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In this paper we brie�y introduce keystroke logging as a research method 
in writing research, focusing more explicitly on the recently developed 
linguistic analysis technique. In a case study of two elderly people (healthy 
versus demented), we illustrate some aspects of this linguistic approach. �is 
analysis aggregates event-based data from the character level to the word 
level, while taking into account all the revisions that occurred during the 
composing process. �e linguistic process analysis complements the logged 
process information with results from a part-of-speech tagger, a lemmatizer, 
a chunker, a syllabi�er, and also adds word frequencies. �e enriched word 
level information – together with action time and pause time at the word level 
– opens up new perspectives in the analysis of process dynamics, once more 
establishing a closer link between process and product analysis. We thus test the 
complementary diagnostic accuracy for Alzheimer’s disease, mainly focusing on 
cognitive and linguistic aspects that characterize the process of written language 
production.

Keywords: keystroke logging; linguistic process analysis; Alzheimer’s disease; 
Inputlog

.  Introduction

Writing research has a rich tradition of research on writing products as well 
as on writing processes (cf. recent overviews in Berninger 2012; MacArthur, 
Graham & Fitzgerald 2008; Bazerman 2008; Bazerman et al. 2010). Since the 
1980’s, there has been a growing focus on process research due to the increase 
in interest in cognitive psychology. �e introduction of the writing model 
(Flower & Hayes 1981) by Hayes and Flower opened up new areas of research. 
�e �rst model was based on protocol analysis and mainly provided insights 
into the internal mechanisms necessary for writing (e.g. memory, planning, 
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problem solving) (Hayes 2012b, a). In the 1996 model the writing medium was 
the subject of renewed attention (Hayes 1996), mainly due to the fact that the 
computer gradually became the standard for text production. However, not 
only have the methods of text production changed considerably, the  technical 
possibilities for studying writing have also evolved. For instance, keystroke log-
ging and eye tracking have been implemented as observation and research tools 
enabling us to gain a better understanding of the cognitive processes involved 
in writing. Although there is an increasing interest in and focus on real-time 
processes, we think it remains very important trying to establish a link between 
a writer’s observed mental processes and the textuality of writing from a prod-
uct perspective. In this section, we focus on a writing process study in which we 
use keystroke logging data to speci�cally examine the crossroads at which the 
linguistic characteristics of the written product and the writing process itself 
meet.

.  Keystroke logging

Keystroke logging is a widely used and popular method in writing research. One 
reason is undoubtedly the fact that it is an unobtrusive method for studying 
underlying cognitive processes and scarcely interferes with the natural writing 
process (Sullivan & Lindgren 2006; Leijten & Van Waes 2012; Van Waes et  al. 
2012). In addition, it is also possible to combine it with complementary observa-
tion techniques, like thinking aloud or eye-tracking. Moreover, keystroke log-
ging enables researchers to collect �ne-grained pause and revision data and may 
therefore make it possible to analyze writing processes from a wide range of per-
spectives. Keystroke logging has been widely used in cognitive writing process 
research in the broadest sense, for instance in domains like writing development, 
second language learning, developmental language disorders such as dyslexia, 
translation, professional writing, on-line writing, etc. An increasing number of 
studies now report keystroke logging research experiments (e.g. Gunawardhane 
et al. 2013; Van Waes, Leijten & Remael 2013; Baaijen, Galbraith & de Glopper 
2014; Robert & Van Waes 2014; Wininger 2014; Doherty & O’Brien 2014) or 
describe speci�c aspects of the research method itself (Ehrensberger-Dow & Per-
rin 2009; Jakobsen 2011; Baaijen, Galbraith & de Glopper 2012; Galbraith and 
Baaijen this volume). In addition, there are a number of recent articles focus-
ing on theory development (Leblay & Caporossi 2014; Caporossi & Leblay 2011; 
 Leblay & Caporossi this volume; Macgilchrist & Van Hout 2011; Miller, Lindgren 
& Sullivan 2008; Van Waes & Leijten 2013; Risku, Windhager & Apfelthaler 2013; 
Leijten et al. 2014).
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In Europe, three free keystroke logging programs are available, each focusing on 
speci�c niches: ScriptLog, Translog, and Inputlog.

.  Experimental research into writing processes: ScriptLog  
(www.scriptlog.net)

ScriptLog (Wengelin et al. 2009) was developed by researchers at the  universities 
of Gothenburg, Lund (Sweden) and Stavanger (Norway) for the study of  writing 
 processes. It was originally a Macintosh program, then a Windows program, and 
at the time of writing, a new platform-independent (Windows, MacOS, Linux) 
version is being tested (ScriptLog 2013: Johansson et al. 2014).

ScriptLog creates a writing environment with a build-in text editor and 
makes it possible to incorporate frames for di�erent types of elicitation mate-
rial, such as pictures, texts, movie clips or sounds (for example for dictation 
experiments). �e new version includes extra experimental facilities that 
enable researchers to set up di�erent writing experiments, for example using 
dual/triple-task paradigms. �e set-up of the environment is controlled in 
a design module. When activated, ScriptLog keeps a record of all keyboard 
events, the exact screen position corresponding to these events, and their tem-
poral distribution.

Like other keystroke logging programs, ScriptLog allows the researcher to 
play back a recorded session – or a selected extract from it – in real time on the 
basis of the log �le. In addition, the analysis module enables the researcher to 
analyze time distributions across the writing process both for prede�ned pat-
terns and for user-de�ned patterns, for example for a particular word string or 
for a regular expression. Finally, ScriptLog allows researchers with access to an 
eye tracker to enhance the study of the interplay between writing, monitoring 
(reading) and revision by integrating eye tracking data. (Currently only SMI eye 
trackers, more models will be added.) Data on the distribution of visual attention 
during writing help, for instance, to determine the extent to which pauses are 
used for monitoring. Data gathered via ScriptLog can now be converted to the 
Inputlog XML format, thus enabling researchers to conduct Inputlog analyses on 
ScriptLog data.

