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Abstract. We show that by applying discourse features derived through
topological data analysis (TDA), namely homological persistence, we can
improve classification results on the task of movie genre detection, including identification of overlapping movie genres. On the IMDB dataset we
improve prior art results, namely we increase the Jaccard score by 4.7%
over a recent results by Hoang. We also significantly improve the F-score
(by over 15%) and slightly improve the hit rate (by 0.5%, ibid.). We
see our contribution as threefold: (a) for general audience of computational linguists, we want to increase their awareness about topology as
a possible source of semantic features; (b) for researchers using machine
learning for NLP tasks, we want to propose the use of topological features when the number of training examples is small; and (c) for those
already aware of the existence of computational topology, we see this
work as contributing to the discussion about the value of topology for
NLP, in view of mixed results reported by others.
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Introduction

In this paper we describe an experiment in using topological discourse features for
text classiﬁcation. We show that this new method is capable of superior performance even if trained on small data sets. The topological features are extracted
using ‘persistent homology’ – a standard tool of Topological Data Analysis. Our
task is classiﬁcation of movie genres. We show that adding topological features
derived from text structure improves classiﬁcation accuracy, namely, we increase
the Jaccard score by 4.7% compared to the recently published results by Hoang
[13]. (See Sect. 4 for details).
Topological Data Analysis (TDA) is a collection of data analysis methods,
derived from the mathematical ﬁeld of topology, that aim at ﬁnding topological
structures in data. Most frequently the term refers to persistent homology, which
is a method for computing topological features of a space in diﬀerent spatial resolutions. (we explain this in more detail in Sect. 2.2). However, its extended meaning may include clustering, manifold estimation, non-linear dimension reduction,
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etc. TDA is a new and growing subﬁeld of data analysis, with successful applications reported in neuroscience [21], bioinformatics [15], sensor networks [4,5],
medical imaging [3], shape analysis [10], computer vision [9], audio processing
[16] and speech [2]. More recently we see applications to the analysis of neural
networks (NN), showing e.g. the architectural power of NN being closely related
to the algebraic topology of decision regions [12].
Although TDA is a very active area of research, it is only very rarely applied
to textual data, with only a handful of papers published so far. (We discuss them
in Sect. 4).
What This Paper Is About:
We see our contribution as threefold: (a) for general audience of computational linguists, we want to increase their awareness about topology as a possible
source of semantic features; (b) for researchers using machine learning for NLP
tasks, we want to propose the use of topological features when the number of
training examples is small; and (c) for those already aware of the existence of
computational topology, we see this work as contributing to the discussion about
the value of topology for NLP.
We show that when the text can be interpreted as describing a progression
of events (as in movies), topological features, namely, homological persistence,
when added to representation of text, can signiﬁcantly improve classiﬁcation
accuracy. In our experiment of classiﬁcation of movie genres, using IMDB data1 ,
we show that adding topological features derived from text structure improves
classiﬁcation: we signiﬁcantly improve the Jaccard score by 4.7% compared to
the baseline and previously published results [13]; we also slightly improve the
hit rate. Our work uses the methods and tools introduced by Zhu [23].

2

Introduction to Topological Data Analysis (TDA)

Topological Data Analysis (TDA) can broadly be described as a collection of data
analysis methods that ﬁnd structure in data. This includes: clustering, manifold
estimation, non-linear dimension reduction, mode estimation, ridge estimation
and persistent homology [22]. As the name suggests, these methods make use of
topological ideas. Often, the term TDA is used narrowly to describe a particular
method called persistent homology (discussed in Sect. 2.2). Zhu [23] also explains
that as a branch of topological data analysis, persistent homology has the advantage of capturing novel invariant structural features of documents. Intuitively,
persistent homology can identify clusters (0-th order holes), holes (1st order, as
in our loopy curve), voids (2nd order holes, the inside of a balloon), and so on
in a point cloud.
2.1

Betti Numbers

Singh et al. [21] explains the concept of a topological invariant with an example.
Consider a world where objects are made of elastic rubber. Two objects are
1
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considered equivalent if they can be deformed into each other without tearing
the material. If such a transformation between X and Y exists, we say they are
topologically equivalent. Thus a pyramid and a ball are equivalent. It turns out
two shapes are not equivalent if they diﬀer in the number of holes. Thus, simply
counting holes can provide a signature for the object at hand. Holes can exist in
diﬀerent dimensions. A one-dimensional hole is exposed when a one-dimensional
loop (a closed curve) on the object cannot be deformed into a single point without
tearing the loop. If two such loops can be deformed into one another they deﬁne
the same hole, which should be counted only once. Analogous deﬁnitions can be
invoked in higher dimensions (Fig. 1).

