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ABSTRACT

This paper reports on the development of a spoken dialog system for
providing information abou pulblic transport in the Netherlands. It is
explained howv a German prototype was adapted for Dutch. Emphasis
is laid onthe spedfic gpproadc chosen to collea speed material that
could be used to gradually improve the system. The pros and cons of
this method are discussed.

1. INTRODUCTION

During the last decale the performance of spoken dialog systems has
improved substantially. At the moment, the quality of these systems
seansto be eleto suppat anumber of simple pradicd tasksin small
and clealy delimited damains. As a result, much effort is sent
nowadays to develop prototype telephore-based information systems
in different courtries. These systems are reminiscent of the
well-known Air Travel Information System (ATIS) task that has been
a focd point in the American ARPA-projed. In Europe two MLAP
(Multi-Lingual Action Plan) projeds concerning pulbic railway
information have been caried ou, viz. RAILTEL and MAIS. These
projeds differ from the ATIS task in that they aim to construct truly
interadive systems, accesshle over the telephore.

There ae many reasons why information about pubic transport is a
suitable domain for testing spoken dialog systems, of which ony
some are mentioned here. First of all, the domain can be limited in
ways that are obvious for a cdl er, which is a necessary requirement to
read a sufficient performance level. In the Dutch system that we ae
developing, the domain is limited by restricting the information to
travels between train stations. Furthermore, there is a large demand
for information abou pubic transport. For instance in the
Netherlands there is one nationwide telephore number for information
abou pubic transport. This number receves abou 12 million cdls a
yea, of which orly abou 9 million are adualy answered. At the
moment, al cdls are handled by human operators. A substantial cost
saving would be adieved if part of these cdls could be handled
automaticdly. Moreover, automatic handliing would probably reduce
the number of unsucces<ul cdls.

In the Netherlands ‘ puldic transport information’ is virtualy identicd
with ‘multi-modal from addressto-address information’. The human
operators who provide the service must access a large data base that
contains the schedule information o al pubic transport companiesin
the courtry. Espedally the fine-meshed locd transport networks pose
substantial problems, e.g. when spedfic bus gops must be identified.
The omplex didogs that may be required to disambiguate
destinations on the aldresslevel are far beyond what can be adieved
with existing speet recognition, natural language processng, and
dialog management techndogy. Therefore, we have limited the
domain of our experimental pubic transport information system to
information abou travels between train stations. However, we intend
to enlarge that domain gradudly, e.g. by adding metro stations in
Amsterdam and Rotterdam, and by adding tram stops and the major
inter-regional buses (Interliners).

2. GENERAL DESCRIPTION OF THE SDS

The starting point of our reseach was a prototype developed by
Philips Reseach Labs (Aaden, Germany), which can provide
information abou the schedules of the German railways. In this
sedion orly ashort description o the general properties of the system
is given. For further details concerning this s/stem, see Oerder and
Ney (1993, Steinbisset a. (1993, Aust et a. (1994, Ney and Aubert
(1999), Oerder and Aust (1994, Steinbisset a. (1994, Aust et a.
(19%), Steinbisset al. (1995, and Strik et al. (1996. Conceptually,
the Spoken Dialog System (SDS) consists of four parts (in addition to
the telephoreinterface:

1. the Continuouws Speed Reaognition (CSR) modue,
2. the Natural Language Processng (NLP) modue,

3. theDialog Management (DM) modue, and

4. the Text-To-Speed (TTS) modue.

The system was conreded to an ISDN line. Therefore, the inpu
signals consist of 8 kHz 8 hit A-law coded samples. Fedure extradion
is done every 10 ms for frames with awidth of 16 ms (Steinbisset d.,
1993 1995). The first step in feaure analysis is an FFT analysis to
cdculate the spearum. Next, the energy in 14 mel-scded filter bands
between 350 and 3400 Hz is cdculated. Apart from these 14
filterbank coefficients the 14 delta coefficients, log energy, and slope
and curvature of the energy are dso used. This makes a total of 31
feaure wefficients.

The CSR uses amustic models (HMMs), language models (unigram
and higram), and a lexicon. The lexicon contains orthographic and
phoremic transcriptions of the words to be recognized. The
continuows density HMM s consist of three segments of two identicd
states, one of which can be skipped. The output of the CSR modue,
and thus the inpu to the NLP modue, is a word graph (Oerder &
Ney, 1993 Ney & Aubert, 1994.