.  Writing research in translation settings: Translog (www.translog.dk)

Translog was developed at the Copenhagen Business School (Denmark) with the 
primary aim of studying the writing processes of translators translating a source 
text from one language into another (Jakobsen 2006). Since 2012, a newly pro-
grammed version has been available under the name Translog-II (Carl 2012). It 
has two interdependent components: a Translog-Supervisor component to prepare 
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a logging project and replay it a�erwards, and a Translog-User component. �e 
latter displays a prede�ned source text in the top half of the window together with 
a translation frame in which the target text can be edited. Translog can be used in 
combination with various eye tracking programs (Tobii 1750 and EyeLink 1000). 
Since translation research has its own speci�cities, Translog-II focuses mainly on 
providing visualization options to show the relation between the source and the 
target text.

.  Writing research in educational and professional settings: Inputlog 
(www.inputlog.net)

Inputlog was developed at the University of Antwerp (Belgium) to log writ-
ing processes in both ecological and experimental settings (Leijten et al. 2014; 
Leijten & Van Waes 2013). �e program logs all keyboard and mouse events 
in every Windows  environment. In the case of texts written in MS Word, extra 
characteristics relating to the input events are logged to permit �ne-grained 
writing analyses (see below). �e program also logs text production with 
speech recognition systems (Dragon Naturally Speaking, Nuance) and tracks 
copy-and-paste actions that relate to the use of external digital sources (e.g. the 
internet).

Inputlog 6.0 features �ve modules:

1. Record: �is module logs (keyboard, mouse, and speech) data in Microso� 
Word and other Windows-based programs and assigns a unique time stamp 
(ms) to the data.

2. Pre-process: As it is o�en necessary to prepare and clean up logged data 
prior to analysis, this module makes it possible to process data from 
 various  perspectives: event-based (keyboard, mouse, and speech), time-
based or based on changes between Windows (sources: MS Word, Internet 
etc.). �e �lter provides an easy way to delete ‘noise’ at logging session 
start-up or shut-down. For example, if additional questions are asked at 
the  beginning of the period of observation when the logging session has 
already started, this pause time (noise) can be excluded from the data 
analysis.

3. Analyze: �is module is the heart of the program. It features three process 
representations (the general and linear logging �le and the S-notation of the 
text) and four aggregated levels of analysis (summary, pause, revision, and 
source analyses). Additionally, a process graph can be produced. �e current 
version also o�ers a linguistic process analysis which returns the results from 
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a part-of-speech tagger, a lemmatizer and a chunker, as well as the syllable 
boundaries and word frequencies (cf. below).

4. Post-process: �is module integrates single or multiple log �les from Inputlog 
or other observation tools (Dragon Naturally Speaking and eye tracking data). 
It is also possible to merge multiple output �les for further analysis in, for 
instance, SPSS, R or MLW in.

5. Play: �is module allows researchers to play back the recorded session at 
 various levels (time or revision-based). �e playback is data-based (not 
video-based) and the playback speed is adjustable. A logged session can also 
be reconstructed revision by revision.

�e described keystroke logging programs are distributed for free for non-com-
mercial use to researchers and teachers (for a general overview of keystroke log-
ging tools and their characteristics, please see www.writingpro.eu).

3.  Linguistic analysis with Inputlog 6.0

Recently Inputlog has implemented a linguistic analysis in which linguistic infor-
mation is added to the process data (Leijten et al. 2012). As described, the data 
output from keystroke loggers is mainly based on capturing each character and 
mouse movement as an isolated event. However, we are now able to aggregate the 
logged process data from the letter level (keystroke) to the word level. �is has 
allowed us to merge the word-level output with existing lexical and Natural Lan-
guage Processing (NLP) tools. �e logged process data is annotated with di�erent 
kinds of linguistic information: part-of-speech tags, lemmata, chunking, named 
entity information, syllabi�cation and frequency information. We will describe 
these in more detail below. We start with a short overview of the programming 
challenges we have had to deal with and provide a description of the linguistic 
analysis �ow: what steps are needed to transform character level process analyses 
into word-level process analyses?

.  Aggregating log data from character level to word and sentence level

A number of challenges have to be addressed before the log data of Inputlog can 
be aggregated to the word level (or higher):

1. First, the concept of a ‘word’ or a ‘sentence’ does not exist in the log �le; these 
items have to be reconstructed because the atomic unit is a key press, a mouse 
movement, a button click.
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2. Second, text production is characterized by revisions to the previously pro-
duced text and these may occur either immediately or be initiated at some 
distance from the word to be revised.

3. �ird, additions and deletions can be nested, occurring not in situ but decided 
on away from the target.

To cope with the non-linearity of writing processes, it is necessary to map the shi�-
ing and changing events to the locations where the e�ects are generated. �is can 
be done using S-notation. S-notation (Severinson Eklundh & Kollberg 2002; Van 
Horenbeeck et al. 2012) contains information about the types of revision (inser-
tion or deletion), the order of these revisions, and the breaks in the text where the 
writing process was interrupted.

Consider the following French sentence at the end of a writing process:

 (1) “Des questions sur la science, sur la science et sur l’évolution. Fin.”

Figure 1 shows the test sentence (1) that we are studying together with all the 
changes rendered in the S-notation.

