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Abstract. In this paper, we describe a new approach for retrieval in texts with
non-standard spelling, which is important for historic texts in English or German.
For this purpose, we present a new algorithm for generating search term variants
in ancient orthography. By applying a spell checker on a corpus of historic texts,
we generate a list of candidate terms for which the contemporary spellings have
to be assigned manually. Then our algorithm produces a set of probabilistic rules.
These probabilities can be considered for ranking in the retrieval stage. An exper-
imental comparison shows that our approach outperforms competing methods.

1 Introduction

In 2005, we have seen a number of initiatives addressing the problem of digitising books
and making them available on the Internet, following earlier less ambitious projects like
e. g. project Gutenberg1. The US search engine Google proclaimed an effort to digitise
15 million books. Some months later, the Open Content Alliance2 was formed by sev-
eral companies, research institutes and universities from the US. Since these initiatives
are focusing on books in English only — and mainly as a reaction to the Google digi-
tisation initiative — the European Union plans to create a European digital library in
order to preserve the culture of the European countries. This library should include texts
from the traditional European libraries and make them available on the Internet. So far,
19 European libraries have signed the corresponding manifest [6]. There have been al-
ready several digitisation projects in the past, but only a small fraction of the library
content is digitised so far. With a European digital library project, the collections that
are available in the Internet could be growing exponentially.

In contrast to countries with institutions defining spelling standards (e.g. Spain,
France), English3 and German [11] spelling was not stable over several centuries. En-
glish spelling was more or less fixed around 1800. In contrast, German spelling was not

1 http://www.gutenberg.org/
2 http://www.opencontentalliance.org/
3 http://en.wikipedia.org/wiki/English_spelling, access 20 January 2005 11:05
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standardised until 1901/1902. Before that date, there was the rule ’write as you speak’
(phonological principle of spelling) [8]. Because of the various dialects and the varia-
tions over time, German spelling before 1900 was highly time- and region-dependent.
But even for languages like French where the orthography has been standardised, early
spelling variants are occurring [2]. Furthermore, the predominant part of the 6,000 con-
temporary spoken languages never became official languages and thus, they have never
been standardised at all [15].

The non-standard spelling produces problems when searching in the historic parts
of digital libraries. Most users will enter search terms in their contemporary language
which differs from the historic language used in the documents. In order to solve this
problem, our project deals with the research and development of a search engine where
the user can formulate queries in contemporary language for searching in documents
with an old spelling that is possibly unknown to the user. For this purpose, we are
developing transformation rules for generating historic spellings from a given word.

More specifically, our project aims at the following goals:

– The development of time- and location-specific rule sets. The revision of rules from
the text basis and from statistical analyses should be possible.

– The development of new distance measures for spelling variants on the basis of a
modified Levenshtein similarity measure.

– Application of the search engine in other German digitisation projects (e.g. the
Nietzsche project [1]).

The search engine under development is based on the probabilistic information re-
trieval engine PIRE [9] and will create a platform that supports the interactive, iterative
development of new rules.

The paper has the following structure. In Section 2, we give a brief survey over
related work. Section 3 discusses approaches for the search in text collections with
non-standard spelling, and outlines our work. The core of our approach is presented in
Section 4, where we specify the generation of rules for transforming words into their
ancient spellings. Our approach is evaluated in Section 5, and the last section concludes
the paper and gives an outlook on future work.

2 Related Work

Rayson et.al. [14] describe a project for dealing with historic spellings of English. They
developed a variant detector for English texts from the 16th-19th century. A major dif-
ference to our work consists in the fact that German is a highly inflected language, in
contrast to English. Thus approaches developed for English can hardly be applied for
German.

Previous digitisation projects for the German language (e.g the Bayrische Staats-
bibliothek4) employed standard search engines. Some of them are thesaurus-based (in
combination with manual indexing), but they do not offer specific support for search-
ing in historic texts. Other approaches use dictionaries for this purpose. However, this

4 http://www.bsb-muenchen.de/mdz/



approach covers only the words contained in the dictionary. Furthermore, the time and
effort for the manual construction of the word entries is rather high.

