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Abstract

Text classification is a significant branch of
natural language processing, and has many
applications including document classification
and sentiment analysis. Unsurprisingly, those
who do text classification are concerned with
the run-time of their algorithms, many of
which depend on the size of the corpus’ vocab-
ulary due to their bag-of-words representation.
Although many studies have examined the ef-
fect of preprocessing techniques on vocabu-
lary size and accuracy, none have examined
how these methods affect a model’s run-time.
To fill this gap, we provide a comprehensive
study that examines how preprocessing tech-
niques affect the vocabulary size, model per-
formance, and model run-time, evaluating ten
techniques over four models and two datasets.
We show that some individual methods can re-
duce run-time with no loss of accuracy, while
some combinations of methods can trade 2-
5% of the accuracy for up to a 65% reduction
of run-time. Furthermore, some combinations
of preprocessing techniques can even provide
a 15% reduction in run-time while simultane-
ously improving model accuracy.'

1 Introduction

With the increasing amount of text data available,
text analysis has become a significant part of ma-
chine learning (ML). Many problems in text analy-
sis use ML methods to perform their task, ranging
from classical problems like text classification and
topic modeling, to more complex tasks like ques-
tion answering. Although neural networks have
become increasingly common in the research field,
many industry NLP problems can be well served
by less complex but more efficient and explainable
models, such as Support Vector Machines (SVMs)
or K-Nearest Neighbors (K-NN).
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We focus on the text classification problem,
where the dominant approach to using these non-
neural models is to first calculate the number of
unique terms in the dataset (the vocabulary, size
V) and encode each instance of the dataset into
a bag-of-words (BoW) representation (Joachims,
1998; Zhang et al., 2010). This results in a
high-dimensional vector of size V' that indicates
whether each given word of the vocabulary was
used in this instance.

However, the vanilla approach to the BoW
representation can lead to sub-par performance,
as shown by numerous studies that have exam-
ined how preprocessing techniques affect the Bow
w.r.t. performance and vocabulary size. These
studies have examined this representation in fields
such as information retrieval (Chaudhari et al.,
2015; Patil and Atique, 2013; Beil et al., 2002;
Senuma, 2011), text classification (Yang and Ped-
ersen, 1997; Caragea et al., 2012; Uysal and Gu-
nal, 2014; Vijayarani et al., 2015; Kumar and Har-
ish, 2018; HaCohen-Kerner et al., 2020; Symeoni-
dis et al., 2018) and topic modeling (Schofield and
Mimno, 2016; Blei et al., 2003). They suggest
a myriad of preprocessing techniques that could
improve performance, ranging from choosing fea-
tures that have high mutual information, low fre-
quency, or simply remove punctuation.

Another related problem of the BoW represen-
tation is that this sparse high-dimensional vector
does not scale well to datasets with large vocab-
ularies. As preprocessing techniques help con-
tribute to a reduced vocabulary, they should also
help alleviate this scaling problem, at least accord-
ing to folklore. However, to the best of our knowl-
edge, no previous study of preprocessing tech-
niques have examined how they contribute to re-
duced run-time costs, leading to uncertainty about
what these techniques do to mitigate the computa-
tional complexity in practice.

To remedy this, we analyze how these prepro-
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Figure 1: Comparing vocabulary size (in millions) vs
the total number of words (in 10s of millions) for the
AP News and Amazon corpora. Note that the vocabu-
lary size of AP News w.r.t. the number of documents
plateaus much faster than the noisier Amazon corpus.

cessing methods affect not only vocabulary size
and performance, but also how they affect train-
ing and inference time. To do this, we contribute
a comprehensive analysis of 10 different prepro-
cessing methods applied to four machine learn-
ing models, evaluated on two datasets with widely
varying vocabularies (Figure 1).

Our results show that the individual preprocess-
ing methods provide widely different effects on
run-time, with some methods (i.e. rare word fil-
tering and stopword removal) providing signifi-
cant run-time reductions without losing any per-
formance. We also show that some combinations
of preprocessing methods both improve perfor-
mance and reduce run-time.

2 Experimental Setup

Datasets To see how preprocessing affects run-
time, we examine two datasets (in English): the
Amazon (He and McAuley, 2016)> and AP News
corpora (Maclntyre, 1998). These datasets were
chosen because of the wide disparity between their
vocabularies. The Amazon corpus comes from
user product reviews and contains a much higher
vocabulary relative to the number of documents,
due to its noisy text. The AP News corpus contains
professionally-edited news articles and its vocab-
ulary plateaus much faster than the Amazon cor-
pus (Figure 1). We perform sentiment analysis on
Amazon and year classification on AP News and
report scores with the accuracy metric. We note

http://jmcauley.ucsd.edu/data/amazon/

that we also computed the F1 score alongside ac-
curacy and found our results to be similar; thus we
report accuracy since it is easier to understand.

To test the effect of document size on prepro-
cessing, we sampled various-sized® datasets from
the original corpus and ran our analysis on each,
sampling 5 different times with differing random
seeds.* However, we found that our results were
nearly identical across the differing corpus sizes
and thus, only report numbers for the 100k size.

Preprocessing Methods We analyze 10 differ-
ent methods (with their shortened names in paren-
thesis): lowercasing (lower), rare word filter-
ing (rare), hashing (hash), punctuation removal
(nopunct), stopword removal (stop), number re-
moval (nrem), word stemming (stem), lemmati-
zation (lemma), spelling correction (spell), and
word segmentation (seg). We choose these meth-
ods because of their prevalence in previous work
(Symeonidis et al., 2018; Kumar and Harish, 2018;
HaCohen-Kerner et al., 2020) and their use in in-
dustry (Li et al., 2013; Sanchez-Pi et al., 2014).

Due to the exponential number of possible pre-
processing combinations, we run all individual
methods but restrict the search space of combi-
nations of these methods. For rare word filter-
ing and word hashing, we first conduct experi-
ments for 9 different levels of filtering individu-
ally, using only the best level in future combina-
tions with other methods. Results for all levels
of filtering and hashing are in Appendices A and
B. We then conduct experiments for all 24 combi-
nations of spelling correction, word segmentation,
number removal, and stopword removal, using the
best outcome (the pipeline of all four) to combine
with other methods. We note that while this is not
an exhaustive search of all combinations, our anal-
ysis includes the standard preprocessing pipelines
as well as many more.

