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Nordhjem, B., Marsman, JB. C., Cornelissen, F. W., Renken, R. J. (submitted). 
EyeCourses – a toolbox for the statistical analysis of eye tracking data for 
temporal analyses within and between subjects.
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Abstract 
In this paper, I describe EyeCourses: a freely available Matlab toolbox 
to analyze eye movement data in the temporal domain, integrating 
amplitude and duration. The EyeCourses toolbox relies on threshold-
free cluster enhancement (TFCE; Smith & Nichols, 2009) to compute 
statistical differences between eye tracking data over time. 

EyeCourses allows for comparison of various groups of participants as 
well as analysis of eye movement behavior within subjects. Potential 
applications include comparison of viewing strategies between clinical 
populations and healthy controls.
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3.1 Introduction
Eye movements are an integral and essential aspect of human visual behavior. Observers generate them 
to gather visual information about their environment or to keep track of relevant objects. Observers 
continuously adapt their eye movement behavior in response to changes in physical stimulation, 
momentary task demands, or strategic decisions. Due to the dynamic nature of eye movements, the 
temporal aspect of viewing behavior is crucial to study (yet is often overlooked). Here, I present the 
EyeCourses toolbox, which can be applied to the temporal analysis of eye tracking data. Moreover, 
several types of eye movement data that change over time can be dealt with in EyeCourses (e.g., 
pupil dilation, fixation duration, saccadic amplitude, and fixation location). Therefore, it is a versatile 
statistical tool.

Eye movement behavior varies across time within a participant. Buswell (1935) already showed that from 
the onset of a stimulus, observers’ initial viewing behavior comprises shorter fixations combined with 
large saccades, and over time develops into behavior comprising longer fixations and smaller saccades. 
This phenomenon was examined in-depth by Unema and colleagues, who revealed transitioning of 
initial crude scanning of the environment towards detailed inspection of scenes over time (Unema, 
Pannasch, Joos, & Velichkovsky, 2005). The spatial locations that are viewed are to some degree guided 
by bottom-up visual features, which can be predicted from saliency maps (Harel, Koch, & Perona, 2006; 
Itti, Koch, & Niebur, 1998). However, eye movement behavior is not only guided by stimulus changes, 
but also by the task at hand and the momentary goals in the current situation (Borji & Itti, 2014; Hayhoe 
& Ballard, 2005; Jacobs, Renken, Thumfart, & Cornelissen, 2010). Taken together, viewing behavior 
assessed through eye movements provides a window on human perception and cognition in healthy 
and clinical populations. The EyeCourses toolbox presented here provides an approach to analyze this 
viewing behavior over time.

3.1.1 Tools for spatial and temporal analysis of eye movements

Most of the analysis methods for eye movements have been designed specifically to assess spatial 
aspects, such as correlating eye movements with saliency or other spatial image statistics (Yanulevskaya, 
Marsman, Cornelissen, & Geusebroek, 2011). Advanced tools for this spatial analysis exist, such as the 
iMap toolbox (iMap3; Caldara & Miellet, 2011). However, fixation maps or attention maps do not contain 
any information about the order of the eye movements, and they therefore omit the temporal aspects 
from the picture.

Scan path analysis is another approach to analyze eye movement behavior. Here, sequences of fixation 
locations falling on user-defined areas of interest (AOI) are compared in terms of their similarity (e.g. 
Cristino, Matht, Theeuwes, & Gilchrist, 2010; Dewhurst et al., 2012). Yet, such approaches to do not 
allow the analysis of other eye movement characteristics, such as pupil dilation or saccade amplitude. 
In addition, the scan paths are highly dependent on the – often subjective – definition of the AOIs as 
specified by the researcher. Hence, there is a need for further quantitative and objective methods to 
assess eye movements over time.



3.1.2 EyeCourses: a toolbox for temporal analysis

The EyeCourses toolbox computes statistical differences between eye tracking data over time. It does 
so by employing threshold-free cluster enhancement (TFCE), a technique originally introduced in the 
spatial domain of fMRI analysis (Smith & Nichols, 2009). The TFCE approach takes both the height and 
spatial continuity of the given signal into account, thereby representing the area under the curve that 
supports the cluster. For each time point, a TFCE score can be calculated by integrating both duration 
and peak size.