We want to overcome this disadvantage with a rule-based approach, in order to be
able to cover the complete vocabulary (and thus increase recall). On the other hand, the
rules to be developed should be sufficiently precise, for distinguishing between spelling
variants of the search term and other words.

The topic addressed in this paper is related to problem of approximate name match-
ing [10]. There names with an incorrect spelling have to be found in a list of names.
However, the major difference between the two problems consists in the fact that names
usually differ only in their spelling, but not in their pronunciation. In contrast, words
from historic texts may also differ in their pronunciation, mainly due to regional dialects
[15]. These differences can also have effects on the spelling (see section 1).

The problem studied here is also somewhat related to cross-language information
retrieval [12], since in both cases mappings between words are considered. However,
our problem can be solved by means of mappings at the grapheme level, while only
dictionary-based approaches are suitable for cross-language information retrieval.

3 Searching in text collections with non-standard spelling

There are two possible approaches for searching in texts with spelling variants:

1. Stemming at indexing time: This standard information retrieval method requires the
set of stemming rules to be known at indexing time. In the case of spelling variants,
also rules for the standardisation of the different spellings are necessary. However,
the German language is a highly inflected language. Rule-based stemming for con-
temporary German requires rather complex rule sets, so it would be very difficult
to find the inflection rules which map the ancient spelling onto the associated con-
temporary radical. In our case, no rule set for spelling standardisation exists (and,
due to the time- and region-dependence, will probably never become available).

2. Generation of search term variants at retrieval time: For this query expansion again
rules for inflections and derivations of words as well as for handling spelling vari-
ants are required, but this time in the opposite direction, i.e. we need a mapping

search term→ contemporary inflections (or derivations)→ spelling variants

This approach is more flexible, as new rule sets can easily be adopted.

Indeed, the first approach would be a lot faster than the second one, because the time-
sensitive processing of the transformation happens once when a new collection gets
indexed. However, we assume that rule sets for spelling variations will not be fixed for
quite a long time and so only the second approach gives us the necessary flexibility.

In the latter approach, we first have to deal with morphological variations, before
we can start constructing the rules for spelling variants. For this purpose, we are using
a contemporary dictionary5 containing the full word forms [13]. Thus, when the user
enters a search term (in its basic word form), the dictionary yields all inflected forms.

5 http://wortschatz.uni-leipzig.de/



This way, we can focus on the second mapping, i.e. the generation of spelling variants
of the inflected forms.

By comparing the inflected forms of the dictionary with the word list of our corpus
(or using a spell checker), we are getting a list of candidate words in non-standard
spelling (some words also may not be contained in the dictionary, though). On the other
hand, this method will not be able to detect homographs (ancient spelling that matches
a different contemporary word); this issue will be addressed at a later stage of our
project. This way, we get a list of candidate words from our corpus. Then, we have to
check manually if the words are really in a non-standard spelling, and have to assign
the equivalent words in the contemporary standard spelling. After that, we can focus on
the second step — the building of new rules.

Even though the studied language is German we also found examples for English
[14] where our approach could be employed. E. g. always — alwaies (y−→ ie), sudden
— suddain (e−→ ai), and publicly — publikely (c−→ ke).

In the following we list some example rules developed manually for the 19th century
German (Table 1).

Contemp. spelling19th centuryrules

wiedergaben widergaben wieder−→ wider (1)
ie−→ i

akzeptieren acceptieren kz−→ cc (2)
k −→ c∧ z−→ c

überall ueberall ü−→ ue (3)
seht sehet t −→ et (4)

Table 1.Example rules for German

The first example shows two rules at different levels of specialisation. The first
rule transforms a prefix whereas the second one only transforms an allograph (see sec-
tion 5.2). The next example also offers two possibilities. In this case the transformation
can consist of one rule or the concatenation of two rules. However it becomes apparent
that the precision of the first rule would be much higher than that of the second rule.
The third case shows a very common rule for umlauts. The last example contains a very
general rule, but it could reach a higher precision if the rule is connected with context
information (in this case the end of the word). So not only the transformation itself is
important, but also the associated position.

Even though our approach requires a substantial manual effort at the beginning, we
expect that only little additional work is required later when the collection is growing
continually — due to the fact that we are working at the grapheme level.