In the NLP modue a stochastic atributed context-free grammar is
used to parse thisword graph. The main goal of the grammar isto find
the information that is needed to perform the right query on the data
base. Therefore, it is not necessary that all words are reagnized and
understood correaly. It is aifficient that important concepts (like eg.
origin, destination, and time of departure or arrival) are recognized
corredly.

The DM modue chedks whether all i nformation reeded to perform a
query on the data base is present (i.e. whether dl dots are fill ed). If
thisis not the case, the system asks the cdl er explicitly for the missng
information. When al dlots are filled, the system accesss the data
base.

The information found in the data base (and al other feedbadk
mentioned above) is presented to the cdler by means of speedh
synthesis. Language generationis limited to the concatenation o fixed
phrases or by inserting the right words in open slotsin carier phrases.
Speed synthesis is acomplished by concaenating pre-recorded
phrases and words gpoken by afemale speker.



3. BUILDING A DUTCH SDS

In order to buld and train an SDS for a cetain spplication, a
considerable amourt of data is needed. For colleding these data
Wizad-of-Oz scenarios are often used. However, within the
framework of the aurrent projed a different approach was chosen,
which consists of the foll owing five stages:

1. make afirst version o the SDS with avail able data

2. ask alimited group d people to use this g/stem and store the
diaogs

3. usethereoorded datato improve the SDS

4. gradudly increase the data and the number of users

5. reped steps 2, 3, and 4 urtil the system works satisfadoril y.

3.1 Thefirst version of the SDS

In Sedion 2we provided a short description o the system developed
by Phili ps Reseach Aadhen. A first version o the SDS was obtained
by locdizing this German system for Dutch. How this was dore is
described in the present sedion.

CSR. The CSR comporent of thefirst version of the SDS was trained
by using part of the Polyphore data base (Damhuis et al., 1994 den
Os et a., 1999. This corpus is recorded over the telephore and
consists of read and (semi-)sportaneous peed of 5000subjeds. For
eadt spedker 50 items are avail able. Five of these 50 items are the so-
cdled phoreticdly rich sentences, which contain al phoremes of
Dutch at least once, while the more frequent phoremes occur more
often. The five phoreticdly rich sentences of 500 subjeds (i.e., 2500
utterances in total) were used to train the a@ustic models of the first
version o the CSR comporent. In the arrent Dutch version 38
monorhores are used (see Table 1). Thirty-five of these models
represent phoremes of Dutch, two represent alophores of /I/ and /r/,
and ore model is used for al nonspeed sound.

Table 1. The 38 monophores and some examples.

vowels consonants

i liep |1 lip p put n na S s
e leeg |E leg b bad |I la z za
a laat |A lat t tak roora S gad
0: boom | O bom d dak |L ba j jas
y buut |Y put k kat R bar x licht
2. deuk @ gdijk [N lang |f fiets |h had
Ei wijs |u boek m mat |v va w o wat
9y huis |Au koud I| n# nonspeed sounds

Note that the data used to train the first version o the CSR are not
application-spedfic. First of dl, the data consist of read speed, and
not sportaneous geed as in the intended applicaion. Furthermore,
the phoneticdly rich sentences of the Polyphore data base were
seleaed from newspaper texts. Therefore, nore of them are related to
travels between two train stations.

The phoremic forms in the lexicon were taken from three different
sources. Station names came from the ONOMASTICA data base
(Konst and Boves, 1994, whil e the lemma forms of other words were
taken from the CELEX data base (Baayen et a., 1993. The phoremic
forms of words that were not found in these two data bases were

generated by means of our grapheme-to-phore cnverter (Kerkhoff et
al., 1984). Postprocessng was used to resolve systematic differences
in the phoremic forms obtained from these threesources, i.e., to make
the phoremic representations in the lexicon more homogeneous. For
42 words multiple pronurtiations are included in the lexicon: 2
phoremic transcriptions for 40 words, and 3 phommic transcriptions
for 2 words. Of these 42 words 26 are station names, 10 are digits,
and 6 are gredings. For al other words one phoremic transcriptionis
present in the lexicon.

NLP. Since German and Dutch are rather similar from a syntadic
point of view, for some parts of the NLP it was posshle to make a
direa trandation from German to Dutch. However, in many other
cases, such astime and date expressons, things appeaed to be more
complicaed. First of dl, ead language has it own expressons for
speda days. For instance in Dutch we have “koninginnedag”
(birthday of the queen, 30 April), which dces not exist in German.
Since it is common to say eg. “de dag voor/na koninginnedag”
(literally: the day before/after queen’s day), the system had to be
taught to reaognize expresgons of thiskind.

