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Abstract: One of the key approaches in designing adaptive learning systems is the use of 
algorithms that can process and discover interesting, interpretable, and meaningful 
knowledge from the data tracked and logged by learning systems. Text classification has 
been employed with much success in a wide variety of tasks such as information 
extraction and summarization, text retrieval, and document classification. In this paper, 
we focus on discriminating between legitimate and dummy annotations in an online 
medical learning environment called MedU by infusing a text-classification based 
approach into the process. Manually detecting dummy annotations in MedU can be quite 
time-consuming, especially when it involves big data. Employing an automatic text 
classification approach can mitigate the aforementioned issue. Moreover, a system 
capable of detecting learner submitted dummy annotations could be adapted to provide 
appropriate feedback to the learner. 

 
 
 
Introduction 
 
 Technology-rich learning environments refer to any type of environment where learning theories guide the 
design of technology to support learners in achieving instructional objectives (Lajoie & Azevedo, 2006). Computer-
based learning environments (CBLEs) are designed to provide learners with embedded tools to scaffold them in 
acquiring knowledge and applying skills in the context of problem-solving (Lajoie, 2005; Pea, 2004). These tools 
are commonly referred to as cognitive and metacognitive tools as a reference to the underlying cognitive, 
metacognitive, affective, and motivational processes that are facilitated through the affordances of the CBLE 
(Azevedo, 2005; Azevedo & Aleven, 2013; Lajoie & Poitras, under review). The need for these instructional 
systems to assess these processes as they unfold during the course of learning represents an important challenge to 
enhance instruction. This is most notably the case in appraising learner annotations (unstructured text) in learning 
systems like MedU (iInTIME, 2015), an online learning platform for medical students that provides a 
comprehensive set of virtual patient cases (Fall et al., 2005). Learner annotations in MedU are short text strings of 
case-relevant information and findings, written as part of the case diagnosis. Annotations are important contributions 
because they are a record of key points and operative findings. However, there are instances when learners may 
simply enter filler text or dummy annotations. Detecting learner submitted dummy annotations or filler text such as 
“boo yah oh yeah” can be used to improve the adaptive features of learning systems. By developing automatic 
solutions for assessing learner annotations, learning systems can assess and provide the appropriate feedback to 
learners.  

 
In this study, we address the challenge of discriminating amongst learner annotations that provide insights 

into the underlying processes that mediate learning and performance and those that do not, herein referred to as 
“dummy” annotations in MedU. We employ a text classification based approach in this study. The application of 
text classification algorithms for various real-world problems is well advertised, and there is a growing body of 
work highlighting similar success in educational contexts, such as the use of text classification to: make distinctions 
between the learning dialogue in an online conference (Ferguson, Wei, He, & Buckingham, 2013), develop a 
classification system for thematic content of web text (Miltsakai & Troutt, 2008), develop an automated approach 
for evaluating analytical writing (Rahimi et al., 2014.), develop the novice-expert overlay model in a medical 



 

 

intelligent tutoring system (Doleck, Basnet, Poitras, & Lajoie, 2015), and address the problem of question 
classification into Bloom's cognitive levels (Yahya & Osman, 2011).   

 
 

Problem Statement and Data 
 
 In MedU (Figure 1), learners are tasked with solving patient cases by navigating through a series of 
interactive screens, or ‘cards’, and formulating a differential diagnosis. Learner submitted annotations in MedU 
include brief text strings of case-relevant information and findings mentioned in a card, either highlighted or written 
directly in the sidebar, as well as potential hypotheses under consideration. Annotations are important contributions 
to learner solutions; however, like many situations with free-text contributions, in MedU, learners may simply enter 
filler text or dummy annotations. 
 
Samples of dummy annotations are shown below:  
“boo yah oh yeah” (example 1) 
“alligator bite blah” (example 2)  
 
Samples of legitimate annotations are shown below:  
“smokes 1 PPD since age 16 no change in position deny cough, fever, heartburn, and swelling in his legs. 1st exp 
FH, SOB, Mid chest pressure Angina hypertensive 140s” (example 1) 
“Muscular strain PE GERD elevated chloride SOB Unstable angina Acute MI Stable Angina” (example 2) 

 
In order to evaluate our approach, we selected and extracted a small sample of learner annotations from the 

MedU MySQL database. In order to avoid performance bias that results from unbalanced data sets, we selected a 
balanced sample. We extracted 210 (105 dummy annotations and 105 legitimate annotations) learner-submitted 
annotations from the MedU MySQL database. We briefly provide an overview of the annotations classification 
problem. Given a learner submitted annotation, we want to ascertain whether the annotation is a dummy or 
legitimate annotation. In order to accomplish this task, we employed a text classification approach.  

 
Objective: At the most basic level, the core task of a text classifier is to predict the label of unassigned text 

documents. Our objective was to build text predictors that accurately classify learner submitted annotations into the 
following two categories: dummy or legitimate annotations. To demonstrate the efficacy of the approach, we first 
employ a classifier designed primarily for short texts. We then test an ensemble of classifiers.  
 

 
Figure 1: The MedU interface. 