Figure 1. Example of S-Notation

Square brackets indicate a deletion, curly braces an insertion and the verti-
cal pipe symbol, called a ‘break’, is used to mark the position at which the pro-
cess was interrupted. �e subscript numbers next to the pipe symbol have a 
corresponding superscript number at either an insertion or at a deletion. In this 
example: the word ‘l’évolution’ is surrounded by curly braces indicating that 
it has been inserted. �e insertion is indicated by superscript number 4. �is 
means that it was the 4th revision out of a total of 4 interventions. �e vertical 
pipe symbol with subscript 4 appears before the last word of the sentence and 
marks the position where the author decided to insert ‘l’évolution’ instead of ‘le 
progrès’, a word that has been deleted as indicated by the square brackets sur-
rounding it.1

. �e French sentence is a translation of an English example taken from the Inputlog 

manual (Leijten & Van Waes 2014).
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.  Finding words in a stream of events

Inputlog includes a regular expressions-based tokenizer that divides sequences of 
characters into words and sentences while aggregating the pause time from the 
individual events. �e program uses two data sets: the event log (a �le with the 
‘idfx’ extension) used to identify the word boundaries and then, subsequently, a 
computed list of revisions and edits calculating the pause and the action time once 
the words have been reconstructed. �e main processing method creates a token 
object that contains the word in its �nal appearance, its revisions, its position in 
the �nal text string, all pause time information (before, within and a�er words), 
and the type of processing used for the word (normal production, revised word, 
deleted word).

For every revision, the process �rst de�nes whether it is ‘immediate’ or 
‘delayed’ (Leijten, De Maeyer & Van Waes 2011). An immediate revision is de�ned 
as a revision that takes place before a new word is produced; a delayed revision, 
in contrast, is characterized by the fact that one or more words are produced 
between the decision to change the text (the ‘break’) and the actual deletion or 
insertion. Initially, every token is assigned the ‘normal production’ marker which 
is used for linear text production. However, if the so�ware detects at a later stage 
that the word contains revisions, the process type is changed to ‘revised’. Line 
feeds, tabs, and other non-characters are replaced with a placeholder to make 
them visible.

Insertions or deletions may extend over many events, e.g. [le progrès]from 
the example is a deletion of nine characters and one space. Because the characters 
are presented as the separate words ‘le’ and ‘progrès’, opening or closing symbols 
inserted by the S-notation are missing. In this case the �rst word has the opening 
bracket: [‘le’ and the second word the closing bracket: ‘progrès’]. �e program 
adds the missing symbol and returns [le] and [progrès]. Another issue is that the 
linguistic analysis expects all punctuation symbols to be detached from the front 
or the back of a word and to be saved as separate tokens. Hence, the word ‘Fin.’ 
with the end-of-sentence dot at the end of the example sentence is rendered as 
‘Fin .’ with a space between the word and the endpoint.

Finally, each word is accompanied by timing information such as start time 
and end time, the word action time and pause time (Figure 2). When the �nal 
word is the result of one or more revisions (deletions, insertions) then the pause 
and action times of the editing events are added to the word production time. 
Revisions are presented at the word level in combination with the before-word and 
a�er-word pauses and the word production time.
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1-I s[x]cience·· 9 science NNP I-NP science science 234 218 5304 5242 187

Figure 2. Example of the timing information on word level for a part of the example French  
sentence considered here

.  Flow of the linguistic analysis

S-notation makes a vital contribution by moving the logging process from charac-
ter to word level. Once words and sentences are recognized, all the tools developed 
for the NLP framework become available to conduct linguistic analyses on the 
process data, including word-level revisions and deleted fragments. To support 
the linguistic analysis of the writing process, a client-server version of Inputlog 
has been developed (Leijten et al. 2012). Although the logging process and most 
 analyses can be performed using a desktop version of Inputlog, the linguistic mod-
ules need to interact with specialized programs, sometimes backed up by very 
large data �les. By decoupling data capture from the analytics, it is possible to 
add in any NLP module that receives Inputlog data via a communication layer. A 
work�ow procedure presents the data in sequence to the di�erent NLP packages 
and collects the �nal output. Because all data tra�c is performed using simple text 
�les, cooperation between di�erent so�ware packages is conceivable. �e exten-
sion has been developed for English and Dutch in order to provide a proof of 
concept, but it is largely language-independent.

�e LT3 Linguistic Preprocessing toolkit developed by the Language and 
Translation Technology Team of the University of Ghent (LT3serv.ugent.be) is 
currently used as the main toolkit (Figure 3).2 �e di�erent linguistic tools are 
installed on an LT3 web server. �e output is a tab-delimited string in UTF-8 
containing the following �elds: token, part-of-speech, probability of the part-
of-speech tag, lemma, probability of the lemma, chunk information, named-
entity, probability of the named entity, absolute frequency, relative frequency, and 

. �ese toolkits are also available for French and German.
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 syllabi�cation (�e manual belonging to Inputlog 6.0 has more details on the dif-
ferent components and the tags used for the part of speech tags and the chunks: 
Leijten & Van Waes 2014).

Events PoS

input level output level

CGNTAG PennTree

Celex

SoNaR

LT3Timbl LT3Timbl

Word

Sentence

Digraph

CONLL-
2003

Web1T
Google

Web1T
Google

Celex

LT3

Chunker
LT3

Chunker

Dutch English

Chunk

Lemm

NE

Freq

Syll

XML

S-Notation

Pause

Aggregation

Linguistic

preprocessing

Tokenizer

Figure 3. Schematic representation of the �ow used in the linguistic analysis performed  
by Inputlog 6

.  Part-of-speech (PoS) tagger

Part-of-speech tagging (PoS tagging), also called grammatical tagging or syntactic 
word-category disambiguation, is a piece of so�ware that reads text and assigns 
an appropriate part of speech to a word such as noun, verb, adjective, etc. based 
on both its de�nition and its relationship with adjacent words (e.g. Part of Speech 
column in Figure 2). Because many words have more than one syntactic category, 
the tagger tries to determine which of the syntactic categories is the most likely for 
a particular use of a word in a sentence (Manning & Schütze 1999). �e English 
PoS tagger uses the Penn Treebank tag set which contains 45 distinct tags. �e 
Dutch part-of-speech tagger uses the CGN tag set codes which are characterized 
by a high level of granularity (Van Eynde, Zavrel & Daelemans 2000).

