
• Named Entity Recognition variables: organi-
zation, characters, etc.

If the creation of these different types of vari-
ables helped to improve the prediction of the algo-
rithms, only a few of them were relevant for the
models. We thus applied a feature selection pro-
cess to reduce the number of variables used during
training (we went from more than 100 different
features to a little less than 20 main features). We
used a correlation matrix, Principal Component
Analysis (PCA) to reduce the number of variables
we originally had and other tools in function of the
models.

4.3 Models for Sentence Classification
We selected 4 traditional classification models that
seemed relevant for the task (Naive Bayes, ran-
dom forest, KNN and RNN). Most of them have
already been used for text zoning (see the previous
work section), but their relevance in the context of
reviews remains to be assessed.

• Naive Bayes is a simple Bayesian model. It is
known to perform well on small datasets and
will thus constitute a baseline.

• Random Forest (Ho, 1995) is an ensemble
learning method that builds a multitude of de-
cision trees at training time. Random forest
generally performs better than a single deci-
sion tree and can take into account the multi-
ple parameters of our problem.

• K-Nearest Neighbors (KNNs) (Altman, 1992)
assumes that all data points in close proximity
is labeled with the same class. KNNs may
thus not work so well on heterogeneous and
diversified data. For this model we tested a
wide range of k ranging from 1 to 15 to find
the optimal one.

• Recurrent Neural Network (RNN) (Sperduti
and Starita, 1997) is relevant to find hidden de-
pendencies patterns in the data. This model is
the most powerful one in theory but generally
requires more data for training.

We chose to limit ourselves to these well-known
classification techniques. More recent approaches
exist, for example based on deep learning tech-
niques and using large language models like Bert
(Devlin et al., 2019). As we wanted the approach
to be portable and easily reproducible by people

working in humanities, we excluded these more
resource intensive approaches but that is some-
thing we should try in the future (see (Gnehm and
Clematide, 2020) for an experiment with biLSTM
and BERT).

5 Results

We applied each model on the data and computed
their accuracy (computed using 10-fold cross vali-
dation and averaging the results across folds). Our
results are reported in Table 3:

Models Accuracy
Naive Bayes .69
Random Forest .80
K-Nearest Neighbors .72
Recurrent Neural Networks .61

Table 3: Performance of the different models.

According to Table 3, the top performing model
in terms of accuracy is random forest. The result is
comparable to previous studies (for example, (Guo
et al., 2011) report .81 overall accuracy).

Note however that we had to find the optimal
parameter for the depth of the tree and the number
of trees. By doing so the random forest model uses
a system of threshold for each important feature
(Breiman, 2001). To improve the model and avoid
overfitting, we also used cross validation during the
training and test steps.

As planned, Naive Bayes is not able to take into
account the complexity of the task and performs
poorly. KNN also fails at capturing the variations
of the different zones, as the texts to classify are
quite short. Lastly, RNN performs worse as there
are not enough data to train this model properly.
For this part in particular, we used Long Short Term
Memory Neural Networks which work sequence
by sequence. We wanted to use pre-trained models
but none of them had already been trained on a
similar dataset for this task. The closest we could
get was on the IMDB dataset. However, if it were
annotated for sentiment analysis, it were not for
zoning.

Figure 1 represents a review with the different
zones identified, each color corresponding to a spe-
cific zone. This figure illustrates how the algorithm
works. The model looks for each sentence and cal-
culates its probability of being part of one of the 8
predefined categories. Of course it is possible that
one sentence may have different recognizable pat-


