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ABSTRACT 

In learning situations, achieving Flow, the state of ideal experience of an activity, can greatly support the learning efficacy. 

Utilizing this connection by detecting and measuring Flow during the learning activity could potentially help to improve 

the learning rate in Serious Games. In a prior study aimed towards developing a tool to link Flow to physiological 

measurements, no meaningful correlations were found. However, this does not rule out the existence of such a correlation 

and different analysis methods might deliver results that are more favorable. In this work in progress paper, the previously 

collected data is revisited and an approach is outlined to explore the use of a multitude of machine learning methods, based 

on multiple physiological measurements, to detect Flow and to investigate, whether it provides adequate tools to gain 

further insight into the link between physiological data and Flow states. 
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1. INTRODUCTION 

With the use of Serious Games becoming more and more prevalent, improving the learning outcome raises an 

important challenge. Previous studies have found that perceived fun and learning effect are connected (Deci 

and Ryan, 1985; Schiefele et al., 1993). As Flow, the state of ideal experience of an activity, largely coincides 

with player enjoyment, measuring it poses an interesting approach for analyzing the fun perceived and thus the 

effect on the learning rate in Serious Games. Flow is currently measured by questionnaires, although this kind 

of assessment faces a multitude of challenges (i.e. imprecise due to Δt between effect and measurement, 

subjectiveness). A solution to avoid these shortcomings might be to derive Flow from physiological signals, 

which are recorded during the activity under test.  

In a prior study (Kannegieser et al., 2019), first steps had been taken towards developing such a method, 

yet based on the recorded data, no correlations between physiological signals and Flow were found. 

Nevertheless, this does not yet prove that no such correlation exists and better data quality and analysis methods 

might lead to different results. As opposed to the previously used statistical methods for finding correlations 

between Flow and physiological signals, machine learning is capable of establishing connections based on 

higher-level abstraction thus providing a promising method to augment data analysis. After briefly delineating 

the fundamentals of Flow, reviewing related research and depicting the previous study, this work in progress 

paper outlines the implementation of an approach to explore the use of machine learning to analyze previously 

recorded data and to investigate, whether it provides adequate tools to gain further insight into the link between 

physiological signals and Flow. 
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2. BACKGROUND AND RELATED WORK 

Flow was first described by Csikszentmihalyi as the state of the optimal experience of an activity 

(Csikszentmihalyi, 1990). When entering a state of Flow, even taxing activities like work no longer feel taxing, 

but rather enjoyable. However, Flow state cannot be achieved for every activity, only for intrinsically motivated 

actions. Flow is reachable when the challenge presented by such an intrinsically motivated action is balanced 

with the skill of the person performing the task. All this makes Flow an interesting point of research concerning 

games, as playing games is usually intrinsically motivated.  

The mentioned study of Kannegieser et al. (Kannegieser et al., 2019) was designed to gather data to link 

physiological measurements with Flow. About forty participants were asked to play a video game of their 

choice while their physiological data was recorded. The used measurements were galvanic skin response 

(GSR), electrocardiogram (ECG), gaze tracking and video footage. After the gaming phase, Flow states were 

assessed with questionnaires (Immersion Q. (Cheng et al., 2015), Flow short scale (Rheinberg et al., 2003), 

Game experience questionnaire (IJsselsteijn et al., 2013)). Direct correlation between physiological data and 

answers of the Flow questionnaires showed no meaningful correlations. A detailed depiction of the conducted 

experiment as well as the used analytical methods and results can be found in Kannegieser et al., 2019.  

Few studies have investigated the use of machine learning to link physiological measurements and Flow in 

the context of gaming. While Rissler et al. (Rissler et al., 2018) only analyzed ECG data, Maier et al. applied 

EDA and HRV (Maier et al., 2019) and Berta et al. and Sinha EDA, ECG and EEG (Berta et al., 2013; Sinha, 

2016). All studies used different machine learning methods, yet except for Rissler et al., who applied both 

Random Forest and SVM, all previous studies relied exclusively on one machine learning method, rather than 

exploring all possibilities. 

3. BACKGROUND AND RELATED WORK 

Ongoing work focuses on improving the previous study setup and extending the data analysis methods to get 

better understanding of the recorded data as well as its connection to Flow. In the following section, we present 

an approach to explore the use of a multitude of machine learning methods based on multiple physiological 

measurements to detect Flow and to investigate, whether it provides adequate tools to gain further insight into 

the link between physiological data and Flow states.  

3.1 Physiological Data 

The data obtained in the preceding study by Kannegieser et al. includes GSR, ECG, gaze tracking and video 

footage. From the available recordings, ECG and GSR were selected for further analysis.  

