
Confusion Prediction from Eye-Tracking Data: 
Experiments with Machine Learning 

ABSTRACT 
Predicting user confusion can help improve information 
presentation on websites, mobile apps, and virtual reality 
interfaces. One promising information source for such prediction 
is eye-tracking data about gaze movements on the screen. Coupled 
with think-aloud records, we explore if user’s confusion is 
correlated with primarily fixation-level features. We find that 
random forest achieves an accuracy of more than 70% when 
prediction user confusion using only fixation features. In addition, 
adding user-level features (age and gender) improves the accuracy 
to more than 90%. We also find that balancing the classes before 
training improves performance. We test two balancing algorithms, 
Synthetic Minority Over Sampling Technique (SMOTE) and 
Adaptive Synthetic Sampling (ADASYN) finding that SMOTE 
provides a higher performance increase. Overall, this research 
contains implications for researchers interested in inferring users’ 
cognitive states from eye-tracking data.  
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1 INTRODUCTION 
Predicting confusion of users is important for improving 

information presentation on websites, mobile displays, and virtual 
reality (VR) interfaces [1]. In eye tracking user studies, it is 
common to record the cognitive states of the participants, such as 
confusion about presented information, via the think-aloud 

technique [2], which gives researchers an understanding of users’ 
state of the mind [3]. Additionally, coding the think-aloud records 
for confusion provides a clear dependent variable for predictive 
modeling using machine learning. Fixation variables, such as 
scanpath length and duration, have been observed to reflect users’ 
information processing and mental states [4][5] [6].  

In this research, we use fixation data, i.e., the quantity, 
duration, accuracy, and position of eye fixations, to model how 
this data relates to users’ expressed confusion. Previous studies 
have found that user attributes, such as gender, age, and level of 
experience are impactful for individuals’ viewing behavior [7] [8] 
[9]. However, such user-level data is often unavailable due to 
factors such as privacy concerns. Moreover, fixation patterns of 
users tend to be noisy [10], especially when associated with 
cognitive states of the user [11]. The opportunity for neural 
networks and machine learning in this context lies in uncovering 
the hidden complexity of fixation paths (i.e., eye movements from 
one area of the screen to another). The number of fixations from 
an eye-tracking trial tends toward thousands of fixations, 
depending on task complexity and trial duration, and the 
individual paths are highly dissimilar [7] [10]. Therefore, finding 
patterns using manual analysis is extremely difficult [12] [13], 
whereas a machine learning model could discover hidden patterns.  

In this research, we aim to predict user confusion by using 
fixation information from a user study as features for machine 
learning and compare the performance to a model using both 
participant level information and the fixation information. Our 
research questions are: 

1. Given only the fixation features, how well can we predict users’ 
perceived confusion?  

2. How does adding user information impact the prediction 
accuracy? 

3. Can the model discriminate between confusion and non-
confusion at an AOI-level? 

The research problem is not trivial because the fixation 
patterns tend to be complex, consisting of users’ gaze jumping 
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from one area of the screen to another in a sporadic fashion. 
Beyond basic metrics, such as number and duration of fixations, 
one also should consider the sequence of AOIs that intuitively 
should matter for the prediction [7], but it is generally complex 
and unpredictable. The problem lies in getting from the complex 
sequence and duration representation of confused users to a 
predictive pattern. Our premise is that the users’ eye fixation 
pattern should reveal they are confused, but this pattern is not 
easily captured by traditional means of analysis.  

2 RELATED LITERATURE 
Earlier research has shown that eye-tracking features, such as 

duration spent fixated on an AOI vary by use case and user. While 
longer fixation duration can indicate confusion in information 
retrieval tasks [12], for tasks such as online shopping, it can 
indicate higher engagement [14]. The solution for distinguishing 
between varying cognitive states is to measure them separately 
and then associate the states with eye-tracking data. Applied 
approaches include e.g. neurophysiological methods (e.g., EEG), 
or utterance-based coding (e.g., concurrent think aloud) [15]. 

