

1         

2     -56.85 [-100.48, -21.49] -2.83 .005 

Stability   
 

Y 
1         

2 1.31 [0.08, 2.59] 2.05 .040     

 
Z 

1         

2     1.43 [0.16, 2.76] 2.16 .031 

a Degrees of freedom (null model, constant/residual model, respectively) 

4.2   Mapping facial action units & head movements onto subjective scales of emotions 
(RQ2)  
To investigate whether subjective ratings of emotions and effort align with certain features of 
facial expressions and head movements, we ran similar analyses as above. However, instead of 
using experimental group membership (condition) as the dependent variable, we used subjective 
ratings of positive and negative emotions and subjective effort and analyzed conditions 
separately.  

4.2.1 Action units, subjective emotions and subjective effort  
Positive emotions: Only for dimpler (AU 14) in non-game condition an intensity increase 

(positive beta estimate of slope) during the second block was present (see Table 5). Other AUs 
were not significant (all ps>.07). 

Negative emotions: In contrast, increasing dimpler (AU14) variability in the non-game condition 
was associated with negative emotions in the second block. In block 2 and in the non-game 
condition, nose wrinkle (AU09), and lip stretcher (AU20) had also positively associated variability, 
while lip stretcher (AU20) variability was also positively associated with negative emotions in 
block 1. In the game condition, only upper lip raiser (AU10) had a positive association to negative 
emotions and only in the first block (see also Table 5).  
 No other AUs were significant (all ps>.09). In sum, residuals (variability in AUs) was associated 
to subjective ratings of negative emotions predominantly in the non-game condition. 
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Subjective effort: No slopes were significantly related to subjective effort across conditions. 
With respect to residuals in the game condition, upper lid raiser (AU05) showed a negative 
association in both blocks. Further, cheek raiser (AU06, block 1 only), upper lid raiser (AU10, 
block1 only), lip corner puller (AU12 ,block 1 only) and dimpler (AU14, both blocks) were 
significantly positively predictive of subjective effort. In the non-game condition, only cheek 

Table 5: Action Units and subjective scales (Dfa = 77) 

   Estimate Std. Error Df z p value Estimateb Std. Error Df z p value 
 Block Parameter Game Non-game 
 Action Units and positive emotions 
AU14 

 

2 
Slopes      60949.80 28343.22 0.50 2.15 .032 

Residuals           

 Action Units and negative emotions 
AU09 

 
2 

Slopes           

Residuals      18.11 9.14 0.01 1.98 .047 
AU10 

 

1 
Slopes           

Residuals 34.48 4.79 0.05 7.20 <.001      
AU14 

 

2 
Slopes           

Residuals      8.83 4.24 0.01 2.08 .037 

AU20 

 

1 
Slopes           

Residuals      43.31 15.39 0.58 2.81 .005 

2 
Slopes           

Residuals      25.72 7.69 0.01 3.34 .001 

 Action Units and subjective effort 

AU05 

 

1 
Slopes           

Residuals -31.95 9.28 0.02 -3.45 .001      

2 
Slopes           

Residuals -27.20 9.02 0.06 -3.02 .003      
AU06 

 
1 

Slopes           

Residuals 26.36 5.57 0.02 4.74 <.001 58.35 7.12 0.007 8.20 <.001 
AU10 

 

1 
Slopes           

Residuals 30.26 4.76 0.02 6.35 <.001      

AU12 

 

1 
Slopes           

Residuals 16.54 5.30 0.02 3.12 .002      

AU14 

 

1 
Slopes           

Residuals 10.13 3.86 0.02 2.63 .009      

2 
Slopes           

Residuals 19.99 3.86 0.06 5.23 <.001      
AU15 

 

1 
Slopes           

Residuals      12.66 5.39 0.010 2.35 .019 
a Degrees of freedom (null model, constant) 
b values of the predictor variable slopes were extremely low (range  ~-0.0001 to 0.0001), leading to very high beta estimates 
associated to unit changes in slopes 
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raiser (AU06, block 1 only) and lip corner depressor (AU15, block 1 only) were positively 
associated with subjective effort (see Table 5). None of the other AUs were significant (all ps>.13). 
Especially residuals (variability in AUs) was correlated with effort ratings in the game condition 
but not in the non-game condition. 

 
4.2.2 Head movements, emotions and subjective effort 

Positive emotions: All significant relationships were established in the game condition (see 
Table 6). Increased nodding range and velocity (X) positively predicted positive emotions in the 
game condition (block 2). Lower stability was also significantly related to positive emotions with 
respect to horizontal movements (X, block 1), nodding (up/down rotations, X, block 1) as well as 
rolling (tilting left/right, rotation around Z, block 2). None of the other head features were 
significant (all ps>.08).  

