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Abstract

Classical serial models view the process of producing a text as a chain of discrete pauses
during which the next span of text is planned, and bursts of activity during which this text
is output onto the page or computer screen. In contrast, parallel models assume that by
default planning of the next text unit is performed in parallel with previous execution. We
instantiated these two views as Bayesian mixed-effects models across six sets of keystroke
data from child and adult writers composing different types of multi-sentence text. We
modelled interkey intervals with a single distribution, hypothesised by the serial processing
account, and with a two-distribution mixture model that is hypothesised by the
parallel-processing account. We analysed intervals occuring before-sentence, before word, and
within word. Model comparisons demonstrated strong evidence in favour of the parallel view
across all datasets. When pausing occurred, sentence initial inter-keystroke intervals were
longer than word initial pauses. This is consistent with the idea that edges of larger linguistic
units are associated with higher level planning. However, we found — across populations —
that interkey intervals at word and even at sentence boundaries were often too brief to
plausibly represent time to plan what was written next. Our results cannot be explained by

the serial processing but are in line with the parallel view of multi-sentence text composition.

Keywords: parallel processing; writing; mixture models; language production;

keystroke logging
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Typing in tandem: language planning in multi-sentence text production is

fundamentally parallel
Public Significance Statement

Competent writers often experience “flow” when composing text. Ideas seem to
emerge from the fingers as you type. Our findings suggest that this results from a

fundamental parallelism in how the mind plans and executes text.
Introduction

Communicating in language involves a sequence of processes starting with
communicative intent, proceeding through generation of a message, retrieving appropriate
lexical items, deciding with which part of the message to start the utterance — which may or
may not be dependent on syntax (Bock & Ferreira, 2014; Wheeldon & Konopka, 2023) —
retrieving phonological and / or orthographic codes, and finally submitting these to the
motor programs that output speech, key-strokes or pen-strokes, or signs (Olive, 2014; Van
Galen, 1991; Wheeldon & Konopka, 2023). Writers and speakers can in principle plan
utterances in full for one or even multiple sentences before beginning to output words.
However this is not what people typically do: utterances are not fully formed at production
onset. How much information must be planned varies across levels of mental representation
(Wheeldon & Konopka, 2023). Specifically, at the level of meaning planning appears to
operate on proposition-sized units (Meyer, 1996), syntax and lemma-level planning is limited
to the sentence-initial noun phrase (Martin et al., 2010; Wheeldon et al., 2013), and,
although flexible, planning the lexical form of the utterance is typically limited to the first
content word (Griffin, 2001, 2003), with no evidence that this planning is smaller than the
first phonological word (Damian & Dumay, 2007; Griffin, 2001). Similar patterns have been
found for written production (Damian & Stadthagen-Gonzalez, 2009; Nottbusch, 2010;
Roeser et al., 2019; Torrance & Nottbusch, 2012). Instead of planning entire sentences in full,
syntax and lexical content and even details of the message itself are planned after production

onset.
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Successful production depends on how these processes are coordinated in real time.
This is particularly the case where communication requires production of multiple sentences,
for example when giving a speech or writing an essay. The parameters within which this
coordination must be achieved are dependent to some extent on language modality. In
written production — the focus of the research that we report in this paper — output relies on
later-developing motor skills and, possibly as a consequence, written output rate is typically
slower (for a recent review see Kandel, 2023). Written communication is also less time
constrained: speaking comes with fluency requirements because hesitating! during speech
has a communicative effect (e.g. Clark & Fox Tree, 2002). There is therefore stronger
pressure to plan ahead in speech than in writing (Roeser et al., 2019; Torrance & Nottbusch,
2012). Indeed in asynchronous writing writers can pause their text production whenever they
wish — even in the middle of a word — and for as long as they want without compromising
communication. The timecourse of output when writers compose multi-sentence texts (e.g.,
essay writing) is typically observed as a sequence of combination of fluent production bursts

followed by hesitation (Chenoweth & Hayes, 2001).

Our focus in the present study is on spontaneous multi-sentence text production? for
the following three reasons: First writing essays, stories, or arguments argumentation
argumentative, and narrative writing in response to a writing brief or topic statement are

common real-world writing tasks (Dux Speltz et al., 2022; Dux Speltz &

! Here and throughout we use “hesitate / hesitation” (e.g. Butterworth, 1975) in preference to “pause” to
refer to a break in output that is in the positive tail of the break-duration distribution, however measured.
“Pause” in the written-production literature is used to refer to a break in output with duration that exceeds
an a priori threshold. In the present study “hesitation” is operationalised within the statistical models that
we used to interpret our data.

