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Abstract

We describe and evaluate a prototype system for recognjzéngon and place names in digitised records of British gadintary
proceedings from the late 17th and early 19th centuries. othput of an OCR engine is the input for our system and we descr
certain issues and errors in this data and discuss the netimtave used to overcome the problems. We describe oubagked named
entity recognition system for person and place nhames wkighplemented using the LT-XML2 and LT-TTT2 text processiogls. We
discuss the annotation of a development and testing corplipravide results of an evaluation of our system on the t@§is.
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using optical character recognition (OCR) technology sa-<
that they can be indexed and searched. The results of search
are displayed back to the user in the form of highlighting of
terms in the jpeg images of the pages. The premise behind
the research reported here is that more sophisticated-index
ing and search may be possible if particular types of terms 2. The Parliamentary records data

can be automatically identified in the documents. Our rolgpe have used two sets of data from the Journals of the
has been to apply text processing and named entity recognijouse of Lords, an early set from 1685 to 1691 and a
tion (NER) techniques for the automati_c recognitiqn pf Per-|ater set from 1814 to 1817. The two sets were OCRed
son and place names. We have experience of building both; gjtferent times using different processors and, in fact,
rule-based NER systems (Mikheev et al., 1999a; Mikheeyhe quality of the OCR of the earlier documents is better
et al., 1999b) and ones which are machine-learning-basqghcause the process was specialised to Old English and it
(Alex et al., 2006; Finkel et al., 2005; Hachey et al., 2005;qeqa|s properly with the ‘f*like realisation of ‘s’ that oc-
Nissim et al., 2004). For the initial prototype described s in poth sets. In general, OCR quality is erratic and
here we decided to use rule-based methods. In part thigiere s a tendency for unusual non-alphabetic characters
decision was taken to avoid the cost of annotation of train, appear, as illustrated in Figure 1. Problems also arise
ing data, but it was also taken because it was not obviougith the use of quotation marks. The texts are densely
thgt machlne—learn_lng methods would lend themselves t%opulated with quotations and every line of a quotation is
this data. Devel_oplng a rule-based system has f'illowed Usreceded by a double quote mark, as in Figure 2. These
to explore what is rather unusual and problematic data, a§yote marks frequently interfere with the natural flow of
discussed in the next section. words in a named entity and special steps are needed to
deal with them. Moreover, the OCR has problems identify-
ing these double quotes and outputs them as a wide range
of non-standard characters. In addition, the OCR system

Figure 2: Use of quotation marks

Ezrigiise(?lt;gsi?e) Le;/\zalg/vgeve-rally) has problems with layout and is frequently unable to distin-
Ap— peals (Appeals) refpecT:(respect) guish marginal notes from the main body of the text, giving

rise to discontinuous sequences of words which could con-
found a NER system—Figure 3 shows an example of this
problem. Although these are English texts, there are fre-
quent portions in Latin, especially in the 1685-1691 data,
Figure 1: OCR errors in the 1814-1817 data set and OCR seems to be poorer on these sections than on the
English sections.

Lord— fhips (Lordships) 0’ Done 1(O’Donel)
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The Lords Spiritual and Tenporal, in Parlianent Interlocutors affenbled, Find,
That there is fufficient Proof inthis in Part Re-Cafe to fuftain the Refpondent’s
(the Purfuer’s) Demand Jjjjj “contained in the Firft Itemof the Account mentioned

in mtted. the Pleadings; vizx." 1797, March 9. To Anount of " 32 Matts of Fl ax,
at Six Months Credit, ~540. 3.3."

Figure 3: OCR problems with marginal notes

Aside from OCR issues, the Parliamentary data is difficult | | 1814-1817 Sef 1685-1691 Sef Both |
in other respects and it is unclear whether the character{ Location 85.91 65.03 80.75
based features which work well in machine-learning NER [ Person 9357 95.10 94.03
systems would carry over well to this data. A major con- | Total 90.66 93.06 91.46
cern is the different use of word-initial capitals where com

mon nouns are more likely to be capitalised than not (see Table 1: Inter-annotator agreement (f-score)

for example, Figures 2 and 3). The presence or absence

of capitalisation is a highly significant feature for maadin . .

