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Abstract 

 

Physiological synchrony refers to the linkage of the physiology of two or more interacting people. 

Multiple studies found promising results for the relation between physiological synchrony and team 

performance. Previous research at HTI investigated whether 32 dyads could synchronize their heartbeats 

during a paced breathing exercise and whether this improved their team performance. They did not find 

the expected results, likely due to a basic analysis method. This research aimed to improve the analysis 

of the existing dataset in order to confirm the results found before. Dynamical correlation analysis was 

applied on the data as well as a lag-based analysis, which involved finding an average lag between 

participants during the paced breathing exercise. Correcting for the lag found during paced breathing 

resulted in a significant increase in heartbeat synchrony compared to the synchrony measured without 

the lag correction. Applying that same lag correction to the other tasks in the experiment, did not have 

any effect. Furthermore, no differences were found in the comparison between the dynamical correlation 

analysis and the old basic analysis, meaning that again no relation was found between heartbeat 

synchrony and team performance.  



Introduction 

 

Teamwork is key in many disciplines and we all encounter it on a regular basis. In many professional 

situations, effective teamwork is crucial in obtaining optimal results. For instance in the context of an 

emergency department, where effective teamwork is fundamental to high-quality patient care (Kilner & 

Sheppard, 2010). In this environment, where medici from different backgrounds have to work closely 

together with a great need for accuracy under pressure, effective teamwork can even reduce clinical 

errors and improve patient safety. So when team performance could be predicted by an external factor, 

this could be beneficial for teamwork on a daily basis. For example teams could be could be selected 

based on their predicted team performance. One possible predictor for team performance, found in 

previous research, is physiological synchrony (e.g. Henning, Boucsein & Gil, 2001; Elkins et al., 2009). 

 

Physiological synchrony, also called physiological compliance (PC) or linkage, describes changes in 

physiology that reflect correspondence within two or more people (Henning & Korbelak, 2005). 

According to Levenson and Gottman (1983) linkage should be detectable between physiological 

responses of interacting people. In practice, the correlation between physiological measurements of team 

members over time is used as a measure for physiological synchrony (Elkins et al., 2009). 

 

Nowadays the possibilities for psycho-physiological measurements are elaborate and the rise of 

wearable sensors like smart (sport)watches, underpin possibilities for daily use. Even though most 

research so far still makes use of less mobile apparatus, they come with the same advantage that 

measurements can be taken continuously, noninvasively and without requiring explicit behavior from a 

participant (Elkins et al., 2009). Therefore it is conceivable synchrony measurements can be taken via 

wearable devices in the future and thus support effective teamwork on a daily basis. 

 

Previous Research on Synchrony & Teamwork 

Previous research about heartbeat synchrony and teamwork provide promising results for the link 

between them. For example, Henning et al., (2001) found that weighted coherence measures for 

electrodermal activity (EDA) and heart rate were predictive of task completion time in a laboratory study 

with two-person teams (dyads) (N=16). Also team tracking error, another measure for team performance 

in a tracking task with joysticks, was predicted by multiple synchrony measures in their research.   

 

Furthermore, Henning & Korbelak (2005) found some potential for social psychophysiological 

compliance (SPC) as a predictor for a team’s readiness to handle unexpected task demands in the 

immediate future. A laboratory study was performed where 16 dyads did a tracking task in which one 

team member had control over a joystick that directed vertical movements while the other directed the 

horizontal movements. In their correlation analysis, they found that high SPC during a team task, 

predicted lower team tracking error in the following task in which the participants swapped the control 

directions, where low team tracking error was associated with high team performance. The more targeted 

multiple regression analysis only found trends to underpin the findings. 

 

Another relationship between PC in heart rate variability (HRV) data and team performance was found 

in a study by Elkins et al. (2009) with 10 teams of 4 participants. In their experiment, PC was measured 

in the training phase, while team performance was tracked in the subsequent physical and cooperative 

team task. During the task, the teams had to eliminate combatants in a real world “shoot-house” by 

shooting with a simulated weapon and avoiding non-combatants. Team performance was measured by 

velocity and percentage of non-combatants avoided, both equally weighted. They used four different 



measures for PC in HRV and also four different analysis methods. For the combination that involved 

loge RSA as the PC measure and correlation analysis, they found that high PC scores in the training 

leaded to high team performance in the task. For two other combinations they found a trend in the same 

direction, suggesting a positive relationship between PC and team performance. 

 

Principles Concerning Physiological Synchrony 

A physiological measure that is often used for synchrony is heartrate (HR) (e.g. Henning & Korbelak, 

2005). A commonly used way to measure HR is via electrocardiography (ECG), which records the 

cardiac electrical cycle (Conover, 2002). During every heartbeat the electrical field in the heart 

depolarizes and repolarizes with a resting phase in between and this current can be detected by placing 

electrodes of opposite polarity on specific locations of the skin (Mirvis & Goldberger, 2001). The most 

important waveform of this recording is the QRS complex (Gutiérrez-Rivas, García, Marnane & 

Hernández, 2015) which starts with a negative deflection (Q wave), followed by a large positive 

deflection (R-wave), and ends with another negative deflection (S wave) (Dupre, Vincent & Iaizzo, 

2005). By detection of the QRS complexes, the R-peaks (the highest peak in a QRS complex) are traced. 

Then the RR-interval, the difference in time between two subsequent R-peaks, is calculated. One RR-

interval represents one inter-beat-interval (IBI) and heartrate can be mapped by the IBI’s.  

Due to autonomous reflexes, the IBI is shortened while breathing in and prolonged during exhalation 

(Yasuma & Hayano, 2004). This process is called the respiratory sinus arrhythmia (RSA) and when 

stimulated by paced breathing, sine-wave oscillations in the HR are evident (Lehrer, Vaschillo & 

Vaschillo, 2000). The amplitude of the heart rate changes depends on the breathing frequency and is 

high when breathing slowly (Vaschillo, Lehrer, Rishe & Konstantinov, 2002). For most people a 

resonance peak is detected around the respiration rate of 6 breaths per minute, corresponding to a 

frequency of 0.1 Hz (Vaschillo, Vaschillo & Lehrer, 2006).  

 

When a pattern in the data of one person is followed by a similar pattern in another person’s data, a lag 

in the physiological synchrony of those people can be identified, meaning that there is a shift in the 

temporal alignment of the data (Palumbo et al., 2017). For example, Messina et al. (2013) used lags 

varying from 0-4 seconds and found differences in physiological synchrony. Also, Müller and 

Lindenberger (2011) found that respiration rates of the conductor of a choir could predict those of its 

singers with a delay of a few seconds. 

 

During paced breathing all participants will show sinusoidal HR oscillations at the stimulated breathing 

frequency and a potential lag between participants can be detected by a phase shift in the sinus-wave 

oscillations of one of the participant with respect to the other participant. This delay might be caused by 

an internal process like a physiological time delay (e.g. a transport delay, transmission delay, threshold 

delay) (Batzel & Kappel, 2011). When a lag between participants could be explained by differences in 

internal physiological processes, it is expected that the average lag between a pair of two participants is 

steady during the whole experiment.   

 

Synchrony Measures 

Pearson correlation, a widely used measure for examining interpersonal synchrony for pulse- or heart 

rate signals (e.g., Chatel-Goldman, Congedo, Jutten & Schwartz, 2014) provides a simple way to explore 

the connection between two signals (Liu, Zhou, Palumbo & Wang, 2016). However, it relies on the 

assumption that observations are independent despite the fact that longitudinal data barely are 

independent over time. The sequential structures in the data (i.e., autocorrelations) can lead to specious 

results of Pearson correlation. 