.  Chunker

Text chunking combines syntactically related consecutive words into non- 
overlapping, non-recursive chunks on the basis of a fairly super�cial analysis. �e 
LT3 chunkers are rule-based and contain a small set of constituency and distitu-
ency rules. Constituency rules de�ne the part-of-speech tag sequences that can 
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occur within a constituent (such as preposition + noun) while distituency rules 
de�ne the part-of-speech tag sequences that cannot be adjacent within a constitu-
ent (such as noun + preposition). �e chunks are represented by means of IOB 
tags (See Figure 2). In the IOB-tagging scheme, each token belongs to one of the 
following three types: I (inside), O (outside) and B (begin); the B and I tags are 
followed by the chunk type, e.g. B-VP, I-VP (Jurafsky & Martin 2009).

.  Lemmatizer

�e base form (lemma) for each orthographic token is generated during lemmati-
zation. For verbs, the base form is the in�nitive. For most other words, the base is 
the stem, i.e. the word form without in�ectional a�xes. �e lemmatizers make use 
of the predicted PoS codes to disambiguate ambiguous word forms. For instance 
‘Paris’ can be a city or a person. It is classi�ed as a city, for instance, when it is pre-
ceded by a preposition of place (bought in) and not by a preposition of possession 
(bought from). �e lemmatizers were trained on the English and Dutch parts of 
the Celex lexical database, respectively.

.  Named entity recognizer

Named entity recognition (NER) sequences of words in a text that belong to pre-
de�ned NER categories such as names of persons, products, or locations are iden-
ti�ed in a text. �e Dutch NER system is trained on the 1-million-word subset 
of SoNaR and identi�es the following six NER categories: person, organization, 
location, product, event, and miscellaneous. �e English NER system is trained 
on the CONLL-2003 shared task data and discerns four NER categories: person, 
organization, location, and miscellaneous.

.  Frequency

Word-frequency information for English and Dutch is retrieved from frequency 
lists derived from the Web1T Google corpus which is available from LDC.3 �e 
 frequency lists contain the 2 million most frequent words in Dutch and English. 
�e word frequencies are presented both as absolute frequencies and relative fre-
quencies (expressed as percentages).

.  Syllabi�cation

Syllabi�cation was approached as a classi�cation task: a large instance base of 
syllabi�ed data was presented to a classi�cation algorithm which automatically 

. Details about the data set can be found at www.ldc.upenn.edu/Catalog/docs/LDC2006T13/

readme.txt.
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learned the patterns needed to syllabify unseen data. �e syllabi�cation tools were 
trained on Celex using Timbl as classi�cation algorithm.

We will illustrate the concept of linguistic analysis on the basis of a case study 
taken from a writing research project investigating the cognitive characteristics of 
people with Alzheimer’s disease.

4.  Cognitive writing process characteristics in Alzheimer’s disease

A large variety of neuropsychological tests are available for the diagnosis of 
 Alzheimer’s disease (AD). In some of these tests, linguistic processing – both 
oral and  written – is an important factor. Language disturbances might serve as 
a strong indicator of an underlying neurodegenerative disorder like AD. How-
ever, the current diagnostic instruments for language assessment mainly focus 
on product measures, ignoring the importance of the process that leads to writ-
ten or spoken language production. A more process-oriented approach should 
allow researchers to describe and analyze writing data from a temporal perspec-
tive, focusing on motor, cognitive, and linguistic aspects. Keystroke logging data 
(writing), potentially complemented by eye tracking data (reading while writing), 
provides an excellent basis for an adequate description of these processes.

To our knowledge, this is the very �rst project to test whether cognitive and 
linguistic aspects that characterize the process of written language production 
could provide a complementary and accurate diagnosis of AD.

.  Participants

�ree groups of participants were involved in the study:

1. Patients with mild dementia due to AD (n = 5),
2. Patients with mild cognitive impairment (MCI) due to AD (n = 8),
3. A group of age-matched cognitively healthy elderly persons (n = 20).

�e patients were recruited from the Memory Clinic of the Antwerp, Middel-
heim and Hoge Beuken Hospital Network (ZNA), Belgium. All the patients were 
 diagnosed by Prof. Dr. Engelborghs and underwent an extensive neuropsychologi-
cal examination (Van der Mussele et al. 2012).4

. �e AD patients met the NINCDS-ADRDA criteria of probable AD (McKhann et  al. 

1984). �eir mini-mental state examination (MMSE) score (Folstein et al. 1975) was above 

20 (mild  dementia). MCI patients met the criteria of Petersen et al. (2004), and also complied 

with the new diagnostic criteria of ‘MCI due to AD’ (Sperling et al. 2011).
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.  Task

�e three groups of participants were instructed to write two short descriptive texts 
on a computer. We opted to use two �gurative elicitation tasks (see Figure 4a and b) 
which are part of standardized aphasia test batteries (Goodglass, Kaplan & Barresi 
1983; Mesulam et al. 2003; Visch-Brink et al. 2014). On the basis of this picture, 
the participants produced a brief text in which they described the scene presented 
to them. To evaluate consistency of task execution, we used two comparable scene 
pictures, while picture elicitation was counterbalanced to avoid order e�ects.