learning NER systems and a German-style initial Capitali-are 51,901 wgrds In these 46 files and 3,199 person names
sation of nouns can significantly impact on performance. Ina.nd %.64 Iolcaltlon Pames V\I/er_e ak?notated. Place names occur
CoNLL 2003 (Sang and De Meulder (2003)) NER systemﬁsl\'/gnl icantly less frequently in this Set.‘ ]
were trained and tested on data from English and German, e used the WordFreak annotation todit ( p: //
The highest f-score achieved for German was 72.41 as compor df r eak. sourcef orge. net/) and marked up

pared to 88.76 for English and the different capitalisatson three er)tlty typesperson Iocannaanterrupt Them?er-.
likely to be the main reason for this difference. A further rupt entity was used to mark material that occurred inside a

issue concerns part-of-speech (POS) tagging. The peculi®FSON O place name but which was not part of it, for exam-

nature of our data means that a modern English POS ta e, margmalt_note?Nor((jquokt)zlatlon mz:rrsdaiedlsc%sse? mhthe
ger is unlikely to perform well on it, and this in turn would revious section. Ve doubly ahnotate randomly cho-

have an impact on the quality of a machine-learning NERSE" files from the test sets of each of the two data sets and

system. These considerations meant that we had concerﬁglcmated inter-annotator agreement (IAA) using baldnce
-Score. Table 1 shows the results for both sets, separately

about whether a machine-learning approach would achieve q bined
a high-level of accuracy on the BOPCRIS data. For thighnd combined.

reason, and because of the costs of annotation of traininI ogenr;er;fz’sIﬁ‘q’;ﬁgﬁ&g‘#&;'rs1:ﬁgg'c_?ggomger:rsiogrzeig for
material, we decided to pursue rule-based techniques. '

location names in the 1685-1691 set: this may in part be
. due to data sparseness in this set, as there were only 164
3. Data annotation location names annotated in the 46 test files as opposed to

Although a rule-based approach does not require annotateti021 location names in the corresponding 1814-1817 test
training data, gold standard annotated material is nepessaset. A further problem with the 1685-1691 set was that
for development and testing. We therefore annotated sanne annotator systematically annotated names within the
ples of data from the 1814-1817 and the 1685-1691 dat@narginal notes while the other did not. This was discov-
sets, using guidelines developed specifically for the thsk. ered after IAA was calculated and was subsequently rec-
total 91 files from the 1814—1817 set were annotated. Thertified. The test sets used for evaluation contain arbitrated
are 136,646 words in these 91 files and 2,751 person nam#érsions of the doubly annotated files.

and 2,021 location hames were annotated. The data was
split into two sets, devtest and test (45 and 46 documents 4. The prototype system

respectively). The devtest set was created for system-devel'he NER tagger system developed for this project was im-
opment and could therefore be seen by developers. The tegtemented using in-house XML tools. Over the past few
set was created for formal evaluation. The 1685-1691 datgears we have developed a suite of tools for generic XML
set was processed with Old English OCR and we annotateghanipulation (LTXML, Thompson et al. (1997)) as well as
46 documents from this collection to make a second test seNLP specific XML tools (LT TTT, Grover et al. (2000)).
This enabled us to discover whether there would be a differMore recently we have developed significantly improved
ence in performance on data that comes from an earlier patpgrades of these tools, LT-XML2 and LT-TTTAt(t p:

riod and that was OCRed in a slightly different way. There/ / ww. | t g. ed. ac. uk/ sof tware/ | t xm 2).
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The input to the system is an XML format output by the names which are earldoms, are used first to ensure that an
OCR process. The first step in the processing pipeline corexample such as “Earl of Warwick” is recognised as a per-
verts this to a more suitable format and performs transson name.

formations such as conversion to utf-8, separation of-trail Before the entity rules are applied, a grammar to identify
ing punctuation and white space from word elements angbossible ‘noise’ is used. This marks marginal notes, quo-
addition of ids to word elements. Each word element intation marks, unusual characters etc. as noise so that the
the original has coordinate information associated with itentity grammar rules can permit noise to occur in the mid-
in the attributes | (left) and t (top) and size information dle of an entity. At the end of the NER tagging pipeline
in the attributes h (height) and w (width). This informa- the noise mark-up is removed since it has now served its
tion is preserved and is used to calculate new informapurpose.