We apply the TFCE in the temporal domain and perform statistical testing by means of nonparametric 
permutation.  Consequently, EyeCourses enables the comparison of time courses between groups or 
conditions, as well as within subjects. It can be applied to measures such as fixation duration, saccade 
amplitude, and pupil dilation. In the next section, I will describe the TFCE method in more detail and 
introduce the most important parameters of EyeCourses.

3.2 EyeCourses using the TFCE approach
The EyeCourses toolbox relies on the TFCE approach (Smith & Nichols, 2009). TFCE has the advantage 
of both optimizing the detection of smaller signal changes that are consistent in time as well as that of 
sharp peaks. The TFCE approach can be represented mathematically as follows:

Where t indicates the current time point and h is the height at which the extend e (for the current time 
point) is evaluated. Typically, h0 defaults to 0 in most applications. The parameters E and H give a 
relative weight to the contribution of extent and height to the TFCE value, respectively. Currently, these 
values default to E = 1 and H = 0 (for a full heuristic on these values see the supplementary section from 
Smith and Nichols (2009)). Thus, at each time point, the TFCE score is related to the cluster extent (e) 

ht (h) rairaised to the power of E multiplied by its heig sed to the power of H (Figure 3.1).

3.2.1 Statistical analysis

Next to the group analyses, the EyeCourses toolbox can also perform within-subject statistical analysis. 
To this end, the TFCE scores of the observed time course (TFCEobs) are compared to the TFCE score of 
surrogate time courses (TFCEsur): a user-defined number (n) of surrogate time courses is calculated 
using the Iterative Amplitude Adjusted Fourier transform (IAAFT) algorithm (Schreiber & Schmitz, 1996; 
Venema et al., 2006). Note that the TFCE score is inherently one-sided, and the code will also produce a 
p-value for both directions. The p-values are uncorrected for multiple comparisons across time.

(8.1)
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Equation 3.1

TFCE(t) =
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h=h0
e(h)EhH

dh
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3.2.2 Illustrative example based on a simulated test signal

Here, I provide an example of a “within-subject analysis” using a simulated test signal (Figure 3.2). The 
TFCE scores were set to the default parameters of H = 0 and E = 1. The TFCE scores were computed over 
h0 = 0 and hmax = 100, with nsteps = 100 with 1000 surrogates. In the statistical analysis, the TFCE 
scores of the test signal (TFCEobs) are compared to the TFCE scores of surrogate time courses (TFCEsur) 
at each time point. The strongest peak reaches significance while the weaker peaks do not.

3.3 Using the EyeCourses toolbox

3.3.1 Availability and installation

EyeCourses will be distributed free of charge under the terms of the GNU General Public License as 
published by the Free Software Foundation. Surrogate time courses are created using the Delay Vector 
Variance (DVV) toolbox for Matlab, which is included in EyeCourses (Mandic, 2010).

3.3.2 Preparing the input matrix

Prior to conducting the EyeCourses analysis, data need to be preprocessed and where necessary – e.g. in 
the case of fixations and saccades – classified. We advise users not to bin the time courses or average the 
data before using EyeCourses. The EyeCourses toolbox requires continuous data, but eye tracking data 
will typically have missing values, mainly due to blinks. Therefore, EyeCourses includes a sample-and-
hold algorithm that can be used to interpolate missing values. Other imputation schemes such as linear 
and spline are already available from Matlab and are therefore not included in the EyeCourses toolbox.

Figure 3.1: Illustration of the TFCE principle using a test signal. Weaker peaks are suppressed while a large extended peak is enhanced. The two 
sharp and less extended pairs to the right are slightly suppressed. The TFCE parameters were set to H = 0 and E = 1, h0  = 0, and hmax = 100.



3.3.3 Selecting the thresholding parameters

In EyeCourses, the TFCE parameters, representing the area under the curve, are by default set to E = 1 
and H = 0.  In the current implementation, h0 is always set to 0.  If, for some reason, this is not a suitable 
value, the data have to be transformed before using EyeCourses. In practice, the integral in formula 1 
is approximated using a discrete sum in a number of steps (nstep) between 0 and hmax; the user must 
specify these parameters in advance. Note that hmax must be higher than the maximum number in the 
time course (and the maximum number possible to obtain in the surrogate data). However, the user-
defined parameters should be set considering the type of data. The default number of steps is set to 
100, but which step size is sensible depends on the data (the step size dh is simply the range from 0 to 
hmax divided by nsteps). Step sizes that are too large will result in an analysis that is too crude and that 
does not take into account local fluctuations. If surrogates are used, an insufficient amount of surrogates 
will result in unstable p-values, while results typically stabilize after 600-800 simulations  (Pernet, 
Latinus, Nichols, & Rousselet, 2014).