In sum, measures with respect to increased activity and lower stability indicate positive 
emotions, however in the game-condition only. 
Negative emotions: In the game condition, increased vertical head movements showed a significant 
positive relation to negative emotions with respect to range and velocity in block 1. However, in 
block 2, these relationships were also significant but reversed: decreased vertical head movements 
showed a significant positive relation to negative emotions with respect to range and velocity. 
Stability of head nodding was significantly positively related to negative emotions. In the non-
game condition, the same positive relationships between increased vertical head movements and 
negative emotions as in the game-condition were established for block 1, but not for block 2, i.e., 
block 2 showed no significant relationships at all.  
Further, increased nodding velocity and range (both block 1) were positively related to negative 
emotions. None of the other head features were significant (all ps>.06). In both conditions, 
increased vertical movements covaried significantly with negative emotions in block 1. In 
contrast,  in the game condition in block 2, negative emotions were indicated by decreased vertical 
movements. Interestingly, increased nodding activity further indicated higher negative emotions 
in the non-game condition but increased nodding stability related to negative emotions in the 
game-condition.  

Subjective effort: In the game condition, range and velocity of vertical head movements showed 
a significant positive, while distal movements (along the Z-axis) showed a significant negative 
relationship with subjective effort (block 2 only). Lastly, a positive association betweeen 
horizontal head movement stability and subjective effort was significant in block 1. In the non-
game condition, horizontal head movement with respect to range and velocity were significantly 
negatively related to subjective effort (both block 2 only). Additionally, head movement around 
Z was significantly positively related to subjective effort (block 2), whereas head rotation stability 
around Z showed a significant negative relationship to subjective effort (block 2, see Table 6 for 
statistical details). None of the other head features were significant (all ps>.09). That is, in the 
gaming condition, both increased (e.g. vertical) and decreased (e.g. distal) head movements were 
associated with subjective effort. In the non-game condition, decreased horizontal head 
movements indicated higher subjective effort. Additionally, higher distal movement but lower 
tilting stability indicated higher subjective effort. 
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Table 6: head movements and subjective scales 

 Estimate 95% CI t(74) p value Estimate 95% CI t(74) p value 
Parameters Axis Block Game Non-game 
 Positive emotions 
Range   

rotation 
X 

1         
2 0.32 [0.03, 0.61] 2.21 .030     

Velocity   
rotation 

X 
1         
2 87.23 [8.18, 166.29] 2.20 .031     

Stability   
translation 

X 
1 -20.50 [-37.11, -3.89] -2.46 .016     
2         

rotation 
X 

1 -19.49 [-35.66, -3.31] -2.40 .019     
2         

Z 
1         
2 -19.40 [-34.44, -4.35] -2.57 .012     

 Negative emotions 
Range   

translation 
Y 

1 0.01 [0.00, 0.01] 2.61 .011 0.01 [0.00, 0.02] 2.04 .045 
2 0.00 [-0.01, 0.00] -2.36 .021     

rotation X 
 

1     0.63 [0.08, 1.17] 2.30 .025 
2         

Velocity   
translation 

Y 
1 2.82 [0.55, 5.09] 2.48 .015 3.68 [0.04, 7.33] 2.01 .048 
2 -1.28 [-2.40, -0.17] -2.29 .025     

rotation 
X 

1     255.06 [36.23, 473.89] 2.32 .023 
2         

Stability   
rotation 

X 
1         
2 13.74 [0.76, 26.72] 2.11 .038     

 Subjective effort 
Range   

translation 
X 

1         
2     -0.02 [-0.03, 0.00] -2.01 .048 

Y 
1         
2 1.81 [0.65, 2.97] 3.11 .003     

Z 
1         
2 -2.54 [-4.34, -0.74] -2.81 .006     

Velocity   
translation 

X 
1         
2     -4.42 [-8.78, -0.06] -2.02 .047 

Y 
1         
2 479.34 [170.10, 788.58] 3.09 .003     

Z 
1         
2 -670.12 [-1,148.16, 

-192.07] 
-2.79 .007     

Stability   
translation 

X 
1 20.47 [2.72, 38.22] 2.30 .024     
2         

Z 
1         
2     26.95 [5.52, 48.38] 2.51 .014 

rotation 
Z 

1         
2     -28.08 [-52.15, -4.01] -2.32 .023 
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5   DISCUSSION  

The current study showed that certain facial and head movement features might be indicative of 
participants being either engaged in a cognitive task with or without game elements present. 
Further, we found a range of facial and head movement features to be related to subjectively 
reported positive emotion, negative emotion, and effort. In the following, we will discuss the 
results in greater detail.  