However, the nature of the problem implies that general rules 
about the relationship between fixation patterns and confusion 
cannot be easily formulated. Rather, we suggest that such 
relationships are better off being predicted from the data, given 
that we have labeled data on confusion, such as the one we obtain 
in this study. For machine learning purposes, this data can be very 
helpful, as it provides a dependent variable for predictive models. 

Earlier works combining neural networks with eye-tracking 
data focus on two areas: 1) gaze detection and 2) prediction of 
mental states. For example, Tan et al. [16] use neural networks for 
gaze detection using facial features. Kim and Kang [17] create a 
neural network for tracking users’ gaze in difficult background 
situations. Coughlin et al. [18] create neural networks for 
automatic calibration of eye-tracking. Other gaze detection works 
include e.g. [19][20][21] [22] [23]. Moreover, preliminary studies 
have shown promise for learning cognitive events from eye-
tracking data [24]. For example, Harada et al. [25] use neural 
networks to detect the level of distraction from drivers, and 
Kuperberg and Heckers [26] and Campana et al. [27] use neural 
networks for classifying schizophrenia.  

In summary, while previous works have applied machine 
learning to eye-tracking data, we could locate no prior research 
specifically trying to predict user confusion with machine 
learning. Yet, confusion is a key issue in user interface design [28] 
and human-computer interaction [29]. Especially the proliferation 
of the low-cost eye-tracking devices encourages researchers and 
organizations to collect user data by conducting eye-tracking 
studies [30], which highlights the importance of developing new 
modelling approaches to analyzing the actual eye-tracking data. 

3 DATA COLLECTION 

3.1 Experiment Set-Up 
We conducted an eye-tracking user study to test different 

layouts of an automatic persona generation (APG) system persona 
profile, with APG reported in [31]–[37]. APG is both a 
methodology for creating persona automatically from online 
analytics data [38] [31] [39]. Figure 1 shows an example of such a 

persona. Personas are profile representations of core customers of 
an organization [40] and they are based on real user data [41]. 

In previous research, persona profiles have been found to risk 
having inconsistency between different information elements [42] 
as well as risk for confusion [13], [43], [44]. Because of these 
challenges, also automatically generated persona profiles might 
raise confusion (defined as a perceived state of disorientation by the 
end user) among the users, especially since data is being retrieved 
from many sources into one persona profile [42]. Thus, we 
investigate how different persona layouts (Figure 2) affect the 
confusion of the users of personas toward the persona.  

 
Figure 1: An automatically generated persona with a 

picture, name, and demographic information [A], text 
description [B], topics of interest [C], and quotes [D]. 

 
Figure 2: Treatments. T2 and T3 include added pictures 

(highlighted by blue boxes). We expected the extra 
pictures to increase confusion because they are not 

directly related to the persona. The difference between T2 
and T3 is that T3 involves pictures of people like the 

persona (by age and gender), whereas T2 involves pictures 
of the same person (corresponding to the persona). 
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To know how the choice of images affects confusion, we 
carried out an eye-tracking experiment in the premises of an 
international news and media company that uses personas to 
increase content producers’ customer understanding. The 29 
participants included journalists and editors. The average age of 
the participants was 32.6 years, and prior experience in the news 
industry 7.3 years. There were 15 males, 14 females. 

We set up the EyeTribe tracker, in the organization’s premises 
and conducted eye-tracking trials with the participants. Each 
participant was administered three treatments (Figure 2) while 
completing a journalistic task which involved writing a story for 
the persona. Each session lasted between 20 to 40 minutes, 
depending on the speed of the participant. We did not set a 
constraint for viewing time; each treatment was viewed 
approximately for five minutes. The sequence of showing 
treatments T1-T3 was counterbalanced, so that each treatment 
was shown an equal number first, middle, and last. 

3.2 Eye Tracking and Confusion Coding 
The fixation data was recorded with a sampling rate of 50Hz 

that grows the number of observations rapidly even with a small 
number of participants. Here, 29 participants yielded more than 
53,000 fixation observations targeting different areas of interest 
(AOIs) on the screen. AOIs were encoded by the researchers to 
represent key information in the persona profiles (see Figure 3). 