Fig. 1. Betti numbers provide a signature of the underlying topology (shape).

The notion of counting holes of diﬀerent dimensions is formalized by the
deﬁnition of Betti numbers. The Betti numbers of an object X can be arranged
in a sequence, b(X) = (b0 , b1 , b2 , ...), where b0 represents the number of connected
components, b1 represents the number of one dimensional holes, b2 – the number
of two-dimensional holes, and so forth. An important property of Betti sequences
is that if two objects are topologically equivalent (they can be deformed into each
other) they share the same Betti sequence.
2.2

Persistent Homology and Barcodes

Persistent homology is a multi-scale approach to quantifying topological features
in data [6–8]. That is we connect Persistent homology ﬁnds “holes” by identifying
equivalent cycles [23]. The basic idea of the method is to track the diﬀerent
“holes” across diﬀerent spatial scales of analysis. We visualize the results of the
analysis by plotting “birth” and “death” intervals of individual holes of diﬀerent
dimensions as the spatial scale  goes from zero to inﬁnity. For each Betti number,
we keep a separate graph. Connected components are drawn as horizontal lines
in the b0 graph, one-dimensional holes correspond to horizontal lines in the b1
graph, two-dimensional holes in the b2 graph, and so on. For each hole, the
horizontal line has its endpoints at the values of  at which the structure was
ﬁrst created and then destroyed. The set of all these lines together is called a
barcode.
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Topological Data Analysis for Textual Data

Zhu [23] presents one of the ﬁrst applications of persistent homology for natural
language processing. His “Similarity Filtration with Time Skeleton” (SIFTS)
algorithm identiﬁes holes that can be interpreted as semantic “tie-backs” in a text
document, providing a new document structure representation. A brief overview
of the approach is explained in [23]: imagine dividing a document into smaller
units such as paragraphs. A paragraph can be represented by a point in some
space, for example, as the bag-of-words vector in Rd where d is the vocabulary
size. All paragraphs in the document form a point cloud in this space. Now
let us “connect the dots” by linking the point for the ﬁrst paragraph to the
second, the second to the third, and so on. What does the curve look like?
Certain structures of the curve capture information relevant to Natural Language
Processing (NLP). For instance, a good essay may have a conclusion paragraph
that “ties back” to the introduction paragraph. Thus the starting point and the
ending point of the curve may be close in the space. If we further connect all
points within some small  diameter, the curve may become a loop with a hole in
the middle. In contrast, an essay without any tying back may not contain holes,
no matter how large  is.
Although we tried to provide some intuitions about TDA, for the purpose of
this paper we can treat TDA as a black box and a provider of additional numerical
features. We do not assume any prior knowledge of topology or TDA. However,
to follow the remainder of this paper the reader will beneﬁt remembering the
following three points:
– One of its key tools is persistent homology which tries to ﬁnd geometric patterns such as clusters and holes in diﬀerent dimensions and diﬀerent resolutions, simultaneously.
– The result of this analysis is represented as barcodes or equivalently persistence diagrams.
– For machine learning tasks such as classiﬁcation, these can be viewed as
additional numerical features.
For a technical and accessible introduction to topological data analysis for
text processing we refer the reader to [23]. The reader will also ﬁnd there all the
necessary background of the SIFTS method used in this paper.

3

Description of Experiments

In this section we explain our experiment and the data preparation process.
We evaluate whether topological features are eﬀective in text classiﬁcation by
predicting movie genres based on plot descriptions (as in the example below). We
perform multiple preprocessing steps before generating barcodes, as explained
in subsections below.
We also explain the initial experiments we performed to get a better understanding of the procedure, and this we hope might help the reader to follow up
the paper.
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Fig. 2. Outlines our entire experiment procedure. The dataset used for the experiment
is the IMDB dataset. We explain Data Preparation in detail in the Sect. 3.2. The steps
mentioned in the table are simplified to get a clear understanding of the experiment
procedure. We perform a 4-step text preprocessing and use Lancaster Stemming to
avoid writing style bias. Once we create the vector matrices, we use Javaplex with
Matlab to generate the persistence diagrams i.e. barcodes (shown in the next section).
Section 3.3 explains our Data Distribution and Results.