2 Following Gernsbacher and co-workers (Gernsbacher & Givén, 1995) we use “spontaneous” to describe
production where writers have considerable choice over both message and linguistic form, in contrast to

experimental contexts in which sentence structure and content are strongly prescribed.
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Chukharev-Hudilainen, 2021; Vandermeulen et al., 2023). Theories of the cognitive
processing underlying writing must extend beyond single word and sentence production to
account for how text production is achieved in these contexts. Second, since the emergence
of keystroke-logging software such as InputLog (Leijten & Van Waes, 2013) recording
keystroke data during free text composition has become widely used among writing
researchers and led to a rapidly expanding timecourse literature. The Social Science Citation
Index reports 40 journal papers that describe research exploring composition processes using
keystroke logging methods in 2021 and 2022, compared to 26 in 2017 to 2019, and 7 in 2014
to 2016. Correctly interpreting these data is necessary for the development of contemporary
theories of writing (Conijn et al., 2019; Conijn, 2020). Third, spontaneous text production is
not constrained in the same way as in studies in which text is elicited in response to picture
stimuli (Damian & Stadthagen-Gonzalez, 2009; Meulemans et al., 2022; Nottbusch, 2010;
Roeser et al., 2019) or is copied (Roeser, De Maeyer, et al., 2024; Van Waes et al., 2019,
2021). Instead content-determination processes are free to run entirely internally, without

the need to consult an image or a text that must be copied.

The research that we report in this paper analysed the duration of intervals between
keystrokes occuring during the keyboarded composition of spontaneous multi-sentence text.
These data permit differentiation between two distinct theories about how the cognitive
processes underlying written composition are coordinated in real time. These theories make
general claims about when during production planning of the next text span (letter, word,
sentence) occurs. A traditional assumption in the literature on written production
(summarised next) is that planning is serial, occurring just during hesitations in execution.
The duration of interkey intervals (in keyboarded production) therefore can be explained
directly by the time required to generate information necessary to recommence output.
Alternatively, consistent with general trends in language processing theory (Bock & Ferreira,
2014; Chang et al., 2006), planning may occur, by default, in parallel with execution of the

preceding text and therefore does not directly explain hesitation duration. In the following
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we elaborate these accounts and discuss them in relation to existing findings from research
on patterns of hesitation identified in keystroke data from the production of in written

compositions.

The duration of interkey intervals varies as a function of various factors. Explaining
these factors requires a theory of how the various processes that transform intent into
keypresses are structured. Planning what to write and how to write it may be serial. This
means that the processing sequence operates one unit at a time. Under this theory, planning
of the next language unit can only start when the previous unit has been fully processed,
from communicative intention to completion of the written output. This serial assumption is
made, with varying degrees of explicitness, by most researchers reporting pause data from
studies in which writers compose multi-sentence texts (Alves & Limpo, 2015; e.g. Hayes,
2012; Kaufer et al., 1986; Leijten et al., 2019; Matsuhashi, 1981; Medimorec & Risko, 2017;
Schilperoord, 2002).

The serial account is consistent with the frequent finding that the average interkey
interval duration immediately before larger linguistic units is longer compared to interkey
interval durations before smaller linguistic units. For example, in spontaneous text the mean
pause duration before a writer starts a sentence has typically been reported as longer than
before a mid-sentence word and these are, in turn, longer than between mid-word key presses
(Deane & Zhang, 2015; Mohsen, 2021; Spelman Miller, 2006; Spelman Miller et al., 2008;
Torrance, Rgnneberg, et al., 2016; Wengelin, 2002; Xu & Qi, 2017). This is understood as
being due to time needed to plan message and syntax for the next sentence, which is added
to the time required to prepare the upcoming word, and to the motor planning required to
produce the first keystroke of that word (Baaijen et al., 2012; Medimorec et al., 2017;

Medimorec & Risko, 2017; Roeser et al., 2019).

However, if processing is serial, other findings are harder to explain. Even though

average sentence-initial interkey intervals tend to be longer, they still tend to be very rapid.
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For example, Medimorec and Risko (2017) found that, in undergraduate students’ writing on
familiar topics 71% of sentence-initial interkey intervals were less than 1 second in duration.
Similarly, in a sample of 6th grade writers Rgnneberg et al. (2022) found that 50% of
sentences were preceded by interkey intervals shorter than 430 ms and that the remaining
pre-sentence intervals had a mean duration of 1.2 seconds. For comparison, these shorter
pauses are substantially less than the mean written-naming response latency for pictures of
everyday objects in an adult population (Torrance et al., 2018). These findings suggest that,
despite the fact that writers can in principle pause when they want to, written composition
is often remarkably fluent (i.e. free of hesitation): Very short interkey intervals occur, and
indeed are common, at linguistic edges where relatively extensive preparation is necessary
before the next key can be pressed. This is not consistent with the assumption that planning
of the upcoming sentence is started and finished in the period between completion of the

previous sentence and starting to write the next.