A seoond problem with the interpretation o time is related to the
ambiguity of certain time expressons. The word “tomorrow” uttered
in the small hous is a cae in pant. In order to interpret time
expressons, the system uses the internal clock of the computer on
which the NLP software runs. If the cdler says “tomorrow”, the NLP
adds 1 to the date of the internal clock. However, if the person cdls at
00:10 and says “tomorrow”, (s)he probably means “today”, or, to be
more predse, the aurrent date of the internal clock. Therefore, this
latter interpretation is adopted in the Dutch system.

Another date-related problem had to dowith the fad that in the Dutch
rallway system there is a discrepancy between cdendar days and
‘schedule’ days. A schedule day --which corresponds to the duration
of the validity of tickets- starts at 04:00 and continues until 03:59 of
the next cdendar day. The data base that provides the train timetable
information in the Dutch dialog system adheres to this definition of
schedule day. Therefore, al daterelated expressons that are
somehow conneded to the time span between 00:00 and 0400 hed to
be reconsidered. For instance, if a cdler says “I want to travel today”
at 02:00, the German system shoud interpret ‘today’ as the date of the
internal clock, whereas the Dutch system shoud interpret ‘today’ as
one day before the cdendar date.

Furthermore, the interpretation o time intervals had to be ajusted
too. The system alows queries for connedions in a cetain time
interval. The start and end time of an interval must always be on the
same ‘day’. If a ‘day’ covers the interval from 04:00 to 0359, the
conventional numeric order is not preserved. When a cdler says “I
want to arrive between six and three”, the present implementation
alows for threeinterpretations, viz. 06:00 - 15:00, 06:00 - 03:00 and
18:00 - 03:00. In the origina implementation orly 06:00 - 15:00
would have been valid. Which of the three @ove-mentioned
interpretations is chosen depends on the time of day when the query is
receved.

We were convinced that we could never figure out al the expressons
Dutch people could use in order to get information abou puhbic
transport just by introspedion. At the same time, we did na have a
large data base available that could be used to look for all posshle
expressons. Therefore, an dternative gproach was adopted. A
preliminary version o the grammar was made by trandating and,
where necessry, adapting the German grammar. This part of the SDS
was then tested independently of the speed interfaces by using a
keyboard version o the dialog system. A limited group d motivated
people (abou twenty) were asked to log in on the system and type
their questions on a keyboard. The exad number of subjeds who dd
participate is not known because the test was anonymous. The replies
from the system appeaed onthe screen. Because people ae likely to



formulate their questions differently when they spe&k or type, the
users were instructed to try to expressthemselves as they would doiif
they were spe&ing.

In this way we were ale to test the grammar and to gather some text
material that could be used to initialize the language model. In total
243 dialogs were obtained, consisting of 1 upto 6 queries. It turned
out that the sesgons of the users with this version o the NLP were
extremely useful. On the basis of the log-fil es, many adjustments were
made to the system. A nice example is that in the original German
grammar there ae 18 ways to give an affirmative answer and 7 ways
to give anegative answer. On the basis of the log-fil es 34 affirmative
answers and 18 regative answers were defined for Dutch.

DM. For the boastrap version o the system the German DM was
trandated literaly into Dutch. Some adaptations appeaed to be
necessry, though. For instance, the interfaceto the pubic transport
data base had to be modified. Furthermore, some danges were
required in the fealbadk to the cdler. By way of illustration, in the
German system train numbers are mentioned becaise these gpea to
be important for the cdler. However, this piece of information is
irrelevant in the Netherlands (people never refer to the train number)
and was therefore excluded from the feedbadk in the Dutch system.

As mentioned above, a data base query is initiated orly after all
necessry information is available. Before an information item is
considered as known and frozen, the cdler is given explicit or implicit
feedback abou what the system thinks it has recognized. He can then
disconfirm erroneous items and replacethem with corred information.

TTS. Many adaptations had to be made to the speed ouput modue
of the system, because only the genera spproach from the German
prototype could be copied. An inventory was made of the phrases that
together form the questions and replies the system shoud be &le to
produce Recwrdings were made of these utterances goken by a
female spedker. In the SDS these recorded utterances are concatenated
to generate the speed ouput of the system.