Models We use Scikit-Learn (Pedregosa et al.,
2011) for three of the base algorithms, includ-
ing K-NN (Altman, 1992), Naive Bayes (Rish
et al,, 2001), and the Support Vector Machine
(SVM, (Suykens and Vandewalle, 1999)). We also
employ Vowpal Wabbit (Langford et al., 2007;
Karampatziakis and Langford, 2010), due to its
strong performance and frequent use in industry.

’5k, 10k, 20k, 30k, 40k, 50k, and 100k instances

* Although the Amazon corpus contains many more doc-
uments, we keep our sampling consistent with the AP News
corpus, as AP News has only 600k instances.
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Group \ Method Vocab Size ||  Train Time | Test Time |  Accuracy 1
stop 99.8+£0.2 695+ 1.4 79.0+3.5 974+22
rare 1.0+ 0.0 80.6+3.0 703 +3.2 99.3+2.38
seg 24.6+0.2 93.7+24 80.3+2.5 100.6+1.6
spell 57.8+0.2 95.1+2.6 89.7+£2.6 99.4+23

Individual Methods hash 10.1 £0.0 97.1£4.0 75.7+4.0 99.2 +1.1
nopunct 61.9+0.2 97.5+22 89.5+20 100.7+1.6
stem 81.7+04 97.8+2.0 95.0+2.6 99.8+ 1.0
lower 88.7+0.3 101.7+75 100.1 £6.6 99.1+3.0
nrem 96.2 £0.7 101.7+4.0 100.7+5.3 99.7+1.2
lemma 98.1£0.5 1022+53 101551 100.3=+1.1
spell+seg+nrem+stop+rare 0.8+0.0 44.6 1.0 56.8+1.1 95420
stop+rare 0900 46.5+3.5 445+2.0 99.8 £0.8

Lowest Train/Test Time | spell+seg+nrem+stop+hash 7.6+0.0 53.9+20 39.6+1.4 97.7+2.6
spell+seg+nrem+stop 14.1+£0.0 542 +1.6 509+£23 97.6 +2.2
spell+seg+nrem+stop+lemma 11.9+0.0 55.1+£0.9 50.1+£1.7 97.6+1.3
nopunct+rare 0.9+00 82.6+1.9 702+1.7 101.0+1.8
lower+nopunct+nrem-+rare 0.9+0.0 87.1+£5.5 88.8+5.1 101.1+£0.3

Highest Accuracy lower+nopunct+rare 0.9+00 86.1 £2.7 86.7+22 101.3+0.6
seg+rare 0.9+00 86.3+5.8 733+39 1014+15
spell+seg+rare 0.9+0.0 89.6 +5.6 884+53 101.8+0.5

Table 1: Effect of preprocessing techniques on Amazon. Scores are the relative performance of each method over
the no preprocessing baseline (e.g. stopword removal takes only 69.5% of the baseline’s training time). Results
are the average (and std) relative performance of the four models, across the five dataset seeds. Bold indicates
statistical similarity to the best score, from a two-sample t-test with o = 0.05. For brevity, this table only includes
individual methods and those with the highest accuracy or lowest train/test time. All results are in Appendix C.

All models use default hyperparameters and our
document representations use the BoW represen-
tation, consisting of a sparse vector format. These
four models provide a wide range of algorithms
that might be used, allowing us to show how pre-
processing methods generalize across models.

Compute All experiments were performed us-
ing 14-core Intel Broadwell processors running at
2.4GHz with 128GB of DDR4 2400 MT/s RAM.

3 Results

We format our results relative to the algorithm
with no preprocessing, to easily show how pre-
processing changes this baseline performance. We
first run each algorithm with no preprocessing,
measuring the run-time, vocabulary size, and ac-
curacy. We then report the scores of each prepro-
cessing pipeline relative to the algorithm’s base-
line (e.g. a model with preprocessing that scores
75% of the no-preprocessing baseline’s accuracy
has a relative accuracy of 0.75).

As the cross product of the number of meth-
ods vs. the number of models is still far too large
to include in this paper, we show the average of
each model’s relative proportion to its respective
baseline performance.’ This aggregation shows us

SWe first compute each algorithm’s relative score to its

the average relative performance across the four
models, helping us generalize our results to be
model-independent. For full tables detailing spe-
cific model results, see Appendix C. Bold scores
in tables indicate statistical similarity to the best
score in the column (two-sample t-test, « = 0.05).

Individual Techniques We see results for the
Amazon corpus in Table 1 and for the AP News
corpus in Table 2. On Amazon, each individual
preprocessing method performs statistically sim-
ilar to the baseline’s accuracy, while three algo-
rithms (stopword removal, rare word filtering, and
word segmentation) also provide a moderate de-
crease (20-30%) in train and test time. Rare word
filtering and stopword removal are effective across
both corpora (with rare word filtering being even
more effective on AP News, reducing the training
time in half), while the other methods do not sig-
nificantly impact either train-time or accuracy on
AP News. We hypothesize that these techniques
are more effective on the AP corpus because of its
much smaller (and less varied) vocabulary.

baseline (e.g. SVM with rare word filtering vs SVM with no
preprocessing) and then take the average of the models for
that method (e.g. average the relative performance of rare
word filtering on models {K-NN, Naive Bayes, SVM, and
Vowpal Wabbit} for the final score for rare word filtering).
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Group \ Method Vocab Size |  Train Time | Test Time] Accuracy T
rare 0.1+0.0 514+12 59.1+22 99.8 £2.0
stop 99.5+0.3 82.5+29 86.4+2.0 99.0+14
hash 32.8+0.0 98.5+4.7 84.7+4.0 99.5+1.7
spell 65.6+0.2 98.6 +4.7 952+74 99.7 £ 0.9

Individual Methods lower 92.3+0.3 989+1.9 97.6 £3.5 99.8 £ 1.6
stem 82.7+04 99.1+5.2 952+4.0 100.1+1.4
seg 475+0.2 99.5+2.4 885+£29 1003+1.3
nrem 89.8+04 99.8 +3.9 98.5+5.0 99.2+ 1.1
nopunct 65.6+0.2 99.9+4.6 929+4.9 99.6 + 1.4
lemma 97.4+0.3 100.5+£1.2 98.6+ 1.6 99.6 + 1.7
spell+seg+nrem+stop-+rare 0.1+0.0 29.2+0.5 49.0 £ 0.8 99.3+1.7
spell+nopunct+nrem+stop 39.9+0.1 71.0£ 1.8 69.4+1.8 100.1+1.0