tion such as the location of newline white space. We alsarhe NER tagger outputs a file which is the same as the
attempt to deal with the problem of marginal notes: aspre-processed input file except that additional entity mark
described above, the material in the right-hand margin isip has been added. This is then converted to a ‘standoff’
frequently intermingled with the preceding column. We file containing a list of all the entities found in the page,
use the coordinate information to try to identify w ele- as shown in the small example in Figure 4. Here rifte
ments which are located in the margin and add to thengionselement lists regions which correspond to the word
the attributerrar gi nal =" t rue’ . This attribute is later elements from the original input file and which have inher-
used by the named entity recognition component to filteiited their h, |, t and w attributes. This output format is de-

marginal words out of names. signed to enable highlighting of entities in the page image
through a process of mapping from the regions in the OCR
<entities> XML format to regions in the image.
<per son>
<name>M. Stratford</nane> 5. Evaluation
<r egi ons>
<region h="30" |="417" t="881" w="59"/> We have evaluated the system both on thg devtest set (from
<region h="41" | ="489" t="881" w="146"/> the 1814-1817 data) as well as on the blind test sets from
</ r egi ons> the two time periods. The results are shown in Table 2
</ per son> where precision (P), recall (R) and f-score (F) are shown.
<l ocati on> The scores on the 1814-1817 sets are reasonable for a first
<nane>County of Kent</name> prototype produced within a limited time span, especially
<regi ons> when we consider the historical nature of the data and the
<region h="40" |="751" t1="1878" w="119"/>|  fact that it comes from a noisy OCR source. Recognition
<regton h=::31:: I =:885:: tz:: 1875:: "":::35"'/|> performs better for person names than for location names
<region h="32% 1="931" 1="1874" w="117"/>| 514 this may reflect the fact that person name recognition
</regi ons> . . . .
</l ocation> is more dependent on finding patterns in the text while lo-
<Jentities> cation name recognition is more dependent on gazetteer re-
sources: the former is more resistant to OCR error than the
Figure 4: System output latter. To illustrate, consider the string ‘Earl of Shagefi-

ury’ (Earl of Shaftesbury). The rules can identify this as a

person name, even though the OCR has mangled ‘Shaftes-
The NER tagger is implemented as a sequence of callury’, because the ‘Earl of capitalised-word’ pattern can
to the LTG’s LT-XML2 programs, in particular the XML still match. If the string ‘Shagefiury’ appeared on its own
transduction prograrixtransduce This program operates as a place name, however, a look-up against the gazetteer
on an XML input file to add person and place name mark-would fail and the name would be missed. Solutions to this
up as defined by rules in grammar files. For person namegroblem lie either in better OCR technology or in fuzzy
there are rules for, amongst others, monarchs, earls,,lord®ok-up techniques.
dukes, churchmen, and common people. The rules accessTae results for the 1685-1691 test set are comparable to
variety of lexicons including ones listing male and femalethe 1814-1817 data for person names but are significantly
christian names and surnames, as well as more specialigiorse for location names. Note that while precision and re-
lexicons such as one which lists place names which are alstall have both fallen considerably for locations, the latge
earldoms (e.g. “Warwick”). drop is in precision. This indicates that the rules are fre-
Place name recognition is done near the end of the NERuently predicting location names where they were not an-
tagging pipeline and is slightly interleaved with personnotated in the gold standard. In general, the low incidence
name recognition. After all the specialist rules for dukesof location names in this set indicates that it is quite dif-
etc. have applied, a first set of place name rules are used ferent from the 1814-1817 set that the location name rules
identify very high confidence place names, such as “Towrwere developed for. Moreover, IAA was lower for loca-
of London”. Then a general purpose person hame gramtions in this set, indicating that the location decisionns i
mar operates to find common names such as “Mr. Stratfordsome way harder than it was for the first set. There are
before a general purpose place name grammar finishes thogher contributing factors, including differences in nami
process. Because of this incremental approach to addingpnventions between the two sets. For example, the title
mark-up, the specialist lexicons, such as the one for plac®&/icecomes’ does not occur in the devtest set and was not
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1814-1817 DevTest 1814-1817 Test 1685-1691 Test

P R F P R F P R F
Location | 71.94| 72.29| 72.12| 67.92| 65.19| 66.53 | 16.59 | 43.90 | 24.08
Person 81.81| 79.56 | 80.67| 79.07| 72.42| 75.60| 81.65| 69.40| 75.03
Total T7.47| 76.42| 76.94| 74.34| 69.44| 71.81| 72.69| 68.15| 70.35

Table 2: NER Tagger Evaluation Results (%)
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