3.2 Improving the SDS

The first version o the SDS was put in the PSTN in December 1995
The CSR modue in this version was trained with DBO, i.e., the 2500
Polyphore utterances. Eighty employees of KPN (Roya Dutch PTT)
recaved the telephore number of this s/stem. The main criterion used
to seled them was that they had some experience with spoken dialog
systems. However, they were not famili ar with this gedfic SDS. They
were requested to cdl it regularly, and their dialogs were recorded. In
this way the data bases DB1 to DB3 in Table 2 were oolleded. Next,
this telephore number was made known to 1200 dher employees of
KPN, and the data bases DB4 to DB7 were recorded. The data bases
in Table 2 are built up incrementaly, which means that DB2 is a
superset of DB1, DB3 of DB2, etc.

Each utterance was orthographicdly transcribed. Out-of-vocabulary
(O0V) words were deteded automaticdly from the transcriptions. In
this way words containing typing errors were dso foundand manually
correded. The OOV words were phorematized by hand and added to
the training lexicon, so as to use dl the mlleded data for training the
system. However, not al new words were alded to the reagnition
lexicon. Only those words considered to be relevant to the gplicaion
were included in the reagniti on lexicon. Consequently, the size of the
recognition lexicon gradually increased. Currently the recognition
lexicon contains 1115words.

Since words not present in the recognition lexicon can never be
recognized corredly, it isimportant that the number of OOV wordsis
not too large. As a meaure we use the relative humber of OOV
words, which is cdculated by dividing the number of OOV words for
a data base by the total number of words in that data base. The relative
number of OOV words as a function o the number of words in the

relative number of OOV-words (%)
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number of utterances (x 1000)
Figure 1. The relative number of OOV-words as a function o the
number of utterancesin the data base.

data bases is hown in Figure 1. It can be observed that the relative
number of OOV words is gnall. Apparently, we succeeled in making
abodstrap lexicon that contains most of the words used.

In Figure 1 ore can aso seethat the relative number of OOV words
deaeases as the number of utterances increases from 1301to 6401 In
the beginning a fair number of OOV words are found However, as
the same group o peopleislikely to use more or lessthe same words
to ask for information, the number of unknown words deaeases
gradualy. After DB3 (6401 uterances) had been recrded, the
telephore number of the system was made avail able to a larger group
of people. It is concdvable that new people will use new words. As a
matter of fad, the relative number of OOV words turns out to incresse
first andto deaease again later on (seeFigure 1).

Table 2. Data bases used during the development of the SDS.
Presented in the olumns are the name of the data base, the
number of utterances, the total duration o al speed signals
(in min.), the total number of words, and the total number of
distinct words.

Data # Dur. # #
bases utt. (min) words | distinct
DBO 2500 282 28516 5951
DB1 1301 41 4575 370
DB2 5496 227 22167 678
DB3 6401 275 23279 683
DB4 8000 355 28197 785
DB5 10003 440 34587 845
DB6 21288 921 70773 1069
DB7 32971 1406 106880 1226




Whenever a sufficient amourt of new data was coll eded, the lexicon
was updated and language and phore models were trained again. The
new models were compared to the old models (as will be described
below), and those which performed best were chasen. In the on-line
system the old models and the lexicons were replaced by the better
ones.

In the ealy versions of the system we deteded some syntadic
constructions that were sometimes used by the cdlers, but were not
handled corredly by the NLP. To improve the NLP, these syntadic
constructions were alded to the NLP's context free grammar.
Furthermore, the NLP was trained with the same data used to train the
language model (the bigram). During the training of the NLP the
concept bigram modd is constructed and the number of occurrences
of syntadic units in the context freegrammear is courted and stored in
the NLP. As described above (seesedion 2), the concept bigram and
the syntadic unit courts are used in dedding which parse of the word
graphis chosen.

Althouwgh the first bodstrap version o the system was quite useful as
a tool for data aquisition, tests performed recently show that some
changes at the egonamic level are required. For instance the
concaenation synthesis soud be improved, information abou
complex journeys shoud be split into smaller churks, and the cdler
shoud be aleto interrupt the machine (barge-in capability). Some of
these improvements in the DM modue will be aldressd in the nea
future.