During the experiment, we encouraged participants to 
actively describe what information they see and how they feel 
about it while carrying out their tasks. We recorded these think-
aloud comments during the experiment and analyzed them using 
the cognitive discourse analysis (CDA) technique by Tenbrink [45]. 
Following CDA, confusion was coded based on its verbalized cues. 
For example, a participant might say: “lost on here; conflicted 
profile,” “if I were to pitch based on this profile, I’m confused,” and 
so on. Such indications of confusion resulted in the confusion of 
the trial labeled as 1 (true), and lack thereof as 0 (false). For 
example, P1: Confusion T1 = 1 means that Participant 1 was 
confused during Treatment 1. The fixations from this trial were 
then automatically coded as confused fixations. 

To mitigate subjectivity, each treatment for each participant 
was coded by two researchers. Inter-rater agreement was 
satisfactory (Cohen’s Kappa = 0.86). In addition to the fixation 
observations and the confusion coding, we asked background 
information from each participant, including age and gender. 

4 MODEL DEVELOPMENT 

4.1 Feature Selection 
Due to our research purpose, we focused on fixation features. 

These features were retrieved from the output given by the eye 
tracker (see Table 1). Also, one feature indicated whether a given 
fixation is targeting a given AOI, and participant level features 
included age and gender. 

As known from prior research, fixation duration can indicate 
confusion [10] [46]. In addition, the fixation position (x and y 
coordinates) is an obvious choice because what the user sees on 
the screen, in fact, causes the confusion, and the fixation position 
captures this association. In addition to including the x and y 
coordinates separately, we calculated Distance as the Euclidian 
distance of each x and y pair from the origo: 𝐷𝑖 = √𝑥𝑖

2 + 𝑦𝑖
2 . 

This is done because each fixation observation is tied to x and y 
coordinate (i.e., they do not vary in isolation), and we wanted to 
make sure each position is captured correctly in the feature vector. 

 
Figure 3: Treatment 3 with AOIs and heatmap showing the 

fixation density from all the participants (stronger color 
indicates more fixations). 

Table 1: Chosen features for confusion prediction. 
Feature Definition 

FIXATION FEATURES 

FixDuration* The duration of fixation (eye position is relative 
stable looking at the screen) in milliseconds. 

FixX* The x-axis coordinate of where the fixation was 

focused on the screen. 

FixY* The y-axis coordinate of where the fixation was 
focused on the screen. 

FixDispersion* Fixation dispersion, computed by the eye-tracking 

device. 

FixStart* Fixation starting time in milliseconds, measured 
from the beginning of the treatment trial. 

Distance Euclidian distance of the fixation calculated from 

Cartesian zero point.  

AOI FEATURES 

AOI-1…24 “True” or “False”, depending on if the gaze is 
targeting the AOI. 

USER FEATURES 

Age Age of the participant. 

Gender Gender of the participant. 

Note: * indicates the values were retrieved from the eye-tracking 
device. 

 
Finally, we include fixation start time that captures the time 

sequence – this variable tells when the fixation started during a 
given trial. The ordinal sequence of the fixations obviously 
matters because it informs the model of the fixation path (i.e., 
movement between one set of coordinates to another) as well as 
transition path (i.e., movement from one AOI to another). 
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4.2 Data Exploration and Augmentation 
In total, there are 53,333 fixation observations in the dataset, 

1,839 fixations on average per participant (sd = 479). According to 
the recommended duration of fixations [46], we remove fixation 
observations exceeding 600 milliseconds, as these are likely to be 
measurement errors. We analyze correlations between the 
features and find them to be low (below r = 0.2) apart from x and 
y coordinates that are strongly correlated (r = 0.6). 

We also examine the similarity of gaze patterns between the 
participants by computing the Levensthein distance [47] of each 
participant’s fixation path (defined as eye movement from one AOI 
to another during the experiment) We find a general tendency 
toward dissimilarity and, in fact, no two paths are exactly alike. 
For our data, the Levensthein distance is on average 603.5, 
meaning one needs to conduct 604 operations to produce two 
similar fixation paths. 

Table 2: Confused and non-confused participants in 
different treatments. 