Flow has been linked to the activity of the autonomic nervous system (de Manzano et al., 2010; Keller  

et al., 2011). As the autonomic nervous system has a substantial impact on the rhythm of the heart (Malik, 

1996), it is conversely possible to gain information and draw conclusions about it from ECG recordings. The 

impact of the autonomic nervous system on the heart causes the time between two heartbeats, that is represented 

by the distance between to R peaks on the ECG recording, to fluctuate. The heart rate variability (HRV) is used 

to measure and characterize these fluctuations. Current studies examining the relationship between HRV and 

Flow (Bian et al., 2016; Tozman et al., 2015) have favorable results, indicating that the use of HRV is a 

promising direction towards further investigation of the relationship between physiological data and Flow. 

GSR measures the electrical variations of the human skin. These variations are affected by sweat gland 

activity. Similarly to heart rhythm, sweat gland activity is also largely regulated by the autonomic nervous 

system (Sharma et al., 2016), thus creating a probable connection between GSR and Flow. Previous research 

on this connection suggests that GSR might be a substantial predictor of autonomic nervous system activation 

(Betti et al., 2018) as well as Flow states (Tian et al., 2017). 
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3.2 Preprocessing 

As both the ECG and GSR signals were recorded with a non-uniform sample rate and were both resampled at 

200 Hz. This frequency was chosen because it provides an adequate sampling rate for both signals (Mahdiani 

et al., 2015; Nourbakhsh et al., 2017). Both GSR and ECG signals were synchronized and divided into intervals 

of 300 seconds to fit the Flow data elicited by questionnaires. Duplicate timestamps with different values were 

handled by using the first occurrence and deleting the subsequent ones. The interval length of 300 seconds was 

chosen in the preceding study by Kannegieser et al. as a reasonable tradeoff between the need for data and 

subject disturbance. 
The baseline wander in the ECG data was removed using a Butterworth high-pass filter with the cutoff 

frequency of 0.5 Hz (Lenis et al., 2017). Because the ECG signal was very heterogeneous and many recordings 

were missing the typical QRS complexes, faulty recordings were discarded and R-R-peak detection was 

performed only for 27 of the 39 available recordings. This was done manually (visual inspection of the data) 

due to the overall poor signal quality. 

The quantization noise in the GSR signal was removed by using a low-pass filter with a cutoff frequency 

of 1 Hz (Betti et al., 2018). Because absolute GSR values differ greatly from subject to subject but the required 

physiological information is derived from the relative changes, the filtered signal was scaled individually for 

every subject in a range from 0 to 1. 

3.3 Feature Extraction 

62 features were calculated for every 300-second interval. The HRV features were extracted by calculating the 

duration of the RR-intervals based on the previously detected RR-peaks (Malik, 1996). This was done using 

the python toolkit hrv-analysis (Champseix, 2021). A summary of the 26 HRV extracted features is listed in 

Table 1. 

Table 1. HRV Features 

Domain Feature 

Time Mean NNi, SDNN, SDSD, NN50, pNN50, NN20, pNN20 

Geometrical 

Frequency 

Triangular_index 

LF, HF, VLF, LF/HF ratio, LFnu, HFnu, Total_Power 

Non-linear CSI, CVI, Modified_CSI 

 

The GSR signal was divided up into its tonic and phasic components. The tonic component represents the 

slower, long-term changes and the phasic component the rapid, short-term changes (Betti et al., 2018). The 

tonic component was extracted by using a low-pass filter with a cutoff frequency of 0.05 Hz. The phasic 

component was calculated by subtracting the tonic component from the original signal. An overall of 36 

features were extracted, 18 for both GSR components, which are listed in Table 2. The 18 features listed in 

Table 2 were extracted for each the tonic and phasic components, yielding a total of 36 features. 

Table 2. GSR Features 

Component Feature 

Tonic/Phasic Kurtosis, Skewness, No. of Peaks, RMS, Mean of Amplitudes, STD of Amplitudes, Sum of Rise 

Times, Sum of Fall Times, Mean of Rise Times, STD of Rise Times, Mean of Fall Times, STD of Fall 

Times, Mean of Peaks, STD of Peaks, Mean of Amplitude RMS, STD of Amplitudes RMS 

3.4 Machine Learning and Results 

A total of 265 intervals with each 300 seconds were used in the experiment. The Flow measurement was used 

as target variable. Flow is hard to quantify. An interval is used to order the answers of the questionnaires on a 

numeric scale between [0..1]. More positive answers to the questionnaires result in a higher interval values 

(>0.5), more negative answers to the questionnaires result in lower interval values (<0.5). As Flow is the ideal 

state of intrinsic motivation, our assumption is that the majority of criteria asked for, have to be answered true, 
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resulting in a higher interval value. A threshold was chosen empirically to assign labels, considering all 

intervals with Flow values equal to or higher as 0.8, to contain Flow states.  