5.1   From body features to game elements (RQ1) 
On a general level, we found that at least some facial action units helped to disambiguate between 
participants engaged in the game or non-game version of the spatial working memory task. We 
found intensity of upper lid raiser (AU5) and variability of lips part (AU25) to be indicative for 
the game condition – AUs that reflect both negative and positive valence [54]. Both, however, are 
also characterized by high arousal [5]. AUs associated with the task without game elements tend 
to range in the negative to non-discriminative spectrum (AU02,07,09,45). Outer brow raiser 
(AU02) and lid tightener (AU07) have only small discriminative validity in terms of valence [54]. 
But nose wrinkle (AU09) is indicating negative valence [48]. Blink (AU45) strongly correlates with 
boredom [53] and is considered to be an indicator for confusion and frustration [4]. In the non-
game condition blink (AU45) intensity increased over the course of the first block of the 
experiment, which might indicate fatigue or boredom.   

While the pattern of results of action units is not straightforward, with high arousal positive 
as well as negative AUs associated with the game condition, we assume that game elements 
facilitated a more emotionally engaging experience overall – in a positive as well as negative 
direction. Even though these results have to be treated with caution, they seem to be in line with 
previous research of increased emotional engagement when using game elements in cognitive 
tasks [59].  

The non-game condition seems to be primarily associated with negative or neutral AUs 
(AU02,07,09,45) and indicators of boredom (i.e. increased blinks). In line with this, we found that 
higher stability in head rolling (leaning the head left/right) related to the game condition, whereas 
increased velocity and range of head rolling indicates the non-game condition. This seems to 
corroborate findings from literature in which such heightened activity was related to the 
experience of increasing boredom [68], which might one assume was more prevalent in the non-
game condition. While rotations seemed to be more indicative than movements in general, 
stability might be more consistently related to the game condition than other variables. This may 
generally indicate that head rolling stability might be associated with the user’s overall state of 
engagement. 

5.2   Mapping objective to subjective scales (RQ2)  
Positive emotions: Only one action unit, the dimpler (AU14), in the non-game condition (slope in 
block 2) was positively related to positive emotions. Literature, in this case, is mixed. AU14 is 
sometimes linked to negative emotions [29] but also to positive pleasure [5]. Considering that 
subjective positive emotions were more prevalent in the game condition ([3], see also section 
“Present study”), current results seem to be not in line with subjective reports. It might be the 
case that positive emotions were simply not pronounced enough to trigger emotionally expressive 
behavior in participants faces. Subjective reports indicated ([3], see also section “Present study”) 
that participants in the game condition maintained the level of positive emotions throughout the 
experiment. In contrast, participants’ ratings of positive emotions dropped over the course of the 
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experiment in the non-game condition. This might also be the reason for the absence of 
explanatory AUs with respect to ratings of positive emotions in the game condition, as no linear 
change was detectable.  

In turn, a series of head pose parameters was associated with the prevalence of positive 
emotions. Two patterns emerge here. First and most apparently, none of our head pose features 
were able to explain differential positive emotional ratings in the non-game condition, possibly 
reflecting the overall decline in positive emotions in this condition. Second, heightened nodding 
velocity and range as well as lower nodding stability were linked to positive emotions in the game 
condition. This suggests that head activity associated with positive emotions seemed to increased 
rather than decreased (at least around the X-axis). This outcome partly opposes results from 
literature, in which head and upper body activity is usually associated with negative states like 
boredom [27,32,35]. However, van den Hoogen et al. [35] also found increased head activity to be 
related to enjoyment. 

Negative emotions: In the game condition, higher variability of upper lid raiser (AU10) indicated 
higher negative emotions (block 1 only). AU10 is usually discriminative for negative valence in 
emotions [54], suggesting a linear overlap with our results, but also correlates with positive 
discrete emotions like happiness [81]. Participants in the non-game condition showed increased 
variability in AU09, AU14, and AU20, which are usually indicative of negative valence [28,48]. 
Accordingly, as regards the match between subjectively reported negative emotions and AUs 
usually associated with negative valence, there seems to be considerable overlap with the 
literature and results reported above. That is, more negative emotions in the non-game condition 
elicited more facial movements associated with negative valence.  