3.1

Initial Experiment

In this section we explain our initial experiment and lay the foundation for the
ﬁnal experiment.
The main insight of [23] experiment was that persistence diagrams can outline
the strength of the main idea of a text. Following this, in an initial experiment,
we compare the barcodes for two movie plots (one Action genre and one Comedy
genre), from the IMDB’s website, in our experiment to identify the movie plot.
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We use the [1] dataset to identify the top words from the Action genre using the
TF-IDF measure. Using these top words, we generate Term Frequency matrix
for both the movie plots, as explained in Sect. 3.2. Understanding that an Action
movie plot would have more words common with the top words list and hence
the Action movie vector would present stronger looping between the sentences.

Fig. 3. The existence of 1-dimensional holes/loops in a document is shown by the horizontal bars in the barcodes. The count of the horizontal bar would give the number
of 1-dimensional holes in the document. Length of the bar determines the persistence
of holes. More the number of bars and length of the bars gives the strength of similarity between rows of the vector for a particular genre. Thus, with the presence of
1-dimensional holes/loops we say the movie belongs to the respective genre. (a) and
(b) both showcase same number of 1-dimensional loops/holes. However, we can see a
clear distinction in the persistence of these holes. In the (a), the holes are not as persistent as in (b), if not more. The sentences of both the movie plots were converted to
vector forms using the same set of words belonging to movies exclusively from Action
genre. Hence, when the Comedy movie represents stronger bond between the vectors,
it indicates the ambiguity in the approach followed for generating vectors.

The barcodes in Fig. 3 indicated three major issue in our ﬁrst experiments:
1. Not considering overlapping genres 2. Writing Style of the text 3. No use of
semantics. Movies usually belong to more than one genres and not considering
this while classifying them could result in sub-par results. We used the top
words for vectors from [1] dataset while tested on an IMDB’s movie plot. To
account for change of writing styles and implicitly for semantics, we simply use
the Lancaster stemming [14] in our ﬁnal experiment (as the performance of most
stemming algorithms is data speciﬁc, we observed Lancaster Stemming to be
working best for our experiment and hence decided to use Lancaster Stemming
over other algorithms). This is clearly a very simple solution, and others, e.g.
based on word2vec-like solutions will perhaps be more appropriate for future
work to produce better semantic representations.
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Data Preparation and Generation of Topological Signatures

As we performed some basic preprocessing on the text and used NLTK’s stopwords list for removing the stopwords. We also remove the punctuation marks
and numerical characters from the sentences. Next, we separate each sentence
from the text into a new line, thereby letting us handle each sentence individually. To make the experiment neutral to writing styles, we use Lancaster
Stemming and reduce each token to its base form. After the data preparation,
next is creating the Term Frequency Matrix for each genre in consideration per
movie plot. Hence, each column in the matrix represented the top words from
the respective genre and each row was the vector representation of the respective line from the text. We create this matrix for every movie plot that satisﬁed
‘Testing Data Conditions’.
3.3