A number of more elaborate analysis techniques have therefore been explored: Time series analysis is a 

parametric for measuring synchrony that typically accounts for autocorrelation, and often provides a 

more reliable view on the linkage between signals than the Pearson correlation (Liu et al., 2016). 

However, most time series models require the signals to be stationary, meaning that they have time-

invariant statistical properties. In this case, trends or other time-varying processes in the data are not 

accounted for and lead to biased results that are difficult to interpret.  

Another parametric modelling framework that is currently used for studying synchrony is multilevel 

modeling (MLM), of which the models are designed for handling data with nested structures (Liu et al., 

2016). Many different model specifications can be used but they all have to deal with some general 

restrictions. Firstly, the response variables of (intensive) longitudinal data often cannot be sufficiently 

represented by “simple” parametric functions. Also, the same fixed-effects model has to fit all subjects 

and the random effects and residuals should be normally distributed, linear and the variance has to be 

homogenous. Lastly the sample size has to be large enough so that the parameters are not biased and/or 

no convergence problems play up. 

 

Dynamical correlation. All in all, all these requirements are challenging in empirical data. Dynamical 

Correlation (DC), a method developed by Dubin and Müller (2005) and further examined by Liu et al. 

(2016), provides the possibility of studying synchrony in a flexible and nonparametric way, without 

hardly achievable assumptions to be met. It is similar to Pearson correlation but DC quantifies the 

similarity of a pair of random curves whereas Pearson correlation calculates the correlation between a 

pair of random variables. With DC, each individual curve is shifted vertically first, so it ends up with a 

mean of zero. Then a second centering step is applied by subtracting the population-mean curve, after 

which the DC is calculated as the standardized inner product of the two modified curves. Because the 

population centering is done by a curve with time-varying values (instead of a constant as with Pearson 

correlation), overall trends in the data are not taken into account in the analysis. In this way, synchrony 

is measured above and beyond what can be expected from experiences shared by the whole group. To 

illustrate: similar changes in physiology can be discovered in two persons that are not interacting but 

are stimulated by similar external influences like noises or increasing tension. With Pearson correlation 

this would result in a (high) correlation that is not relevant for interpersonal interaction while DC 

captures only the truly interpersonal processes, next to the processes caused by shared stimulation, by 

removing the population mean curve.  

Also, lagged relations can easily be integrated in DC analysis by shifting (one of) the curves horizontally 

(Dubin & Müller, 2005). One curve X(t) could be replaced by X(t - k) and likewise for the other curve 

Y(t), where k represents the lag. 

 

Previous Research on Synchrony at HTI 

Previous research at HTI investigated whether dyads (couples) could synchronize their heartbeats and 

whether this improved their team performance (Li & Liu, 2016). During the experiment that was carried 

out, dyads had to play a cooperative game multiple times while their heartbeat was measured by ECG. 

An intervention was made between a group of dyads that did a biofeedback breathing exercise in 

between the first and the second game, and a group of dyads that only did a reading task (and did the 

exercise at a later moment). Li and Liu (2016) assumed that during the paced breathing exercise, dyads 

would reach maximum synchrony and their main hypothesis was that this would have a positive effect 

on the team performance in the subsequent game.  

Results were not as convincing as expected but – in line with Palumbo et al. (2017) – the performed data 

analysis, which mostly included straightforward correlations, could be part of the reason. Li and Liu 

(2016) used Pearson correlation as a measure for synchrony and did not take a possible lag between the 

physiology of the participants into account. Furthermore it is not evident if they checked the data for 



outliers and the assumptions that needed to be met for the statistical analysis and data of participants 

with clear (movement) errors were left in the analysis without corrections.  

 

Research question & hypotheses 

Therefore, the current research aimed to redo the data analysis of the experiment performed by Li and 

Liu (2016) by using dynamical correlation as the measure for physiological synchrony and introducing 

a lag-based analysis. By analyzing the data with a more elaborate method, different outcomes of the 

synchrony values can be expected. The subtraction of the mean curve might lead to lower values 

(especially when there are big changes in the mean curve) while proper selection of the data and 

extensive preprocessing might lead to higher values. When the data of the paced breathing exercises are 

also corrected for a possible lag between participants of a dyad, higher synchrony values can be expected 

for these sections. The delay between the heartbeat changes of the participant might be explained by 

internal differences in their physiology, and thus be steady throughout the experiment. Consequently, 

higher synchrony values are also expected for the other sections when the discovered lag is applied to 

them.  

This resulted in the following research question and hypotheses:  

 

What can be gained by (lag-based) dynamical correlation analysis over basic correlation analysis 

regarding physiological synchrony of dyads in the study of Li and Liu (2016)? 

 

H1: By introducing dynamical correlation, the synchrony values will be different than the values found 

by Li and Liu (2016). 

H2: By introducing a lag-based analysis, higher synchrony values can be found during the paced 

breathing exercise compared to the values without lag accounted for. 

H3: Applying the lag found in the paced breathing exercise to the other experiment sections as well, 

higher synchrony values will be found compared to the values without lag applied. 

 

Taking those hypotheses into account, it is expected that the repetition of the statistical tests performed 

by Li and Liu (2016), this time with the newly acquired synchrony measures, results in different 

outcomes that are significant. Therefore, the hypotheses set by Li and Liu (2016) that included 

synchrony measures were set and verified in this research again: 

 

H4: Biofeedback breathing exercise can positively influence heartbeat synchrony as calculated with 

dynamical correlation, in the following team task. 

H5: Team performance is positively correlated with heartbeat synchrony as acquired with dynamical 

correlation.  

 

The following sections contain of the details of the experiment, an elaborate description of the data 

analysis and the effect of the new analysis. 

  



Method 

 

In the following sections, parts of the method written by Li and Liu in 2016 are rephrased for the 

convenience of understanding the experiment performed by them. From the section “Current data 

processing” onwards, the method is unique for the current research.  

 

Participants  

Sixty-four male adults from the participant database of the Human Technology Interaction department 

volunteered for this experiment (age: Mean = 25 years, SD = 7.7). When asked, none of them reported 

on having a heart disease. Participants signed an informed consent before participation and received a 

compensation in the form of a financial contribution or study credits. Every participant was assigned to 

a two-person team and in approximately 74% of the teams, team members reported they had never seen 

each other before the experiment. 84% of the teams was familiar with the snake game that was played 

during this experiment (see “Apparatus & Materials” below).  

 

Apparatus & Materials 

ECG device. Two TMSi Mobi8 devices were used for recording the ECG signal that shows electrical 

activity in the heart region. Per device one bipolar 6-pin socket is used and three sensors are needed for 

the recording, two for the bipolar input and one as the participant’s ground. The black electrode was 

placed on the soft tissue just below the right collarbone near the shoulder, the red electrode lateral 

anterior on the left on the soft tissue just below the lower rib and the green ground electrode was placed 

on top of the left collarbone near the shoulder. 

 

Software. During the laboratory experiment the following software applications, all owned by the HTI 

group of the Eindhoven University of Technology, were used: 

Phylo. The acquisition of the ECG signal was controlled by the application PhyLo. It enables 

the possibility to share the acquired physiological data with one or more client applications via a 

multicast socket IP-address and local network (Boschman, 2015). In this study, two PhyLo applications 

were used on the same computer in order to acquire the data of two participants simultaneously. 

HRSync. HRSync is a client application of Phylo and calculates the correlation of heartbeat 

intervals of two participants measured over the last N number of seconds, sampling the last measured 

inter-beat-interval each second (Boschman, 2018b).  