Lowest Train/Test Time | spell+nopunct+nrem+stop+lemma 36.2+0.1 713+13 684 +14 99.1+1.6
spell+seg+nrem-+stop 293 +0.0 72.1£1.8 654+32 100.1+14
spell+nopunct+nrem+stop+stem 29.6 £0.1 72.4+£1.2 68.2+1.8 98.7 1.8
spell+seg+nrem+stop+stem 19.3£0.1 742 +23 66.9 £ 1.5 99.7+ 1.6
spell+nopunct+nrem+stop 39.9+0.1 71.0 £ 1.8 694+18 1001+1.0

Highest Accuracy spell+seg+nrem+stop 29.3+0.0 721 +1.8 654+32 100114
spell+seg+nrem+stop+hash 19.8£0.0 73127 66.6 34 1002+15
lower+nopunct+nrem-+stop+stem 394+04 755+24 72.7+£3.0 100.3+1.0

Table 2: Effect of preprocessing techniques on AP News. Scores are the relative performance of each method over
the no preprocessing baseline (e.g. stopword removal takes only 82.5% of the baseline’s training time). Results
are the average (and std) relative performance of the four models, across the five dataset seeds. Bold indicates
statistical similarity to the best score, from a two-sample t-test with o = 0.05. For brevity, this table only includes
individual methods and those with the highest accuracy or lowest train/test time. All results are in Appendix C.

Combination Techniques The combination
techniques also show a mild impact on accuracy,
with most methods on both corpora performing
statistically similar to the baseline. On the Ama-
zon corpus, a handful of methods trade 2-5% of
accuracy for up to a 65% reduction in training and
testing time (“Lowest Train/Test Time” section
in Table 1). Those that do not reduce accuracy
(such as stop+rare) can still reduce the training
and testing time by up to 55%. We see in the
“Highest Accuracy” section that some methods
(i.e. spell+seg+rare, etc.) can even improve
performance by almost 2% while also reducing
run-time by 10-15%. Similarly, when we examine
the results on AP News we can find combinations
with reduced run-time (up to 70% and 50%
reductions in train and test time respectively) with
no accuracy loss (but also no gains).

Correlations In order to show the correlation
between run-time and the other variables, we show
a heatmap of these correlations in Figure 2. Most
of these variables are highly correlated with each
other, as expected (training time is highly corre-
lated with testing time, etc.). However, although
testing time is highly correlated with vocabulary
size (0.8 correlation), training time is not highly
correlated (0.17), We hypothesize that a low vo-

cabulary directly leads to faster inference, while
which words are removed from the vocabulary has
a bigger role in how quickly the algorithm con-
verges during training. This hypothesis is also
supported by the low correlation between vocab-
ulary size and accuracy, indicating that what is in
the vocabulary is more important than its size.

-10

- 0.8

test time train time

vocab

accuracy

test time vocab

train time

accuracy

Figure 2: Pearson correlation between the relative per-
formance variables (train time, test time, accuracy, and
vocabulary size) from the results of the different pre-
processing methods.
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4 Related Work

These experiments relate to a large body of work
that considers how preprocessing methods af-
fect the downstream accuracy of various algo-
rithms, ranging from topics in information re-
trieval (Chaudhari et al., 2015; Patil and Atique,
2013; Beil et al., 2002), text classification and
regression (Forman, 2003; Yang and Pedersen,
1997; Vijayarani et al., 2015; Kumar and Harish,
2018; HaCohen-Kerner et al., 2020; Symeonidis
et al., 2018; Weller et al., 2020), topic modeling
(Blei et al., 2003; Lund et al., 2019; Schofield and
Mimno, 2016; Schofield et al., 2017a,b), and even
more complex tasks like question answering (Ji-
jkoun et al., 2003; Carvalho et al., 2007) and ma-
chine translation (Habash, 2007; Habash and Sa-
dat, 2006; Leusch et al., 2005; Weller et al., 2021;
Mehta et al., 2020) to name a few. With the rise of
noisy social media, text preprocessing has become
important for tasks that use data from sources like
Twitter and Reddit (Symeonidis et al., 2018; Singh
and Kumari, 2016; Bao et al., 2014; Jiangiang,
2015; Weller and Seppi, 2020; Zirikly et al., 2019;
Babanejad et al., 2020).

The closest lines of work to ours are those that
examine how preprocessing affects text classifica-
tion accuracy, where recent works like Symeoni-
dis et al. (2018) and HaCohen-Kerner et al. (2020)
analyze and cross-compare up to 16 different tech-
niques for four machine learning algorithms. In
contrast, our work is the first to examine these pre-
processing techniques beyond accuracy, examin-
ing them in tandem with how they affect vocabu-
lary size and run-time.

5 Conclusion

In this work we conduct the first study that ex-
amines the relationship between vocabulary size,
run-time, and accuracy across different models
and corpora for text classification. In general, we
find that although vocabulary size is highly corre-
lated with testing time, it is not highly correlated
with training time or accuracy. In these cases, the
specifics of the preprocessing algorithm (the con-
tent of what it removes) matter more.

Our experiments show that rare word filtering
and stopword removal are superior to many other
common preprocessing methods, both in terms of
their ability to reduce run-time and their potential
to increase accuracy. By using these methods, we
show that it is possible to reduce training and test-

ing time by up to 65% with a loss of only 2-5%
of accuracy, or in some cases, to provide accu-
racy and run-time improvements simultaneously.
We hope that this study can help both researchers
and industry practitioners as they design machine
learning pipelines to reach their end-goals.

References

Naomi S Altman. 1992. An introduction to kernel
and nearest-neighbor nonparametric regression. The
American Statistician, 46(3):175-185.

Nastaran Babanejad, Ameeta Agrawal, Aijun An, and
Manos Papagelis. 2020. A comprehensive analysis
of preprocessing for word representation learning in
affective tasks. In Proceedings of the 58th Annual
Meeting of the Association for Computational Lin-
guistics, pages 5799-5810.

Yanwei Bao, Changqin Quan, Lijuan Wang, and Fuji
Ren. 2014. The role of pre-processing in twitter
sentiment analysis. Intelligent Computing Method-
ologies Lecture Notes in Computer Science, page
615-624.