These very rapid transitions can be explained, however, if we assume that the
relatively complex processing required to plan sentences can, and typically does, occur in
parallel with execution of the preceding text. Several researchers have argued that the
processes associated with written production run at least in part in parallel (Crump &
Logan, 2010; Olive, 2014; Roux et al., 2013; Van Galen, 1991). For example Van Galen
(1991) argued for a strict sequence of modular processes at different representational levels
each responsible for a specific transformation (semantic, syntactic, and so forth). Under this
account processing is initiated at a particular level as soon as both (a) the processing
mechanism at that level becomes available — i.e. is not processing previous information — and
(b) necessary input has been made available by upstream processing. For example, motor
planning and execution is initiated, if necessary graphemic information is available, as soon
as execution of previous keystrokes is complete. But motor-planning scope is unlikely to
extend over more than two or three keystrokes, and graphemes may become available ahead

of the time at which they can be processed into keystrokes. In Van Galen’s account this
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“processing time friction” is catered for by modality-specific buffers that store information
from upstream processes until it can be used (or decays). An alternative but similarly
parallel possibility is that information activated at a particular representational level has the
potential to immediately cascade to some or all other subsequent levels, without respect for
whether or not processing is “complete” (e.g. Bonin et al., 2012; Dell, 1986; Dell et al., 2007;
Kuipers & Heij, 2009). Although these accounts differ in detail, both hierarchical cascading
and Van Galen’s more encapsulated account have in common the claim that information
required for the execution of the next utterance or text segment can be prepared

concurrently with previous execution.

This parallel understanding of the composition process makes predictions about the
distribution of interkey intervals that are quite different from what would be expected if
processing were serial. This results from a subtle but important feature of the way in which
planning that runs in parallel with previous execution affects the output timecourse in
contexts where the task requires ongoing production (e.g. when participants are expected to
compose multi-sentence texts). Under a serial account the interkey interval at the edge of a
linguistic unit results directly from the planning required to generate the next text unit
(leaving aside issues around planning scope discussed above). Effects are additive: Average
planning time before the first keystroke in a new word, for example, is longer than for a
keystroke within a word because processing involves motor planning and execution plus the
additional time required for lexical retrieval. The mean interval before the first keystroke in
a sentence is even longer because this additionally requires some level of propositional and
syntactic planning. If, on the other hand, planning what to write next occurs partly or
wholly in parallel with previous execution then effects are not additive in this way. There are
instead two different eventualities. If upstream processes output at a rate equal to or faster
than can be used for motor execution — motor processes are constantly occupied and are
never left waiting to receive information from upstream — then interkey intervals are

determined just by the time needed for executing finger movements. However if there is a
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hiatus in upstream processes such that they provide information slower than the rate that it
can be used by downstream processes then the interkey interval is determined entirely by

time to complete upstream processing, and not by time taken for motor execution.

Interkey-interval durations during the production of multi-sentence text are therefore
generated by one of two distinct and separate data-generating processes. In the case that
upstream processes run ahead of motor production, interkey interval is due just to time
taken for motor processing. Where this is not the case then interkey interval is due just to
upstream processing (Roeser, De Maeyer, et al., 2024): The interkey interval duration is
determined just by that component of the upstream planning processes that occurred since
the execution of the preceding keystroke. This point is illustrated and elaborated in
Appendix A. These two data generating processes result in two distinct distributions of
interkey-interval durations, one distribution associated with fluent production (upstream
processes deliver just-in-time for motor processing) with a mean somewhere in the region of
150 to 250 ms in participants competent at writing by keyboard (Baaijen et al., 2012;
Medimorec & Risko, 2017; Rgnneberg et al., 2022; Torrance, Rgnneberg, et al., 2016; Van
Waes et al., 2021), and one associated with hesitant production, with longer mean duration,

for cases where this just-in-time delivery breaks down.

Capturing this understanding of interkey intervals requires statistical models that,
unlike traditional approaches, are premised on more than one data-generating process. These
models have been adopted in a number of psycholinguistic studies. In language
comprehension, for example, Vasishth and colleagues (Vasishth, Jager, et al., 2017; Vasishth,
Chopin, et al., 2017) demonstrated convincingly that some phenomena in online sentence
reading times are captured better by statistical models that assume that the underlying
mental process that generates reading data is in fact a mixture of two processes. These are
expressed as two distributions in the statistical implementation. For written production

Roeser, De Maeyer, et al. (2024) demonstrated how models that allow the possibility of two
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underlying data-generating processes revealed two separate distributions of within-word
keystroke-interval durations when participants copy-typed phrases but reduced down to just

one distribution in a tapping task where participants merely pressed two keys repeatedly as

quickly as possible (e.g. “dkdkdkdk”).?
Present Study

In the present study we compared predictive performance of Bayesian hierarchical
models of keystroke intervals (Roeser, De Maeyer, et al., 2024) that instantiated
understanding of the coordination of planning processes during the production of
multi-sentence texts as serial and as occurring, in part, in parallel with previous production.
We then use the best-fitting of these models to establish how the linguistic edge-type at
which interkey intervals occur affects distribution of their duration (see Ailhaud et al., 2016;
Ailhaud & Chenu, 2017; Chukharev-Hudilainen et al., 2019; Conijn et al., 2019; Mohsen,

2021; Torrance, Rgnneberg, et al., 2016; Wengelin, 2002).

