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Abstract

This master’s thesis project undertook the investigation of whether spelling
correction would improve the performance of the classification of reports. The
idea is to use different approaches of spelling correction to check which ap-
proach suits this particular dataset. Three different approaches were tested for
spelling correction. The first two approaches considered only the erroneous
word for correction. The third approach also considered context or the sur-
rounding words to the erroneous word. The results after spelling correction
were tested on a model classifier. No significant improvement in the perfor-
mance of the classifier was observed when compared to the baseline. The rea-
son for this might be because most of the reports do not contain more than a
few spelling errors and the majority of words detected as spelling errors are not
in English. However, the second approach performed better than the baseline
for the dataset due to it being language independent as most of the non-words
were non-english words which are dynamically updated based on input.



Sammanfattning

Det hir examensarbetet undersokte huruvida stavningskontroll kan forbittra
klassificering av rapporter. Tanken &r att anvinda olika tillvigagingssitt for
stavningskontroll for att finna det sdtt som fungerar bist pd den hir specifi-
ka dataméngden. Tre olika tillvigagéngssitt for stavningskontroll undersok-
tes. De tva forsta tog bara hinsyn till enskilda felstavade ord. Det tredje séttet
tog dven hénsyn till det felstavade ordets kontext. Resultatet frn stavnings-
kontrollen testades pa en klassificerare. Klassificeraren uppvisade inte ndgon
signifikant forbittring vid jimforelse med en baslinje. Anledningen till detta
kan vara att de flesta av rapporterna inte innehéller mer dn nigra fa stavfel
och de flesta ord som upptéckts som stavfel dr inte pa engelska. Det andra till-
vigagangssittet presterade dock bittre dn baslinjen for datasetet tack vara att
det var sprakoberoende, eftersom de flesta av icke-orden var icke-engelska ord
som dynamiskt uppdaterades baserat pa input.
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Chapter 1

Introduction

For any classification task, pre-processing of the data is one of the major tasks.
When the data is in text format it is necessary to perform cleaning. Gener-
ally, text pre-processing involves tokenization, removing special characters,
lemmatization, stemming, removal of stop words, word segmentation, spelling
correction, grammar correction, parts of speech tagging, etc. The focus of this
thesis is spelling correction.

The principal of this thesis is the vehicle manufacturing company Scania.
Scania is a world leading provider of transport solutions driving the shift to-
wards a sustainable transport system.

1.1 Current System

Figure 1.1 illustrates the current system being used at Scania to provide service
to customers. If the dealers encounter any problems with the product, they file
in the description of the problem using an interface provided by Scania. Those
failure reports are translated into English by the distributors and forwarded to
the field quality engineers. Engineers manually sort the reports into respective
failure items.

To automate the manual categorization process, a project called "auto-
sorting of failure reports" is ongoing. It attempts to suggest the top five most
relevant item number for any incoming failure report if the kind of failure al-
ready exists. Classification is based on the failure description of the report.
The dataset described in section 3.1 explains the failure reports. As the de-
scriptions contain text, pre-processing is necessary. Spelling correction is at-
tempted in order to clean the text. Essentially, to improve the performance of
the classifier. The idea forming this thesis of interest is attempting to improve
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the performance of report classification task.

Automate
this —>»
process

Ttem 1

Ttem 2
Manual

Categorization | fsm?

Item N

Interface

i Failure
Reports
Dealers

Experts

Figure 1.1: Current System

The Scania dataset involves unique and distinct words that are not common
and so the existing spell checkers cannot be used as they are more generic. An
existing spell checker "Symspell"[1] is used for evaluation purposes.

1.2 Research Question

The question that has been examined in this thesis is:

How does spelling correction as a pre-processing step affect the perfor-
mance of the classification of the failure reports? Does it improve classifica-
tion accuracy?

It can be divided into sub-questions:

e Which spelling correction method works relevantly fine with the pro-
vided data?

e How to handle technical terms and Scania specific terms?
e On what basis to evaluate the spelling correction?

e Does spelling correction improve the performance of the existing classi-
fier? Does spelling correction even have an impact on the performance
of the classifier?