The correlation at time t (integer) seconds is calculated over a period of the last N = 60 seconds of the 

two inter-beat-interval (IBI) signals and defined as: 

 

𝑟𝑡 =  
∑(IBI1𝑘  ∙  IBI2k )  − 

1
𝑁 ∙  ∑ IBI1𝑘  ∙  ∑ IBI2k 

√(∑IBI1𝑘
2 −

1
𝑁  ∙ (∑IBI1𝑘)2) ∙ (∑IBI2𝑘

2 −
1
𝑁 ∙ (∑IBI2𝑘)2)

 [−] 

 

where  

∑.    ≡ ∑ .

t

k=t−N+1

 

 

HRMonitor. HRMonitor is a client application of PhyLo that is used to visualize the heartbeat 

of the participants in real time (Boschman, 2018a). The application provides a real-time visualization of 



the heart beat variation (as shown in figure 1a) after reading the data from the multicast socket, analyzing 

its QRS complexes and calculating the heart rate. The visualization was used as biofeedback during the 

paced breathing sections. 

 

In both HRsync and HRMonitor the Open Source ECG Analyses (OSEA) library from E.P. Limited 

(Hamilton, 2002) is used for detecting QRS complexes in the ECG signal. Every R-peak represents one 

heartbeat and from the time stamps for each R-peak, the inter-beat interval (IBI) is calculated as the time 

in between two heartbeats. Outliers in the IBI’s may be caused by temporary signal loss and/or body 

movements and can affect the heart beat statistics. Therefore an impulse filter is applied to the incoming 

interval data (McNames, Thong & Aboy, 2004) and outliers are replaced by the median IBI over the last 

five heartbeats before the outlier. 

 

Paced breathing guidance. For the breathing instruction a GIF image of a growing and shrinking 

polygon was used as shown in figure 1b. Participants were instructed to follow the pattern of the polygon 

with their breath which should make them breathe in for 4.5 seconds when the polygon was growing,  

followed by breathing out for 4.5 seconds when the polygon was shrinking and so on. 

 

 

  
Figure 1a (left). Example of biofeedback of the heartbeat (variation) of both participants in a dyad as 

visualized by HRMonitor. Figure 1b (right). Growing and shrinking polygon used for the paced 

breathing guidance. (Source: Li & Liu, 2016) 

 

 

Reading material. The first two chapters (29 pages) of the book “A brief history of Egypt” were 

presented as reading material in the reading section (Goldschmidt, 2008). The content included 

geography, agriculture and climate of Egypt and its civilization and is considered to be neutral and plain. 

 

Snake game. The snake game, a very popular game on Nokia phones around the year 2000, was played 

by the dyads as the team task. A snake on the screen of a Mac laptop on which the off-line snake game 

was downloaded, had to be controlled with four direction keys on the keyboard. In this experiment, one 

participant of the dyad had control over the keys in the vertical direction (‘W’ to move up and ‘S’ to 

move down) and the other participant over the keys in the horizontal direction (‘’ to go left and ‘→’ 

to go right). As the snake hovers over dots in the screen (as shown in figure 2a), the dyad scores points 



while the snake gets longer. Once the snake touches the walls or itself the game is over. The score is 

provided and “AGAIN” can be clicked to start over as shown in figure 2b. 

 

  
Figure 2a (left). Snake game where the snake has to be controlled to hover over the dot. Figure 2b 

(right). Screen shown at the end of one game that displays the score of the last game (after “last:”) and 

provides the “AGAIN” button to start over. (Source: Li & Liu, 2016) 

 

Procedure 

Participants were scheduled in dyads and randomly assigned to one of the groups (e.g. group A or group 

B). Dyads in group A had to undergo an experiment with four sections in a specific order whereas the 

experiment for group B contained of two extra sections. In the analysis, group B  functions as the control 

group, since they do a second reading task in the third section where group A does a biofeedback paced 

breathing exercise. This results in the “between-dyads” design displayed in table 1, where the effect of 

performing a biofeedback breathing exercise before playing a cooperative game was investigated. 

 

Table 1.  

Experiment workflow 

 
 

When both participants had entered the room, they signed the informed consent and were informed about 

the procedure of the experiment. The physiological sensors were applied and connected to one MTSi 

Mobi8 device per participant. When participants had no further questions, they were requested to stay 

seated, focus on the tasks and not to communicate with each other during the experiment. The ECG was 

tracked during every section. 

 

The first section of the experiment was set up to record the baseline of the heartbeat synchrony and the 

participants were asked to read the reading material individually for four minutes. 



During the second section the dyads played the snake game as instructed for four minutes. When they 

reached game over they were instructed to write down the score on a sheet and start over, as long as the 

time lasted. 

The third section lasted seven minutes and contained the biofeedback breathing exercise for group A 

and reading individually for group B. During the biofeedback breathing exercise the participants were 

asked to synchronize their heart beat variation as much as possible by breathing in and out 

simultaneously, following the paced breathing instruction. In order to support the synchronization, the 

visualization of both heartbeats from HRMonitor was displayed and participants were informed that 

when breathing in and out, the curve would go up and down respectively. 

During the fourth section, that lasted four minutes, both groups played the snake game again. 

Participants had to swap the control over the horizontal and vertical keys in order to counteract a 

potential learning effect.  

For group A, the second snake game was the final section of the experiment. For group B two extra 

sections were included in order to collect extra data about heartbeat synchrony during paced breathing 

without interfering with the between-subjects design for the main goal of the experiment. So group B 

did the biofeedback breathing exercise in section five for seven minutes and finally played the snake 

game a third time in section 6, again for four minutes and with the control keys swapped. 

When participants completed all sections, the sensors were taken off and they were thanked for 

participation and received the compensation. 

 

Original data processing 

Team performance (TP). The team performance was reflected by the score of the corporative Snake 

game task. The score of the game counted as long as the start of the game was within the four minutes. 

The mean score per section per team was taken into the analysis. 

 

Heartbeat synchronization (HBS). In the analysis performed by Li and Liu in 2016, the heartbeat 

synchronization score was calculated by the HRSync application, as described before. In each section 

the correlation value at the last second of every minute was extracted and the mean of the first four 

extracted values was allocated as the heartbeat synchrony value of that section. The current report 

features an extended analysis, that is elaborately described below. 

 

Current data processing 

Data preprocessing. In the original analysis HRsync was used to determine the synchrony values 

between participants but in the current study, the raw ECG data were processed and analyzed with 

Matlab R2019b as described below. 

T0 alignment within dyads. Since the two Mobi8 devices were never turned on at exact the same 

time, the start of the signal was aligned by the absolute time stamp provided in the data. The first data 

points of the device that was turned on first are removed until the absolute time stamp on which the 

second device was turned on.  

Detect R peaks. In order to detect the R peaks in the ECG signal, the Matlab implementation of 

the open source algorithm of Pan and Tompkins was used (Pan & Tompkins, 1985). The algorithm 

detects QRS complexes by digital analysis of slope, amplitude and width. A band pass filter (cut off 0.5 

Hz & 40 Hz) is applied on the ECG signal to filter out the longer-term trend and short-term fluctuations 

before the peak detection algorithm is applied. Although the algorithm usually detects the QRS 

complexes precisely, the detected point of the R-peak often varies a few datapoints from the actual 

highest point in the QRS complex. Therefore a correction is made for this by finding exact highest point 

in the ECG signal within a window of 10 datapoints before and after the detected highest point by the 



algorithm. The time in between two R-peaks is one inter-beat-interval (IBI). All IBI’s are extracted and 

used as input in the synchrony analysis.  

IBI outlier detection. IBI’s that were higher than 1400 ms or lower than 400 ms were detected 

and flagged, as well as all IBI’s that were 150% higher or 50% lower than the average of the previous 

10 IBI’s. These values for short and long IBI’s were defined in a research by Overbeek, van Boxtel and 

Westerink (2014). All flagged IBI’s were checked in the corresponding ECG signal. In the cases that 

the Pan Tompkins algorithm missed a R-peak, the long IBI was cut in half and for wrongly detected 

peaks, the IBI’s were merged. When a small part of the signal was missing, due to movement of the 

participant for example, this part was filled IBI’s that had the length of the mean IBI of the whole signal 

without outliers.  

