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1 Motivation
The field of Explainable AI (XAI) wants to provide techniques that target
to explain Black Box Models, e.g., by analyzing certain properties which
are considered decisive for the prediction of the model [LRBB∗23]. As
Rudin argues, this basic property of many XAI methods leads to some sort
of obfuscation since the complex model is not directly explained [Rud19].
She argues that the XAI community should focus on obtaining interpretable
models instead. One such model is the Fast-and-Frugal Tree (FFT), a basic
Decision Tree with the additional property that there are at max two nodes
per level. In the past, Chen et al. have used FFTs in the context of Soft-
ware Defect Prediction and exemplified, that an FFT model can be compet-
itive with state-of-the-art models[CFKM18]. One way to determine which
feature could qualify for such a selection is Feature Importance Scores
[LRBB∗23]. However, Teng et al. have shown that such feature-based
analysis can lead to misleading conclusions when not considering poten-
tial Spurious Correlations as exemplified in their VISPUR system [TAL24].
In this work, we present a proof-of-concept for a dashboard that combines
Feature Importance Scores with the analysis of Spurious Correlations.

2 Dashboard
An example overview of our dashboard for the case discussed in the pa-
per can be found in Figure . The standard workflow with our dashboard
is as follows: First, the user determines the train-test split of their data of-
fline, trains a machine learning (ML) model, and uploads the dataset, the
train-test split, and the final model. Then, the user can assess the quality of
all uploaded ML models for the dataset and load one (1). This will result
in the model performance view below. There, the user can further assess
the quality of the model by seeing further metrics and the confusion matrix
(2). Then, the user can interrogate the feature importance scores by looking
at the correlation heat map (3) and request the feature importance scores
according to our two methods (4). Optionally, the user can test for the oc-
currence of spurious correlations by clicking the button at (5). If spurious
correlations can be found, all of them will be displayed at (6). Otherwise,
the dashboard will report that no spurious correlations could be found. Af-
ter assessing the features according to the feature importance scores and
the spurious correlations, the user can select a subset of features to train
a Fast-and-Frugal Tree (FFT) and evaluate it on the test dataset (7). This
results in an overview of the achieved scores of all FFTs (8).

Preliminary Case Study

We exemplify our approach on the Khan student dataset [AFL18]. The au-
thors have shown that some instants of Simpson’s Paradox are present in
this dataset. As our complex model, we use a Random Forest with standard
parameters from the scikit-learn library. We use a randomized stratified
train-test split with 75% of data used for training and 25% for testing. One
example of a Spurious Correlation is shown in Figure 2. Here, one could
assume that the “Lesson index” describing the number of already taken
lessons is a good indicator of our target “Performance” since they appear
positively correlated in the aggregated view. But, by disseminating the
dataset per student one can see that this trend is deceptive as students who
have shown a strong performance in the beginning get worse and only stu-
dents with lower performance get stronger. Therefore, it can be concluded
that the feature “Lesson index” is no good indicator of “Performance”. Af-
ter reviewing all Feature Importance Scores and Spurious Correlations as
shown in Figure 3, we conclude that “all_first_attempts” and “attempts”
are an important indicator of “Performance”. Indeed, by training an FFT
on only those two features, we obtain a model with similar performance.
Therefore, we obtained a model with over 96% accuracy by only using 2
of the available 19 features. This model only performs 1% worse in all
metrics compared to our original complex Random Forest classifier.
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Dashboard Examples
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Figure 1: An overview of the dashboard for the Khan student dataset. In this case, spurious correlations are detected (top
right), which informs the Feature Importance scores (bottom left). Based on this information, a user can train an FFT.

Figure 2: Shown is an example of Spurious Correlation from the overview mentioned in Figure 1. Here, one can see that the
Lesson Index (the number of Lessons taken by a student) seems to correlate well with the student’s performance. The trend is
created by students with bad performance getting better and better students getting worse.

Figure 3: Based on the information from Figure 1 and Figure 2, the user decides that attempts and all_first_attempts are the
best predictors for final performance. Indeed, the FFT trained on these two features achieves a competitive score compared to
the initial Random Forest.

3 Conclusions
The current state of the dashboard allows for an overview of multiple trained FFTs that are derived using
a user’s domain knowledge. Although these models usually have a reduced accuracy, they are more
explainable and use only lightweight abstractions of the data. Such an interface enables users to explore
Spurious Correlations and Feature Importances to increase their trust in the used features. For future work,
we want to extend the evaluation and document users’ decisions on their final FFT. Further, the dashboard
can be extended to further support the identification of harmful correlations [DHA∗21] or of other types of
Spurious Correlations [Vig15]. Furthermore, our dashboard design is clearly in an early stage that should
be improved upon in the future.
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