To answer those research questions, different spelling correction methods
were attempted on the dataset and evaluated.
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1.3 Delimitations

The dictionary is built only for English words, although the dataset consists of
terms from many languages. Even if the sentences are claimed to be written in
English, there are few words from the writer’s native language. For example:
"chassis 0000000 k 0000 zzzzzz avanza 123149km turbo con aceite"! where
"con aceite" is Spanish and translates to "with oil". So, if the report consists of
words from languages except for English, it is considered to be an error even
if it is a correct word.

1.4 Outline

The goal of the thesis is to determine which spelling correction method is suit-
able for the dataset and whether spelling correction improves the classification
accuracy. This report consists of background to spelling correction followed
by related research. Then the methods are explained with evaluation, results
and are concluded with discussion.

IThe chassis code in the example is been altered for ethical purpose as they are to be used
only internally in Scania.



Chapter 2

Background

2.1 Spelling Correction

Spelling Correction deals with the detection and correction of spelling errors.
Error detection can be done by dictionary or n-gram look-up or probabilistic
approaches. Error correction consists of the generation of candidate correc-
tions and the ranking of candidate corrections. Most spelling correction al-
gorithms can be thought of as calculating a distance between the misspelled
word and each word in the dictionary or index. The shorter the distance the
higher the dictionary word is ranked.

In [2] Kukich says that correcting words in the text has three different prob-
lems which are: (1) non-word error detection, (2) isolated-word error correc-
tion and (3) context-dependent word correction. For (1) the techniques gen-
erally used are n-gram analysis and dictionary lookup. For (2) the system
generally uses some form of these techniques: minimum edit distance with
ranking to suggest closest words, similarity key, rule-based, word or character
n-gram based, probability based or neural net based techniques. For (3) the
techniques employed include traditional NLP and statistical language model-
ing. A combination of the above methods would be ideal for an application
specific spelling correction model.

2.2 Related Research

The most famous approach is the Damerau-Levenshtein edit distance [3]. Dam-
erau found that over 80% of spelling errors are due to these operations: an
inserted letter, a deleted letter, a letter substituted for another, or two letters
transposed or switched. Errors also occur when the first letter of a word is mis-



CHAPTER 2. BACKGROUND 5

spelled or strong keyboard adjacency effects have occurred and strong letter
frequency effects have occurred. The Damerau—Levenshtein edit distance is
the count of how many of these operations are needed to transform one word
into another. This returned multiple solutions (also referred to as candidate
generation) having the same importance which made it difficult to rank. So,
weighted edit distance as described by Lhoussain, et.al in this paper [4] could
be used.

Apart from edit distance; n-grams, Soundex, Speedcop systems, semantic
feature vectors, and other different phonetic indexing algorithms are also used
for candidate generation. Soundex is a phonetic algorithm for indexing names
by the sound so that homophones are encoded to the same representation for
them to match despite minor differences in spelling. It mainly encodes con-
sonants; a vowel only if it is the first letter. While generating candidates it
filters only words with the same Soundex key as the input word. The Speed-
cop systems generated keys as well. It consists of the first letter, followed by
the consonant letters of the word, followed by the vowel letters with each letter
recorded only once. Keys were in the order of their occurrence in word. When
the system was given a misspelling, it computed the key of the misspelling and
found candidates. The Soundex and the Speedcop key are ways of reducing to
a manageable size the portion of the dictionary that has to be considered. But
if the required word is outside the set of those considered, the corrector is not
going to find it. Another phonetic algorithm, Metaphone [5], used by GNU
Aspell represent words by their approximate pronunciation (that is phonetic
information) and allows the correction of words that appear orthographically
dissimilar.

But for large datasets, computation power and speed remain an issue. Ef-
ficiency can be improved by using Bloom Filters or trie or smart caching or
n-gram indexing techniques. A system called STAVA developed by Viggo
Kann [6] identifies and corrects spelling errors in Swedish using Bloom Fil-
ters. In [7] trie and word bigram index are used by Mawardi, et.al to improve
the efficiency. The above explained methods are some ways to improve effi-
ciency.

Whitelaw, et.al [8], from Google, proposed that for each token in the in-
put text, candidate suggestions are drawn from the term list, and scored using
an error model. These candidates are evaluated in context using a language
model and re-ranked. For each token, we use a classifier to determine our
confidence in whether a word has been misspelled and if so, whether it should
be autocorrected to the best-scoring suggestion available.