Sampling. To be able to correctly compare the two signals of one dyad, their sampling rates 

need to be the same. Since the IBI’s in the analysis by Li and Liu (2016) were sampled per second and 

we intended to calculate the lag in the current analysis in half seconds, the IBI signals are sampled in 

two ways for further analysis: per second and per half second. The signals are linearly interpolated to 

extract the values at the whole or half seconds with the help of a time vector based on the cumulative 

IBI. 

Since all signals differed in length, the most representative part of the data was selected for the analysis. 

For the paced breathing sections, almost all datafiles were eight minutes or longer, which is a minute 

longer than originally intended. First, the first eight minutes of data were used in the lag analysis as will 

be described below. From the last part of the lag analysis onwards, only the data from the 61th second 

until the 420st second were used for the paced breathing sections. This is one minute shorter than the 

intended duration of the sections since in the first and eighth minute a lot of noise was detected, likely 

due to moments in which no paced breathing was performed by the participants. For all other sections 

the data from the first until the 240st second were taken into account, the intended duration of the 

sections. The first four minutes were taken because there was no other indication for the start of the task 

given. 

 

Lag analysis Paced Breathing sections. For the sections of the biofeedback breathing exercise extra 

steps are taken in the data analysis. Since the heartbeat fluctuations are directly stimulated by an external 

factor, namely the paced breathing guidance), and are expected to be large and repetitive, the two curves 

are expected to resemble each other, possibly with a small delay. The data is manipulated in order to 

match the curves of both participants best and find an optional lag between them.   

Trend analysis. First of all a trend analysis is done to find slow trends in the data. In order to 

end up with the heartbeat variation due to the respiration only, the IBI signal is filtered with a high pass 

filter with a cutoff of 0.02 samples/sec. In this way we can validate the synchronization that is due to 

the breathing exercise only, excluding (other) external effects. The trend analysis was done on the 

original unsampled IBI signal, however, the filter was eventually applied on the sampled IBI signal (per 

(half) second) on just the specific part of the signal needed. 

Correlation function. The filtered signals both participants of a dyad were cross correlated in 

order to find the similarity between the first signal and shifted (lagged) copies of the second signal as a 

function of the lag (Stoica & Moses, 2005). First the IBI signals sampled per second were divided in 

windows of one minute each, resulting in eight windows per dyad, and cross correlated per window. In 

figure 3 the eight windows of one participant are shown. The peaks in the function occur every 9 

seconds, the same length as one breathing cycle as guided by the paced breathing exercise. The optimal 

lag between participants per minute was therefore defined by the lag in seconds, corresponding with the 

highest cross correlation (visualized with the red dot) within the interval of [-4.5 4.5] seconds in every 

window. 



 

  

Figure 3. Cross correlation per minute of the paced breathing section of one dyad. The red dot represents 

the peak at the optimal lag per minute. 

 

The optimal lag per minute per dyad was checked for systematic changes to investigate the option that 

a lag was caused by systematic artifacts. Secondly, the overall optimal lag per dyad was retrieved in half 

seconds for better accuracy, by the lag corresponding to the highest cross correlation of the two IBI 

signals sampled per half second, for the IBI’s during the minutes 2-7 taken together.  

 

Figure 4 is a representative example of the effect of the lag-based analysis on the paced breathing 

section. In the top graph the IBI signals (sampled per half second) of one dyad are plotted against time 

and in the bottom graph a horizontal shift was applied corresponding to the optimal overall lag found in 

the lag analysis. For this specific dyad an optimal lag of 2.5 seconds was found and when applied, the 

two signals clearly overlap each other much better. The DC value increased from 0.026 to 0.449 for this 

particular dyad.  

 



 
Figure 4. Representative example of the difference between the two IBI signals of one dyad without a 

lag applied (top) and with the optimal overall lag applied on one of the signals (bottom). 

 

 

Dynamical Correlation analysis. For all sections (including the paced breathing sections) dynamical 

correlation (DC) is used to determine the heartbeat synchrony (Liu et al., 2016). 

Let (X(t), Y(t)) be the set of IBI curves of the two participants in one dyad on the given interval which 

we define to be [0,1] for now. The first of the three steps of DC is centering on subject-level and is done 

by subtracting the static mean of each individual curve, denoted as Mx and My, respectively: 

 

𝑀𝑥 =  ∫ 𝑋(𝑡)𝑑𝑡
1

0
,  𝑀𝑦 =  ∫ 𝑌(𝑡)𝑑𝑡

1

0
 

 

yielding X(t) – Mx and Y(t) – My. The curves are now unaffected by their vertical shift which means that 

the DC would not change if a constant would be added to the original curve.  

The second step is centering the shifted curves on population level by subtracting the population mean 

curve, µ(t) by X(t) – Mx - µ(t), and likewise for Y(t) – My – µ(t).  

The population mean curve, µ(t) was calculated per group and per section for both sampling rates1 (e.g. 

one sample per second and one sample per half second). In this analysis a low pass filter with a cutoff 

of 0.1 Hz was applied on the mean curve in order to filter out the very sharp peaks that are not expected 

in a mean curve.  

In the third step the centered curve is normalized which results in the following curve which has the 

length of 1: 

 

X* (t) = 
𝑋(𝑡) – 𝑀𝑥 − µ(𝑡)

(∫ (𝑋(𝑡)−𝑀𝑥 − µ(𝑡))2𝑑𝑡)1 2⁄  
1

0

 

 

so that  ∫ [𝑋∗(𝑡)
1

0
]2𝑑𝑡 = ||X*(t)||2 = 1. Y*(t) is constructed in the same manner. 

 
1 The mean curve sampled per half second was used in both the analysis with and without the overall lag applied 



Finally, the dynamical correlation (DC) between X(t) and Y(t) is defined as 

 

𝐷𝐶 = ∫ 𝑋∗(𝑡) ∗  𝑌∗(𝑡)𝑑𝑡
1

0

 

 

The DC was calculated three times per section for each dyad. First the DC was calculated for the pairs 

of IBI signals sampled per second (DC1.0, no lag), and secondly for the pairs of IBI signals sampled per 

half second (DC0.5, no lag). For the third calculation, the optimal overall lag found per dyad in the lag 

analysis was used to horizontally shift the lagged signal, before calculating the DC0.5, lag. Because the  

optimal lag was calculated in half seconds, also the IBI signals sampled per half second were used. 

 

In figure 5 a representative example of the effect of population centering on the IBI signal in the paced 

breathing section. The blue line represents the IBI signal of one participant after subtracting the signal 

mean and filtered with a high pass filter with a cutoff of 0.2. In red the IBI signal of the same participant 

is plotted after the population mean is subtracted from the blue signal.  

 

 

 
Figure 5. Representative example of the difference in IBI signal before and after the population mean 

is subtracted. 

 

 

Statistical analysis  

All statistical tests were tested against an alpha of α = 0.05 and all variables were tested to have a normal 

distribution.  

In order to compare the analysis performed by Li and Liu (2016) with the current analysis, a two-tailed 

two-sample t-test was performed on the HBS scores and the DC1.0 no lag values in order to find a statistical 

significant difference between the two measures. 

One-tailed paired t-tests were performed on the DC0.5, no lag and the DC0.5, lag values, first for the paced 

breathing sections only and secondly for all sections except for the paced breathing sections to determine 

if a statistically significant difference was present between the means of the two synchrony measures.  