Previous works related increased head activity to more negative affective states [68]. We 
identified similar patterns because head activity was partly increased in the non-game condition. 
Increased movement range and velocity along the y-axis (up/down movements) might indicate 
efforts to correct a slumped sitting position, possibly reflecting the tediousness of the task. In the 
game condition, relations between head activity and negative emotions were mixed. We found 
congruent but also opposing indicators compared to the non-game condition.  
Subjective effort: Our analysis revealed several action units related to subjective effort, such as 
AU05, AU06, AU10, AU12, AU14, and AU15, representing a relatively broad spectrum of positive 
and negative valence as well as high and low arousal. Noteworthy within the game condition, 
AU14 showed a positive and AU05 showed a negative relation to subjective effort across blocks. 
The first is sometimes indiscriminative in terms of emotional valence, the latter is closely tied to 
arousal [54,81]. Under the premise that subjective effort unifies both positive and negative 
emotional components, it seems plausible that facial expressions indicating ambivalent valence 
and are tied to arousal best indicate subjective effort. Interestingly, relationships between AUs 
and subjective effort were predominantly found in the game condition as well as in block 1. Both 
these findings are intriguing because, according to participants’ ratings, subjective effort seemed 
to be stronger in the non-game condition and, in both conditions, increasing over time [see 3] and 
expressions might therefore be more prevalent in the later course of the task.  

Significant head activity features were predominantly found in block 2 (except for left/right 
movement stability). This seems plausible because subjective effort was increasing over time and 
corresponding expressions may be stronger. However, this does not explain the differential 
pattern between conditions: For instance, increased up/down movements in the game-condition 
are opposed to decreased left-right movements in the non-game condition, both indicating 
subjective effort. Also contradicting this account is the absence of significant relationships 
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between action units and subjective effort in block 2 (but their presence in block 1). There seems 
to be no intuitive access to these results in the first place, and literature also provides mixed 
results. Increased bodily movements may also indicate low attention [17] or disengagement [89]. 
It is assumed further that head activity is more generally an indicator of boredom [68]. In contrast, 
though, other results showed that boredom (but also enjoyment) co-occurred with decreased 
amounts of upper body activity [35]. Subjective effort thus seems to be - at least partially - tangible 
through facial and head activity features. 

5.3   Implications – (Un)steady patterns  
In our comprehensive analysis of face and head activities, various (in-)congruities emerged with 
respect to theoretical assumptions (e.g. increased emotional engagement in the game version) and 
subjectively reported emotions. Nevertheless, current results indicate the potential of such 
objective metrics and continuous measurements of subjective experiences and provide important 
theoretical as well as practical implications. 

On a theoretical level, de-/increases in AU intensities (slopes) were more prevalent in predicting 
the presence or absence of game elements than in predicting emotions or subjective effort, where 
almost exclusively variability measures (residuals) were indicative. This seems reasonable because 
emotions, at least compared to overall mood,  tend to be event-triggered and time-limited affective 
reactions [e.g. 7,14]. These affective reactions might be manipulated by game elements and are 
therefore reflected by short-lived fluctuations in facial expressions. On the other hand,  modelling 
conditions with and without game elements based on facial activity may involve more abstract 
concepts of engagement that are better represented by latent changes in facial expressions.  

Congruencies in relevant face and head movement features across conditions were rare. This 
suggests that facial and head activity features may not be readily comparable across different 
contexts (i.e. game vs. non-game). Moreover, correspondences between facial/head activity 
features and subjective ratings were not straightforward either. However, this is not unique to 
this study. When studying the literature on AUs, it becomes apparent that the same AU in 
different studies (see also Table 2), for instance, the upper lip raiser (AU10), can be indicative for 
positive [54] and negative valence [81]. Similar inconsistencies across studies emerge when 
looking at head and upper body activity [e.g. 27,32,35].  

Apart from these inconsistencies, AUs and head activity did contribute to a better 
understanding of the users in the game and non-game condition. For instance, blinks (AU45) 
increased in the non-game condition across a block in the experiment, which is usually linked to 
boredom [53]. However, blinks (AU45) did not equivalently indicate any of the allegedly negative 
subjective scales (e.g. negative emotions or subjective effort). This raises the fundamental question 
of how to best validate objective and continuous measures of subjective experiences. The intuitive 
answer and often employed strategy seems to be the comparison between subjective (post-hoc) 
ratings and the objective metrics obtained [for a related but different question on how to validate 
emotion recognition algorithms, see 90] . While this can work well when subjective measures and 
objective measures are compared in close temporal proximity, it can be suboptimal when a single 
subjective estimate is compared to continuous data acquired over several minutes or even longer. 
In particular, subjective post-hoc ratings are affected by cognitive biases and memory effects, such 
as the peak-end rule, which states that experiences in the last moments of an episode are strongly 
emphasised by participants' hindsight. [e.g. 24]. In a similar vein, primacy and recency effects 
could distort subjective ratings [91] and might explain the potential mismatch between objective, 
continuous measures and subjective post-hoc ratings. However, this needs to be systematically 
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investigated in future studies with optimised experimental designs. A fruitful approach in this 
regard might be to experimentally induce subjective experiences such as boredom and effort using 
experimental manipulations and link them to face/head/body movements. In a second step, 
identified indicators for these experiences can be compared between game and non-game 
contexts. 