The serial account assumes that the preparation of the upcoming production unit
happens entirely at the corresponding linguistic edge. Interkey intervals will therefore be
proportionally longer at before-sentence locations compared to before-word locations, and
longer at before-word locations compared to mid-word locations. Preparation of the next
keystroke within a word does not require lexical retrieval or syntax planning. This must
necessarily have already been planned. Preparation to make the first keystroke of a sentence
will involve some degree of planning at these higher representational levels. These effects are
additive. At a specific linguistic edge-type (before a sentence, before a word, within a word)

interkey intervals form a single distribution.

The parallel processing view, in contrast, assumes that planning of the next linguistic

unit can and often does occur at the same time as execution of preceding text. Therefore

3 For similar approaches see Almond et al. (2012), Baaijen et al. (2012), Chenu et al. (2014), Guo et al.

(2018), Hall et al. (2022), Li (2021), and Van Waes et al. (2021).



TYPING IN TANDEM 13

time taken to plan the next text, is not reflected directly in the duration of the interkey
interval at that edge. The only situation in which preparation of the next text unit affects an
interkey interval is if for some reason it cannot be completed in its entirety in parallel with
output of previous text. Just in this eventuality there is an effect of content and linguistic
planning on the interval immediately preceding production of the next text unit. This is
more probable at higher level linguistic edges, but will not necessarily occur. Whether the
interkey-interval duration at the edge of a specific linguistic location depends on upstream
planning process or on motor planning and execution, is effectively probabilistic — it will be
determined by unknown upstream factors related to both the production of the previous text
unit and what needs to be prepared for the next unit. The consequence of this is that an
interkey interval at a specific linguistic edge-type can result from one of two entirely separate
data generating process, one associated with the time taken for motor planning and
execution, for the case when planning runs ahead of execution of the previous text, and one
associated with that part of the planning of next text that is not completed in parallel with

previous execution and therefore spills over into the period after the previous keystroke.

The serial and parallel planning models therefore make distinct, testable predictions
about the distribution of interkey interval durations at specific linguistic edge-types. Under
the serial planning account planning effects at different levels are additive and interkey
intervals form a single distribution. Under the parallel planning account there are two
data-generating processes, and therefore interkey intervals form two distributions, one
associated with motor planning and execution that will have the same central tendency
regardless of edge-type, and one associated with planning that could not be completed
concurrently with previous execution, with a larger (slower) central tendency, varying with

edge-type.

We compared the fit of these two models across six datasets comprising

keystroke-interval data from writers composing multi-sentence texts. Specifically, for each



TYPING IN TANDEM 14

dataset we evaluated four Bayesian statistical models. The first three models, described in
more detail in our analysis section, were premised on the (traditional) single-distribution
understanding of interkey intervals. The fourth model was premised on the assumption that
the processing that results in a keystroke runs, in part, in parallel with preceding output. As
we have discussed, this model assumes two data-generating processes. We therefore followed
the finite (two-distribution) mixture-modelling approach described by Roeser, De Maeyer, et
al. (2024). This model assumes that interkey intervals result from a mixture of (1)
uninhibited activation flow into motor programmes and (2) interruptions at higher levels
that cause delays in this information flow. Therefore interkey intervals are not directly and
sufficiently determined by transition location — as in the serial account — but are also

associated with different probabilities that a hesitation occurs.

In summary, therefore, to support the hypothesis that planning of next text can be,
and frequently is, coordinated in parallel with current production we would need to find both
of the following. First, as we have discussed, statistical models of interkey intervals assuming
a mixture of two underlying distributions should outperform models assuming a single
underlying distribution. Second, a non-trivial proportion of interkey intervals at higher-level
text edges (before words and, particularly, before sentences) should have durations that are
in the same range as those that are observed within words. Under a serial account, intervals
before the first keystroke in a word or sentence will be associated with planning the word or
(part of) the sentence. Time required for this planning is added to the time required for
motor programming and execution of the next keystroke. If this is the case then
interkey-interval durations before sentences and words will in nearly all cases be longer than
those that occur within words. Therefore, if parameter estimates from a two-distribution
model indicate that a non-trivial proportion of intervals prior to higher-level text edges have
durations that are in the same range as those found within words (i.e. with intervals that fall
within the short-interval distribution in a two-distribution mixture model) then this would

be clear evidence of parallel processing.
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Methods
Data sets

We analysed interkey intervals from six existing studies in which participants
composed spontaneous, multi-sentence texts in response to writing prompts. The datasets
include samples from populations with various writing experience (e.g. young learners,
second language writers, students), a range of ages, from 6th grade through to adult, and
languages with both deep and relatively transparent orthographies, performing different
writing tasks (e.g. essays, syntheses). Datasets from a variety of different populations of
writers and writing tasks were deliberately chosen to challenge the generalisability of our
modelling results as well as their replicability, and to test to what extent pausing patterns
generalise across writing contexts. If processing underlying written production is
fundamentally parallel or serial we would expect this to hold true across ages (with the
exception of very beginning writers), and across languages. Including a range of different
populations and writing contexts is important because according to Olive (2014) information
flow is more likely to be serialised in struggling writers, and possibly also in more challenging

writing tasks or when writing in a second language.