3.3 The performance of the CSR module

Part of the data colleced with the on-line SDS was kept apart as atest
data base. Since we did na have much data in the beginning, the test
data base had to be small: 500 uterances were randamly selected from
the recorded dialogs. The mnsequenceis that some of the utterances
of a cdl arein the test data base, whil e the remaining part of the same
cdl (and thus the same spedker) isin the training set. In total the test
data base contains utterances from 465 dfferent dialogs. The tota
number of words and charaders in this test data base is 1674 and
9696 respedively. The total number of charaders (or graphemes) can
be used as a rough estimate of the total number of phoresin the test
data base.

The performance of the CSR modue was evaluated for the whole
word graph (WG) and for the best sentence (BS) obtained from this
word graph. Both for the word graph and for the best sentence
word-error rate (WER) and sentence-error rate (SER) were cdculated.
In total this yields four measures that can be used for evauation:
WG-WER, WG-SER, BS'WER, and BS-SER. Becaise not everyone
uses the same definition o WER it shodd be noted here that for
cdculation o the WER insertions are dso courted as errors. Error
rates for the word graph are obtained by seaching the optimal path in
the wordgraph, i.e., the path that matches the spoken utterance best.

In sedion 2 it was arealy explained that the NLP looks for spedfic
concepts in the whole word graph, such as departure station, arrival
station etc. Sincethese mncepts are words, WG-WER would seemn to
be the most relevant evauation measure. However, it is not necessary
that the NLP remgnizes every single word. Remgnition o the
above-mentioned crucial concepts will suffice Although WG-WER is
probably a better measure of the CSR performance than the other
three indices mentioned previoudly, it is obvious that it is not an
optimal measure. Indeed, the optimal measure would be a @ncept
error rate for the word graph. In order to provide complete
information about the performance of the CSR, the remaining three
measures are dso presented. The BS error rates give an ideaof the
quality of the phore models and higrams, becaise the probabiliti es of
the phones and higrams are used to determine the BS from the WG.
The SERs show how often the complete sentence is recognized
corredly.

Table 3. Test-set perplexities and performance levels for the 4
different combinations of 2 phore models (PO and P03) and 2
language models (LO and L3).

System PO+LO | PO3+LO | PO+L3 | PO3+L3
perplexity || 31790 | 31790 | 6584 | 6584
WG-WER 26.16 2378 1356 1332
WG-SER 4220 3780 2500 2460
BS'WER 49.04 4128 2718 2366

BS-SER 66.00 5560 4180 3700

The different data bases were used to train language models (unigrams
and bigrams) and the 38 acoustic models. Language models trained on
data bases DBj will be cdled Lj. Phone models trained on dita base
DBn will be cdled Pn. In addition, phore models were trained on
DBO in combination with an applicaion-spedfic data base DBm.
These phore models will be cdled POm.

The test data base was used to cdculate aror rates for various
versions of the system (see Tables 3 and 4). First, phore models
(PMs) and language models (LMs) were trained on the Polyphore
material (DBO) aone. The resulting error rates are given in column
‘PO+L0". DB1 was not used to train PMs and LMs becaise the
number of utterances in this data base is too small. Since the aror
rates for DB2 are very similar to those for DB3, they are not presented
here. Although various tests were performed, here we will present
only the results of the tests in which the test lexicon consisted of the
words contained in the test data base. The reason for thisis that these
results best ill ustrate the gradual changes in the performance of the
CSR.

We first wanted to test how important appli cation-spedfic data ae for
training PMs and LMs. In order to doso we cdculated the aror rates
for all four combinations of two sets of PMs (PO and P03) and two
sets of LMs (LO and L3). The results are given in Table 3. DBO was
not used in training the seond set of LMs (i.e., L3), becaise this data
base mntains no uterancesthat are relevant to the present application.
In this case using DBO in addition to DBn would orly worsen the
LMs. For PMs, on the other hand, it appeaed that PMs trained on
DBn and DBO are better than those trained onDBnN aone.

The test-set perplexities in Table 3 show that the LMs trained on
applicaion-spedfic data (i.e,, L3) are better than those trained on
DBO (i.e, L0), as expeded. Using DB3 in additionto DBO to train the
PMs improves the performance (compare ‘PO+L0" with ‘PO3+L0").
However, a much larger improvement is achieved if
application-spedfic data ae used to train the LMs (compare ‘ PO+L0'
with ‘PO+L3). An addtiona, abeit relatively smal, gain in
performance can be obtained when bah the PMs and the LMs are
trained on appli cation-spedfic data (compare ‘ PO+L 3" with ‘PO3+L3").
On the basis of these results we may conclude that using
applicaion-spedfic data is more important for training the LMs than
for training the PMs.