Another paired t-test was performed on the DC1.0, no lag and DC0.5, no lag values in order to verify that there 

is no significant difference between the results of the two sampling methods.  

 

As Li and Liu did in 2016, repeated measures 2-way ANOVA with group as between-dyad factor and 

time slot as within-dyad factor, were conducted to compare the effect of the timeslot of the snake game 

on the DC values during the games in group A and B, for the different DC measures. A Bonferroni 

correction is applied to correct for multiple testing (Bland & Altman, 1995). 

 

Pearson’s correlation was applied on the DC values and the team performance to verify a positive 

correlation between the two variables.  

  



Results 

 

Discarded Data and Outlier Replacement 

In both group A and B, the data of two dyads had to be discarded because of a large amount of errors in 

the data of at least one participant, which are most likely due to movement of the participant.  

Furthermore, some parts of the data were manually repaired by replacing short periods with (movement) 

errors, with as many mean IBI’s as needed within the timespan of the missing data. Most replacements 

were done in the beginning or middle of the data section, but for one section of one participant it had to 

be done at the end in order for the signal to have the minimum length needed. Details of the replacements 

can be found in Appendix 1. 

 

Descriptives Team Performance  

In the current analysis, the scores reached by the dyads during the snake games remained unchanged. 

The only difference with the study of Li and Liu in 2016 is the fact that the ECG signals of two dyads 

in group B were discarded in this study and thus their performance scores are also discarded. This 

resulted in the snake game scores displayed in table 2. 

 

Table 2  

Snake game scores2 

Group Snake Game N Mean Standard Deviation 

A 1 14 385 285 

 2 14 525 344 

B 1 14 404 228 

 2 14 494 327 

 3 14 593 353 

 

 

Data analysis paced breathing sections 

In figure 6 for each dyad in group A the lag in seconds is shown that resulted in the best fit of the two 

signals of the dyad during the paced breathing section per window of one minute. As can be observed, 

the lag per dyad is either steady or fluctuating over time, but no consistent trend is detected. This 

indicates that the lag is not a result of a systematic artifact, like a slight discrepancy in sampling 

frequency between the recording devices. The results for the dyads in group B are similar.  

 
2 The scores given in this table are slightly different than reported by Li and Liu (2016). Next to the excluded 

scores of the excluded dyads in group B, the standard deviations for group A calculated from the mean scores 

per dyad differed from the standard deviation reported by Li and Liu (2016). 



 
Figure 6. Optimal lag per minute per dyad in group A. 

 

 

As shown in table 3 below, the overall optimal lag as calculated over minutes 2-7, varies per dyad. This 

suggests the absence of a consistent external factor influencing the lag between dyads.  

 

Table 3. 

Overall optimal lag in seconds per dyad during paced breathing 

 Group A  Group B 

Dyad 1 -4.5 Dyad 15 2.5 

Dyad 2 0 Dyad 16 3.5 

Dyad 3 1 Dyad 17 0 

Dyad 4 1 Dyad 18 -4 

Dyad 5 0.5 Dyad 19 4.5 

Dyad 6 -2.5 Dyad 20 0.5 

Dyad 7 -1 Dyad 21 0 

Dyad 8 0 Dyad 22 0.5 

Dyad 9 0 Dyad 23 0 

Dyad 10 0.5 Dyad 24 -1.5 

Dyad 11 0 Dyad 25 -0.5 

Dyad 12 0.5 Dyad 26 0.5 

Dyad 13 0 Dyad 27 2.5 

Dyad 14 1.5 Dyad 28 -0.5 

 

 

Synchrony values 

In table 4 all mean synchrony values and their standard deviations are given per section, including the 

HBS scores and the three DC measures. The first column includes the HBS scores that were found by 

Li and Liu in 2016. The second and third column represent the dynamical correlation values that were 

obtained without a lag-based analysis, from the IBI signals sampled per second and per half second 

respectively. The last column contains the dynamical correlation values based on the IBI signal sampled 



per half second and obtained after all experiment sections were corrected for the lag found in the paced 

breathing sections (table 3).  

Several aspects in this table are of importance for the hypotheses, for example the difference between 

the HBS scores and DC1.0 no lag values that are both based on an IBI signal that was sampled per second. 

Therefore, a two-tailed two-sample t-test was applied to the HBS scores (M = 0.215, SD = 0.245) and 

DC1.0, no lag values (M = 0.198, SD = 0.222) of all dyads and experiment sections, after the homogeneity 

of variance of both samples had been verified. No statistically significant difference, t(289) = 0.635, p 

= 0.526 was found.  

 

 

Table 4 

Average synchrony values and standard deviations for all analysis methods 

 

  HBS scores DC1.0 no lag DC0.5 no lag  DC0.5 lag  

Grp  Mean Standard 

Deviation 

Mean Standard 

Deviation 

Mean Standard 

Deviation 

Mean Standard 

Deviation 

A Reading .074 .182 - .012 .143 -.019 .127 -.031 .126 

 Game 1 .239 .221 .257 .180 .238 .176 .213 .177 

 Breathing 

exercise 

.502 .323 .434 .241 .441 .237 .551 .201 

 Game 2 .159 .227 .188 .178 .196 .174 .184 .185 

          

B Reading .029 .143 .005 .095 .045 .109 .037 .101 

 Game 1 .251 .148 .295 .141 .315 .136 .243 .194 

 Reading .035 .136 -.018 .105 -.018 .105 .001 .074 

 Game 2 .254 .125 .233 .115 .232 .110 .231 .229 

 Breathing 

exercise 

.365 .236 .306 .248 .292 .253 .543 .268 

 Game 3 .259 .196 .276 .122 .271 .123 .249 .220 

      

 

Another aspect that should be noted is the difference between the mean DC0.5 no lag and DC0.5 lag values. 

As visible in figure 7 below, where the mean DC0.5 no lag and DC0.5 lag values are plotted per group per 

section, there is a clear raise of the DC0.5 lag values in the paced breathing sections with respect to the 

DC0.5 no lag values. For those sections, the DC0.5, no lag (M = 0.367, SD = 0.261) and DC0.5 lag (M = 0.547, 

SD = 0.241) values were compared in a one-sided paired t-test, which proved that the DC0.5 lag values are 

significantly larger than the DC0.5, no lag values t(27) = 3.169, p = 0.002. The effect size for this analysis 

(d = 0.718) was considered to be medium to large. For three dyads in group B, the DC0.5, no lag value was 

higher than 0.95. 

This difference is however not visible in all other sections and indeed, no statistical significant increase, 

t(110) = -1.328, p = 0.187 was found by applying a one-sided paired t-test to the DC0.5, lag (M = 0.143, 

SD = 0.205) compared to the DC0.5, no lag values (M = 0.159, SD = 0.185) of all “non paced breathing 

sections”.  

 



 
 

Figure 7. Mean DC0.5 no lag and DC0.5 lag values plotted per group and per section of the experiment in 

chronological order. Group A is represented in red and Group B in blue, and per group, the left bar 

represents the mean DC0.5 no lag value  and the right bar represents the DC0.5 lag. 

 

Since the DC between the lagged IBI signals was calculated with IBI signals that were sampled per half 

second, these results had to be compared to a DC measure without lag that was sampled per half second 

as well. Because this is a different sampling rate than used in the original analysis by Li and Liu (2016), 

it was tested if there was a significant difference between the results of the DC values of the two 

sampling rates. A two-tailed paired t-test between the DC0.5 no lag  values (M = 0.201, SD = 0.217) and 

DC1.0 no lag (M = 0.198, SD =0.221) values verified that there is no statistically significant difference 

between the two measures, t(138) = 0.795, p = 0.426. 