Figure 4. (a-le�) ‘Kitchen’ task by Goodglass and Kaplan (1983); (b) ‘Living room’ by  
Visch-Brink et al. (2014)

.  Case study

In this study we describe the cognitive processes that characterize the text produc-
tion of the participants in a controlled task environment. We will �rst describe the 
results of some more general process analyses using standard measures employed 
in keystroke logging research. �ese include, for example, time taken to perform 
the task, active writing time, number of pauses and mean length of pauses at dif-
ferent levels, as well as the product/process ratio (i.e. proportion between prod-
uct and process measures. We will then introduce certain linguistic and product 
measures in order to control more precisely for word and phrase characteristics 
that might in�uence pausing behavior. Since this kind of automated linguistic data 
analysis has not yet been fully tested for di�culties in aggregating and �ltering, 
we will present a case study in which we selected two participants. We selected 
one healthy elderly woman (Elise*, 81 years old) and one woman with dementia 
(Mary*,5 79 years old). �e participants were matched on three levels: age, educa-
tion, and career. Both women were about 80 years old, had attended school until 

. *�e names of the participants were changed for privacy reasons.
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they were 19 years old and they had worked in jobs requiring them to type texts. 
Readers should note that the main aim of this paper is not to identify di�erences 
between the two participants. Instead, the main reason for presenting this case 
study is because we want to explore the potential value of adding a linguistic per-
spective to writing process research, and pause analyses in particular, and investi-
gate whether the two approaches can complement one another.

In the same way as in spoken language, we expected that cognitively impaired 
elderly persons would take longer to produce a (shorter) picture description. Con-
sequently, we expected the proportion of active writing time relative to pausing 
time to decrease between the healthy elderly and the cognitively impaired elderly 
( Schilperoord 1996; Van Waes & Schellens 2003). Table 1 gives an overview of some 
process indicators characterizing the writing processes of the two participants.

Table 1. Mean product, process, and pause characteristics of both picture-depicting tasks

Elise 
(healthy)

Mary 
 (demented)

Product information

 Number of words in �nal text 56 41

 Number of words in �nal text (per minute) 11.76 6.73

Process information (pause threshold: 2000 ms)

 Process time 0:04:46 0:05:58

 Total pause time 0:02:03 0:03:45

 Percentage active writing time (%) 56.65 36.73

 Mean number of pauses 24.50 38.50

 Mean pause duration (in seconds) 5.08 5.86

 Median pause duration (in seconds) 3.23 3.82

 Number of characters produced (incl. spaces) 328.5 236

  Number of characters produced per minute (incl. spaces) 68.86 38.77

 Product/process ratio 0.95 0.99

 Mean words produced per sentence 24.17 42.00

 Mean word length per sentence 4.59 4.68

�e results indicate that Mary (demented – d) took about a minute longer to 
write the descriptive texts and that her �nal texts were on average 15 words shorter 
than Elise’s (healthy – h). �us, compared to Elise, she produced about half the 
number of words per minute (Elise: 11.76 vs Mary: 6.73). �is was due mainly to 
the amount of pausing time: if we consider the pause analysis based on a threshold 
of 2 seconds, then Elise(h) paused 25 times on average in both writing tasks, while 
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Mary(d) paused about 39 times. Consequently, Elise(h) exhibited 20% more active 
writing time than Mary(d). �e average length of their pauses was about 5–6 sec-
onds. �e fact that the product/process ratio was close to 1 shows that both writ-
ers performed almost no revision. �e data also show that the number of words 
produced per sentence is in itself not a very reliable measure. �e number of words 
produced was about the same as the total text length, indicating that Mary(d) did 
not use sentence markers. �erefore, pauses within and between words will be a 
more reliable metric.

In addition to the general pausing behavior, we expected that the mean pause 
length within words and between words would help us to further discriminate the 
healthy elderly from the cognitively impaired elderly (Wengelin 2006; Kellogg 
2008; Lindgren et  al. 2011). Table 2 (top – �reshold of 2 seconds) shows that 
Mary(d) made almost twice as many pauses within words as Elise(h) and that 
the pauses were on average 3 seconds longer. If we aggregate the pauses between 
words (pause a�er a word + pause before a word; Leijten & Van Waes 2014) then 
Elise(h) paused about 43 times and Mary(d) about 29 times at the between-word 
level. Individual pauses might be below the chosen threshold, but taken together 
they might exceed the threshold and become relevant (See Figure 5: AW: a�er 
words; BW: before words; ww: within words).

However, if we focus only on pauses before words, then Mary(d) made twice 
as many individual pauses of longer than 2 seconds than Elise(h). �e length of 
individual pauses was about 4 seconds.

translation the cakebox

inputlog events – d e – k o e k e n d o o s

pause time 
(in ms)

374 297 312 343 1810 218 343 203 203 249 500 312 296 8877

pause location AW BW ww AW BW ww ww ww ww ww ww ww ww ww

summed pauses sum (671) sum (2153)

Figure 5. Example of aggregated between-word pauses for Elise(h) in boxes (AW = a�er-word 
pause; BW = before – word pause)

Although in writing research a pause threshold of 2 seconds is quite common, 
we should be aware of the fact that this causes a lot of data loss, especially at the 
between and within-word level. When focusing on higher level processes, this is 
not  problematic. However, in the current study we are also interested in more low 
level processes. �erefore, we lowered the threshold to 200 ms and recalculated 
the same parameters. �is added about 20% more data for the healthy elderly and 
25% for the cognitively impaired elderly participant. Following this manipulation, 
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Elise(h) had about 100 more pauses than Mary(d), but her pauses within words 
were of a mean duration of 600 ms while the pauses made by Mary(d) lasted about 
twice as long (1470 ms). About 15% of these pauses above the threshold of 200 ms 
were between words. Again the mean pause duration for Mary(d) was more than 
1 second longer.