Above we stated that PMs trained on DBn and DBO are usualy better
than those trained on DBn aone. If we compare ‘PO3+L3' of Table 3
with ‘P3+L3" of Table 4 we natice that this is indeed the cese for
DB3. However, as the size of the gplicaion-spedfic data base DBn
increases, it becomes lessimportant to use DBO in additionto DBn to
train the PMs. For this reason, only tests in which applicaion-spedfic
data were used are presented in Table 4. In Table 4 it can be observed
that the test-set perplexity and the eror rates gradually diminish as the



size of DBn increases. However, for DB7 there is hardly any further
improvement.

Table 4. Test-set perplexities and performance levels for different
phore models (Pi) and language models (L ).

System P3+L3 | P4+L4 | P5+L5 | P6+L6 | P7+L7
perplexity 65.84 5030 4820 3524 3522
WG-WER 1481 1189 1135 848 842
WG-SER 25.80 2280 2040 1660 1680

BS-WER 2611 2145 2061 1679 1637

BS-SER 37.40 3220 3020 2580 2560

3.4. The performance of the whole system

In the previous dion we have only dedt with the performance of a
single comporent of the total system, i.e., the CSR modue. In order
to oktain a complete picture of the performance of the whole SDS
different types of measures must be mlleded. For three measures it
was edfied a priori what the aiteria were that the system had to
mesd.

First of all, it was gedfied that the system shoud na need a ald
start (reboat) more often than once per two months, a aiterion that is
easy to measure by keeping a system log. Our system needed orly two
reboasin six months time. Second, the response time of the schedule
data base had to be lessthan 3 seconds. A powerful workstation was
neeaded to med this requirement.

Third, the success rate of the system had to be larger than 8(%.
Successrate is the percentage of inquiries in which the cdlers get the
information they asked for. In order to measure the successrate of the
system a formal test was caried ou with 500 subjeds, al of whom
were anployees of KPN. They were seleded so as to cover dl
regiona language varieties. Subjeds did na receve spedfic tasks to
cary out. Instead they were ssimply requested to make up ore or more
redistic questions, and then to try and get the aswer to these
guestions from the SDS. In total 647 cdls were made during the test,
in which 890 inquries were peformed. All cdls were
orthographicdly transcribed and evaluated.

The median duration o an inquiry was 140 seaonds. This is dightly
longer than the median duration o the cdls in the present operator
service Unfortunately, we have no dcata abou the relative time spent
in colleding the inpu information and in providing schedule
information. This ladk of detail applies to bah the operator and the
automatic version o the service

Of the 890 recorded inquiries 153 hed to be left out of the evauation
because they were not considered to be serious attempts to ohtain
information (e.g. people playing with the system, inquiries in which
multiple speers talked simultaneously, and inquiries in which
nonexisting station names were used). For the remaining 737
inquiries 94.7% proved to be successul. Thisisfar beyondthe goa of
80% successul queries that we had set ourselves.

4. DISCUSSION AND CONCLUSIONS

In this paper we have described the development of an automatic
system for providing information abou pubic transport in the
Netherlands. Important charaderistics of this system are that it was
derived from a prototype that had originally been developed for
German and that an aternative gproach for colleding application-

specific materiad was adopted, instead of the usual Wizard-of-Oz
scenario.

This dternative method appeas to have considerable alvantages:
First of al, notimeis gent on the WOZ simulation. Instead, the red
system is immediately redized. The whole gplicaion with al the
modues is used from the beginning, and nd just one cmporent. In
this way many pradicd problems pop upat an ealy stage, and can be
solved before the final implementation takes place Furthermore, the
system used to colled the data is the red system and nd a simple
imitation. Finaly, it is possble to colled speed material and to test,
debug and evaluate the system at the same time.

However, one important disadvantage of this approach is that it
requires that the first version o the system shoud work well enough
to be used for data oolledion. We succeealed in making a suitable
boatstrap for the foll owing reasons. Firstly, because we could use the
German prototype & a starting point. Secondy, becaise we had
knowledge @ou German, Dutch, and this gedfic goplicaion.
Thirdly, becaise German and Dutch are very similar. Fourthly,
becaise speet data bases, abeit not applicaion-spedfic, were
avalable. Findly, becaise we used the data olleded with the
keyboard version. It is possble that under less advantageous
circumstances, this approach would be less siccessul than it turned
out to bein ou case.
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