 

Furthermore, the analysis of Li and Liu (2016) concerning the effects of group (A or B) and timeslot 

(game 1 or game 2) on heartbeat synchrony, was repeated for all new DC measures.  

Results of the repeated measures two-way ANOVA indicated that there was a significant main effect of 

timeslot of the snake game on the DC0.5, no lag values (F(1,26) = 5.662, p = 0.025, partial η2  = 0.179) 

such that the DC0.5, no lag values were lower during the second game compared to the first. The main effect 

of group on the DC0.5, no lag values was found to be significant as well (F(1,26) = 5.946, p = 0.022, partial 

η2   = 0.186) such that the DC0.5, no lag values were higher during game 1 and game 2 in group B compared 

to the values for the games in group A. However, no significant interaction effect of timeslot and group 

on the DC0.5, no lag values was found (F(1,26) = 2.060, p = 0.163 partial η2 = 0.073).  

A similar ANOVA was conducted with the DC1.0 no lag values as the dependent variable but none of the 

effects were found to be significant: F(1,26) = 2.200, (p = 0.150, partial η2 = 0.078) for the main effect 

of timeslot on DC1.0 no lag,  F(1,26) = 0.961, (p = 0.336, partial η2 = 0.036) for the main effect of group 

on DC1.0 no lag, and F(1,26) = 0.007, (p = 0.936, partial η2 = 0.000) for the interaction effect of timeslot 

and group on DC1.0 no lag. 

Also for the ANOVA with the DC0.5 lag as the dependent variable no significant main effects were found: 

F(1,26) = 0.143, (p = 0.709, partial η2 = 0.709) for timeslot on DC0.5 lag, and F(1,26) = 0.05, (p = 0.486, 

partial η2 = 0.019) for group on DC0.5 lag. Neither a significant interaction effect was found of timeslot 

and group on the DC0.5 lag was found (F(1,26) = 0.026, p = 0.873, partial η2 =0.001). 

 



Since this ANOVA was done three times in this analysis and also already once by Li and Liu (2016) on 

their HBS scores, a correction for multiple testing is needed. Following the Bonferroni correction (Bland 

& Altman, 1995), the significance level is divided by four resulting in α = 0.013 for every individual 

ANOVA.  Following this significance level, the two main effects found above lose their significance.  

 

Finally, it was tested if the team performance scores correlated with heartbeat synchrony by a Pearson 

correlation analysis, as likewise done by Li and Liu (2016). The results of our Pearson correlation 

analysis indicated that there was no significant correlation between team performance and any measure 

of the DC values, r(68) = .196 (p = .103), r(68) = .146 (p = .229) and r(68) = .207 (p = .086) for DC1.0 

no lag, DC0.5 no lag  and DC0.5 lag respectively.  

 

Explorative Additional Analysis 

We expected the synchrony values in the post-breathing game sections to be higher than the synchrony 

values in the post-reading sections. However, we could not prove this expected result and there even 

seems to be a negative trend in the synchrony values over the timeslot of the games. Therefore we 

performed an explorative additional analysis to explore whether the lack of increase in the synchrony 

values might have been due to confusion after swapping the control keys: 

For this analysis, the DC0.5, no lag values of the games were split into 2 parts: one part containing the 

values of the first two minutes and the other containing the values of the last two minutes. The values 

of the first half of both games after a breathing section (for group A the second game and for group B 

the third game) were taken together and the values of second half of both games as well, and likewise 

for the games after a reading section. Then it was tested if in the second half of the games, the DC0.5, no 

lag values were higher than in the first half.  

A one-sided paired t-test (t(27) = -2.4901, p = 0.001) proved that for the games right after a breathing 

exercise, the DC0.5, no lag values in the second half of the games (M = 0.271, SD = 0.174) were significantly 

higher than in the first half of the games (M = 0.166, SD = 0.204). For the games that took place after a 

reading section, no differences were found in the synchrony values between the first half (M = 0.245, 

SD = 0.210) and second half (M = 0.264, SD = 0.197) of the games.  

 

 

 

 

 

 

  



Discussion 

 

This study aimed to improve the data analysis of an earlier performed experiment on team performance 

and heartbeat synchrony between team members, in order to elaborate and confirm the results found by 

Li and Liu (2016). To this end we introduced dynamical correlation as a measure for synchrony and 

applied it in various forms, both with and without correction for lag between team members. For the 

first three hypotheses we compared these new measures with each other as well as with the results of 

the original analysis.  

 

In the first hypothesis we assumed that the synchrony values obtained by dynamical correlation analysis 

would be different from the HBS scores found by Li and Liu (2016), but this was not supported since 

no statistical difference was found between the two measures. However, the DC1.0, no lag standard 

deviations appear to be lower than the standard deviations of the HBS scores in all cases. This could be 

an indication that any DC1.0, no lag  comparisons, would have a bigger effect size than the comparable 

comparisons based on HBS. In line with (Liu et al., 2016), we can conclude that dynamical correlation 

has potential to be a more sensitive measure for heartbeat synchrony than Pearson correlation.  

 

The second hypothesis, that a lag-based analysis results in higher synchrony values during the paced 

breathing sections compared to when a lag-based analysis is not included, is clearly supported: for the 

paced breathing sections, we found a statistically significant increase of DC0.5, lag over DC0.5, no lag with a 

medium to large effect size. For a few dyads the DC value even becomes very close to one, indicating 

almost perfect synchrony. Because of the paced breathing exercise clear sine-wave oscillations occurred 

as expected (Lehrer et al., 2000). Overall, the oscillations had a period of nine seconds, in line with the 

breathing guidance, but the phase differed often between the participants of the dyad. By analyzing and 

correcting for the overall lag between the participants, this phase shift was (partly) removed so that the 

oscillating curves match each other leading to higher synchrony values.   

 

For the third hypothesis the assumption was made that the lag between the two members of a dyad can 

be explained by internal physiological processes causing a delay, and thus might be the same throughout 

the whole experiment. However, applying the overall lag found between participants in the paced 

breathing exercises to the other sections as well, did not result in statistically significant higher DC0.5, lag 

values as compared to DC0.5, no lag values. Therefore we can conclude that the lag between participants 

did not last throughout the whole experiment, and  that it cannot be explained by an internal delay (Batzel 

& Kappel, 2011). Yet, it is still possible that participants reacted on each other, as in the study by Müller 

and Lindenberger (2011), but with an inconsistent delay. Another plausible explanation for the lag arisen 

during the paced breathing is that it was a result of different interpretations of the breathing guidance. It 

is possible that one participant stopped breathing out when the polygon was at its smallest while the 

other participant already started breathing in and more interpretation variations could be considered. 

 

The fourth and the fifth hypotheses investigated whether the new measure for synchrony results in 

different outcomes of some of the tests performed by Li and Liu (2016). It was hypothesized that the 

heartbeat synchrony during a team task, acquired with dynamical correlation, was positively influenced 

by the biofeedback breathing exercise just before the task. However, similar to the results found by Li 

and Liu (2016) they are not supported. Neither in this research, a significant interaction effect was found 

between timeslot and group on any of the DC values measured during the snake game. Thus the 

difference between the DC values of game one and game two is not greater when a paced breathing 

exercise is done in between the games than when participants were reading in between two games. Also, 



there even seems to be a decreasing trend in the DC values in the second game compared to the first 

game. So in this research no proof was found that a period with high synchrony between team members 

leads to high synchrony in the following period as well. 

Nevertheless we did some extra explorative tests in order to find an explanation for this lack of result. 

