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Objective

Over the years, researchers and engineers have investigated various ap-
proaches that could potentially improve the recognition and linking of named
entities. The growing interest in named entity recognition (NER) in various
domains has led to the creation of different benchmark datasets. We take
a closer look at existing annotated NER datasets in the domain of English
literature and compare the performance of NER tools using such annotated
datasets as a means to detect the differences between the datasets.

Datasets

Litbank OWTO New CoNLL New Extended
(Bamman et al., 2020) (Dekker et al. 2019)
Novels 100 40 12 12
Annotators 95 by one ann. two ann. two ann. two ann.
5 by two ann. 20 novels each per novel per novel
Innter-ann. Fy 86.00 - 95.25 78.17
Guidelines ACE 2005 : CoNLL-2003 CoNLL-2003

OntoNotes LitBank
Ann. layers  multiple one one one

Table 1:Characteristics of datasets

Tools

e BookNLP (Bamman et al., 2014) - targeting the domain of English novels

o Flair (Akbik et al., 2019; Schweter and Akbik, 2020) - one of the best
performing NER tools

Results

Novel LitBank OWTO New (CoNLL) New (Ext)
P R F P R F, P R F, | P R F
Alice in Wonderland | 80.00 54.0564.5292.00 74.19 82.14 {100.00 80.65 89.29/100.00 12.89 22.83
David Copperfield 100.00 18.06 30.59/44.44 85.71 58.54| 0.00 0.00 0.00 | 0.00 0.00 0.00
Dracula 45.45 10.8717.54/14.29 33.33 20.00 | 45.45 35.7140.00 45.45 2.16 4.12
Emma 86.67 38.2453.06/83.10 98.33 90.08| 40.00 36.73 38.30 | 37.78 6.59 11.22
Frankenstein 77.78 9.33 16.67/41.67100.00 58.82 | 77.78 70.00 73.68 77.78 2.47 4.79
Huckleberry Finn 82.61 33.3347.50/73.53 78.12 75.76| 60.87 50.00 54.90 1 56.52 4.91 9.03
Moby Dick 71.43 6.58 12.05/37.50100.00 54.55 | 71.43 62.5066.67 42.86 1.42 2.75
Oliver Twist 73.33 11.96 20.56/70.00 100.00 82.35 | 93.33 87.5090.32) 86.67 6.81 12.62
Pride and Prejudice | 95.74 42.06 58.44/73.08 98.28 83.82|31.91 31.25 31.58 1 29.79 4.58 7.93
The Call of the Wild| 84.21 14.8125.20/94.74 41.86 58.06| 84.21 37.21 51.61 78.95 6.52 12.05
Ulysses 92.98 50.4865.43|81.58 98.41 §89.21 196.49 94.8395.65 92.98 18.21 30.46
Vanity Fair 70.15 31.3343.32/74.59 88.35 80.89 22.39 18.99 20.55 | 14.93 4.50 6.92
Mean 80.03 26.76 37.91/65.04 83.05 69.52| 60.32 50.45 54.38 1 55.31 5.92 10.39
Standard deviation |14.46 16.8919.75/24.8 23.1 20.34 |32.32 29.02 29.9 | 32.14 5.11 8.65
Median S81.31 24.7 36.96/73.31 93.32 78.33 66.15 43.61 53.26 | 50.99 4.75 &8.48

Table 2:Evaluation of BookNLP

Novel LitBank OWTO New (CoNLL) = New (Ext)
P R F, P R I P R F; P R K
Alice in Wonderland 76.92 54.05 63.49 |92.31 82.76 82.27 1100.00 83.87 91.23/100.00 13.40 23.64
David Copperfield |87.5019.4431.82/6.25 7.69 6.90 | 6.25 6.67 6.45 | 6.25 0.49 0.90
Dracula 57.14 8.70 15.09 1 0.00 0.00 0.00 |57.14 28.57 38.10/57.14 1.72 3.35
Emma 60.0026.47 36.73 |57.78 68.42 62.65|71.11 65.31 68.09| 658.89 12.0220.46
Frankenstein 46.15 8.00 13.64 [15.38 50.00 23.53 | 69.23 90.00 78.26) 61.54 2.83 5.41
Huckleberry Finn  |72.4136.84 48.84 162.07 81.82 70.59 | 72.41 75.00 73.68| 68.97 7.55 13.61
Moby Dick 88.8910.53 18.82 133.33100.00 50.00 | 88.89 100.0094.12| 66.67 2.84 5.45
Oliver Twist 6.67 10.87 18.69 [66.67 90.91 76.92 86.67 &81.25 83.87 80.00 6.28 11.65
Pride and Prejudice [29.4114.02 18.99 21.57 31.43 25.58 | 94.12 100.00 96.97| 88.24 14.7125.21
The Call of the Wild|88.24 27.78 42.25 |88.24 75.00 81.08 88.24 69.77 77.92|85.29 12.6121.97
Ulysses 90.48 54.29 67.86 |71.43100.00 83.33 | 88.89 96.55 92.56| 87.30 18.90 31.07
Vanity Fair 37.2323.33 28.69 |36.17 49.28 41.7255.32 65.82 60.1241.49 17.5724.68
Mean 61.7524.53 33.74 145.93 61.44 50.38|73.19 71.9 71.78 67.65 9.24 15.62
Standard deviation [27.3316.42 18.6 31.46 34.1 30.37|25.47 28.56 26.5 |25.09 6.44 10.16
Median 66.2121.39 30.26 46.98 71.71 56.33|79.54 78.13 78.09|68.93 9.79 17.04

Table 3:Evaluation of Flair
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Analysis

e The main difference between the performance comes down to honorifics.

BookNLP Flair Litbank OWTO New CoNLL New Extended
Mr. [-PER O B-PER [-PERSON O O
Bennet I-PER B-PER [-PER [-PERSON B-PER B-PER

e In some novels (e.g. Ulysses) personal pronouns make up to 10% of all
tokens, leading to a drop in the recall whenever tools do not tag them.

BookNLP Flair Litbank OWTO New CoNLL New Extended
He O O O O O B-PER

BookNLP Flair Litbank OWTO New CoNLL New Extended
his O O B-PER O O B-PER
strong O O I-PER O O O
wellknit O O [-PER O O O
trunk O O [-PER O O O

(A

e [nconsistencies in the gold standards (e.g. same entity tagged differently
throughout the novel) lead to drops in the precision score of tools.

e Handling of common phrases (e.g. a boy) is done differently in the
various gold standards, however neither of the tools tags them. This leads
to further decrease in the recall values of the tools.

BookNLP Flair Litbank OWTO New CoNLL New Extended
their O O B-PER O O B-PER
friends O O [I-PER O O [-PER

Discussion
Using existing gold standards:

+ datasets already exist

+ adaptation of existing annotations is possible
— literary texts differ from other types of texts (e.g. news)

— the annotation has been made following specific guidelines
Dataset maintenance and using old datasets:

+ evaluation is comparable over the years and easy to execute
— very limited view on the problem of NER

— tools are adapted to perform best with the datasets
Evaluation Metrics

+ evaluation is comparable over the years and easy to execute
— only accepts full matches as correct
— missing differentiation between “ambiguous” and “incorrect” tags

— small differences in the definition of an entity is amplified by the
frequency of its occurrence

Annotation and Training Challenges

+ work could be invested into recognising shortcomings of existing datasets

— insufficient annotation guidelines for inexperienced annotators

— longer texts (needed for the literary domain) are difficult to annotate

— annotators may lack knowledge about the respective period of writing of
the text
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