Peter Norvig’s approach [9] is to derive all possible terms with an edit dis-
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tance less than or equal to two from the query term, and looking them up in
the dictionary. For a word of length n, an alphabet size a, an edit distance 1,
there will be n deletions, n-1 transpositions, a*n alterations, and a*(n+1) in-
sertions, for a total of 2n+2an+a-1 terms at search time which is slow but using
this approach gives higher precision. But, Wolf Garbe [10] used a symmetric
delete algorithm which is three orders of magnitudes faster than Norving’s ap-
proach. It derives deletes only with an edit distance less than or equal to two,
both from the query term and each dictionary term. For a word of length n,
an alphabet size of a, an edit distance of 1, there will be just n deletions, for
a total of n terms at search time making it faster to peter norvig’s approach.
Garbe’s approach also precalculates all deletes for all terms in the dictionary.
Pre-calculating time and storage space required may be inefficient if the dictio-
nary is huge. Another famous model used for spelling correction is called the
noisy channel model [11]. It has a probabilistic interpretation, whereby you
assume that the original version has some probability (prior), and the addition
of specific noise has some probability (conditional). These probabilities can
be used to find the most likely original version given the actual observed ver-
sion. The step towards automatically trainable spelling system by Brill, et.al
was the statistical model for spelling errors [12]. It was done using a training
corpus of misspelling errors, compiled by hand. It was an extension of the
noisy channel model.

There are various approaches that use n-gram models. It could be a char-
acter or a word n-gram. N-grams help in incorporating contextual informa-
tion. This method [13] by Ahmed, et.al proposed correction suggestions by
selecting the most promising candidates from a ranked list of correction can-
didates that were derived based on character n-gram statistics and lexical re-
sources. Bassil and Alwani [14] used Google Web 1T unigram data set and a
character-based 2-gram model to generate a list of candidate spellings for ev-
ery detected error in the text and Google Web 1T 5-gram data set to perform
context-sensitive error correction and select the best appropriate spelling can-
didates. Wint, et.al [15] built a system which uses dictionary techniques to
check words, twelve types of error checking and correction approaches (Plu-
ral to singular, Removing End Characters, Removing Middle Characters, Re-
ordering, Similar Shape, Similar Sound, Dividing, Removing Extra Charac-
ter, Adding Character, Anagram, Nearby Key and Changing Character are the
names of the twelve approaches) to correct the non-word errors, and word
n-gram and Levenshtein distance to select the most suitable word among cor-
rected words. If there is more than one corrected word got from each approach,
it uses word n-gram techniques to choose the corrected and reasonable word
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from words in the n-gram database. To consider the context of words, a care-
ful application of semantic spaces could be of use. A conceptual expansion,
to include related words with the help of word embedding 2.3.3 models like
Word2vec or Glove. Glove [16] is a pre-trained word embedding model that
could be used to represent words as feature vectors.

Many approaches use neural nets as well. A few of the recent approaches
are: Pande [17] presented a novel, unsupervised, and distance measure agnos-
tic method for search space reduction in spell correction using neural character
embedding. The embedding is learned by skip-gram Word2 Vec training on se-
quences generated from dictionary words in a phonetic information retentive
manner. He tried to reduce the time complexity of spell correction by reducing
the search space of words over which the search for correct spelling is to be
done. He also used the dictionary of correctly spelled words during the train-
ing process. It is distance measure agnostic because once the search space is
reduced then any distance measure of spell correction is used. His method is
used as a filter before a spell correction algorithm.

Recently, Ghosh and Kristensson [18] proposed a Deep Learning model for
text correction in English. Sakaguchi, et. al [19] approached the problem of
Spell Correction using semi-character Recurrent Neural Networks. Tal Weiss,
[20] used character based sequence to sequence learning neural network ap-
proach for spelling correction. But deep learning models are applicable for
more generic purposes. If not for it to perform reasonably better it requires a
huge training dataset.

Apart from the papers mentioned above, there are many others®>. Thus,
significant work has been done in the field of spelling correction.