We hypothesized that because the players had to swap the control keys in the second game (introduced 

by Li and Liu (2016) to control for a potential learning effect on game performance) they were confused 

by this in the beginning of the second game but recovered gradually. This could then maybe result in 

different synchrony values in the beginning and the end of the game. It was checked whether the DC0.5, 

no lag values in the second half were higher than in the first half of the game, which was the case for the 

games played after paced breathing. Thus we might conclude that the paced breathing exercise even 

negatively influences the heartbeat synchronization in the following team task - the opposite from what 

was expected - especially because the mean DC0.5, no lag values in the better second half of the games after 

paced breathing do not exceed the mean DC0.5, no lag value in the games placed after reading. So even 

when the hypothesized confusion of the key swapping had supposedly disappeared in the second half of 

the snake game, the heart beat synchronization did not improve in the team task after the paced breathing 

exercise. So maybe the low synchronization values in the beginning of the game are not due to confusion 

of the key swapping but rather due to the paced breathing exercise up front. Altogether we can conclude 

that biofeedback breathing exercise does not positively influence heartbeat synchronization in the 

following team task in this experiment.  

 

Neither a positive correlation was found between team performance and the new heartbeat 

synchronization measures, which was hypothesized in hypothesis 5. 

The lack of correlation might not only be due to the synchronization measures but can also be caused 

by the measure used for team performance. Li and Liu (2016) chose to use the mean score that a dyad 

reached during repeatedly playing the snake during the timespan of four minutes. However, this mean 

score is very sensitive to outliers which are not filtered. Also, a low score corresponds to a short game 

round and the other way around, but this is not corrected for. This means for example that the mean of 

a dyad that reaches 3 high scores in the duration of 3,5 minutes is extremely decreased by 2 mistakes 

resulting in a (very) low score, that happened during the remaining 30 seconds, while the dyad performed 

well most of the time. A weighted mean score or the cumulative score might be a better measure for 

team performance because then the “score per steady timespan” is represented. Unfortunately only the 

mean scores were available in the dataset so we could not apply a better measure in this research. 

Henning et al. (2001) for example used a measure for team performance that was more representative, 

namely task completion time, and they did find a predictive relationship between team performance and 

physiological synchrony. There were more differences in measures used by Henning et al. (2001) so it 

is not a definite answer for the lack of correlation found in this research, but it is an indication that the 

measure of team performance might have influenced it.  

 

All in all, with the current analysis method we found higher physiological synchrony values of dyads 

during paced breathing than Li and Liu found in 2016. However, similar to the results of Li and Liu 

(2016), a period with high synchrony values (during paced breathing) does not translate in higher 

synchrony values in the period after the paced breathing compared to the period before. Neither a 

positive influence of high synchrony values on team performance could be detected. Evidently, it is not 

easy to improve team performance by raising physiological synchrony with an external stimulation. We 

cannot conclude that heartbeat synchrony is a good predictor for team performance and that is not 

beneficial for possible applications. Future research will have to investigate if (heartbeat) synchrony 

could be a predictor for team performance after all. 

 



Limitations 

Other limitations of this research include the fact that the data of the sections could not be aligned 

properly across dyads. The provided datafiles, each consisting of the ECG data of one section of one 

participant, were all longer than the timespan indicated in the method (with one exception that was 

shorter). Presumably the experimenters caused some delay in either starting the task of the section or 

shutting down the recording after the task (or both). No markers were given when the task of the section 

actually started or ended. We chose to align the data based on the start of the data of a dyad because Li 

and Liu (2016) also used the data of the first minutes.  

The lack of a “start marker” made it hard to align the dyads precisely, which influenced the population 

mean curve. The mean curve was calculated by taking the mean IBI per (half) second, but since the first 

second for one dyad might have been the twentieth second for the other dyad, this is not entirely reliable. 

This resulted in a flattened population mean curve with very low values, that might have been more 

pronounced when correctly aligned.  

Taking up the population mean curve, it must also be noted that the same mean curve was used for both 

the analysis with and without lag. It would have been more correct to horizontally shift the IBI data 

withing each dyad according to the overall lag found, before calculating the mean curve. However, the 

maximum lag between participants in one dyad was 4.5 seconds, while the misalignment between dyads 

could have been a lot more than a few seconds. Therefore, no relevant difference in mean curve was 

expected and thus this step was left out. 

Also, the overall lag is calculated over a timespan of six minutes and therefore any non-stationarity of 

the lag is not accounted for. As visible in figure 6, the lag fluctuated over time for several participants 

so for them a lag per minute might be more rightful. However, six values for the lag would have been 

very hard to translate to the remainder sections and for most dyads the lag was steady. Also, the 

fluctuations could be due to noise, so therefore we chose for the overall lag calculated over the whole 

period of six minutes anyway.  

Next to limitations of the analysis in this research, Li and Liu (2016) also noted limitations of the 

experiment. They mentioned that the team task might not have been challenging enough and the duration 

of the experiment might have been too short to create the connection needed for physiological 

synchrony. Furthermore they noted that the experiment only involved male participants so the results 

found might not apply to females. Lastly they mentioned that participants were sleepy after the paced 

breathing exercise, and thus had a low arousal level during the team task, but they do not mention how 

they verified this statement. 

 

Future research 

Future research could verify whether the lag that was found between the physiology of participants 

during paced breathing, was due to different interpretations of the breathing guidance. Also, it could be 

investigated if in other situations than during paced breathing, a difference in physiological delays of 

individuals influences their relative lag, leading to lower physiological synchrony if not corrected for. 

Also, a proposal for an experiment investigating the influence of paced breathing guidance method on 

the lag between participants is presented in appendix A. 

 

Conclusion 

To conclude, this research did not find different results than found by Li and Liu (2016) after applying  

(lag-based) dynamical correlation analysis instead of basic correlation analysis: no proof was found for 

the positive effect of a paced exercise on the heartbeat synchrony in the following team task, neither for 

the relation between heartbeat synchrony and team performance. 



However, there is proof that for some dyads, the heartbeat synchrony, that was actively influenced to 

become close to perfect by an external factor (the paced breathing), increased significantly by correcting 

for an overall lag found between the physiology of participants. Transposing this lag to other periods 

without paced breathing did not increase synchrony levels observed there, but this does not mean that 

there was no lag at all between the physiology of participants during these periods. If this possible lag 

could be traced and included in all synchrony analyses, more truthful synchrony values might be found 

which could also result in better prediction of team performance. For now, this study did not contribute 

to confirm the effectiveness of a predictor for team performance, that could have improved the quality 

of patient care in cases like an emergency department. Future research might find out how to use 

physiological synchrony measures as a reliable predictor for team performance, and consequently 

compile teams based on their predicted effectiveness. 
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Appendix A: Follow-up experiment proposal 

 

Introduction 

 

The research that is described in the main part of this report found that a correction for lag during paced 

breathing significantly influenced the synchrony. Since the assumption was made that lag between 

participants could be consistent over time, the lag found during paced breathing, was also applied to 

periods without paced breathing. However, this was not effective and a consistent lag between 

participants could not be verified. A possible explanation for this lack of result is that the lag between 

the physiology of participants during paced breathing was caused by a difference in interpretation of the 

paced breathing guidance. The present follow-up research proposal tries to confirm that theory by testing 

two different guidance methods, with the following research question:  

 

RQ: Is the method of paced breathing guidance of influence on the lag between the physiology of dyads? 

 

The paced breathing guidance method as used by Li and Liu in 2016 (the polygon method) will be 

repeated as a reference, and a new guidance method will be introduced and compared with the polygon 

method. This new method has to be clear and obvious, and ideally leaves no room for different 

interpretations options. In a study by Chittaro and Sioni, (2014), three different designs for paced 

breathing were tested, including one audio instruction and two visual instructions. They found that the 

visualization by a wave design representing the desired breathing pattern was more effective than the 

visualization by a color changing sphere or the audio instruction. 