Florian Beil, Martin Ester, and Xiaowei Xu. 2002. Fre-
quent term-based text clustering. In Proceedings of
the Eighth ACM SIGKDD International Conference
on Knowledge Discovery and Data Mining, pages
436-442. Association for Computing Machinery.

David M Blei, Andrew Y Ng, and Michael I Jordan.
2003. Latent Dirichlet allocation. Journal of Ma-
chine Learning Research, 3(Jan):993-1022.

Cornelia Caragea, Adrian Silvescu, and Prasenjit Mi-
tra. 2012. Combining hashing and abstraction in
sparse high dimensional feature spaces. In Associ-
ation for the Advancement of Artificial Intelligence.

Gracinda Carvalho, David Martins de Matos, and Vi-
tor Rocio. 2007. Document retrieval for question
answering: a quantitative evaluation of text prepro-
cessing. In Proceedings of the ACM first Ph. D.
workshop in CIKM, pages 125-130.

Anagha Chaudhari, Pravin M Phadatare, Pranil S Ku-
dale, Raviraj B Mohite, Rohan P Petare, Yogesh P
Jagdale, and Amitabh Mudiraj. 2015. Preprocess-
ing of high dimensional dataset for developing ex-
pert ir system. In 2015 International Conference
on Computing Communication Control and Automa-

tion, pages 417-421. IEEE.

George Forman. 2003. An extensive empirical study
of feature selection metrics for text classification.
Journal of Machine Learning Research, 3.

Nizar Habash. 2007. Syntactic preprocessing for sta-
tistical machine translation. MT Summit XI, pages
215-222.

3073


https://doi.org/10.1007/978-3-319-09339-0_62
https://doi.org/10.1007/978-3-319-09339-0_62

Nizar Habash and Fatiha Sadat. 2006. Arabic prepro-
cessing schemes for statistical machine translation.
In Proceedings of the Human Language Technol-
ogy Conference of the NAACL, Companion Volume:
Short Papers, pages 49-52.

Yaakov HaCohen-Kerner, Daniel Miller, and Yair Yi-
gal. 2020. The influence of preprocessing on text
classification using a bag-of-words representation.
PloS one, 15(5):0232525.

Ruining He and Julian McAuley. 2016. Ups and
downs: Modeling the visual evolution of fashion
trends with one-class collaborative filtering. In
Proceedings of the 25th International Conference
on World Wide Web, pages 507-517. International
World Wide Web Conferences Steering Committee.

Zhao Jiangiang. 2015. Pre-processing boosting twit-
ter sentiment analysis? 2015 IEEE International
Conference on Smart City/SocialCom/SustainCom
(SmartCity).

Valentin Jijkoun, Gilad Mishne, Maarten de Rijke,
et al. 2003.  Preprocessing documents to an-
swer dutch questions. In Proceedings of the 15th
Belgian-Dutch Conference on Artificial Intelligence
(BNAIC’03), volume 434. Citeseer.

Thorsten Joachims. 1998. Text categorization with
support vector machines: Learning with many rel-
evant features. In European conference on machine
learning, pages 137-142. Springer.

Nikos Karampatziakis and John Langford. 2010. On-
line Importance Weight Aware Updates. arXiv e-
prints, page arXiv:1011.1576.

HM Keerthi Kumar and BS Harish. 2018. Classifica-
tion of short text using various preprocessing tech-
niques: An empirical evaluation. In Recent Findings
in Intelligent Computing Techniques, pages 19-30.
Springer.

John Langford, Lihong Li, and Alex Strehl. 2007.
Vowpal wabbit online learning project.

Gregor Leusch, Nicola Ueffing, David Vilar, and Her-
mann Ney. 2005. Preprocessing and normalization
for automatic evaluation of machine translation. In
Proceedings of the ACL Workshop on Intrinsic and
Extrinsic Evaluation Measures for Machine Trans-
lation and/or Summarization, pages 17-24.

Huiying Li, Qiang Ye, and Rob Law. 2013. Determi-
nants of customer satisfaction in the hotel industry:
An application of online review analysis. Asia Pa-
cific Journal of Tourism Research, 18(7):784—802.

J. Lund, Piper Armstrong, Wilson Fearn, Stephen Cow-
ley, Emily Hales, and K. Seppi. 2019. Cross-
referencing using fine-grained topic modeling. In
NAACL-HLT.

Robert MacIntyre. 1998. North american news text
supplement. LDC98T30, Linguistic Data Consor-
tium.

Sneha Mehta, Bahareh Azarnoush, Boris Chen,
Avneesh Saluja, Vinith Misra, Ballav Bihani, and
Ritwik Kumar. 2020. Simplify-then-translate: Au-
tomatic preprocessing for black-box machine trans-
lation. arXiv preprint arXiv:2005.11197.

Leena H Patil and Mohammed Atique. 2013. A novel
approach for feature selection method tf-idf in docu-
ment clustering. In 2013 3rd IEEE International Ad-
vance Computing Conference (IACC), pages 858—
862. Institute of Electrical and Electronics Engi-
neers.

F. Pedregosa, G. Varoquaux, A. Gramfort, V. Michel,
B. Thirion, O. Grisel, M. Blondel, P. Pretten-
hofer, R. Weiss, V. Dubourg, J. Vanderplas, A. Pas-
sos, D. Cournapeau, M. Brucher, M. Perrot, and
E. Duchesnay. 2011. Scikit-learn: Machine learning
in Python. Journal of Machine Learning Research,
12:2825-2830.

Irina Rish et al. 2001. An empirical study of the naive
bayes classifier. In IJCAI 2001 workshop on em-
pirical methods in artificial intelligence, volume 3,
pages 41-46.

Nayat  Sanchez-Pi, Luis Marti, and Ana
Cristina Bicharra Garcia. 2014.  Text classifi-
cation techniques in oil industry applications. In
International Joint Conference SOCO’13-CISIS’ 13-
ICEUTE’ 13, pages 211-220. Springer.

Alexandra Schofield, Méns Magnusson, and D Mimno.
2017a. Understanding text pre-processing for la-
tent dirichlet allocation. In Proceedings of the 15th
conference of the European Chapter of the Associa-
tion for Computational Linguistics, volume 2, pages
432-436.

Alexandra Schofield, Mans Magnusson, and David
Mimno. 2017b. Pulling out the stops: Rethinking
stopword removal for topic models. Proceedings of
the 15th Conference of the European Chapter of the
Association for Computational Linguistics: Volume
2, Short Papers.