Experiment and Results

Data Selection: From the dataset we ﬁltered out the details regarding TV
episodes and short/documentary as that would not be inline with the problem
statement. With the movies, we collect the plots, genres and a movie id, for
uniquely identifying each movie in the database. As our major comparison is
between the movies from genre Action, Romance, Comedy and Horror, we segregate the movie belonging exclusively to only these four genres i.e. no overlap.
Thus we got 3286 movies belonging to only action genre, 3500 movies belonging
to only comedy genre, 2176 movies belonging to only horror genre and 18000
movies belonging to comedy genre of which we randomly select 3000 movies
belonging to comedy genre, to avoid the problem of over ﬁtting.
Data Preparation: We preprocess all the movies belonging one of the four genres, individually. Thereby removing the stop words, punctuation marks, numeric
tokens, stemming to reduce tokens to their same base forms. Next, we use TFIDF to get the top 1000 words from each genre. With the four lists of 1000
top tokens of each genre, we perform subtraction of list to remove the common
nouns from each list, as nouns like ‘second’, ‘depict’, etc. added noise resulting
in incorrect ﬁnal outputs. After manually removing the common nouns left after
subtraction, we are left with top words belonging to each genres without any
noise, each list is approximately 200 tokens long. We use these lists of top tokens
for creating sentence vectors for the test documents.
Selection of Testing Data: While picking movies for testing, we found that
one movie could have more than 1 plot summaries, provided by diﬀerent authors.
Hence, database had multiple entries for a movie with same name, however with
a unique movie id, for each diﬀerent plot summary. Hence, for each movie plot,
we ﬁrst assign the longest movie plot provided for each movie. For testing, we
randomly pick 250 movies from the database satisfying the basic criteria, i.e.
belonging to more than one genres, having more than 100 tokens in the plot
and having at least 4 sentences. We found 66000 movies satisfying our above
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criteria and we randomly picked 250 movies, keeping no preference for genre
combinations or length of the plots.
Testing: We want to ﬁnd the 1-dimension holes across the sentences. Using the
vectors generated with the top words from each genre as explained above, we run
them through Javaplex for generating the homology complexes. We compare the
four 1-dimension homology complexes generated for each movie plot to determine
the genre for the respective movie. Using the barcode representation of the 1dimension homology complexes, the program is able to correctly identify the
genres of 208 movies with overlapping genres, giving a hit rate of 0.8333%. The
output was considered correct if we were able to correctly predict at least one
genre if a movie belonged to n genres. As hit rate is considered a weak metric,
we calculate Jaccard index and F-score using the formula mention in Fig. 2. We
obtained a Jaccard index of 54.8% and an F-score of 71.88%.
In Fig. 4 we present an example of the output. Here, we consider a movie
plot form the IMDB dataset which is listed as Comedy and Romance genre. We,
generate the Term Frequency Matrix and run TDA to generate the barcodes
presented in Fig. 4. Plot of the movie tested is highlighted below.
Example Movie Plot: Al Bennett and Alice Cook are blissfully happy and are
building their house in an isolated area; using Al’s savings of $7;000. Troubles
begin when Al’s uncle and boss; Uncle George; unaware of Al’s engagement;
inspects the house and announces he will live with him. Furthermore; he wants
Al to marry Minnie Spring; a wonderful girl George just met; so the three of them
can live happily ever after. Troubles mount when Alice’s parents come to see the
partially built house. They bring with them eleven other family members; some
of whom expect to live with the couple when they marry. Badgered on all sides;
Al finally yells “There’s too many Cooks.” Alice breaks their engagement; and
George fires him. As if these problems weren’t enough; the Carpenter’s Union
calls a strike; but a determined Al decides to finish the house himself. Months
later; lonely and depressed; Al puts his finished house up for sale; but things are
looking up for Al.
Reproducibility: As mentioned earlier, the code and data we used for experiments is available (http://pages.cs.wisc.edu/~jerryzhu/publications.html, ftp://
ftp.fu-berlin.de/pub/misc/movies/database/). We have published the data we
used, with topological features, and the classiﬁcation results on data (https://
data.world/pdoshi3/movie-genre-classiﬁcation-using-tda).

4

Comparison with Related Work and Discussion

TDA although a very active area of research, as mentioned above, is very rarely
applied to textual data. The main reference in this space is [23], which can also
serve as an excellent introduction to the ﬁeld. Since the paper is accompanied
by software it was relatively painless for us to run the experiments described
above. The works cited here might be (as of May 2018) complete or close to
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Fig. 4. Comparing the four barcodes, we can see that (c) and (d) have persistent
1-dimensional holes whereas (a) and (b) have none. For (c) and (d), top words from
Comedy genre and Romance genre, respectively, were used to represent the columns for
the Term Frequency Matrix. For (a) and (b), top words from Action genre and Horror
genre, respectively, were used to represent the columns in the Term Frequency Matrix.
This clearly shows the inclination of the movie plot in question, towards Comedy and
Romance genre, which are the original genres for the movie in IMDB dataset.