On a more practical level, the current study provides an example of the importance of 
investigating subjective experiences with different measures. Although matching between 
face/head movements and subjectively reported (emotional) experiences varied and relevant 
features were not constant across conditions, current data helped, for instance, to differentiate 
between participants engaged in the game or non-game condition. Of course, more research is 
needed, which is particularly warranted in the field of games research, as emotions are often seen 
to be at the core of gaming [e.g. 72,31]. The use of continuous objective measures of subjective 
experience might be particularly useful for better understanding temporal dynamics between 
ordinary (e.g., emotionally moderate) and extraordinary (e.g., emotionally intense) player 
experience, as recently termed by Tyack & Meckler [78]. In this context, the current study, went 
beyond the majority of previous studies by not only analysing the frequency of certain 
(emotional) facial and head movement features [e.g. 29], but tried to utilize the obtained 
continuous data more comprehensively by analysing changes across time (i.e. slopes) and their 
variability (i.e. residuals). However, this could also explain why the match between objective, 
continuous measurements and subjective assessments in the current study could be considered 
unsatisfactory (see also above). This further underlines the difficulty of implementing such 
measurement methods and therefore also represents a limitation for the present results: the 
implementation of detailed subjective and objective measurement methods is complex and the 
interaction of subjective and objective measurement methods in relation to emotional 
engagement over time still needs to be researched and understood in much more detail. Emotions 
are central to learning games, so inaccuracies in measurement or interpretation can quickly lead 
to effects that are detrimental in any learning process, such as demotivation or frustration. 

Nevertheless, obtaining objective and continuous measures to assess subjective experiences, 
e.g. through webcam recordings, as was the case in the current study, offers advantages for basic 
and applied game-related research [for a more comprehensive overview see e.g. ,57]. First, 
subjective experiences can be measured continuously during playing without disturbing users 
with prompts and questionnaires. Second, continuous and objective measures are not affected by 
cognitive biases and memory effects [e.g. 24,91]. However, current results need to be treated with 
caution as the overall pattern of the results was quite diverse. Even though measures derived from 
simple face recordings can have advantages, previous studies indicated that other variables, such 
as emotion regulation, context, gender, age, and personality, can influence how and if emotions 
are expressed [e.g. 8,37].  

6   CONCLUSIONS   

Regarding our initial research questions we can conclude, that facial and head movement features 
can reflect the use and impact of game elements in a cognitive task (RQ1). Results indicated that 
game elements emotionally engaged participants, which is reflected by bodily features such as 
action units, especially with respect to intensity changes across time. For instance, an increase of 
blink rate  (AU45) intensity – an indicator of boredom – was related to playing without game 
elements. Head movements were also able to distinguish between the absence or presence of 
game-elements, while head rotations (rolling/nodding) seemed to be more significant than head 
translations (vertical or horizontal etc.). 
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Positive and negative emotions could be mapped onto a series of facial as well as head pose 
features (RQ2). Our assumption that subjective effort manifests at levels of expressive facial and 
head movements was also supported. However, we identified considerable inconsistencies across 
conditions (with or without game elements) and (partly) to the literature. For instance, several 
significant AUs were either indiscriminative or even contraindicated and game-elements lead to 
substantial differences in the visual displays of emotions in relation to subjective ratings. This 
could be because our manipulation of affect through game elements was not impactful enough, 
or that our subjective measurements employed were too superficial and coarse to identify 
appropriate correspondences. Our diverse results on the expressive component of emotions and 
subjective effort best fit a conclusion from related work, stating that feelings that arise while or 
because of doing something (not) worth the cost critically depend upon the individual and the 
context [18]. Nonethless, action units and head movement provide valuable metrics that augment 
conventional approaches to assessing subjective experiences such as post-hoc ratings, particularly 
in the context of gaming.  
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