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Can a Machine Learning Algorithm Tell Right from Wrong 
in Eye Movements of Mathematical Word Problem Solving? 
Theoretical Background 
In mathematical word problem solving, processes of reading and mathemat-

ical thinking interact. Because information processing during reading is 

closely associated with eye movements, the method of eye tracking has been 

used in the past to investigate word problem solving processes (Strohmaier 

et al., 2020). Previous studies showed that many aspects of the solution pro-

cess, for example, solution strategies, the effect of inconsistent operational 

terms, differences in the mental representation or item difficulty are reflected 

in students’ eye movements (e.g., Strohmaier et al., 2019).  

The analysis of eye movement data is challenging, in particular for two rea-

sons: First, the same parameters often have different, nonlinear, and possibly 

opposite interpretations. For example, longer fixation times on relevant areas 

can both mean higher processing effort or more targeted attention 

(Strohmaier et al., 2020). Second, hundreds of different parameters can be 

extracted from eye tracking data, and it is challenging for researchers to de-

termine which parameters are relevant in their particular research context. 

This is problematic both for theoretical and statistical reasons, as it leads to 

the risk of focusing on isolated or incidental findings, or missing complex 

underlying interactions. 

Both these issues can be addressed by the use of Machine Learning (ML) 

algorithms. ML is particularly useful in handling datasets including large 

numbers of interacting predictors with nonlinear effects. ML algorithms can 

be distinguished in supervised and unsupervised learning: In unsupervised 

learning, an ML algorithm exploratively identifies patterns in a dataset. This 

approach has been used to analyze eye movements in mathematics education 

by Schindler et al. (2020; 2022) to identify counting strategies in primary 

school children. In supervised learning, a ML algorithm is trained with ex-

amples for a given classification, tries to identify patterns in these data and 

then applies these "learned" patterns to classify an unknown dataset. Super-

vised learning has been used to analyze eye movements in other areas, for 

example, in physics education (Küchemann et al., 2021; Rebello et al., 

2018). However, the approach has rarely been used in mathematics educa-

tion (Schindler et al., 2019). There are several methods for supervised ML, 

for example, Support Vector Machines (Küchemann et al., 2021), Neural 
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Networks, Decision Trees, or Random Forests. The choice of an appropriate 
algorithm depends on both the data and the classification problem. 
In sum, prior studies showed that eye movements are associated with the 
process of word problem solving, and that ML algorithms are effective in 
handling eye tracking data. In the present study, we exploratively tested how 
accurately an ML algorithm can predict whether a word problem is solved 
correctly or incorrectly based solely on eye movement parameters. 
Method 
We used a dataset of 649 word problem solutions by 42 undergraduate stu-
dents. The data were collected on a Tobii Spectrum eye tracker with a sam-
pling rate of 600Hz. 9-point calibration was done with an accuracy below 
0.5° and a precision below 0.1°. Stimuli were three-line word problems on 
percentages, combinatorics, exponential growth, and fractions. We extracted 
total of 115 meaningful eye tracking parameters, including average and total 
fixation times, saccade data, and pupil data, distinguishing between different 
areas of interest (e.g., numbers, text, relevant information) and times of in-
terest (e.g., initial reading, subsequent reading). Prior to model fitting, data 
were preprocessed using k-nearest-neighbors imputation, Yeo-Johnson 
transformation, a 3 SD outlier trim and the exclusion of highly correlated 
parameters. For the remaining parameters, recursive feature elimination was 
run to identify which parameters contributed to the model accuracy.  
Model fitting was done using a Random Forest Classification. Random For-
est was chosen due to its robustness, computational efficiency and its ability 
to handle large sets of nonlinear predictors (Breiman, 2001). The final model 
consisting of 500 trees was trained with 80 parameters in a cross-validation 
procedure, where 90% of the dataset were used for training and 10% for val-
idation. This procedure was done for 10 different partitions and repeated 20 
times. All analyses were conducted in R using the packages caret (Kuhn, 
2008) and randomForest (Liaw & Wiener, 2002). 
Results 
The trained model performed with an accuracy of .68 in correctly identifying 
the true, observed solutions (κ = .21, precision = .90, recall = .70, F1 = .79; 
Figure 1). The cross-table shows that the algorithm performed rather well on 
accurately classifying observed correct answers (90%), but only classified 
28% of observed wrong answers accurately. Figure 2 illustrates how the es-
timated probability of a correct answer was distributed across the observed 
correct and wrong solutions. Figure 3 shows a partial dependence plot of the 
six most relevant predictors and their association with the probability for a 
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classification as correct solution. It shows a nonlinear relation with the clas-
sification for some predictors, such that the predicted solution probability 
quickly increased or decreased after a certain cutoff value. 
Discussion 
Our results show that the ML algorithm had a limited accuracy in classifying 
whether a mathematical word problem is solved correctly or incorrectly 
based solely on eye movements. Although the algorithm did classify a ma-
jority of cases correctly, the uncertainty remained very high. This under-
scores previous research which argues that while a relation between eye 
movements and solution processes exists, their use for predictions or classi-
fications is more challenging (Strohmaier et al., 2019). In this particular case, 
the question whether a word problem is solved correctly or not might have 
various reasons, ranging from the process of decoding information to calcu-
lation. Possibly, these processes are too complex and diverse to be captured 
solely through eye movements, even by a flexible and powerful ML algo-
rithm. Still, our analyses provided meaningful new information, including  
 

 
Figure 1. Cross table with predicted and observed word problem solutions. 

 

  

Figure 2. Predicted probability of correct 
solutions by observed answer 

Figure 3. Partial dependency plot for the 
six most important predictors 
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which parameters were related to successful solutions despite possible non-
linear and interacting effects, which are difficult to detect with correlational 
analyses. Overall, ML seems a promising tool to handle the complex rela-
tional structure and dimensionality of the data. In future research, we aim at 
addressing more well-defined cognitive processes like specific solution strat-
egies, which might hold a higher potential for successful classification than 
word problem solving success. 
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