An overview of these six datasets can be found in Table 1; descriptions below.
Datasets used are C211 (Rgnneberg et al., 2022), CATO (Torrance, Rgnneberg, et al., 2016),
GE2 (Ofstad Oxborough & Torrance, 2011), SPL2 (Torrance et al., n.d.), LIFT published in
Vandermeulen, Steendam, et al. (2020) and described in Vandermeulen, De Maeyer, et al.
(2020), and PLanTra published in Rossetti and Van Waes (2022b) and described in Rossetti
and Van Waes (2022a).



Table 1

Datasets in brief. Age is shown in years. For age and number of words standard deviations are shown parentheses.

Dataset Source Keylogger Writing task ~ Words in text® Age N Sample Country Language
C2L1 Rgnneberg et al. EyeWrite Argumentative 129 (53) 11.8 (0.47) 126 6th graders Norway Norwegian
(2022) essay
CATO Torrance et al. EyeWrite Expository es- 288 (119) 16.9 (0.88) 52  Secondary Norway Norwegian
(2016) say school students
(dyslexic, non
dyslexic)
GE2 Torrance and Ofs- EyeWrite Argumentative 540 (141) 19.1 (1.4)¢ 45  Undergraduate UK English
tad (n.d) essay students
LIFT Vandermeulen, InputLog Synthesis  of 374 (56)¢ 16.7 (1.5) 658 Secondary The Dutch
Steendam, et al. several printed school students  Nether-
(2020) sources” lands
PLanTra  Rossetti and Van InputLog Paraphrase 295 (79) 23 (2.7) 47  Master students Belgium English (L2)
Waes (2022b) technical text?
SPL2 Torrance et al. CyWrite Argumentative 668 (301) 20.6 (1.62) 39  Undergraduate = USA English
(n.d.) essay students

Note. “Mean number of words in the final text. "Reading activity was marked in the dataset and removed before analysis.

“Estimated from a similar sample from the same population. “Estimated based on the number of characters in the final product

following Brysbaert et al. (2021).
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In C2L1 Norwegian 6th graders composed argumentative essays. In CATO upper
Norwegian secondary students with and without dyslexia composed expository texts either
normally or with masked letters to prevent writers reading their unfolding text. In SPL2
undergraduate students produced argumentative essays in response to a written prompt in
their first language (L1; English) and in a second language (L2; Spanish) in which they were
able to compose text but in which their mastery fell well behind their first language. Order of
language (L1 / L2) and two writing prompts were counterbalanced. The LIFT data are from
pre-university students producing two argumentative and two informative text syntheses on
four different topics. For the syntheses, students had access to 3-5 sources (depending on
topic), which either provided contradictory or complementary evidence. PLanTra contains
data from Master students in Business and Economics simplifying two given extracts of a
corporate report on sustainability, one before and one after receiving either online instruction
on how to apply plain language principles to sustainability content or an online instruction
exclusively on the topic of sustainability. The GE2 data are from Undergraduate students
producing two argumentative essays on general-knowledge topics: the text they produced

was either masked or not; masking, topic and order were counterbalanced.

For C2L1, CATO, and GE2, keystroke data were captured using EyeWrite (Simpson
& Torrance, 2007; Torrance, 2012). LIFT and PLanTra data were captured using InputLog
(Leijten & Van Waes, 2013; Van Waes et al., 2019, 2021). SPL2 data were collected using
CyWrite (Chukharev-Hudilainen et al., 2019).

Data extraction

From the keystroke data we extracted interkey intervals between adjacent keys at
locations that have been identified repeatedly in previous research as locations where
observed mean interkey intervals (or counts of interkey intervals over a predetermined
threshold) have tended to vary substantially (e.g. Chukharev-Hudilainen et al., 2019; De

Smet et al., 2018; Torrance, Rgnneberg, et al., 2016) and are detailed in Table 2. In
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Table 2
Transition location classification. The final text in all cases was "The cat meowed.

Then it slept.”

Transition type Description Example

Within word Transitions between any letter T h"e cNalt m” e o w'e\d.

T h"a’t[bsp][bsple”n it s e”p't.

Before word Keypress after space followed by The “cat “meowed. That[bsp][bsplen
any letter Ait Aslept.

Before sentence Keypress following a space pre- The cat meowed. "That[bsp][bsp|en it
ceding any letter slept.

Note. "™ marks transition location; [bsp] represents backspace.

particular we analysed the interkey intervals that resulted in the insertion of a character that
started a new sentence (before-sentence transition), interkey intervals that started a new
word (other than those at the beginning of a sentence; before-word transitions), and
transitions between characters within words. At before-sentence locations, interkey intervals
were timed to the shift keypress that resulted in the capitalisation of the first key for most
data sets (CATO, C2L1, SPL2, GE2) but were timed to the character keypress in the
PLanTra and LIFT datasets (i.e. the duration included the time to perform the capitalising
shift keypress); we return to this difference in the Results section. Transitions that occurred
at the very start of the text or at the beginning of a paragraph were not treated as
before-sentence transitions and were removed from the analysis. Importantly we also
removed transitions that were followed by an editing operation. We therefore just modelled

the times between keypresses in ongoing production.