Alexandra Schofield and David Mimno. 2016. Com-
paring apples to apple: The effects of stemmers on
topic models. Transactions of the Association for
Computational Linguistics, 4:287-300.

Hajime Senuma. 2011. K-means clustering with fea-
ture hashing. Proceedings of the ACL-HLT, page
122-126.

Tajinder Singh and Madhu Kumari. 2016. Role of text
pre-processing in twitter sentiment analysis. Proce-
dia Computer Science, 89:549-554.

Johan AK Suykens and Joos Vandewalle. 1999. Least
squares support vector machine classifiers. Neural
processing letters, 9(3):293-300.

3074


https://doi.org/10.1109/smartcity.2015.158
https://doi.org/10.1109/smartcity.2015.158
http://arxiv.org/abs/1011.1576
http://arxiv.org/abs/1011.1576
https://doi.org/10.18653/v1/e17-2069
https://doi.org/10.18653/v1/e17-2069
http://www.aclweb.org/anthology/P11-3022
http://www.aclweb.org/anthology/P11-3022
https://doi.org/10.1016/j.procs.2016.06.095
https://doi.org/10.1016/j.procs.2016.06.095

Symeon Symeonidis, Dimitrios Effrosynidis, and Avi
Arampatzis. 2018. A comparative evaluation of pre-
processing techniques and their interactions for twit-
ter sentiment analysis. Expert Systems with Applica-
tions, 110:298-310.

Alper Kursat Uysal and Serkan Gunal. 2014. The im-
pact of preprocessing on text classification. Infor-
mation Processing & Management, 50(1):104—112.

S Vijayarani, Ms J [lamathi, and Ms Nithya. 2015. Pre-
processing techniques for text mining-an overview.
International Journal of Computer Science & Com-
munication Networks, 5(1):7-16.

Orion Weller, J. Hildebrandt, I. Reznik, Christopher
Challis, E. S. Tass, Q. Snell, and K. Seppi. 2020.
You don’t have time to read this: An exploration of
document reading time prediction. In ACL.

Orion Weller and K. Seppi. 2020. The rjokes dataset: a
large scale humor collection. In LREC.

Orion Weller, Matthias Sperber, Christian Gollan, and
Joris Kluivers. 2021. Streaming models for joint
speech recognition and translation. arXiv preprint
arXiv:2101.09149.

Yiming Yang and J. Pedersen. 1997. A comparative
study on feature selection in text categorization. In
ICML.

Yin Zhang, Rong Jin, and Z. Zhou. 2010. Understand-
ing bag-of-words model: a statistical framework.
International Journal of Machine Learning and Cy-
bernetics, 1:43-52.

Ayah Zirikly, Philip Resnik, Ozlem Uzuner, and Kristy
Hollingshead. 2019. Clpsych 2019 shared task: Pre-
dicting the degree of suicide risk in reddit posts. In
Proceedings of the sixth workshop on computational
linguistics and clinical psychology, pages 24-33.

A Rare Word Filtering

Tables 3 and 4 show the results of rare word filter-
ing on the Amazon and AP News datasets. We
filtered at levels corresponding to the geometric
progression of values from 1 to half the size of
the corpus (we refer to these as levels 1 to 9, with
higher numbers being more filtered).

We find that rare word filtering at higher levels
provides increased vocabulary and run-time reduc-
tions, while also reducing accuracy, in general.

B Word Hashing

Tables 5 and 6 show the effect of different lev-
els of word hashing on model accuracy (where
“Size” indicates the number of hash buckets used).
We find that word hashing with small numbers of
buckets reduces vocabulary and run-time, while
also decreasing accuracy in general.

C Full Tables for Method Combinations

In Tables 7 and 8 we show the complete table for
preprocessing method combinations on Amazon
and AP News respectively.

In Tables 9, 10, 11, and 12, we show the com-
plete results for individuals models (K-NN, Naive
Bayes, Vowpal Wabbit, and SVM respectively).
All results are similar to the main conclusions
found in the body of the paper. However, Naive
Bayes in particular shows strong accuracy gains
and run-time reductions for preprocessing meth-
ods, in comparison to other models.
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Vocab Size  Train Time Test Time Accuracy

0.0+0.0 402+ 1.4 51.8+2.0 92.8£0.7
02+00 64.6 £2.5 64.0+2.8 969 +1.1
1.0£0.0 80.6 £3.0 70.3+£3.2 99.3+2.38
44+0.0 87.4+2.7 724+27 1003+1.38
16.4 +0.0 924+3.6 76.2 £3.8 99.7+2.4
414+0.1 948+19 832+24 100.0+2.1
63.3+0.1 98.1+£3.2 90.8 £3.1 99.7+ 1.8
100+£0.2 100.8+2.5 100.1+2.0 100.0+1.1
775+£02 101.4+52 97.1+59 100319

N = WAk WUV IO | H

Table 3: Rare word filtering on the Amazon dataset, across various levels. Scores are the relative performance of
each method over the no preprocessing baseline. Results are the average (and std) relative performance of the four
models, across the five dataset seeds. Bold indicates statistical similarity to the best score, from a two-sample t-test
with o = 0.05.

Vocab Size  Train Time  Test Time Accuracy

0.0+£00 339+12 61.1+£30 99312
0.1+00 514+12 59122 99.8+2.0
1.1£00 69.6+x20 68.0+£20 100.0+1.5
72+0.0 83.8+3.7 76.6+5.7 99.5+0.7
31.8+£0.0 94.0+48 83.0+37 994 +14
76.9 £ 0.1 98.2+34 96.0+5.5 99.7+1.3
100.0+0.3 99.4+33 982+27 99.8+1.3
99.7+0.2 1003+43 99.2+39 99.6 + 1.1
96.2+0.2 100.6+43 98724 100.0+0.9

W=~ WU J00 0| FH

Table 4: Rare word filtering on the AP News dataset, across various levels. This table is formatted the same as
Table 3 (see the caption there for more information).