Spelling correction is huge problem in itself and has been existing in the
field of computer science for a long time.

Based on the above research takeaways for this thesis are:

e Based on the dataset addressed in this paper when visualized most of the
errors were due to inserts, deletes, substitutes, and transposes. So, it can
be used for candidate generation. Phonetic errors were not encountered.

e N-gram approaches are not considered due to a lack of better training
data.

e Deep learning approaches as well are not taken into account for the same
reason.

2Google scholar gives about 181,000 results for search on spelling correction.
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e Trie data structure is efficient to perform the lookup for detection of
incorrect words.

e Peter Norvig’s approach seems intuitively plausible. As they reduce the
overhead of calculating probabilities for error model as in other models.

2.3 Theory

The key concepts being used in this research are explained.

2.3.1 Trie

Trie is an ordered tree data structure used to store strings to make search easy.
It consists of a series of interconnected nodes. Each node stores a character, a
record of the child nodes, and whether the node points to the end of a complete
word. The child nodes are stored as dict. The maximum number of children
of a node is equal to the size of the alphabet. Search iterates over the letters
in the key, checking that each node contains a child whose value matches the
letter. This way we can improve performance of the search.

Advantages are: It is faster than hashing and binary search tree as the com-
plexity of trie is O(L) where L is the length of the key. Also, collision handling
is not required.

Disadvantage is: It requires memory to store the strings.

Hence it is used for error detection.

2.3.2 Edit Distance

Edit distance metric was proposed by Damerau-Levenshtein. As defined by
Damerau [3], the distance between two strings is the number of additions, dele-
tions, substitutions and transpositions needed to transform the first sequence
into the second. This table 2.1 explains the operations with example.

OPERATION | ERROR WORD | CORRECT WORD

Insertion wiord word
Deletion wrd word
Substitution worf word
Transposition wrod word

Table 2.1: Operations between two strings



CHAPTER 2. BACKGROUND 9

Precisely, it is a way of quantifying how dissimilar are two strings. If the
edit distance measure between two words is less, then those words are said to
be similar. This measure is used to generate correct candidates for incorrect
word.

2.3.3 Word Embeddings

Word embeddings are vector representations of a particular word. For our
experiment, we use GloVe [16] also known as "Global Vectors". GloVe are
pre-trained word embeddings which help us to get vector representations for
our words. These representations give information about the context of words
and global corpus statistics. This way of using pre-trained embeddings cor-
responds to a branch of machine learning called transfer learning. Transfer
learning is a machine learning technique where a model trained on one task is
re-used on a second task.



Chapter 3

Experiments

For any spelling corrector, detection and correction are the two main steps.
Detection is done using dictionary look-up. A dictionary (described in 3.2.1)
is built and a word is detected as erroneous if it is not present in the dictio-
nary. Correction: The erroneous word can then be corrected using different
methods. To evaluate what suits the dataset, three kinds of approaches are
tried.

The three spelling correction techniques are chosen due to the following
reasons: Word level Unigram approach was chosen considering the text of the
dataset. Keeping in mind the scarcity of Scania specific data resource, build-
ing of error models were excluded. Instead, edit distance was used to generate
possible terms from the erroneous word. The approaches used above do not
explicitly require an error model which makes the model computationally ef-
ficient. And also error detection is made efficient by the use of Trie.

3.1 Dataset

As described in section 1.1 the main focus of this thesis is to check whether
spelling correction improves the performance of classification of reports. As
the classification mainly depends on the failure description of the report, the
dataset consists of text translated by the distributors in the failure reports. Ta-
ble 3.1° represents the dataset. The text is the description of failure in the
reports which is mainly being used for classification and the label is the class
to which the respective report belongs.

3The name in text and item number of label have been altered for ethical purposes.

10
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TEXT | LABEL

Engine exhaust brake does not work from time to time.When | FQITzzzzzz
driver is pressing the foot switch, we can hear the brake re-
lais and the brake lights go on, but exhaust clappet does not
close. Exhaust clappet was replaced, is not corroded, cylin-
der is free, solenoid valve works withput problem.Case dis-
cussed with xxx.Request for getting an M-LOG to find the
root cause of this deviation.Thanks, yyy

Table 3.1: Sample Dataset

The dataset consists of 111239 reports from the year 2013 to 2018. Table
3.2 gives a brief stat on the whole dataset. The word count is the total num-
ber of words in the whole dataset. The number count is the total number of
numbers and the non-word count is the words not present in the dictionary
3.2.1.