 Confused Non-confused Total 
T1 6 23 29 

T2 9 20 29 

T3 20 9 29 

Total 35 (40%) 52 (60%) 87 (100%) 

 
We examine the balance of the predicted variable and observe 

an imbalance in the share of confusion relative to non-confusion 
observations, so non-confusion is much more predominant in the 
sample (see Table 2). 

The P-T level data contains more observations of non-
confusion per participant and treatment. In other words, there is 
a class imbalance that might result in model bias. For example, if 
there are only 9% of confusion observations, predicting non-
confusion in all cases provides 91% accuracy, even though 0% of 
confusion cases are correctly predicted. To correct for imbalance, 
we generate additional confusion observation using two 
approaches: 

• SMOTE: Synthetic Minority Over Sampling Technique 
generates samples of the minority class by calculating the 
difference between the nearest neighbors and multiplying it 
by a random number between 0 and 1 [48]. 

• ADASYN: Adaptive Synthetic generates minority class 
samples by over-emphasizing samples that are more difficult 
to learn using a weighted distribution [49]. 

The purpose of the data augmentation is to “boost the signal”; 
because non-confused observations are so predominant, it would 
become harder to detect the signal from noise. Figure 4 describes 
the data by AOI before and after the data augmentation.  

4.3 Algorithm Selection 
We chose to model using two types of approach. First, we 

chose neural networks (NN) because they have shown high 
performance in a variety of tasks recently [50]. Second, we chose 
Random Forest (RF) because these models provide interpretability 
[51] that NN generally lacks. Each algorithm was deployed using 
the Python programming language.  

We train both NN and RF with two input vectors: a) Vector A 
(incl. fixation level features from Table 1), and b) Vector B (fixation 
level features + participant level features from Table 1). The model 
predicts whether a given fixation observation in the dataset is 
labeled for confusion or not. 

Regarding data augmentation, because SMOTE provided 
better performance gain in our testing than ADASYN, we apply it 
to the final models (Table 3). We also experimented with using the 
original, non-augmented dataset. Interestingly, the overall 
accuracy was higher with the non-augmented dataset, but the 
precision and recall were below the acceptable range (0.2–0.4). 
This shows the value of data augmentation; even though the 
overall accuracy may drop, precision and recall improve because 
of a more balanced training set. For prediction tasks dealing with 
sparsity, such as confusion detection with this dataset, data 
augmentation is therefore recommended. 

Table 3: Predictive performance with augmented data. 
SMOTE provides higher performance. 

 ADASYN SMOTE 

Accuracy 0.596 0.621 

Precision 0.530 0.534 

Recall 0.607 0.629 

F1 0.587 0.603 

 
To avoid overfitting, we trained both models with 67% of the 

data, retaining 33% of the data for testing the model’s predictive 
accuracy. We also used 10-fold cross-validation to split our 
training data into 10 parts and then validated on each set while 
training on the rest.  

 

Figure 4: Share of confusion and non-confusion observations. 
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Regarding NN, we tested many combinations of hidden layers 
(4–10) and ended up with 3 layers. In between these layers, we 
applied MaxPool and dropout layers to avoid overfitting of 
training data. We did not use batch normalization as there were 
no vanishing gradients [52]. However, we used a validation set for 
hyperparameters. As a loss function, we used binary cross-
entropy as the confusion would be either 1 (true) or 0 (false). As 
an optimizer, we used the adam, which is a method for stochastic 
optimization [53]. The last fully connected layer had the sigmoid 
activation function. Finally, we added a rectified linear unit (ReLu) 
activations to introduce non-linearity [50]. The architecture can 
be described as NN: 8 → 8 → 4 → 2 →1, where there are eight 
inputs to the first layer, outputting eight features, with the outputs 
halving until the final layer giving the prediction. 

Second, we develop a random forest model, where we could 
tune hyperparameters, namely the number of trees and maximum 
features. The number of trees was varied from 500 to 100; seeing 
no significant changes, we used 300 as the model will be 
computationally more efficient. We set the number of maximum 
features, as the square root of the number of features, as 
customary [54]. 