Size Vocab Size  Train Time  Test Time  Accuracy

500 0.1+00 92.7+3.7 769+31 91.7+17
60000 15.1+£0.0 96.1+15 76724 993+1.0
10000 25+00 96.2+1.6 732+22 979+13
1000 03+00 96.2+4.1 765+35 93516
40000 10.1 £0.0 97.1+40 757+40 99.2+1.1
4000 1.0+0.0 973+1.1 750+x1.0 96.7+1.6
20000 5.0£00 97.6+35 746+3.1 987+12
8000 20£00 982+68 745+48 979=+1.1
2000 05+00 992437 T772+26 951+1.6
6000 1.5+0.0 100.6+6.0 76.7+49 97115

Table 5: Word Hashing on the Amazon dataset, across various levels. Scores are the relative performance of each
method over the no preprocessing baseline. Results are the average (and std) relative performance of the four
models, across the five dataset seeds. Bold indicates statistical similarity to the best score, from a two-sample t-test
with o = 0.05.

Size Vocab Size  Train Time  Test Time  Accuracy
500 04+£00 935+25 8l14+18 99.5+13
1000 0900 947+27 799+26 99.8+1.0
4000 35£00 948+28 775+20 994+12

10000 87+00 954=+31 789+39 989=+18
6000 52+00 95.6+29 785+18 99.0+09
2000 1.7+0.0 962+48 799+40 989+1.2
20000 17.3+0.0 96.6+3.4 81.2+x24 991+14
8000 70+00 968+50 803+47 99.0+1.38
40000 32.8+0.0 985+47 847+40 995+1.7
60000 445+0.1 99.0+53 885+63 991+13

Table 6: Word Hashing on the AP News dataset, across various levels. This table is formatted the same as Table 5
(see the caption there for more information).
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Method Vocab Size Train Time  Test Time Accuracy

spell+seg+nrem-+stop+rare 08+£00 44610 568+1.1 954+20
stop+rare 09+00 465+35 44520 99.8+0.8
spell+seg+nrem+stop+hash 7.6£00 539+£20 39614 97.7+£26
spell+seg+nrem+stop 14100 542+16 509+£23 97.6+2.2
spell+seg+nrem+stop+lemma 119+£00 55109 50117 976%1.3
seg+nrem-+stop+lemma 185+0.1 55123 543+43 96337
spell+nopunct+nrem+stop+lemma 319£02 55315 56718 969+12
spell+nopunct+nrem-+stop 341+£02 558+1.6 564+21 978%1.6
seg+nrem-+stop 21.0+0.1 559+£13 52516 97514
lower+nopunct+nrem+stop+lemma  47.0+£0.3 56.0+£22 61.2+1.8 96.0+1.7
lower+nopunct+nrem-+stop 484+03 565+13 594+£18 96023
seg-+nrem-+stop-+stem 140+£0.1 585+15 568+18 979+0.7
spell+seg+nrem+stop+stem 8500 587+£16 548+£23 97814

lower+nopunct+nrem-+stop+stem 393+02 59.0x1.6 632+29 962+24
spell+nopunct+nrem+stop-+stem 27.7+£0.1 59.1+26 614+£40 975%1.3

stop 99.8+0.2 695+14 79.0+£35 974+22
lower+rare 1.0£0.0 805+20 69.6+£1.7 99.8+3.1
rare 1.0+£00 80.6+£3.0 703+32 993+28
spell+rare 09+£00 80.7+£22 709+£26 99.7+1.38
stem-+rare 09+0.0 814+22 699+17 994+1.6
nrem-+rare 1.0£0.0 82056 70.1+£32 99.6x1.2
nopunct+rare 09+£00 82619 70217 101.0+1.8
lemma-+rare 1.0£0.0 82765 69618 100.1+1.5
lower+nopunct+rare 09+00 86.1+£27 86.7+x22 101.3+0.6
seg+rare 09+£00 863+£58 733+39 1014+1.5
lower+nopunct+nrem-rare 09+00 87.1+£55 88.8+5.1 101.1+0.3
spell+seg+rare 09+00 89.6+56 884+53 101.8+0.5
seg 246+02 937+£24 803+25 100.6+1.6
spell 57802 95126 89.7+£2.6 994+23
hash 10.1£0.0 97.1+£40 757+£40 992+1.1
nopunct 61.9+02 975+£22 89.5+20 100.7+1.6
stem 81.7+04 97.8+£2.0 950+26 99.8+1.0
lower 88.7+£03 101.7+7.5 100.1+6.6 99.1+3.0
nrem 96.2+0.7 101.7+£4.0 100.7+£53 99.7+1.2
lemma 98.1+£0.5 1022+£53 101.5+5.1 1003 +1.1

Table 7: Full results of preprocessing methods on Amazon. Scores are the relative performance of each method
over the no preprocessing baseline. Results are the average (and std) relative performance of the four models,
across the five dataset seeds. Bold indicates statistical similarity to the best score, from a two-sample t-test with
a = 0.05.
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Method Vocab Size Train Time Test Time Accuracy
spell+seg+nrem-+stop-+rare 01+£00 292+05 49.0+08 993+1.7
rare 0.1+00 514+£12 59.1+£22 99.8+20
spell+nopunct+nrem+stop 399+0.1 71.0+18 694+18 100.1+1.0
spell+nopunct+nrem+stop+lemma 362+0.1 713+13 684+£14 991+16
spell+seg+nrem-+stop 293+00 721+18 654+£32 100114
spell+nopunct+nrem+stop+stem 29.6+£0.1 724+£12 682+18 98.7+1.8
spell+seg+nrem+stop+hash 198+0.0 73.1+27 66.6+£34 1002+1.5
spell+seg+nrem+stop+lemma 254+£01 73.6%x19 67617 994+15
lower+nopunct+nrem-+stop+lemma  49.1+0.1 73.7+1.3 728+20 984+14
seg+nrem-+stop 40.7+02 741+£34 73.1+£33 995+13
spell+seg+nrem+stop+stem 193+0.1 742+23 66915 99.7+1.6
lower+nopunct+nrem-+stop 514+£02 742+£35 740+44 99.6+13
seg+nrem-+stop+lemma 364+0.1 752+21 68.1+£35 991+12
lower+nopunct+nrem+stop+stem 394+04 755+£24 727+3.0 1003+1.0
seg+nrem-+stop+stem 293+0.1 769+21 639+15 994+1.7
stop 99503 825%+29 86420 99.0+14
hash 328+0.0 985+47 84740 995+1.7
spell 65.6+£02 98.6+47 952+£74 99.7+09
lower 923+03 989+19 976+35 998+1.6
stem 82.7+04 99.1+£52 952+40 100114
seg 47502 995+24 885+29 1003+1.3
nrem 89.8+04 99.8+39 98550 99.2%1.1
nopunct 65.6+02 999+46 929+49 99614
lemma 974+£03 1005+12 98.6+x1.6 99.6+1.7