If the lag during the polygon guidance method was caused by differences in interpretation, a smaller lag, 

or even absence of lag, should be notable when the breathing guidance can only be interpreted in one 

way. Also, when the same breathing guidance is repeated, the same lag between participants should be 

notable. That results in the following two hypotheses: 

 

H1: The lag between participants in a dyad will be smaller or absent during paced breathing with a clear 

guidance method compared to the lag when a guidance method is used that leaves room for open 

interpretation. 

 

H2: Repeating one method twice, the same lag will be notable for both trials of one dyad.   

 

Below, a method is proposed for an experiment that could verify these hypotheses.  



Method 

 

Design & Participants 

A within-subjects (within-dyads) experimental design will be used in order to compare the influence of 

different paced breathing guidance options on the lag between participants in a dyad as well as to verify 

if that lag is consistent over time. Two different paced breathing guidance options will be used twice 

with periods of reading in between. 

46 participants that will form 23 dyads, will be recruited from the participant database of the HTI group 

of the Eindhoven University of technology. This amount is based on a power analysis with a Cohen’s 

dz of 0.63, power 0.90 and an alpha of 0.05. For the calculation of Cohen’s dz we took the mean and 

standard deviation of the absolute lags retrieved during the polygon method in the main study (M = 

1.214 sec, SD = 1.411 sec). We expect that the mean of the absolute lags during the new guidance 

method will not be higher than 0.2 seconds and that the standard deviation will at least be halved, 

resulting in a SD of 0.706. With these numbers and estimations we could calculate the expected Cohen’s 

d at 0.90 and Cohen’s dz consequently at 0.63. 

 

Apparatus & Materials 

Mobi8 devices. The recording of heartbeat will be done via electrocardiography (ECG) as measured by 

two TMSi Mobi8 devices. For this, a bipolar 6-pin socket is needed per device as well as three sensors: 

two for the bipolar input and one as the participant’s ground (Boschman, 2017). The black electrode 

needs to be placed on the soft tissue just below the right collarbone near the shoulder, the red electrode 

lateral anterior on the left on the soft tissue just below the lower rib and the green ground electrode has 

to be placed on top of the left collarbone near the shoulder.  

Furthermore, the respiration will be tracked by the Mobi8 devices as well. For this, an inductive belt 

will be wrapped around the middle or breast of each participant. The belt is connected to a module that 

generates a 500 kHz sinusoidal signal and returns an amplified signal to the auxiliary input of the Mobi8 

device. When the belt expands or shrinks (by breathing in or out) the inductance of the belt varies, 

resulting in a varying signal proportional to the respiratory movements (Boschman, 2017). 

By using the same device for different physiology measures has the advantage that markers can be 

placed with one click per participant and that the different measurements are aligned automatically. 

 

Phylo. In order to control the acquisition of the ECG signal, the software Phylo will be used. The 

software, owned by the HTI group of the Eindhoven University of Technology, enables the possibility 

to share the data with client applications via multicast socket IP-address and a local network (Boschman, 

2017). 

 

HRmonitor. A client application of Phylo, HRMonitor, is used for the visualization of the heartbeat of 

the participants in real time (Boschman, 2018a). The applications reads the data from the multicast 

socket, analyzes the QRS complexes and calculates the heartrate, and consequently visualizes the data 

in a graph. The visualizations of both participants are placed above each other and used as biofeedback 

in paced breathing guidance 1 and the second option of paced breathing guidance option 2 (see below).  

 

Reading material. The reading material used by Li and Liu (2016) resulted in synchrony values around 

zero and is therefore considered as appropriate material for the baseline and intermittent periods. 

Therefore, the first two chapters (29 pages) of the book “A brief history of Egypt” are also used in this 

research as the reading material. 



 

Paced breathing guidance 1. The paced breathing guidance that was used during the experiment 

performed by Li and Liu 2016 will be repeated: The desired breathing pattern (of breathing in and out 

for 4.5 seconds each) is visualized by a growing and shrinking polygon, and the heartrate of both 

participants are visualized in two graphs above each other. Participants are asked to align the graphs of 

their real time heartbeats by following the pattern of the polygon.  

 

Paced breathing guidance 2. The second paced breathing guidance needs to be different from the first 

and as clear as possible. Ideally no different ways of interpreting the guidance should be present amongst 

participants. In order to use a guidance that meets these requirements, a pilot study will be performed to 

test two options. Five to eight volunteers will be asked to breath as instructed by both guidance options 

successively as their respiration is tracked by the respiratory sensor. Also, after each trial they are asked 

to describe in their own words how they interpreted the instruction, and after both trials they are asked 

to indicate the clearest instruction according to them. The order of the guidance options will be 

counterbalanced. The option that results in the smallest difference between the desired breathing pattern 

and the respiration as measured by the respiratory sensor will be used for the experiment. If there is no 

clear difference, the subjective data will be used to make the decision.  

 Option 1. The first option comes from a pilot study by Faust-Christmann, Taetz, Zolynski, 

Zimmermann & Bleser (2019), who revealed the positive effects of biofeedback in a paced breathing 

method. The desired breathing pattern is given by the wave-base visualization as found effective by 

Chittaro & Sioni, (2014). A moving graphical sine wave is shown and complemented with text 

instructions that indicate when to inhale or exhale. Also a countdown is given in half seconds from 4.5 

seconds to zero while breathing in or out. Next to this, the biofeedback signal from the respiratory sensor 

is visualized with a dark line drawn on top of the light blue line of the instruction. Participants will be 

asked to follow the pattern with their breath as instructed, and try to make their real-time respiration line 

overlap with the sine wave.  

 Option 2. The second option combines the instruction of the method by Faust-Christmann et al. 

(2019) with the biofeedback of the method by Li and Liu (2016). So the desired breathing pattern is 

visualized by a moving graphical sine wave with the text instructions but without the dark line of the 

respiration biofeedback. Instead, the heartbeat visualization graphs of both participants are shown above 

each other, next to the instruction. Participants will be asked to follow the pattern with their breath as 

instructed, and try to make their heartbeat lines go up an down simultaneously.  

 

Procedure 

The participants will be scheduled in dyads and when they enter the room, the informed consent has to 

be signed. When both participants have signed, they will be informed about the procedure of the 

experiment, and the sensors for the ECG recording are applied, as well as the respiratory sensor belt. 

When there are no further questions, participants are asked to stay seated and follow the instructions 

without communicating with each other.  

The experiment starts with a baseline of reading individually for four minutes, followed by a paced 

breathing guidance for seven minutes. Both participants look at the same screen where the guidance and 

the biofeedback is displayed. It is important that the experimenters mark the exact start and end of the 

exercise in the ECG signals of both participant. Then, this sequence of reading and paced breathing is 

repeated until both paced breathing guidance methods are performed twice. The order of the guidance 

methods is counterbalanced across the dyads so some dyads will get the same method twice in a row, 

while for other dyads the methods will be alternated.  



When all four breathing exercises are completed, the sensors will be taken off and the participants will 

be thanked for their participation. 

 

Analysis 

Data processing. The data processing will be done in the same way as in the main research described 

in the main part of this report. Also the lag analysis can be repeated, and the lag per minute will again 

be checked for possible systematic artifacts. Only, this time the lag can be calculated over the exact 

seven minutes of paced breathing, since markers are placed at the start and end of a paced breathing 

exercise. The overall lag will be retrieved per paced breathing exercise.  

 

Statistical analysis. First of all, the lag data from both trials of one paced breathing instruction method 

each, are combined, and compared with each other with a one-sided paired t-test. Second, the first trial 

of one instruction method will be compared with the second trial of the same method and likewise for 

the other method. This will be done by a two-sided paired t-test.  