Figure 3.2: Example of a “within-subject analysis” using a simulated test signal. Top panel: test signal (blue line) and surrogates (gray 
lines); middle panel: TFCE scores for the test signal (red line) and surrogates (gray lines); bottom panel: p-values indicating at which time 
points the TFCE scores for the original test signal deviate significantly from those of the surrogates. Note that for the purpose of illustra-
tion, only 50 surrogates are plotted so the individual lines can be distinguished. The actual p-values shown in the bottom panel are based 
on a comparison of the test signal with 1000 surrogates.
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3.4 Discussion
EyeCourses is a new and freely distributed toolbox for analyzing eye movement data in the temporal 
domain integrating the strength and duration of the signal. It augments existing implementations 
where TFCE is used for analyses of eye tracking data in the spatial domain (Caldara & Miellet, 2011). 
EyeCourses can be applied to statistically compare various groups of participants in their viewing 
behavior over time. An example of this can be found in Nordhjem et al. (2015), in which observers 
were engaged in a free viewing task following different priming conditions and a precursor of the 
EyeCourses toolbox was used to compare eye movements made in the different priming conditions. 
In addition, EyeCourses allows statistical analysis of task-related eye movement behavior within 
subjects. In summary, the EyeCourses toolbox is highly versatile and can be used for the analysis of 
most eye tracking data measured over time. Below, I discuss a number of issues related to the current 
implementation of EyeCourses.

3.4.1 Data interpolation to resolve missing data

EyeCourses relies on a continuous signal. However, eye tracking data will often contain missing values. 
For instance, if the toolbox is applied to study fixation durations over time, there will be missing data 
due to blinks and saccades between fixations. A sample-and-hold function to interpolate missing data 
is provided with EyeCourses. For the analysis of fixation locations, this approach makes sense because 
it is likely that the observer continues to look at the same location, and that data are simply missing due 
to a blink. On the other hand, the analysis of saccade data is slightly trickier due to its inherent discrete 
nature. We believe that it is most appropriate to use a sample-and-hold interpolation scheme as well. 
The sample-and-hold interpolation holds each sample until the next one is observed, which results in 
a staircase-like approximation of the signal. In our view, this reflects saccade behavior better than, for 
instance, a linear or a spline interpolation that gradually connects the sample points. Alternatively, it is 
sensible to use different interpolation schemes such as linear or spline interpolation for pupil dilation 
because pupil sizes will change gradually over time (Watson & Yellott, 2012). Note that these methods of 
interpolation are readily available from Matlab and are therefore not included in the EyeCourses toolbox.

3.4.2 Determining the TFCE parameters E and H

The TFCE method raises the extent and height of the signal at each time point to the power of E and H 
(Equation 3.1). Hence, the TFCE parameters H and E set the relative contribution of height and extent 
of the cluster. Changing these parameters will lead to different TFCE scores (see Supplementary 
Figure 3.3 for an example of how the parameters E and H affect the TFCE scores using a test signal). 
We set the default values based on cluster mass statistics (E = 1, H = 0) (Smith & Nichols, 2009), while 
others advocate setting H = 2 and E = 0.5 (Pernet, Latinus, Nichols, & Rousselet, 2015). However, the 
selection of E and H remains largely heuristic here as well as in other implementations of the TFCE 
analysis.

Furthermore, the current implementation of EyeCourses can be used to analyze two- dimensional signals 
with an amplitude measured over time. It is not possible to include the spatial location simultaneously 
as it requires integration across different units, such as position (in mm or degrees), amplitude (e.g. 
pupil dilation), and duration (in seconds). Mathematically, it would be possible to apply TFCE to multi-
dimensional data. However, such an analysis demands that the signal be balanced on each dimension 



and across units. This requires a way to set the parameters (E and H in the case presented here) such 
that the TFCE is most informative. Therefore, a future version of EyeCourses may implement this by 
determining the most informative values of the TFCE parameters given the data.

3.5 Conclusion
EyeCourses can be applied to study eye movement behavior over time in a single group of participants, 
or to examine differences between groups of participants in viewing behavior (e.g. fixation durations, 
saccade amplitude, or pupil dilation) over time. Thus, EyeCourses is a versatile tool.
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Figure 3.3: Example of how different TFCE parameters, E and H, affect the TFCE scores.
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