4 Generation of transformation rules

As described above, our rule generation method starts with a training sample of his-
toric texts, on which we run a spell checker for contemporary German6. For all words
marked as incorrect spelling, the contemporary word form has to be assigned manually;
furthermore, we determinecf the number of occurrences of each historic word form.
Thus, we have a setH of triplets(a,h,cf) (contemporary word forma, full word form
h, collection frequencycf).

In the following, we denote a character stringa also as a sequencea0 . . .an. Further-
more, ifn = 0, thena0 . . .an denotes the empty stringε, anda|b denotes the concatena-
tion of strings (for convenience, we don’t distinguish between characters and strings of
length 1 here). The definitions apply accordingly for a character stringh. Furthermore,
we assume that each word form has a leading and a trailing blank. For lists we use the
Prolog-like notation[l1, . . . , lk], and we also use the notation[h|t] for splitting a list into
headh and tailt.

For generating transformation rules, we use the setH containing the contemporary
words and their historic spellings. First, we compare the two words and determine so-
called ’rule cores’, i.e. the necessary transformations. In a second step, we generate rule
candidates that also consider context information from the worda. Finally, in the third
step, we select the useful rules by pruning the candidate set. For describing the different
steps, we are specifying the functions involved — the corresponding algorithms offer
various possibilities for optimisations, which are still under development (a straight-
forward implementation could be achieved by using Prolog or a function-oriented pro-
gramming language).

4.1 Generate rule cores

For the rule cores, we determine the necessary transformations and also identify the
corresponding contexts. First, we define a function rcg1(), which creates a mixed list of
transformations and contexts when being called with two words and an empty string as
initial value. For example, fora=’ unnütz ’ andb=’ unnuts ’, rcg(a,b,’ ’ ) would yield
p= [’ unn’,(’ü’,’u’),’t’,(’z’,’s’),’ ’].

rcg1(a0 . . .an,h1 . . .hm, p) =
[p] , if n = m= 0
rcg1(a2 . . .an,h2 . . .hm, p|a1 , if a1 = h1

[p,(a1 . . .a j ,h1 . . .hl )|rcg1(a j . . .an,hl . . .hm,ε)]
so thata j+1 = hl+1 and j +m is minimum , ifa1 6= h1

6 We are not using the contemporary dictionary for this purpose, since it contains a large number
of spelling errors, due to the fact that it was built automatically from large volumes of Web
pages.



Given such a listL, we now generate the rule cores, i.e. the transformations with the
left and right contexts, by means of the following recursive function:

rcg(L) ={
/0 , if |L|= 1
rcg(L′)∪{(l , t, r)} with L = [l , t, r|R] andL′ = [r|R] , otherwise

For our example from above, we would get the following 2-element set of rule cores:
{(’ unn’,(’ü’,’u’),’t’), (’t’,(’z’,’s’),’ ’).

4.2 Generate rule candidates

For each rule core, we want to generate a set of rule candidates, by successively adding
left and right context to the left-hand side of a transformation rule. Besides considering
the exact characters occurring in the context, we also regard abstractions to the two
character classes vowels and consonants denoted by V and C, respectively. In addition,
B denotes a blank. Thus, the left context of a transformation has the general syntax
B?[C/V]*[’a’..’z’]* 7, and the right context follows the grammar [’a’..’z’]*[C/V]*B?.

For each element(l ,(s,d), r) from our list of rule cores, we call the function
rg(l , r,(ε,s,ε,d)) which is defined as follows:

rg(l , r, t) = rgcl(l , r, t)∪ rgcr(l , r, t)∪ rge(l , r, t)
rge(l , r, t) = rgl(l , r, t)∪ rgr(l , r, t)∪{r}

rgcl(l1 . . . ln, r1 . . . rm,( f ,s,b,d)) ={
rg(l1 . . . ln−1, r1 . . . rm,(ln| f ,s,b,d)) , if n > 0
/0 , otherwise

rgcr(l1 . . . ln, r1 . . . rm,( f ,s,b,d)) ={
rg(l1 . . . ln, r2 . . . rm,( f ,s,b|r1,d)) , if m> 0
/0 , otherwise

rgl(l1 . . . ln, r1 . . . rm,( f ,s,b,d)) ={
rge(l1 . . . ln−1, r1 . . . rm,(cc(ln)| f ,s,b,d)) , if n > 0
/0 , otherwise

rgr(l1 . . . ln, r1 . . . rm,( f ,s,b,d)) ={
rge(l1 . . . ln, r2 . . . rm,(| f ,s,b|cc(r1),d)) , if m> 0
/0 , otherwise