Including duplicates | Excluding duplicates

Word 2972 037 54 678
Non-words 259 759 41 383
Numbers 230 104 230 104

Table 3.2: Word, Numbers and Non-words Count (Duplicates are not excluded
for numbers)

Figure 3.1 is a histogram representing the word count. Table 3.3 is a distri-
bution of the word count. From these, we can see that the majority of reports
do not have more than 25 words.
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Word Count Review
40k
30k
g 20k
DC 100 200 200 400
Number of Words
Figure 3.1: Word Count (x-axis: Number of words & y-axis: document count)

Table 3.3: Word Count Distribution(BINS is the range of word count &

| BINS | COUNT
0-25 67 960
25-50 | 33124
50-75 7 180
75-100 | 1730
100-200 | 1137
>200 108

COUNT is the document count)

Figure 3.2 is a histogram representing the numeric count in dataset.
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Number Count Review

Count

0 50 100 150

Number of Numerics

Number Count(x-axis: Number of numerics & y-axis: document

The figure 3.3 represents the histogram of error count in dataset. Table 3.4
is a distribution of the error count. From these, it is inferred that approximately
56% of the total reports do not have spelling errors.

Figure 3.3:

Spelling Errors Count

60k

Count

40k

30 100 150

Number of Error Words

Error Count (x-axis: Number of errors & y-axis: document count)
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NUMBER OF ERRORS | COUNTS

0 62 220

1 25198
1-2 11776
2-3 5623
3-5 4241
5-7 1299
7-10 560
>10 322

Table 3.4: Error Count Distribution (BINS is the range of error count &
COUNT is the document count)

Figure 3.4 compares the word, numeric and error counts. It can be seen
that there are not many errors present. And that few documents have many
numerics.

—— Word Count

Number Count
—— Error Count

300

200

100

) 20000 40000 50000 0000 100000

Figure 3.4: Comparing Word, Numeric and Error Count (x-axis: Number of
documents & y-axis: Count)

3.1.1 Ethical Aspects

The ethical aspect of work as this may not seem very evident, but there is one
concern. The dataset contains usernames. The names to which the report is
addressed to and the name of the customer. And to filter out names, the list of
names were extracted from the Scania database to include it in the dictionary.
I 'am not sure whether this is a breach of data or not because no other personal
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information is being used except for names of the customers and employees at
Scania. The list of names were extracted just to remove them from the dataset,
it was not used anywhere else further in the experiment.

3.2 Detection

A Trie 2.3.1 data structure is used for dictionary. Words are looked up if
present or not in the trie. Correction is performed on words that are not present.
The motive behind using this data structure for look-up is:

e If k is the size of a string, O(k) is the lookup time.
e If a string is not present, lookup can take less time.
e Traversal is ordered.

e Computational time is much lesser than that of a hash function.

3.2.1 Dictionary

The dataset includes many technical terms specific to Scania. In order to ac-
curately identify the non-words it is important to build a relevant dictionary
which includes correct words. So an important task is to create a dictionary
relevant to the dataset to perform lookup and detect non-words. The dictionary
includes:

e Scania Workshop Manual

e Driver Manual

e Dismantling information Manual

e Scania Service Data

e Scania Lexicon

e English Word List (Yet another word list)[21]
e Name List from Scania.

e Wikipedia scrap of mechanical terms glossary.
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The total length of the dictionary is 172650 (word count). The above items
help in incorporating Scania distinct words to the dictionary so that the number
of wrongly detected non-words which are actually correct are reduced. The
above listed items consisted words related to machine parts which occurred
majorly in the dataset as it is about failure reports. This answers one of the re-
search questions "How to handle technical terms and Scania specific terms?".

3.3 Correction

Correction can also be said as replacing the erroneous word or non-word with
the word that the author had in mind.

The main tasks in correction are candidate generation and ranking of can-
didates.