�e above-mentioned measures are common in writing process research 
(mean pause length within and between words, burst length, process/product 
ratios). However, using the data from the linguistic analyses we can further re�ne 
the concept of ‘pause location’, especially at the between-word level. �e general 
pause data revealed a di�erence in the way the two participants dealt with pauses 
before and a�er words. We expect that focusing on the pause behavior associ-
ated with speci�c word categories will reveal useful additional features enabling 
us to further di�erentiate our observations relating to pre- and post-word pauses. 
�e related literature tells us, for instance, that the elderly in general �nd it more 

Table 2. Description of mean pause characteristics in both picture-depicting tasks

Elise (healthy) Mary (demented)

Pause information (threshold 2s) 0:02:03 0:03:45

 Number of pauses within words 8.00 14.50

 Mean pause duration within words (s) 4.67 7.66

 Number of pauses between words 43.00 29.00

 Mean pause duration between words (s) 6.08 4.97

 Number of pauses before words 8.50 20.00

 Mean pause duration before words (s) 3.98 4.61

 Number of pauses a�er words 5.50 3.00

 Mean pause duration a�er words (s) 3.10 3.96

Pause information (threshold 0.2s) 0:04:40 0:05:57

 Mean number of pauses 349 246

 Mean pause duration (in seconds) 0.80 1.59

 Median pause duration (s) 0.38 0.66

 Number of pauses within words 209.5 153

 Mean pause duration within words (s) 0.63 1.47

 Median pause duration within words (s) 0.37 0.61

 Number of pauses between words 53.5 39

 Mean pause duration between words (s) 1.74 2.99

 Number of pauses before words 66 52.5

 Mean pause duration before words (s) 0.99 2.45
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 di�cult to choose the correct verb than the correct noun (Yi, Moore, & Grossman 
2007).

In the linguistic analysis, pauses are represented in three di�erent ways: Before-
WordPause2 (i.e. the pause immediately following the previous word: technical 
term ‘a�er word pause’), BeforeWordPause1 (i.e. the pause immediately preceding 
the word), and A�erWordPause (i.e. the pause immediately a�er the last character 
of the word). �e ‘between word pauses’ are therefore calculated as the sum of the 
BeforeWordPause2 and BeforeWordPause. To a certain extent, this resembles the 
de�nition of between-word pauses in handwriting, which are de�ned as the time 
it takes to li� the pen when ending a word and starting a new one.

translation I see a

inputlog events i k – z i e – e e n –

pause time (in ms) 0 358 1124 6364 546 1061 1155 1310 312 437 1341

pause location BW ww AW BW ww ww AW BW ww ww AW

summed pauses sum (7488) sum (2465)

Figure 6. Example of general analysis including pause information (Mary(d)) in boxes  
(AW = a�er-word pause; BW = before-word pause)

In Figure 6 we see a coded fragment in which Mary paused for 7488 ms 
between the words ‘ik’ [I] and ‘zie’ [See]. Mary paused for 1124 ms a�er the pro-
duction of ‘ik’, and she paused for 6364 ms before she started to produce the word 
‘zie’. One of the main challenges in keystroke logging research is to better under-
stand these kinds of pause patterns. Are both pauses related to the production 
of the next word? Is there a gradual shi� of attention, e.g. from the evaluation of 
the previous word to the planning (and translation) of the next word (Maggio 
et al. 2012)? �e distribution of between-word pauses is also partly determined by 
personal preference. Some people systematically seem to pause for longer imme-
diately a�er a word than before a word. By contrast, Mary exhibited a pattern 
of longer pauses immediately preceding the word compared to the length of her 
a�er-word pauses (see Figure 6 and Figure 7).

S-Notation  
(Dutch)

S-notation  
(translation)

BeforeWord 2 BeforeWord1 A�erWordPause

ik- I 0 0 1124

zie- see 1124 6364 1155

een- a 1155 1310 1341

kind- child 1341 2824 499

Figure 7. Example of linguistic analysis including pause information (Mary(d))
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Table 3 presents the basic pausing information from the linguistic analysis. 
�is analysis complements the pause analysis data previously presented in Table 
2. In Table 2 we reported an average of 53.5 pauses between words for Elise(h) 
and 39 for Mary(d) for the 0.2 ms pause threshold. However, if we �ne-tune the 
pause analysis for the conduct of our linguistic analysis, we can look in greater 
detail to the 99 pauses for Elise(h) and 60 for Mary(d) in both writing tasks. 
Since we decided to focus on those pausing times that clearly indicate cognitive 
e�ort related to producing a word, we excluded revisions from the current eval-
uation since they disrupt the data by introducing cognitive e�ort of a di�erent 
kind. We also removed extremely long pauses of more than 10 seconds (2 in the 
case of BFW-1 and 5 for variable BFW-2). Finally, we had to manually correct 
the automated word reconstruction of Inputlog in a few instances. Examples of 
such corrections are incorrectly connected words (halende ~ halen de) and grossly 
misspelled words (kantwkanteken ~ kantelen). As a result of this intervention, the 
number of pauses in Table 3 di�ers slightly from the numbers and means men-
tioned in Table 2.

Table 3. Mean pause duration before words (–1 and –2)

Elise (healthy) Mary (demented)

Pause information (threshold 0.2s)

Total number of pauses 96 43

Mean duration Before Word Pauses (sum of –1 and –2) 1718 2661

Mean duration Before Word Pause (–1) 817 1958

Mean duration Before Word Pause (–2) 901 704

Mean duration A�er Word Pause (–2) 837 749

�e pauses between words (before-word pauses –1- and –2) were about 1 sec-
ond shorter for Elise(h) than for Mary(d). �e summed pauses for Elise(h) con-
sisted of two pauses of comparable length, whereas the pauses for Mary(d) were 
more than twice as long as the preceding pause (–2) just before a new word was 
produced (–1).