The resulting dataset with 145 Flow and 120 no-Flow instances was divided in train and test sets with 75% 

being used for training and 25% for testing. Both the train and test sets were split randomly but with the same 

ratio of Flow and no-Flow instances. Using the train set, nine different machine-learning classifiers were 

trained. If applicable, initial results were further improved by hyper parameter optimization and feature 

reduction. Accuracy, precision, recall and F1-score were chosen to compare classifier performance. Table 3 

shows the performance results of all trained classifiers including hyper parameter optimization and feature 

reduction. 

Table 3. Classifier performance results 

Classifier Accuracy Precision Recall F1-Score 

Decision Tree 0.6269 0.6970 0.6053 0.6479 

Random Forest 0.7463 0.7442 0.8421 0.7901 

Logistic Regression 0.7015 0.7045 0.8158 0.7561 

SVM 0.6716 0.6818 0.7895 0.7317 

KNN 0.8209 0.8250 0.8684 0.8462 

Naïve Bayes 0.6119 0.6304 0.7632 0.6905 

Bagging 0.7612 0.7727 0.8947 0.8293 

AdaBoost 0.7015 0.8056 0.7632 0.7838 

Gradient Boosting 0.7910 0.7727 0.8947 0.8293 

4. DISCUSSION AND CONCLUSION 

The results indicate that detection of Flow using ECG, respectively HRV, and GSR signals might be possible 

with adequate accuracy and precision. Despite the promising outcome, the presented findings should be viewed 

with caution because of the small sample size and the poor data quality. Datasets with high dimensionality and 

small sample size re prone to overfitting, thus making the results unreliable (Vabalas et al., 2019).  

On the other hand, the poor quality of the ECG signal and the subsequent manual R-R-peak detection might 

have skewed the values of the HRV features. The lack of both data quality and quantity can be traced back to 

issues within the data recording stage. So in order to confirm or disprove the current outcome, the data 

recording process should be augmented and optimized. Visual review of the ECG signals led to the conclusion 

that the error is presumably due to improper electrode placement. To avoid this, a change in study design is 

proposed: in future iterations, a trained experiment supervisor should place the electrodes (instead of the 

participant), to ensure proper placement. The same supervisor should check the signal regularly during the 

recording phase, to be able to react to error in time. Afterwards, the recorded ECG signal should be 

preprocessed with evidence-based tools to warrant reliable HRV features.  

To battle small small sample size and overfitting, longer overall recording times per subject are proposed. 

With the implementation of the proposed improvements, adequate data quality and quantity can be ensured so 

the investigation of the promising use of machine learning in Flow detection can be pursued safely.  

The next logical step upon resuming research with sufficient ECG data is to revisit classifier optimization, 

hyper parameter tuning and dimensionality reduction.  

Incorporating the remaining collected physiological recordings, such as eye tracking and video footage, 

thus creating a combined model with all data available, seems like a path worth exploring.  

Future research will be aimed towards further analyzing the connection between physiological 

measurements and Flow: On the one hand, by enhancing data quality and density by improving the study setup, 

examining new analysis methods and deeper exploring the use of machine learning. On the other hand by 

investigating additional approaches, for instance the link between Flow and the concept of Arousal and 

Valence.  

 

 

 

 

International Conferences Interfaces and Human Computer Interaction 2021; 
and Game and Entertainment Technologies 2021

227



REFERENCES 

Berta, R., Bellotti, F., De Gloria, A., Pranantha, D., Schatten, C., 2013. Electroencephalogram and Physiological Signal 

Analysis for Assessing Flow in Games. Comput. Intell. AI Games IEEE Trans. On 5, 164–175.  
Betti, S., Lova, R.M., Rovini, E., Acerbi, G., Santarelli, L., Cabiati, M., Ry, S.D., Cavallo, F., 2018. Evaluation of an 

Integrated System of Wearable Physiological Sensors for Stress Monitoring in Working Environments by Using 

Biological Markers. IEEE Trans. Biomed. Eng. 65, 1748–1758. 
Bian, Y., Yang, C., Gao, F., Li, Huiyu, Zhou, S., Li, Hanchao, Sun, X., Meng, X., 2016. A framework for physiological 

indicators of flow in VR games: construction & preliminary evaluation. Pers. Ubiquitous Comput. 20, 821–832. 
Champseix, R., 2021. Aura-healthcare/hrv-analysis. https://github.com/Aura-healthcare/hrv-analysis, Association AURA. 
Cheng, M.-T., She, H.-C., Annetta, L.A., 2015. Game immersion experience: its hierarchical structure and impact on  

game-based science learning. J. Comput. Assist. Learn. 31, 232–253. https://doi.org/10.1111/jcal.12066 
Csikszentmihalyi, M., 1990. Flow: the psychology of optimal experience. Harper & Row, New York. 
de Manzano, O., Theorell, T., Harmat, L., Ullén, F., 2010. The psychophysiology of flow during piano playing. Emot. 