 

 

Evaluation and Results 
 
Initial Exploration Using LibShortText: We explored the use of a text classifier built primarily for short 

texts, namely, LibShortText (Yu, Ho, Juan, & Lin, 2013). LibShortText is an open-source tool that was designed for 
classifying short texts such as titles, sentences, and short messages. Since LibShortText is a relatively recent release, 
it has not yet been extensively used in educational data mining contexts. This initial exploration represents one of 
the first attempts to employ the classifier in the context of improving learning systems. 

LibShortText follows a simple training-prediction workflow shown in Figure 2. Training and testing on the 
pre-processed and feature generated annotations was done using text-train.py and text-predict.py. LibShortText 
provides several preprocessor options (Unigram/Bigram, Stopwords, Stemming) and selection of classifiers (support 
vector classification by Crammer and Singer, L1-loss support vector classification, L2-loss support vector 
classification, and logistic regression). Adopting an exploratory approach, we evaluated the performance using 
various combinations of preprocessor options and classifiers.  

 

 
Figure 2: LibShortText Workflow. 
 

The experimental evaluations (Figure 3) yielded a range of accuracy values from 81.42% to 87.34% using 
various combinations of preprocessor options and classifiers. Out of the selection of classifiers, support vector 
classification by Crammer and Singer, L1-loss support vector classification, and L2-loss support vector 
classification yielded similar performance, while logistic regression exhibited the worst performance. One 
interesting pattern that could be seen when we applied different combinations of preprocessing options and different 
classifiers, was that the highest accuracy values in all four cases were achieved by no stopwords removal and 
performing stemming. The benefit of providing the results of different combinations of preprocessing options and 
different classifiers is that it can help design future experimental setups and evaluations comparisons.  

One of the limitations of LibShortText is that it only provides accuracy values for the classification task; 
there is no provision for another evaluation metric such as the kappa value. Thus, in order to test an ensemble of text 
classifiers and supplement the results with another evaluation metric, we expanded the work by using a workbench 
providing both the aforementioned affordances. 

 

 
Figure 3: Accuracy values for various combinations of preprocessing settings with different classifiers. 
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Testing Ensemble of Classifiers: The preceding experiments with LibShortText exhibited the usefulness 
and efficacy of LibShortText in the classification task. Generally, classification performance evaluation is an 
important way to ascertain the optimal learning algorithm. Thus, in order to test an ensemble of text classifiers, and 
provide for another evaluation metric such as the kappa value, we chose to use a machine-learning workbench, 
LightSide Researcher’s Workbench (Mayfield & Rose, 2013), which is an open-source text-mining tool providing 
various options to develop and evaluate learning models. We ran a variety of classifiers (LibLinear, SMO, Naïve 
Bayes, LibSVM, J48, IBK, and Random Forest) on our dataset. A bag-of-words approach, with preprocessing 
configurations of words, 2-grams, and 3-grams, and 10-fold cross validation was employed.  

As can be seen in Figure 4, the various classifiers employed in the experiments yielded a range of accuracy 
values from 80% to 92.86%. J48 achieved the highest accuracy value of 92.86%. Other classifiers, like LibLinear 
and SMO, produced comparable results with similarly high accuracy levels, supporting the robustness of the 
classifiers as highlighted in the literature (Yang & Liu, 1999). Moreover, the kappa values (Figure 5) for the 
evaluations were reasonable (a range of 0.6 to 0.85). The evaluation metrics, accuracy and kappa statistic, used in 
combination are a good gauge of the health of the model. The range of classifier accuracies achieved in the 
LightSide Researcher’s Workbench is similar to the range produced by LibShortText. Taken together, the current 
study exhibits promising potential for improving the adaptive capabilities of the MedU platform. For example, if a 
learner submits a dummy annotation, then feedback can be presented to the learner to reconsider the formulation and 
submission of the annotation, by guiding the learner with examples of appropriate annotations. 

 

  
Figure 4: Classifier Accuracies.  
 
 
 

 
Figure 5: Kappa Values  

92.38% 91.90% 
89.05% 

86.19% 

92.86% 

80% 

90.95% 

70.00% 

75.00% 

80.00% 

85.00% 

90.00% 

95.00% 

LibLinear SMO Naïve Bayes LibSVM J48 IBK Random 
Forest 

A
cc

ur
ac

y 

Classifiers 

Classifier Accuracies 

0.8476	   0.8381	   0.781	   0.7238	  
0.8571	  

0.6	  

0.819	  

0	  

0.2	  

0.4	  

0.6	  

0.8	  

1	  

LibLinear SMO Naïve Bayes LibSVM J48 IBK Random 
Forest 

Kappa	  



 

 

Conclusion 
 

This study successfully demonstrated the use of text classifiers in detecting dummy and legitimate 
annotations. The end goal of the proposed approach is to augment the adaptive capabilities of the learning system, 
where detectors, such as one proposed in the present work can prompt additional actions by providing immediate 
feedback. The detection of dummy annotations provide important insights to predictive models aimed at detecting 
gaming the system behaviors (Baker et al., 2008) as well as for excluding this type of entry from further analysis 
while generating corrective feedback.  
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