Here rgcl() and rgcr() generate rules containing literal characters, whereas rge() pro-
duces rules with the generalisations mentioned above. rgl() generalises the next charac-
ter of the left context, and rgr() the next character on the right. In practical applications,
we further restrict the number of candidate rules generated by these functions by defin-
ing a maximum length for the left and right context to be considered.

7 According to the notation of regular expressions, ? denotes an occurrence once or not at all
and * denotes an occurrence zero or more times



For our example from above, the following candidate rules are generated (among
others: (ε,ü,ε,u), (n,ü,ε,u), (ε,ü,t,u), (n,ü,t,u) (C,ü,ε,u), (ε,ü,C,u), (C,ü,C,u).

Given these candidate rules for a contemporary worda and its historic formh, we
generate a tuple(a,h,cf ,( f ,s,b,d)) for each candidate rule; in addition,cf denotes the
collection frequency ofh. The set of these tuples for all our triplets fromH forms the
set of training instancesE.

4.3 Rule set pruning

The generation of the final transformation rules can be regarded as a classification task,
where we have to distinguish between ’correct’ and ’incorrect’ rules. The setE of in-
stancesei = (ai ,hi ,c fi ,( fi ,si ,bi ,di)) ∈ E with the rule candidates contains the positive
examples. The negative examples consists of the wordsa in E where a rule can be
applied, but has not been generated8.

For deriving a good set of transformation rules, we have developed an extension of
the PRISM algorithm developed in data mining [4]. PRISM assumes that we have a set
of instances to be classified into a set of classes (in our case: correct/incorrect rules).
Instances are described by a fixed set of attributes with values from a nominal scale. For
each classC, the algorithm tries to find a set of high-precision rules for identifying the
instances belonging toC.

For each class C
Initialise E to the instance set
While E contains instances in C

Create a rule R with an empty left-hand side that predicts C
Until R is perfect (or there are no more attributes to use) do

For each attribute A not mentioned in R, and each value v,
Consider adding the condition A=v to the left-hand side of R
Select A and v to maximise the accuracy p/t

(break ties by choosing the condition with the largest p)
Add A=v to R

Remove the instances covered by R from E

Unfortunately, we cannot apply PRISM directly, for two major reasons:

1. We are not aiming at perfect rules, since this would result in rules which are specific
for each contemporary word form — and thus, hardly any words not seen before
would be covered by these rules (i.e. we would get a high precision, but very low
recall).

2. Instead of a set of attributes with fixed sets of nominal values, we have a possibly
infinite set of left-hand sides of rules. For this reason, we are generating rule candi-
dates from examples, whereas PRISM generates rules independent from examples
and then tests their quality. In PRISM, adding a condition to a rule results in a more
specific rule. In our case, we also have generalisation/specialisation relationships
between rule antecedents, which we can exploit for directing the search.

8 This is only an approximation, but a proper set of negative examples would require a huge
manual effort.



Based on these considerations, we have developed the rule pruning algorithm that
takes the candidate setE and outputs a final setF of rules. (Similar algorithms have been
proposed for text categorisation, see e. g. [5], but they do not consider the specialisation
hierarchy on rule conditions.) As additional parameters, two cutoff values have to be
specified for this algorithm:qmin denotes the minimum number (of tokens) of correct
applications of a rule, andpmin is the minimum precision of rules to be considered.

Let us assume that we have a Boolean functionmatch(r,a) which tests if the word
a satisfies the right-hand side of ruler. Based on this function, the most expensive step
in our algorithm is the search for all word forms wherematch() yields true. In order
to speed up this process, we first sort the instances by the rule itself; thus, we have
to perform the search only once for each rule (and not once per instance). Due to the
regular structure of our rules, we can use an access structure like a PAT array [7] for
determining all matching word forms.