We removed participants that did not complete all conditions in studies with
within-participant factors (reducing the number of participants to 343 for LIFT data, and 41

participants for PLanTra data). We removed participants that produced fewer than 10
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sentences (LIFT: 109 participants; PLanTra: 3 participants; SPL2: 1 participant). We
further removed keystroke intervals that were too short to represent intentional typing (< 50
msecs, see Gentner et al., 1980; Rumelhart & Norman, 1982). We also removed a very small
proportion of outlying long keystroke intervals that were of a duration that made them
unlikely to be associated only with text planning and execution (> 30 secs). Percentages can
be found in Table 3. From the remaining data we randomly sampled a maximum of 100
observations per participant, condition, and transition location (when more than 100 were
available). This was done to reduce the computation time of the Bayesian models required to
complete sampling. For the LIFT data set we reduced the number of participants to 100
because the total sample was substantially larger than for the other datasets. Because the
LIFT data set included the largest number of writing tasks, we sampled 50 observations per
condition, location and participant which would otherwise exceed the computational
resources available to us. The number of keystroke data used in the analysis can be found in

Table 3.
Statistical modelling

We analysed keystroke data in a series of four Bayesian mixed-effects models. An
overview of all models can be found in Table 4. Full modelling details can be found in

Appendix B but we summarised the most relevant properties in this section.

The first three models — models M1, M2, and M3 — were single-distribution models
consistent with the serial account. These single distribution models were fitted with fixed
effects for each combination of transition location and dataset-specific manipulations.
Models M1 (Gaussian) and M2 (log-Gaussian) are consistent with standard models used in
the literature (Baaijen et al., 2012; Chukharev-Hudilainen et al., 2019; Medimorec & Risko,
2017; Torrance, Rgnneberg, et al., 2016) and therefore serve as baseline models. Both models
assume equal variance across different linguistic edges (within words, at word boundaries,

and at sentence boundaries). To provide a fairer comparison with the two-distribution model
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that followed we tested a third unequal variance model M3 that allowed intervals associated

with higher-order linguistic edges to have greater variability.

Model M4 is a two-distribution mixture model consistent with the parallel account.
This model assumes that keystroke data result from a combination of two data generating
processes; these models are referred to as finite mixture models in the literature (Gelman et
al., 2014; MacLahlan & Peel, 2000). Both single-distribution models and the two-distribution
mixture model capture that processing difficulty at higher levels of activation leads to longer
hesitations but only the two-distribution model captures that planning-related hesitations
may occur at any interkey interval, even mid-word, and that planning may not be reflected
in sentence or word-initial hesitations when planning occurs concurrently to the execution of
previous language units. In other words, instead of assuming that there is one process that
shifts the distribution of transition durations for larger linguistic edges, we allow for the

possibility that key transitions at edges of larger linguistic units are more likely to be

Table 3
Data reduction. Shown are the percentage of extreme data that were removed and the
percentage of randomly sampled data that were analysed by transition location.

Standard error in parentheses.

Extreme values in % Data analysed in %

Dataset < 50 msecs > 30 secs within word before word before sentence

C2L1 0.19 (0.1) 0.07 (0.06) 351 (2.6) 845 (1.8) 100 (0)
CATO  0.65 (0.15) 0.02 (0.02)  14.9 (0.9)  48.6 (2.2) 100 (0)
GE2 2.16 (0.17) 0.01 (0.01) 6.2 (0.4)  22.5 (1.4) 100 (0)
LIFT 2.65 (0.16) - 32(0.2)  13.1(0.9) 99.4 (0.1)
PLanTra  2.49 (0.41) 0.04 (0.03) 9.7 (0.6)  36.6 (1.9) 100 (0)
SPL2 2.29 (0.2) 0.03 (0.02) 5.7 (0.4)  22.6 (1.4) 100 (0)
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Table 4

Model overview. All models included by-participant random effect and study-specific

manipulations.
Models Description
Serial
M1 Single Gaussian model with effects of transition location.

M2 Single distribution log-Gaussian model equivialent to M1.

M3 Equivalent to M2 but with different variance components for each transi-
tion location (unequal variance).

Parallel

M4 Two-distributions mixture of a log-Gaussian for fluent interkey intervals
and another wider log-Gaussian for hesitant / disfluent interkey intervals;
the distribution of hesitant interkey intervals assumes — similar to M3
— different values for transition locations. The mixing weight of these
distributions capture the relative number of disfluent transitions for each

transition location.

associated with processing delays; however, in contrast to the serial account, there is no

requirement to pause before sentences or words to prepare upcoming text.