3.3.1 Approach 1

The first approach used for correction was proposed by Peter Norvig[9], Google’s
Director of Research which uses the minimum edit distance algorithm and
probability based on word frequency to perform spelling correction.

Algorithm: All the possible terms with an edit distance of less than 3 are
generated for the erroneous word. And known words are considered among
the generated possible terms. Generated candidates are ranked by assigning a
probability to them using the language model and error model.

Language Model - The probability that ¢ is a word, is estimated by the
frequency of c in the dictionary to the length of the dictionary.

Error Model - Known candidate words generated with an edit distance of
0 are more probable than known words of edit distance 1. Likewise, known
words of edit distance 0 and 1 are even more probable than 2. So, edit distance
is used as an order of priority. Known candidate words of edit distance O are
given more priority than words with edit distance 1. It is also called a flawed
error model because a traditional error model is built with values represent-
ing the probability that a non-word would be typed in a text when the author
actually meant word. But in this case the error model filters the most proba-
ble candidates based on edit distance priority, from which the language model
gives the word with maximum probability.

Two or more words may have the same edit distance score. For example,
if the erroneous word is 'wird’, then ’weird’ and ’word’ both are at an edit
distance one to the erroneous word. So, choice should be made on which
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word would be more likely to be meant by the author. This choice is made
based on the frequency of occurrence of the word.

The average word length in the English language is 4.7 characters. The
higher the edit distance, the more candidates are generated. For optimum
spelling correction, a compromise between recall (many suggestions) and pre-
cision (suggestions which make sense) is needed. So, an edit distance less than
3 is chosen for optimum spelling correction.

3.3.2 Approach 2

The second approach uses the symmetric delete algorithm by Wolf Garbe[10].
It is similar to the first approach only in terms of using edit distance. This
method uses only deletes. It pre-calculates and stores the delete only terms for
the whole dictionary.

Algorithm: Generate all terms with edit distance less than 3 (deletes only)
for each dictionary term and add them together with the original term (candi-
date model). Generate terms with an edit distance of less than 3 (deletes only)
for the incorrect term and search them in the candidate model. The types of
checks performed are:

e delete(dictionary term) = incorrect term
e dictionary term = delete(incorrect term)

e delete(dictionary term) = delete(incorrect term)

To account for non-English words, the candidate model is updated by in-
cluding words with a frequency above a threshold from the dataset.

Hash table is used instead of Trie for search during candidate generation
because Trie is a prefix tree. If the spelling error is in the first letter then there
would not be any common prefix, so Trie is not used. Hash table is prefered
while correction but Trie is prefered for checking.

If your typing error is e.g. in the first letter, than you have no common
prefix, hence the Trie will not work for spelling correction

This approach exploits the fact that edit distance between two terms is sym-
metrical by using only deletes. Adding a char on the dictionary is equivalent
to removing a char from the input string and vice versa, we can on both sides
restrict the transformation to deletes only.



18 CHAPTER 3. EXPERIMENTS

3.3.3 Approach 3

Candidate generation is similar to that of the first approach. All known can-
didates within an edit distance of less than 3 are generated for the erroneous
word. But the context words are considered while ranking the candidates. The
incorrect word is replaced with the candidate and a score is given. The score is
normalized by dividing by a quantity proportional to the edit distance because
candidates with lower edit distance are more likely to be the correct word. The
one with the maximum score is chosen as the correct word.

Calculating Score: 50-dimensional Glove[16] word embeddings 2.3.3 are
used to get the vectors for words surrounding the candidate word in the sen-
tence. The score for a candidate word is the dot product of the vector of can-
didate word and the vector average of all the surrounding words.

3.4 Evaluation

The results obtained from spelling correction are evaluated based on metrics,
error count and classification accuracy. This answers one of the research ques-
tions "On what basis to evaluate the spelling correction?". The approaches
were compared against existing spell corrector Symspell.

3.4.1 Metric Comparison

To evaluate, an evaluation set A.1 was created, which included around 500
incorrect words from the dataset. Only English and Scania specific words
were considered for this evaluation method. They were manually corrected.
The manually corrected words were checked against the corrected words after
every approach. Precision, Recall, F-score and Accuracy were considered as
evaluation factors.