Figure 8 shows the number and mean of the most frequently used word cat-
egories (�e information on pausing times is presented in Table 5 in the Appen-
dix). By selecting word categories that were used at least 5 times, we provide an 
overview of more than 90% of the data for each participant (Elise(h): 93.75%, and 
Mary(d): 90.70%). �e di�erence between the two participants is due to the fact 
that Elise(h) regularly used connectives (4) and adjectives (7) in her text, whereas 
only one adjective occurred in Mary’s text. �e remainder of the infrequently used 
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word categories were adverbs and unspeci�ed tokens (spec). (An overview of the 
word categories identi�ed by the linguistic analysis is provided in the Inputlog 
manual (Leijten & Van Waes 2014)).
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Figure 8. Number of between word pauses and mean pause duration before words per word  
category

�e least demanding word category for Elise(h) seems to have been nouns 
(1077 ms), with the pause length lengthening gradually from verbs to articles and 
then on to pronouns. On average, Elise re�ected for longest (2630 ms) in the case 
of prepositions, which o�en introduced more extensive prepositional phrases 
including articles. �is same hierarchy is not re�ected in Mary’s data. �e di�er-
ences between the word category-related before-word pauses �uctuated less but 
were still in all cases longer than those produced by Elise. In particular, nouns, 
verbs, and pronouns seem to be more cognitively demanding for the participant 
with dementia, since the mean pause durations on these items were about 1 sec-
ond longer than for the healthy elderly participant, Elise. �e data shows that pro-
ducing a pronoun required the most e�ort for the demented participant.

Importantly, the pattern of mean pause lengths before articles and nouns dif-
fered between Elise(h) and Mary(d). Mary(d) required a lengthy pause before arti-
cles and an even longer pause before nouns (as shown in Figure 5), while Elise(h) 
required a longer pause before articles than before nouns.

Figure 9 shows that to write the noun phrase ‘the kitten’, Elise paused for 3229 
ms before the article the, and 1030 ms before the noun kitten. Pauses a�er the 
production of an article were in general relatively short (437 ms). A similar pat-
tern can be found before the production of the more complex noun phrase ‘the 
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gold�sh (in the bowl)’. In this case, the initial pause was longer than 4 seconds. 
�ese examples clearly demonstrate the importance of, and the added value con-
ferred by, linguistic diversi�cation in between-word pausing patterns. �e extra 
layer to the pause analysis re�nes the interpretation of cognitive pauses to a large 
extent. However, they also show that further �ne-tuning of the data is undoubt-
edly needed in order to better explain the complexity of these pausing patterns, 
both relative to one another and as a function of the syntactic structure.

S-Notation (Dutch) S-Notation (translation) BeforeWord1+2 A�erWordPause

dat- that 1482 2683

de- the 3229 437

poes- kitten 1030 3073

de- the 4071 359

goudvis- gold�sh 827 327

in- in 811 281

de- the 562 562

kom- bowl 1030 2980

wil- will 4150 608

vangen- catch 889 3135

Figure 9. Partial sentence showing pausing times before articles and nouns (Elise(h)).  
[translation at word level]

To a certain extent, this information is already provided by the chunker since 
this returns information allowing us to discriminate between pauses at the begin-
ning of a chunk and those inside a chunk. Table 4 summarizes the data for both 
persons from this perspective.

Table 4. Mean pause duration before words (–1 and –2) at  
the beginning of a chunk and inside a chunk

Elise (healthy) Mary (demented)

Mean Mean

Beginning 2061 2600

Inside 1049 2821

�e mean pause length of the healthy elderly participant Elise was twice as 
long at the beginning of a chunk as inside a chunk. By contrast, Mary(d) exhibited 
a pause length of 2600 ms at the beginning of and about 2800 ms inside a chunk. 
In combination with the pausing data from Table 5 (Appendix), this suggests that 
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Mary’s e�orts were more fragmented and occurred at a lower level. It seems that 
her text production evolved as a staccato word-by-word sequence. Every word 
required an almost equal amount of e�ort: at the beginning of a phrase, within a 
phrase, at the beginning of a chunk, or inside a chunk. Elise’s pattern, on the other 
hand, seems to re�ect more diversi�cation, probably due to the fact that she was 
able to plan larger text sections.

.  Conclusion and discussion

Keystroke logging has become instrumental to observe and analyze writing pro-
cesses. �is chapter summarizes the use of keystroke logging as a research tech-
nique in general. It also reviews three freely available research tools: ScriptLog, 
Translog and Inputlog.

To date, (automated) keystroke logging analyses have been mainly based on 
data obtained at the character level. Although it is clear that this �ne-grained, low-
level approach leads to very interesting insights, a long tradition of product analy-
sis has taught us that more high-level analyses could also open up new avenues of 
research. �erefore, Inputlog has been extended by a so-called linguistic analy-
sis in which data is aggregated through to the word level. �is module facilitates 
linguistic process analysis by taking account of the dynamics of writing as the 
text unfolds. �e linguistic module has been developed in English and Dutch, but 
can potentially also be used for other (Western) languages thanks to the generic 
approach adopted during its development.

�is chapter explains the operation of the module and provides a case study by 
way of example. In this case study, we show that it is very important to connect the 
general mental processes observed in writers, on the one hand, with the linguistic 
features of the text, on the other hand. �e case study clearly shows that ‘a pause’ 
is too broad a concept, even when we subdivide pauses into di�erent levels (char-
acter – word – sentence etc.). We contend that in order to better understand the 
underlying cognitive processes, the concept of ‘pause’ needs to be further de�ned.