We implemented this assumption by modelling interkey intervals as coming from a
weighted mixture of two distributions associated with two different states, illustrated in

equation 1:

1. Information from upstream mental processes can flow into keystrokes without
interruption at intermediate levels. These fluent keystroke transitions are merely
constrained by a person’s ability to move their finger.

2. Any interruption at upstream levels of mental representation delays the information
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flow which delays the following keypress, for example when a word or its spelling could
not be retrieved in time. Interruptions in the information flow cause hesitations before

pressing the next key.

log(lklz) ~ elocation[i], participant|i] X N (ﬁ + 5location[i] + Uparticipant[i]a 0-3’, location[i])+
(]- - 6)location[i}, participant[i]) X N(ﬁ + uparticipant[i]7 Uz, 10cation[i])

2
where: Uparticipant ™~ N(O’ UP)

constraint: §,02, 02, 05 >0
2 2
O'e/ > O'e

0<f<1

The first line of equation 1 represents the distribution of hesitant interkey intervals;
the second line represents the distribution of fluent — uninterrupted — interkey intervals that
is characterised by S (the central tendency of the distribution of short intervals). The
distribution of fluent interkey intervals was held constant across transition locations (levels:
before sentence, before word, within word) to aid the interpretation of parameter estimates.
We elaborate on this decision in the discussion. The central tendency of the distribution of
hesitant transitions depends on the distribution of fluent key transitions. The ¢ parameter,
which was constrained to be positive, captures the difference in the central tendencies of the
two distributions. In other words, this parameterisation captures the fact that hesitations
must be understood as relative to the duration of fluent interkey intervals (Wengelin, 2001).
In contrast, the addition of § to £ in the distribution of hesitations does not mean that the
mixture model assumes that cognitive processes are additive. This is because, fundamentally,

planning related processes run in parallel to output (as explained in Appendix A).

These two distributions are associated with the mixing proportion # that ranges

between 0 and 1. 6 was parameterised to represent the probability that an interkey interval
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is hesitant (associated with a distribution of longer interkey intervals). As indicated by 1 — 6
this probability is inversely related to the mixing weight of the distribution of fluent
transitions. The subscripts of Gjocation[i], participant[ij Show that the mixing proportion 6 is
allowed to take on a different value for the transition location and the participant associated
with the i*" interkey interval i € 1... N where N is the total number of interkey intervals.

Also the hesitation duration § was allowed to vary by transition locations.

As with model M3, M4 allowed the standard deviation associated with the interkey
intervals — indicated as 02 — to vary by transition location. Further each of the two
distributions in M4 had its own standard deviation; the standard deviation associated with
the distribution of hesitant keystroke intervals o2 was constrained to be larger than the
distribution of fluent keystroke intervals 0. This is important because slower human
behaviour similar to hesitant keystroke intervals is generally known to be associated with a

larger variability (Schoéner, 2002; Wagenmakers & Brown, 2007; Wing & Kristofferson, 1973).

Model M4 and all other models included a random intercepts term uparticipants for
participants which is constrained to be distributed around 0, i.e. N'(0, ag), hence indicating

participant specific deviations from the average typing speed (.

All models were implemented in the Bayesian framework (Gelman et al., 2014;
McElreath, 2016). In the present analysis, we used weakly informative priors to aid model
convergence by placing a higher prior probability over the parameter space of more plausible
values (see e.g. Lambert, 2018; McElreath, 2016). As the sample size of most of our datasets
is large, weakly informative priors have no or a negligible effect on the posterior. Stan code
for mixture models was based on Roeser, De Maeyer, et al. (2024; see also Vasishth, Chopin,

et al., 2017; Vasishth, Jéger, et al., 2017).4

4 The R (R Core Team, 2020) package rstan (Stan Development Team, 2018) was used to interface with the
probabilistic programming language Stan (Carpenter et al., 2016) which was used to implement all models.

Models were run with 20,000 iterations on 3 chains with a warm-up of 10,000 iterations and no thinning.



TYPING IN TANDEM 24

The predictive performance of our models was estimated using leave-one-out
cross-validation (Sivula et al., 2020; Vehtari et al., 2015, 2017). We compared the predictive

performance of our models using the difference in expected log predictive density Aejp\d. We

Aelpd
SE

also summarised this difference as normalised over its standard error | |, the z-score of
the difference between models (Sivula et al., 2020). Similar to other cross-validation
techniques, leave-one-out cross-validation penalises more complex models — models with

more parameters — to prevent overfit.
Transparency and openness

Data and analysis scripts, written in R and the statistical programming language
Stan, can be found in the Open Science Foundation repository (https://osf.io/z65dw/,
Roeser, Conijn, et al., 2024). For a tutorial on Bayesian mixture-model analysis in the
context of keystroke data see https://rpubs.com/jensroes/mixture-models-tutorial. As shown
in the following, results from model comparisons replicated across all six datasets. This

study was not preregistered.
Results
Model comparisons

The differences in the predictive performance of models for all datasets are shown in
Table 5. For all six dataset the two-distributions mixture model (M4) provided greater
predictive performance than the three single-distribution models. Differences in predictive
performance (Aejﬁd) between models M4 and the nearest competing single-distribution
model (M3) ranged between [18, 40] standard errors, indicating a substantially higher
predictive performance for the two-distribution model. Among the single-distribution models
we found higher predictive performance for the unequal variance model and the lowest

predictive performance for the single distribution Gaussian. Comparisons showing the fit of

Model convergence was confirmed by the Rubin-Gelman statistic (R = 1) (Gelman & Rubin, 1992) and

inspection of the Markov chain Monte Carlo chains.