Precision is the ratio of correctly predicted positive observations to the
total predicted positive observations. Recall is the ratio of correctly predicted
positive observations to all observations in the actual class. F1I Score is the
weighted average of Precision and Recall. Accuracy is the ratio of correctly
predicted observation to the total observations.

3.4.2 Error Count

The error count is basically counting the number of documents without error
in the whole dataset for all the approaches and Symspell. It also counts the
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number of documents within a given range of count of errors.

3.4.3 Classification Accuracy

A model is implemented to perform the classification of reports to their re-
spective labels. Figure 3.5 is the architecture used to build the classification
model.

Text
representation
Training Embedding
Data Layer LSTM DENSE

Train &
Test Split

Testing N| MODEL Classification
‘ Data ‘

Figure 3.5: Architecture of classification model

The final classification accuracy tells us whether spelling correction is re-
ally useful and whether it impacts the performance of the classifier or not.
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Results

4.1 Metric Comparison

The table 4.1 compares the evaluation metrics between the approaches and
Symspell. This tells us why existing spelling correctors do not work well for
our dataset because comparatively, it has low precision and accuracy.

Itis also evident that approach 1 has higher precision and accuracy whereas
approach 2 has a higher recall.

APPROACH PRECISION RECALL F-SCORE ACCURACY

1 0.73 0.94 0.88 0.72
2 0.66 0.97 0.79 0.66
3 0.24 0.53 0.33 0.26
Symspell 0.39 0.92 0.54 0.40

Table 4.1: Evaluation Metrics Comparison

4.2 Error Count Comparison

Figure 4.1 represent error count histograms for the three approaches and the
existing spell corrector. Table 4.2 gives a error count distribution. It gives
the document count corresponding to the specified bins of error count. From
which it can be said that approach 2 performs better for this dataset.

20
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(b) Approach 2

Spelling Errors Count

(a) Approach 1

(c) Approach 3 (d) Symspell

Figure 4.1: Error count histograms (x-axis: Error count & y-axis: document
count)

’BINS ‘ DATASET | APPROACHI1 | APPROACH2 | APPROACH3 | SYMSPELL

0 62 220 75 090 90 962 70 220 81 550

1 25 198 21729 14 737 23714 12 055
1-2 11776 8234 3710 9403 4441
2-3 5623 3239 1144 4 067 2415
3-5 4241 2098 554 2 649 2762
5-7 1299 516 94 733 1 686
7-10 560 206 27 265 1 696
>10 322 127 11 188 4 634

Table 4.2: Error Count Distribution (Bins is the range of error count)

4.3 Model Accuracy Comparison

Figure 4.3 shows that although, there is no significant improvement in the per-
formance approach 2 performs minutely better compared to other approaches.
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APPROACH ACCURACY
Without Spelling Correction 0.67
Approach 1 0.67
Approach 2 0.69
Approach 3 0.68
Symspell 0.68

Table 4.3: Model Accuracy

4.4 Inference

From table 4.1 it is evident that existing spell correctors are not suitable for
Scania text even on expanding the vocabulary. It may be because they are built
in a more generic way and more weightage is given to common English words.

When we analyze the error count distribution 4.2 in the dataset, it is seen
that majority sentences have zero or not more than two spelling errors. And
the spelling errors are generally words which are not English. Hence, for this
dataset the approach 2 works better comparatively because of the enhancement
of the candidate model. This answers one of the research questions "Which
spelling correction method works relevantly fine with the provided data?".

From table 4.3 we infer that the overall classification accuracy, did not
improve. The spelling correction did not impact the performance of classifi-
cation. It is because the majority of the sentences do not have more than a few
spelling errors. It was also found that about 56% of the reports do not have
spelling errors. And also many sentences have more numbers than text. So,
spelling correction would not really impact the performance of the classifica-
tion. But, when it comes to enriching the text, it does reduce spelling errors.
This answers the main research question "Does spelling correction improve
the performance of the existing classifier? Does spelling correction even have
an impact on the performance of the classifier?".
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Discussion

To use the character level approach, a rich corpus similar to that of the data
being corrected is required. But, as there is a lack of proper training data
word level approach was preferred. And also, as the dataset is not purely in
English, error detection would have been biased if character n-grams were
used in building the dictionary. For example, 'them’ and *dem’.