complete list of papers using persistent homology for text processing (and not
just mentioning it as a possibility). We brieﬂy discuss them now.
There is substantial amount of work on classiﬁcation of movie plots, as the
problem appears in movie recommendations. A recent article by Hoang [13]
is closest to our work, as it is focused on the same task of predicting movie
genres based on plots,and contains state of the art results. The author reports
results of experiments with more than 250,000 movies using neural networks
for classiﬁcation. The produced model achieves the Jaccard-score of 50%, the
F-score of 56% and the hit rate of 80.5%. Table 1 Compares our results with
Hoang’s.
While our results look better, this is not exactly an apples-to-apples comparison: while Hoang performs the experiment on a very large data set, our test is
limited to a sample of 250 movies. On the other hand, this limitation is also the
strength of the method. Namely, we only need to train on approximately 1% of
the data to obtain a very good performance.
Secondly, we perform our experiment on 4 most popular genres i.e. Action,
Comedy, Horror and Romance, while Hoang [13] also considers not-so popular
genres like Adventure, Sport, Mystery, Family. We believe, the F-score for TDA
approach would be higher when compared to Hoang’s [13] result for the same
four genres, since we have better precision and recall. However we estimate the
diﬀerence in the F-score of 15.88% might come down to 7% since [13] model
performed better for popular genres compared to other genres. Therefore we do
not want to emphasize the F-score improvements.
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However, we want to bring the reader’s attention to the fact that our 250
movies were explicitly chosen to belong to overlapping genres. The reason for
that choice was that (a) our initial experiment on a few dozen movies showed
100% accuracy of TDA on movies with no overlapping genres; (b) we decided in
late 2017 to run the experiment on overlapping categories, which arguably can
be viewed as a more diﬃcult problem. Statistically speaking 250 serves as a good
sample set to compare the results. We are currently focused on testing TDA on
a larger dataset that would allow us remove the limitations of this comparison.
One of the issues here is that for a larger set we need to change the set of TDA
tools to a more eﬃcient program than used in the reported experiment; we are
experimenting with Ripser2 for this purpose.
There are only a few other examples of application of TDA to text. [18]
perform sentiment classiﬁcation on both sentence level, on the Cornell Sentence
Polarity (the CSP-corpus of [19]), and on IMDB movie reviews (following Michel
et al. [17]). They conclude “using persistence diagrams for text representation
does not seem to positively contribute to document clustering and sentiment
classiﬁcation tasks”. Although they leave open the possibility of topological features contributing to other NLP tasks such a parsing.
On the other hand Guan et al. [11] show that topological features can improve
extraction of multiword expressions and in document summarization.
Finally, we want to mention [20] who argues for the applicability of TDA to
visualization of texts; this is an important issue, but somewhat orthogonal to
the tasks discussed in this paper.
Table 1. Comparison with recent prior art. See the discussion in text for the limitations
of this comparison.
Methods

Jaccard Hit rate

Hoang [13]

50%

Our results (TDA) 54.8%

5

F-score

74.2–82.9% 56%
83.3%

71.88%

Conclusion

In the reported experiment, we showed the ability of Topological Data Analysis
(TDA) to perform text classiﬁcation. TDA not only matches the performance
of widely used algorithms like Multinomial Naive Bayes, Logistic Regression for
binary text classiﬁcation, but also can also outperform more advanced techniques
like neural networks when in multi-label text classiﬁcation. On the task of classiﬁcation of movies according to four most common genres, we obtain Jaccard
score of 54.8%, F-score of 71.88%, and hit rate of 83.3%. This is a signiﬁcant
improvement in 2 of the 3 measures over recently reported results of [13]: (+4.7%,
+15.88%, and +0.5%)-respectively. As noted above, one limitation of our work
2
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is that the testing has only been performed on a (random) sample of 250 movies,
moreover we limited ourselves to four categories. However, we also chose – on
purpose – the data consisting of the movies which belong to multiple categories,
and thus made the task harder. (And this harder task was our initial objective,
as we found out about [13] after most of the experiments were done).
Clearly, the main message of this exercise is that TDA can be seriously used as
a tool for discourse classiﬁcation, notwithstanding mixed results of other experiments (discussed above in Sect. 4). Topology can be a source of useful features.
And while this work focused on low dimensional persistence, higher dimensional
topological features can be a source of additional insights by representing more
complex repeating patterns.
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