4.4 Evaluation of Results 
The results from NN and RF models are shown in Table 4. 

They were obtained by applying the models trained with the 
training set augmented with SMOTE to a non-augmented test 
dataset (holdout sample), in order to prevent the augmentation 
from artificially boosting the accuracies. 

Table 4: Performance across models. PART refers to 
including participant information. Random forest 

performs better than neural network. 

 NN RF NN+PART RF+PART 
AccuracyT1 0.665 0.726 0.602 0.991 
PrecisionT1 0.394 0.391 0.789 0.973 
RecallT1 0.392 0.481 0.396 0.982 
F1T1 0.437 0.496 0.566 0.984 
AccuracyT2 0.651 0.712 0.738 0.991 
PrecisionT2 0.461 0.469 0.559 0.976 
RecallT2 0.468 0.554 0.601 0.994 
F1T2 0.506 0.565 0.637 0.987 
AccuracyT3 0.481 0.708 0.533 0.966 
PrecisionT3 0.361 0.772 0.411 0.971 
RecallT3 0.856 0.817 0.899 0.978 
F1T3 0.514 0.801 0.571 0.977 
Note: All values are from predicting the test data. 

 
From Table 4, we can observe a few interesting findings. First, 

RF performs consistently better than NN. This is also visible from 
Figure 5 that shows the average values of the performance metrics 
for NN and RF. Second, models using participant level information 
perform clearly better than those predicted from fixation features 
only. If we consider 0.7 accuracy as a threshold for good 
performance, then all RF models are accurate and all NN models 
(apart from NN+PART for Treatment 2) are not. 

 

 
Figure 5: Performance metrics of NN and RF models. RF is 

performing consistently better. 

Including participant information tends to increase the 
accuracy as well as other performance metrics for NN, the effect 
ranging from low to moderate improvements. However, for RF the 
inclusion of participant information results in a massive boost of 
performance, making this model clearly outperforming others. To 
understand why, we conducted a feature importance analysis, 
shown in Figure 6. 

 

 
Figure 6: Feature importance scores for RF models. The 

range is between 0 and 1. 

From Figure 6, we see that age is the most influential feature 
when participant information is considered. When using only 
fixation information, fixation start time is the most important, 
indicating that the model captures something from the sequence 
of the fixations. Fixation coordinates and duration seem to be 
equally important. 

Third, all models tend to predict Treatment 3 better than other 
treatments. This effect can be explained by the nature of the 
experiment. Recall from Figure 3 that Treatment 3 included 
imagery that was not consistent with the other information in the 
persona profile (the images not depicting the persona but similar 
people). To explore the effect of treatment on confusion further, 
we conducted a statistical analysis using Cochran's Q test [55], 
which is a repeated-measures ANOVA for dichotomous variables. 
The result showed a significant effect between treatment and 
confusion (Chi-Square=30, df=2, p=3.059e-07). 

We then performed the McNemar’s posthoc test for each pair 
of treatments to isolate the effect, with results presented in Table 
5. We have a significant difference of confusion between T1 (T2) 
and T3 (p=0.001). 
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Table 5: McNemar’s test with continuity correction for 
each pair of treatments. 

 T1-T2 T1-T3 T2-T3 

Chi-Squared NA 13.067 13.067 

df 1 1 1 

p-value NA 0.00060 0.00060 

 
Consequently, the higher prevalence of confusion in 

Treatment 3 is likely to have resulted in the observed higher 
performance. Overall, it seems that the lack of signal in treatments 
with less confusion cannot be fully compensated with data 
augmentation. This is an area for future research. 

To explore whether creating a more complex model could 
increase performance, we added more layers to NN and more trees 
to RF; however, only achieving minimal performance gain (in the 
range of 1-2%). Overall, RF performs better with the eye tracking 
data we are dealing with. Going for more complicated models than 
what we experimented does not seem feasible, and we believe the 
signal would have been detected by our existing architectures. 
Thus, the conclusion is that when the prevalence of confusion is 
high, it can be detected easier from the fixation and participant 
information than when the prevalence is low. 