In the following qi denotes the number of positive occurrences of rule r andpi

denotes the precision of rule r.
For each training instanceei , let

Ei = {r|r ∈ E∧ r = (a,h,c f,( fi ,si ,bi ,di))}
mi = ∑

ej∈E∧match(ei ,a j )
c f j

qi = ∑
ej∈Ei

c f j

pi =
qi

mi

Remove all instancesei from E wherepi < pmin∨qi < qmin.
Let F = /0.

while E 6= /0 do

1. from the instances with the highestp values, select those with the highestq values
and among those, choose one for which there is no instance inE with a more
general rule. Letei denote this instance.

2. F = F ∪ (ei , pi).
3. remove all instances fromE whereei applies: let

D = {ej |ej ∈ E∧ej = (a j ,h j ,c f j ,( f j ,sj ,b j ,d j))∧
∃ek ∈ E∧ek = (a j ,h j ,c fk,( fi ,si ,bi ,dk))

Then setE := E−D.

od.

4.4 Rule application

Given the set of probabilistic rules as described above, they can be applied in our search
engine. For a contemporary worda, we want to generate all historic spellings. Thus, for



any element(r i , pi)∈F , if match(r i ,a), r i is applied toa, thus yielding the wordai . This
way we are generating a set of historic spellings for a single worda, by application of
single rules. Obviously, these word forms are not all equally precise. Therefore, these
words should be assigned weights which reflect the precision of the rules they resulted
from [17].

Our retrieval engine considers the precision of rules in the following way:
For a spelling variantw generated from a search termt, we interpretp as the prob-

ability p = P(t → w) that t implies w. Since our search engine is based on retrieval
as uncertain inference, these probabilities can be easily incorporated into the retrieval
process (e.g. in the simple case of binary indexing and single-term queries,p would be
the weight of a document containingw).

5 Evaluation

For evaluation, we compared our new approach with two other methods developed be-
fore. Here we first describe the alternative methods, and then we present the experimen-
tal results.

5.1 Manually-built rules

In [11], the manual construction of two rule sets for 19th century German texts is de-
scribed. For the first rule set, each rule can only be applied at most once at a specific
position in a word (e. g. ä−→ e). In contrast, the rules from the second rule set (e. g. aa
−→ a) can be applied an arbitrary number of times. Due to the fact that spelling vari-
ants often occur because of differences in pronunciation, a part of the rules have been
developed by comparing pronunciations. Other rules have been developed by literature
research. For each word in question, these rules are applied onto the contemporary and
the historic word form. If the results of the transformations are equal, this means that a
historic spelling variant has been found.

5.2 Variant graph

The approach presented in [2] is similar to phonetic name matching. For each graphem,
the appropriate allographs are generated. For example, the graphemef has the allo-
graphs{u,v, f , f f , p f}. Given the set of allographs for each graphem, a variant graph
can be build for each input word in contemporary spelling. For each grapheme in the
input word this graph contains the corresponding allographs; each path in the graph
produces one variant spelling. As an example, Figure 1 shows the variant graph for the
word ‘Himmel’ (sky).

5.3 Experiments

For a comparative evaluation of the different approaches, we used documents from the
Nietzsche collection and other smaller collections containing texts from the 19th cen-
tury. The manually build rule set had been developed only based on the Nietzsche col-
lection while the rule set for the other two approaches had been developed for the whole



Fig. 1.The variant graph for ’himmel’

test collection. Our small collection contains 64290 word tokens, with 11326 different
words (types). After feeding the types into the spell checker, followed by manual check-
ing of the marked words, we were left with 717 different words in historic spellings.

Since our new approach requires a training sample, we split the available data such
that two thirds of the instances were used as training sample, and the remaining third as
test sample.

The recall and precision values are based on collection frequency of the retrieved
full word forms. The results of applying the three approaches to the test sample are
shown in Table 2.