In the case study, we described the cognitive processes characteristic of the text 
production of two elderly people in a controlled task environment. We selected 
a healthy elderly woman (Elise) and a demented woman (Mary) whose pro�les 
matched in terms of age, education and working career. �e product data showed 
that the healthy elderly participant was able to produce a longer text (about 10 
more words) to describe the picture presented to her. When production time is 
taken into account, it took the demented participant about 2 minutes longer to 
produce the texts. Moreover, her texts were shorter and she composed about 7 
words per minute. In contrast, the healthy elderly participant produced almost 
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twice as many words per minute (about 12 words). Mary(d) paused about 39 times, 
whereas Elise(h) paused 25 times. However, as stated above, comparing pausing 
behavior based on a 2 s pause threshold is perhaps not the best approach if we also 
wish to address lower-level di�erences (cf. average pause length of 5.08 s for the 
healthy elderly participant compared to 5.86 s for the demented elderly woman). 
Our further results, involving an analysis of within – and between – word pauses 
using a lower threshold of 200 ms, showed that the pauses were twice as long for 
the demented participant than for the healthy participant (i.c. within words: 0.80 
versus 1.59 s; between words: 1.74 versus 2.99 s).

Furthermore, the new automated linguistic analysis showed that the demented 
participant took about three times as long to produce nouns (di�erence of 1750 
ms) and twice as long to produce verbs (di�erence of 1000 ms). By contrast, the 
pause time before articles di�ered by about 400 ms. �e combined results of the 
various levels of pause analysis as a function of linguistic feature showed that 
Mary(d) struggled throughout the writing process as she moved from word to 
word and that this occurred both at the beginning of a phrase and during a phrase. 
Elise(h) seemed to produce phrases more �uently and in longer bursts. �ese pro-
duction units reveal a pausing behavior with a quite considerable within-partici-
pant variance and seem to be de�ned, to a large extent, by linguistic and syntactic 
characteristics.

We hope to have demonstrated that automated linguistic analysis provides a 
large volume of rich data that opens up new avenues for writing process analyses 
based on keystroke logging. �e added value brought about by the further dif-
ferentiation between di�erent types of between-word pauses undoubtedly mer-
its further exploration and will hopefully lead to a better understanding of the 
underlying cognitive processes that characterize pause behavior. It is important to 
remember, however, that – despite the use of sophisticated NLP tools – this type of 
analysis is more sensitive than, e.g. a general pause analysis. Process data are much 
more complex than product data, and therefore a certain degree of ‘noise’ occurs. 
A typical example is the case in which an un�nished word is deleted during the 
process, and is presented as such to the linguistic analysis. For instance, when 
analyzing Mary’s data, we had to deal with data loss of about 25% due to complexi-
ties in the data, mainly in the form of unrecognized (non-existent or misspelled) 
words. Adding linguistic features to pauses at the word level has proved to be a 
�rst step and is certainly worth further exploration. Moreover, although we believe 
that adding linguistic features to the pause analysis is an important �rst step in 
further diversifying the analysis of cognitive processes, it should be remembered 
that ‘a pause’ is still a complex construct that needs to be de�ned in greater detail 
and from other theoretical perspectives. For instance, pauses between words are 
made up of before and a�er-word pauses and individuals deal with these in di�er-
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ent ways, as they do in the case of pauses before and a�er a full stop (Van Waes & 
 Leijten 2011; 2014). Consideration of this type of interpersonal di�erence – per-
haps in combination with the study of individual motor and typing skills – consti-
tutes an avenue that is clearly worthy of further exploration.

As stated in the introduction, the present research project combines process 
information with linguistic characteristics. Future analyses will focus on the rich-
ness of the written output relative to the cognitive e�ort invested by writers in 
order to produce these texts. �e process measures can be matched to product 
measures (�nal text), including word diversity and expressivity.

During the remainder of this research project, it is our goal to describe, on a 
larger scale, the changes that occur during the di�erent stages of AD development, 
on the one hand, and to test the diagnostic potential for discriminating AD suf-
ferers from controls, on the other. Furthermore, by linking writing process data to 
lexica and by using NLP tools, we will be able to analyze the data on a higher, more 
complex level, while also using more advanced statistical techniques that take into 
account the hierarchical character of the data and the underlying patterns. In this 
way, we hope to stimulate interdisciplinary research at the crossroads of product 
and process analysis.
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Appendix

Dutch example of �nal text produced by healthy elderly woman: Elise(h) (81)
“De ene ramp na de andere: de afwasbak van de mama loopt over (is de kraan 

geblokkeerd ?) zoonlief wil heimelijk koekjes uit de koekendoos halen, zijn stoel 
kantelt en hij zal waarschijnlijk op de grond vallen. Wil kleine zus ook een koekje 
of lacht zij hem uit ?Antwoord op het volgende plaatje.”

Dutch example of �nal text produced by elderly woman with dementia 
Mary(d) (79):

“ik zie een kind dat een bord iot de kast wenst te halende moeder is eeen bord 
aan jet afdrogen. het stoeltje waarop de jongen staat is aanhet kantwkanteken; ik 
denk fat er verscheidene bit borden zullensneuvelenmm moeder is aan het afdeo-
gen er valt warze p op de gron, grond xus zie ik nog andere ongelukkengebeuren.”

Table 5. Number of pauses and mean pause duration before words (–1 and –2)  
per word category

Elise (healthy) Mary (demented)

Number Mean Number Mean

Articles (26) 19 1812 6 2288

Nouns (33) 23 1077 10 2827

Verbs (31) 20 1639 11 2625

Prepositions (19) 13 2630 6 2681

Pronouns (12) 8 2084 5 3385
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