Finally, low recall scores seem to be an issue for all other 
models than RF with participant information. This means that the 
models are under-predicting confusion, i.e., predicting non-
confusion even when there is confusion. Only for Treatment 3 the 
recall was consistently above 0.80; however, there the low 
precision indicates that the model is over-predicting confusion. 
Thus, we can conclude that the balanced model is RF with 
participant level information. We use this model to visualize 
confusion in the form of heatmaps (Figure 7).   

To address our third research question about AOI level 
detection of confusion, it seems from Figure 7 that the model is 
somewhat successful in reproducing the confusion episodes of the 
participants. Namely, the Treatment 1 displays noticeably lower 
density of confusion, whereas Treatments 2 and 3 with the 

additional contextual images (recall Figure 2) seem to have 
confusion targeting specifically those AOI regions of the screen. 
The AOI regions are visible in Figure 3. 

The fact that confusion is indeed centered on these regions of 
the screen is corroborated by the qualitative think-aloud records, 
in which the participants repeatedly express confusion toward the 
additional photos. For example,  

• Participant 29 (T3): “not understanding why three pictures 
are shown.” 

• Participant 28 (T3): “There are different pictures, I don't 
understand.”; and 

• Participant 19 (T2): “[looking at] pictures of her friends… if I 
were to pitch based on this profile, I’m confused.” 

5 DISCUSSION 

5.1 Contribution 
Prediction without information on user attributes, such as 

gender, age, and experience, is important because often these 
features are not available (e.g., in mobile, VR, or webcam eye-
tracking). We demonstrate the efficiency of machine learning in 
predicting user’s cognitive state from eye-tracking data alone, 
obtaining a reasonable accuracy without user attributes. Including 
the demographic features of the users improves the accuracy 
furthermore, with age being the most influential feature. 

Besides demonstrating the applicability of machine learning 
in inferring user confusion from eye-tracking data, this research 
addresses the call of Blascheck et al. [2] for using eye-tracking and 
think-aloud data to query user’s mental states beyond qualitative 
analysis. Think-aloud data is most typically analyzed qualitatively 
using manual coding, whereas here we operationalize it for 
quantitative analysis using CDA technique [45], and use it as a 
feature for machine learning. 

 

 
Figure 7: Heatmap of confusion predictions illustrating how the Random forest model (with participant information) “sees” 
confusion. Visualization is drawn using the following information from fixations the model predicted confused: Fixation x, 

Fixation y, Treatment. Red color indicates higher density of confusion. 
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5.2 Limitations 
There are some limitations in our approach that should be 

mentioned. First, the controlled experiment may hinder the ability 
to find differences between the participants, because the users 
may feel obliged to follow a different scanpath than they would 
do in an authentic environment [56]. Second, users may differ by 
their expressiveness, so that some more confidently express their 
true cognitive states. 

Therefore, it is possible that the model detects a hidden 
underlying pattern of confusion in the fixation data that it applies 
to all participants, so the participants who remained silent about 
their confusion are predicted wrong even though the prediction is 
right. Such issues could be possible when applying machine 
learning to user perceptions. 

Third, there is limited generalizability due to the sample size. 
However, this issue is debatable. The whole purpose of using a 
machine learning is scaling with the data, and so our approach can 
be deployed with other eye-tracking data, especially since we 
provide the source code for replication. Moreover, the features 
used in our model are available from the output of different eye-
tracking hardware: as far we know, all commercial trackers 
provide fixation duration, accuracy, and position. Perceived 
confusion could be labeled. By asking directly, coding from think-
aloud records (e.g., using CDA), or by inference (e.g., the pitch of 
voice during confusion episodes).  

5.3 Future Research Avenues 
More work with richer features and larger datasets is needed 

to learn the relationship between fixation patterns and confusion, 
as there are features that we did not have access to, that could be 
impactful. These include, e.g., the modality of a person’s voice 
when he or she expresses confusion or the time-synchronization 
between confusion utterance and eye-tracking observations.  

Therefore, more eye-tracking analyses with machine learning 
in the user study context are needed. We encourage other 
researchers to validate and further develop our architecture and 
to improve techniques for prediction of user confusion from eye-
tracking data. 
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