
Introduction

AI is a powerful tool with a variety of applications. One of the most popular uses for AI is data
analysis. An AI model is capable of analyzing large datasets and making predictions with
remarkable accuracy. However, with smaller datasets these models may jump to inaccurate
conclusions based on the few data points available. This behavior is called overfit and can be a
serious problem when there is a limited supply of data. As a part of the DREU research
program, we investigated the potential of different types of models to correctly classify types of
student anxiety from a small dataset.

Literature Review

A typical AI model may run into any number of problems on a small dataset, including overfit.
There is a lot of previous research into data overfit that provides insight into this problem. Overfit
occurs when an AI model is more complex than it needs to be, either because irrelevant
parameters were used (for example, using awareness of anxiety resources to predict type of
anxiety) or because the model chosen was too complex (for example, using a neural net for a
linear regression problem) [1]. Our research focused on the latter cause of overfit. Although all
model types can be affected by overfit, this problem affects different models differently; For
example, support vector machine (SVM) models were designed to (among other things) reduce
overfit compared to other models, but a poorly selected error penalty can cause these models to
overfit as well [2].

Of course, overfit is far from the only problem that may plague an AI model trained on a small
dataset. As such, we researched some of the models that are considered useful for small
datasets. Random forest models are effective at classifying data with small datasets [3], and
they rarely suffer from overfit [4]. Additionally, rule-based models, a type of AI that uses domain
knowledge rather than machine learning to classify data, are not dependent on a training
dataset [5], and as such do not care if the dataset is small or imbalanced. All of these models
may be of interest as effective classifiers for small datasets.

Methodology

We used a dataset of survey results from international graduate students at Florida Tech for our
research. This survey contained free responses in addition to the multiple-choice questions, so
it had to be manually parsed for spelling errors, delimited for machine readability, and filtered so
that unique results that only appeared once in the dataset would be recognized as such. Each
respondent was also classified as having more “academic” or “personal” anxiety, if one of these
seemed definitive enough to use as ground truth, or as “unsure” if this was not the case.
Although these “unsure” results were not included in the training set, their results were predicted
as academic, personal, or close enough to the threshold (for those classifiers that had a clear
threshold) that the result is, in practice, indeterminate. There were 39 total entries in the dataset,
and only five of them were initially classified as having more academic anxiety.



We then created AI models of the four types discussed in Literature Review (Linear Classifier,
SVM, Random Forest, and Rule-Based) and tested their ability to classify the entries in the
dataset. The machine learning models (all except Rule-Based) were implemented using
SciKitLearn’s machine learning packages, whereas the rule-based model was created from
scratch based on our knowledge of the domain and analysis of patterns within the dataset. This
rule-based model incorporated some aspects of “fuzzy” rule-based systems, namely, the
assignment of numerical variables based on the data and the use of these variables to
determine a result and a relative certainty. Fuzzy sets were not formally implemented because
this simpler approach seemed more appropriate for our data, and our results indicated that this
method was sufficient.

The machine learning models were trained three times with different subsets of the training data
set aside for validation, and the results were examined side-by-side to check for consistency
within each model. No such experiment was required for the rule-based model, as the entire
dataset was available for validation. We intended to formally compare these models based on
accuracy and consistency, but as the results came in it became clear that this was unnecessary.

Results

Note: For readability, our evaluation of each data point as academic/personal/unsure is written
in quotes, and the models’ evaluations are not. For example, “The AI misclassified one of the
“academic” data as personal”.

Our first attempt at a linear regression model suffered from severe overfit, and although
simplifying the model helped to reduce this it was still very volatile and results varied drastically
based on the test set selection. However, this model still fared better than the SVM or random
forest model. All three SVM models classified everything in the test set, all “unsure” data, and
even some of the “academic” data in the training set as personal, indicating a severe and
consistent bias in that direction. The random forest did a little better in some regards, as it at
least classified some of the “unsure” data as academic, but it misclassified the “academic” test
data as personal in all three cases, indicating that it too had some significant bias. As such, we
determined that these models were not effective on this particular dataset, likely because the
large ratio of “personal” to “academic” data made it more effective to assume most of the results
were personal.

The rule-based classifier fared much better than the others, misclassifying only one of the
“academic” and “personal” data and meeting our expectations for all but three of the “unsure”
data. All four of these unexpected results were predicted as academic but classified as
personal, indicating that even the rule-based model may have had a slight bias in that direction,
or that our evaluations were biased to predict academic over personal. The differences seemed
to mostly arise from the additional value a human evaluator added to certain qualities (such as
talking more in-depth about one cause of anxiety while simply listing off others), which were lost
behind the sheer number of personal causes that were mentioned. Creating a rule-based model
that can account for subtle qualities such as these may be a topic for future research.



Discussion

Based on this experiment, it seems that the rule-based model is more adept at classifying data
from a small unbalanced dataset than any of the other models tested, and it’s probably more
effective than other machine learning models as well. The obvious reason for this is because the
rule-based model can be created independent of the dataset, so a shortage of data has no
impact on the model.

However, there are some imperfections in our process that need to be addressed as well. First,
the rule-based model was created with the knowledge of how the dataset was classified,
meaning the factors that influenced the initial classification were all but guaranteed to be
considered the same way in the rule-based model. Additionally, although we have become very
familiar with the dataset and claim a thorough understanding of it, we cannot claim to be experts
in the field of psychology and human anxiety, and as such our subjective classification of the
data could have been erroneous. That being said, the former issue can be considered a benefit
of rule-based models as long as the domain knowledge is sound and consistent, and the latter
is unlikely to have caused the volatility and overfit of the linear model or the intense bias of the
other two. As such, we can solidly conclude that rule-based models are an accurate and
consistent alternative to machine learning models that can easily handle a sparse dataset.
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