The failure descriptions are typed by people at the workshop and modified
by the distributors. Grammatical errors prevail and there is often more use of
codes and numeric data. Due to which considering context is not of much help.
Approach 3 uses contextual information, but the results are not very promising
as expected.

Deep learning approach was tried using a encoder-decoder sequence to
sequence LSTM architecture to build a model for spelling correction. With
existing data appropriate results were not produced. It requires huge training
data to produce readable results which is a limitation. Computing resources
are required which makes it inefficient comparatively.

For this particular dataset, the dictionary was satisfactory. But if it was
possible to collect better training data N-gram approaches could have been
tried for building error models. Although, again as discussed it would not
have improved the classification accuracy. Instead, the spell corrector in itself
would perform better.

One could also think about the presence of errors in the numbers of the
dataset. But error in numbers are unlikely because those numbers mostly rep-
resent specific Scania parts and are essential in understanding the faults de-
scribed in failure reports. Still there could be scope of improvement in check-
ing the correctness of these numbers.

23
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5.1 Conclusions

Table 4.1 shows that approaches 1 and 2 are comparatively better for Scania
specific data. But from 4.3 we infer that for this dataset, approach 2 helps in
improving the classification accuracy to a minute extent. This may be due to
the presence of non-English words. But, it can be concluded that the overall
classification accuracy cannot be improved just considering the text due to the
presence of increased numeric data. However, if considering only English and
Scania specific terms, approach 1 performs well.

5.2 Sustainability

When it comes to sustainability, this project aims to investigate whether the
existing classification works better with spelling correction, taking into con-
sideration the computational cost and efficiency of the system. Spell correctors
are built as modules making it possible for code reuse.

Manual spell correction and manual report categorization would be costly,
so automating spelling correction and report categorization could make the
work more sustainable.

5.3 Other potential applications

Even though it is concluded that automatic spelling correction for the dataset

would not really help in improving the performance of the classifier, the spelling
correction feature can be used as a spelling recommendation feature for the

customers who write those failure descriptions making the system more sus-

tainable and efficient.
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Appendix A
Appendices

A.1 Implementation Details

Python is used as a programming language for implementation. Basic cleaning
is performed on the text to remove special characters except for numbers and
alphabets. Word lemmatization is also done. The text obtained after basic
cleaning is benchmarked to be the original text which is used to compare the
performance of spelling corrector.

Word Dictionary and lookup method are common for all the three ap-
proaches. Separate classes are built for every approach and for the existing
corrector Symspell as well. The results after every experiment are evaluated
using three different strategies.

The first strategy is to compare the performance of different approaches
in itself. As described in the results section 4.1, a separate evaluation test
set is built to compare performance of the spell correctors using metrics like
precision, recall, f-score, and accuracy. Table A.1 is a sample of the test set.
The test set is built keeping in mind the false positives. The spelling corrector
is tested such that it does not give the wrong result for the correct word.

The second strategy is to feed the whole dataset for spell correction us-
ing explained approaches and get the error count in the results after every ap-
proach. The error count is basically the number of words not present in the
dictionary. 3.2.1. Binning 4.2 of the error count is performed to visualize the
distribution.

And the third strategy is to build a model which helps in auto-classification
of reports based purely on the text data whose classification accuracy is used
for evaluation purpose. Keras framework was used to build a multi-class clas-
sifier using deep learning. Based on the dataset, the maximum input sequence
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length was set to 500 to ensure that texts are not cut off. For modelling an em-
bedding layer followed by LSTM and Dense layer is used. Since comparison

of classification accuracy is the motive, the number of epochs is restricted to
five.

INCORRECT WORD | CORRECT WORD

schanier scharnier
sealos seals
vollts volts
splises splices
overhoul overhaul
defrmation deformation
hoek hoek
gaskit gasket
wheh when
noite noise
pmic pmifc
sealking sealring
fitement fitment
towe tow
impellar impeller
synchronmesch synchromesh
gzp gzp
nstainless stainless
frequncy frequency
dsimounted dismounted
snapshpot snapshot
sdr sdr

Table A.1: Evaluation test set
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