Wash. DC 10, 301–311. https://doi.org/10.1037/a0018432 
Deci, E., Ryan, R.M., 1985. Intrinsic Motivation and Self-Determination in Human Behavior, Perspectives in Social 

Psychology. Springer US. https://doi.org/10.1007/978-1-4899-2271-7 
IJsselsteijn, W.A., Kort, Y.A.W. de, Poels, K., 2013. The Game Experience Questionnaire. 
Kannegieser, E., Atorf, D., Meier, J., 2019. A Study to forther understand the Link beween Immersion and Flow.  

pp. 373–376. https://doi.org/10.33965/g2019_201906C051 
Keller, J., Bless, H., Blomann, F., Kleinböhl, D., 2011. Physiological aspects of flow experiences: Skills-demand-

compatibility effects on heart rate variability and salivary cortisol. J. Exp. Soc. Psychol. 47, 849–852. 
Lenis, G., Pilia, N., Loewe, A., Schulze, W.H.W., Dössel, O., 2017. Comparison of Baseline Wander Removal Techniques 

considering the Preservation of ST Changes in the Ischemic ECG: A Simulation Study. Comput. Math. Methods Med. 

https://doi.org/10.1155/2017/9295029 
Mahdiani, S., Jeyhani, V., Peltokangas, M., Vehkaoja, A., 2015. Is 50 Hz high enough ECG sampling frequency for 

accurate HRV analysis? IEEE Eng. Med. Biol. Soc. Annu. Conf. 2015, 5948–5951.  
Maier, M., Elsner, D., Marouane, C., Zehnle, M., Fuchs, C., 2019. DeepFlow: Detecting Optimal User Experience from 

Physiological Data Using Deep Neural Networks 1415–1421. 
Malik, M., 1996. Heart rate variability: Standards of measurement, physiological interpretation, and clinical use. 

Circulation 93, 1043–1065. 
Nourbakhsh, N., Chen, F., Wang, Y., Calvo, R.A., 2017. Detecting Users’ Cognitive Load by Galvanic Skin Response with 

Affective Interference. 
Rheinberg, F., Vollmeyer, R., Engeser, S., 2003. Die Erfassung des Flow-Erlebens. 
Rissler, R., Nadj, M., Li, M.X., Knierim, M.T., Maedche, A., 2018. Got Flow?: Using Machine Learning on Physiological 

Data to Classify Flow, in: Extended Abstracts of the 2018 CHI Conference on Human Factors in Computing Systems, 

ACM, Montreal QC Canada. 
Schiefele, U., Krapp, A., Schreyer, I., 1993. Metaanalyse des Zusammenhangs von Interesse und schulischer Leistung. Z. 

Für Entwicklungspsychologie Pädagog. Psychol. 25, 120–148. 
Sharma, Mahima, Kacker, S., Sharma, Mohit, 2016. A Brief Introduction and Review on Galvanic Skin Response.  

Int. J. Med. Res. Prof. 2. https://doi.org/10.21276/ijmrp.2016.2.6.003 
Sinha, M., 2016. A Probabilistic Approach for Detection and Analysis of Cognitive Flow. 
Tian, Y., Bian, Y., Han, P., Wang, P., Gao, F., Chen, Y., 2017. Physiological Signal Analysis for Evaluating Flow during 

Playing of Computer Games of Varying Difficulty. Front. Psychol. 8. https://doi.org/10.3389/fpsyg.2017.01121 
Tozman, T., Magdas, E.S., MacDougall, H.G., Vollmeyer, R., 2015. Understanding the psychophysiology of flow:  

A driving simulator experiment to investigate the relationship between flow and heart rate variability. Comput. Hum. 

Behav. 52, 408–418. https://doi.org/10.1016/j.chb.2015.06.023 
Vabalas, A., Gowen, E., Poliakoff, E., Casson, A.J., 2019. Machine learning algorithm validation with a limited sample 

size. PLOS ONE 14, e0224365. https://doi.org/10.1371/journal.pone.0224365 

ISBN: 978-989-8704-31-3 © 2021

228