Approach PrecisionRecall
Manual rules 0.53 0.09
Variant graph 0.48 0.69
Automatic rules 0.45 0.88

Table 2.Recall and precision figures of the three approaches

The manually developed rules from [11] perform poorly, as they achieve a precision
of 0.53, but only a recall of 0.09. In addition to the low quality, a major disadvantage
of the manual rules is the intellectual effort for their development. Thus, this approach
does not seem to be suitable for supporting retrieval of texts in historic spelling, because
we did not even get an expected high precision for the available rules.

With the variant graph, we reach a similar precision, but a recall level of 0.69.
Roughly speaking, this approach misses one out of three words in historic spelling; this
is not a satisfying result - even though only a fraction of all words occur in non-standard
spelling. Another drawback of the variant graph method is the large number of spelling
variants generated (e. g. 18 in Figure 1), which increases retrieval times substantially.

The automatic generated rules reach a precision of 0.45 and a recall of 0.88. In
comparison to the other two approaches, precision is slightly inferior. On the other
hand, the recall is 28 % better as that of the variant graph method.

With the automatically generated rules, it is also simple to look at the precision
values for single rules. These precision values are based on the collection frequency
of full word forms and the false positives the rules are used for. Table 3 shows some
frequently used rules with their corresponding precision values.



Rules ContextFrequencyPrecisionExamples

t −→ th 116 0.67 Einteilung - Eintheilung
ä−→ ae post:C 42 0.98 Ämter - Aemter
s−→ ß 35 0.62 aus - auß
k −→ c 32 0.8 Kollegien - Collegien
ü−→ ue 20 0.69 Übertragung - Uebertragung
ä−→ ai 18 1.0 souverän - souverain

Table 3.Frequently used rules

pmin 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
Recall 0.88 0.87 0.87 0.87 0.86 0.73 0.73 0.69 0.65 0.63 0.29
Precision0.45 0.65 0.65 0.75 0.77 0.93 0.94 0.96 0.98 0.99 1.00

Table 4.Recall and Precision for different threshold valuespmin

We generated a first rule set with the parameterspmin = 0.0 andqmin = 1. By ap-
plying higher thresholds valuespmin in our rule pruning algorithm, we can increase the
precision on the test sample. Table 4 shows the corresponding results. A reasonable
threshold seems to be 0.4, because recall decreases only slightly from 0.88 to 0.86,
while precision decreases from 0.45 to 0.77 and is consequently superior to the preci-
sion values of the other two approaches.

Overall, these results the implementation of our new approach show that automat-
ically generated rules outperform previous methods, and that we are on the right track
to achieve a high quality in the generation of historic spellings.

6 Conclusion and Future Work

In this paper, we have discussed the problem of retrieval in historic texts with non-
standard spelling. We have shown that due to the large variations in historic spellings,
the standard stemming approach cannot be applied. Instead, historic variants of the
search terms have to be generated. By using a contemporary dictionary containing the
inflected word forms, we first map the search term onto its inflected forms, and then
generate the corresponding historic variants. For this purpose, we have described a ma-
chine learning method for generating appropriate transformation rules. Since the rules
have probabilistic weights, these weights can be considered in retrieval for weighting
the documents matched by search terms generated through weighted rules.

So far, we have only a first version of our algorithm. As an obvious extension of the
basic algorithm, we should consider better parameter estimation methods for estimating
the precision of rules with a small number of positive examples. The manual analysis
of the errors on the test set has shown that a large number of errors is caused by a few
words. Thus, these words should be considered as exceptions in the rules — so the rule
generation algorithm should be modified accordingly.



For an application of our approach to large corpora, we are also working on the de-
velopment of an interactive tool for rule generation. Instead of assessing a large number
of ’misspelled’ words before starting rule generation, the interactive tool would start
with a few assessed examples only, generate rule candidates and then ask the user for
judging about (a representative sample of) other words where these rules apply.

So far, our method has been applied to German texts only. However, by exchanging
the linguistic resources (i.e. the dictionary containing the full word forms) it can be
easily applied to other languages.

The module for generating historic variants of search terms will be integrated in a
probabilistic engine for the retrieval of historic texts. Only through retrieval experiments
with historic collections, we can assess the ultimate quality of the new method presented
here.
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