Table 8: Full results of preprocessing methods on AP News. Scores are the relative performance of each method
over the no preprocessing baseline. Results shown are the average (and std) relative performance of the four
models, across the five dataset seeds. Bold indicates statistical similarity to the best score, from a two-sample t-test
with a = 0.05.
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Method Vocab Size Train Time  Test Time Accuracy
spell+seg+nrem+stop+rare 08+£00 47.0+£08 46710 923+33
seg+nrem-+stop+lemma 185+£0.1 56.7+£09 522+1.6 89.3+12.1
lower+nopunct+nrem+stop+lemma  47.0+£0.3 56.8+1.2 509+1.0 909+4.2
spell+seg+nrem-+stop 141+£00 570+£09 482+15 922+6.8
spell+seg+nrem-+stop+lemma 119+£00 572+£11 53809 928%27
spell+seg+nrem+stop+hash 7.6£00 572+14 483+£08 92.1+£63
spell+nopunct+nrem+stop+lemma 319£02 57514 529%x1.1 920+22
seg-+nrem-+stop 21.0+£0.1 578+£0.7 477+12 947+25
spell+nopunct+nrem+stop 341+£02 582+1.6 484+08 955+33
lower+nopunct+nrem-+stop 484+03 588+18 47.6+x13 89.2+6.0
lower+nopunct+nrem+stop+stem 3903£02 596+x12 61.7+x42 88.0+58
spell+nopunct+nrem+stop+stem 277+0.1 605+22 628+43 95125
spell+seg+nrem+stop+stem 8500 614+20 624+£47 942+28
seg-+nrem-+stop+stem 140+£0.1 61.8+20 652+08 942+0.8
stop 99.8+02 693+18 528+36 934+6.6
rare 1.0£0.0 80515 964+05 955+£93
lower+rare 1.0£0.0 827+22 1006+24 93.6+8.8
spell+rare 09+£00 829+14 1042+6.1 94.0x42
lemma-+rare 1.0£0.0 832+32 993+18 974+£35
stem+rare 09+£00 84419 101.1+x22 958+3.1
nopunct+rare 09+0.0 85327 101.0£26 994+44
nrem-rare 1.0£0.0 91.1+x163 102.7£8.7 95.6+2.7
spell 578+02 959+27 103.8+33 964+5.7
seg+rare 09+00 967145 1125+9.7 100.6 3.5
seg 246+02 98.0+£35 105.0+x27 99.3+3.0
stem 81.7+x04 990+x1.6 102419 985+2.0
lower 88.7£03 994+29 1029+28 96.0+6.5
hash 10.1£00 99.7+13 100.7+19 994+1.2
lemma 98.1+0.5 101.2+25 101.9+£29 100.7+1.3
nopunct 619+02 101.6+£3.5 103.5+3.0 100.1+3.9
nrem 96.2+0.7 102.1+15 101.7+x24 99.7+1.8

Table 9: Effect of preprocessing techniques on Amazon with the K-NN model. Scores are the relative performance
of each method over the no preprocessing baseline. Results shown are the average (and std) relative performance
across the five dataset seeds. Bold indicates statistical similarity to the best score, from a two-sample t-test with
a = 0.05.
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Method Vocab Size Train Time Test Time Accuracy
stop+rare 09+£00 44754 58+02 1045+0.38
spell+seg+nrem+stop+hash 7600 49.7+14 123+0.0 103.5+0.8
spell+seg+nrem+stop 14100 502+1.0 187+06 1044+0.2
spell+seg+nrem+stop+lemma 119+£00 504+04 166+03 104.0+04
seg+nrem-+stop+lemma 185+0.1 52.0+x23 227406 103.7+0.5
spell+nopunct+nrem+stop+lemma 319+£0.2 52.1+0.7 348+03 103.1+£0.9
spell+nopunct+nrem+stop 341+£02 528+0.8 369+x04 1023+1.0
lower+nopunct+nrem+stop+lemma  47.0+£03 53.1+14 49.1+£0.8 101.7+14
seg+nrem-+stop 21.0£0.1 53116 253+£1.0 103.6+1.7
spell+seg+nrem+stop+stem 85+00 533+23 133+03 102.7+0.9
spell+nopunct+nrem+stop+stem 27701 542+05 31.1£04 101.1+x14
seg-+nrem-+stop-+stem 140+0.1 543+08 18.7+£0.3 102.9+0.7
lower+nopunct+nrem-+stop 48.4+03 545+07 502+£0.6 101.5+1.5
lower+nopunct+nrem+stop+stem 3903+0.2 556+12 419+04 101.5+1.3
rare 1.0£0.0 69.0+£08 65+0.1 100.6=+1.2
lower+rare 1.0£00 69915 64£00 1023=x1.9
stop 99.8+£0.2 699+12 992+12 101.1£0.7
nrem-+rare 1.0+£0.0 703+12 65+0.1 101.6+09
spell+rare 09+00 705+£09 64+0.1 101.5+0.9
stem-+rare 09+00 707+1.7 6402 1004+1.7
lemma-+rare 1.0+0.0 712+08 65+0.2 100.7+0.7
nopunct+rare 09+£00 732+1.6 65+£02 101.2+0.7
seg-+rare 09+0.0 733+£22 65+0.1 101.5+1.2
seg 246+02 872+1.6 29.1+£03 101.0+£0.7
hash 10100 90.1+x1.1 154+£02 993%1.5
spell 578+£0.2 904+1.7 599+£05 99.6+1.3
nopunct 619+02 948+24 64.1+£08 100.6+0.8
stem 81.7£04 960+1.0 827+£1.0 99.8+1.2
lower 88.7+03 97.7+£23 899+15 100409
lemma 98.1£05 995+1.1 984+£09 100.8+1.2
nrem 96.2+0.7 99.8+15 97.0+£1.6 99.6+1.2

Table 10: Effect of preprocessing techniques on Amazon with the Naive Bayes model. Scores are the relative
performance of each method over the no preprocessing baseline. Results shown are the average (and std) relative
performance across the five dataset seeds. Bold indicates statistical similarity to the best score, from a two-sample
t-test with a = 0.05.
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Method Vocab Size  Train Time Test Time Accuracy
spell+seg+nrem-+stop-+rare 0.8+0.0 42.1+1.5 46.6+14 970+£13
stop+rare 09+0.0 47.7+4.0 514+4.1 97509
lower+nopunct+nrem-+stop 48.4+0.3 533+1.6 56112 97.5+0.8
spell+seg+nrem-+stop 14.1+0.0 543+£32 572+33 97.9+£09
spell+nopunct+nrem+stop+lemma 31.9+0.2 54.4+23 579+27 973%1.2
seg+nrem-+stop+lemma 18.5+0.1 545+4.0 599+95 973+£12
lower+nopunct+nrem-+stop+lemma  47.0 £ 0.3 549+5.7 580+48 96.7+0.7
spell+nopunct+nrem+stop 34.1+£0.2 549 +£3.1 57.8+2.8 979+0.8
spell+seg+nrem+stop+hash 7.6 0.0 55.0+£3.0 583+34 975+£0.7
seg+nrem-+stop 21.0£0.1 554+£23 585+25 972+08
seg+nrem-+stop+stem 14.0£0.1 555+£1.8 57.8+20 98.1+0.6
spell+seg+nrem-+stop+stem 8.5+0.0 57.2+0.8 596+£09 98.1+09
lower+nopunct+nrem-+stop+stem 393+£0.2 572+3.1 599+32 984+14
spell+nopunct+nrem+stop+stem 27.7+0.1 589+5.9 619+46 98.1+0.5
stop 99.8 +0.2 66.9 + 1.5 69.2+24 979+0.7
nrem-+rare 1.0+ 0.0 785+3.5 79.1+£34 100.6 £0.6
spell+rare 0.9+0.0 79.1+£3.6 79.7+£2.8 101.7+1.1
lemma-rare 1.0+ 0.0 79.8+4.4 80.0x39 101.5+1.0
stem-+rare 0.9+0.0 799+33 80.2+3.0 100.8+0.8
lower+rare 1.0£0.0 80.2+2.8 80.5+2.3 101.7+0.7
nopunct+rare 0.9+0.0 80.5+2.2 80.7+2.1 101.8+1.2
lower+nopunct+rare 0.9+0.0 80.9 £ 3.6 81.7+3.5 1014+0.7
seg+rare 0.9+£0.0 82.9+4.38 83.4+5.1 101.8%0.5
rare 1.0+ 0.0 84.1+£9.0 84.9+83 100.6 +0.3
lower+nopunct+nrem-+rare 0.9+£0.0 84.4+9.5 85.7+£9.1 101.3+0.2
spell+seg+rare 09+0.0 86.1+9.4 86.9+89 102.1+0.5
seg 24.6+0.2 945+19 94.6+2.6 1022+1.4
nopunct 61.9+£0.2 953+2.6 95.8+£2.0 101.9+0.5
spell 57.8£0.2 98.6 5.0 98.1+6.0 101.5+1.0
stem 81.7+04 98.9+4.6 97.7+43 1009 +£0.5
hash 10.1£0.0 102.8+12.2 102.1+12.3 100.5+0.8
nrem 96.2+0.7 1043+£119 103.3+11.4 100.0+0.8
lower 88.7+03 107.9+£172 107.7+155 1009 1.7
lemma 98.1+£0.5 1094+163 107.8+14.9 100.0+1.0

Table 11: Effect of preprocessing techniques on Amazon with the Vowpal Wabbit model. Results shown are the
average (and std) relative performance, across the five dataset seeds. Bold indicates statistical similarity to the best
score, from a two-sample t-test with o = 0.05.
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Method Vocab Size Train Time  Test Time Accuracy
spell+seg+nrem-+stop-+rare 08+00 44706 77109 96714
stop+rare 09+£00 47111 762+16 974+0.38
spell+seg+nrem-+stop 141+£00 554+15 793+38 957+0.7
seg+nrem-+stop+lemma 185+0.1 57.1+£18 82256 949+1.0
spell+nopunct+nrem+stop 341+£02 572+08 82744 957%1.1
seg+nrem-+stop 21.0+0.1 57405 78517 945+04
spell+nopunct+nrem+stop+lemma 319+0.2 574+15 814+32 95106
spell+seg+nrem+stop+lemma 119+£00 57613 80139 96.1+09
lower+nopunct+nrem+stop+lemma  47.0+£03 593+£06 86.7+0.6 948%0.5
lower+nopunct+nrem-+stop 484+03 595+13 837+£41 957+09
seg-+nrem-+stop-+stem 140+£0.1 626+13 857+£42 96.6+0.6
spell+seg+nrem+stop+stem 8500 627+12 84.1+£32 962+1.1
spell+nopunct+nrem+stop+stem 277+0.1 628+16 898+6.8 959+0.7
lower+nopunct+nrem-+stop+stem 303+£0.2 63509 895+40 96.8+1.3
stop 998+02 71913 946+x69 973+0.38
nrem+rare 1.0£0.0 883+1.5 92.1+0.7 100.4+£0.5
rare 1.0£0.0 88709 93.6+4.0 100.5+0.5
lower+rare 1.0£0.0 89.1+x14 90.7+1.8 101.5+£0.8
lower+nopunct+nrem-+rare 0900 89915 92012 1009+0.3
spell+rare 09+£00 903+£28 933+15 1015+1.2
stem-+rare 09+£0.0 905+20 919+£1.6 100.7+0.7
nopunct+rare 09+0.0 913x1.1 926+19 101.6+0.8
lower+nopunct+rare 09+£00 91319 91.8+x0.8 101.2+0.6
seg+rare 09+£0.0 92419 909+0.7 101.6+0.6
spell+seg+rare 09+00 932+1.8 899%x16 101.5+0.6
seg 246+02 95.0+£26 92745 100015
spell 57.8+£02 956+£12 97.0+£08 999+1.2
hash 10.1£0.0 95614 84715 97.7+08
lemma-+rare 1.0£0.0 969+£17.6 925+14 101.0+£0.7
stem 81.7+04 973£0.8 974+32 999+0.2
nopunct 619+02 985+04 948+21 1002+1.0
lemma 98.1+x0.5 98715 979+1.8 99.8+0.8
nrem 96.2+0.7 100812 100959 995+1.0

Table 12: Effect of preprocessing techniques on Amazon with the SVM model. Scores are the relative performance
of each method over the no preprocessing baseline. Results shown are the average (and std) relative performance
across the five dataset seeds. Bold indicates statistical similarity to the best score, from a two-sample t-test with
a = 0.05.
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