TYPING IN TANDEM 25

Table 5

Model comparisons. Models were compared incrementally from the simplest to the most
complex model. Comparisons are shown with the distribution type of the model with the
higher predictive performance. A negative difference in Aejﬁd indicates higher
predictive performance for the more complex model; standard error shown in

parentheses.

Dataset Mixture of two log- Single log-Gaussian (un- Single log-Gaussian

Gaussians (M3 — M4) equal variance; M2 — M3) (M1 — M2)

C2L1 -1,637 (72) -785 (60) -37,517 (798)
CATO -1,782 (75) -1,299 (71) -37,673 (881)
GE2 -2,427 (92) -2,312 (89) -38,843 (616)
LIFT -5,105 (127) 2,111 (99) -74,851 (1,624)
PLanTra  -2,384 (90) -1,381 (80) -33,823 (526)
SPL2 -1,181 (64) -1,713 (69) -28,717 (418)

Note. Aejﬁd = difference in predictive performance — estimated as expected log

pointwise predictive density

model predictions to the data can be found in Appendix C and echo the findings in Table 5.
Data predicted by the two-distribution mixture model closely align with the observed data;

data predicted by single distribution Gaussian models show poor fit to the data.
Transition location effect

Figure 1 illustrates the mixture-model results for every dataset: for each interkey
interval we obtained two posterior probability distributions, one associated with fluent
transitions between keys and another for interkey intervals where upstream difficulty resulted
in hesitant interkey intervals. The hesitation probability — the probability of interkey
intervals associated with hesitations — is indicated as the height of the distribution shown in

yellow (on the right of each panel). The transition locations are characterised by the
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hesitation parameters: as we illustrate, we held the central tendencies of the distribution of
fluent transitions (but not their variance) — indicated in grey — constant across transition
location (within each dataset) but their height differs as the probability of fluent interkey
intervals is the inverse of the height of hesitant interkey intervals; i.e. 1 — 6. Within-word
interkey intervals have a negligibly small hesitation probability barely visible in the
visualisation. Hesitations before words and sentences are both roughly equally likely than
fluent transitions. In other words, half of the time participants did not pause before a word
or sentence; we explore this below. However, when hesitations occur immediately before a
sentence, they are longer than when they occur before words. This is visualised by the

horizontal location of the distribution of hesitant interkey intervals (shown in yellow).

Figure 1 highlights how model parameters relate to each other in pairs of
distributions but to compare the effect of transition location on model parameters we need
to compare the posterior distribution of the two hesitation parameters individually. Figure 2
visualises the same posterior as Figure 1 but expressed directly in terms of posterior
probability distributions of the individual mixture-model parameters. These are shown for
all datasets by transition location. Although models were fitted with all dataset-specific
conditions, we aggregated the posterior across conditions®, and excluded conditions that
might confound comparisons®. For posteriors of all conditions within datasets see Appendix
G. The resulting posterior allows us to examine differences and similarities associated with
transition locations for all datasets. In particular we can test how transition location in the

text is associated with the duration of hesitant interkey intervals and their frequency. For
5 We aggregated across pre and post-test for the PLanTra dataset as well as genre and topic of the LIFT
data set. We demonstrate in Appendix H and I, respectively, that there is negligible evidence for differences
between these conditions.

6 We excluded the posterior of the masked writing condition in the GE2 and CATO, of the dyslexic group in
the CATO dataset, and L2 writing in the SPL2 dataset. This is because there was evidence for L2-writing

effects (see Appendix E) and marking effects (see Appendix F).
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Figure 1

Mixture model plot for each transition location. Shown are the distributions for both mixture
components (fluent and hesitant interkey intervals) and their weighting. Interkey intervals

are shown in seconds on log scaled intervals.
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completeness we also report the estimates for fluent interkey intervals.

Transition before before within
locations: sentence word word
Fluent interkey
interval duration Hesitant interkey Probability of hesitant
(in msecs) interval duration (in msecs) interkey intervals
C2L1 2 2 ~ —p-
— K
CATO L 2 R _ 7 N
GE2 | @& -9 . —— X
LIFT |@ _:2& o K —H—
PLanTra | @ R . =
SPL2 | @& o9 E _ Y N *
150 200 250 300 500 1,000 1,500 2,000 2500 .0 2 5 8 1.0
Posterior estimates with 95% Pls
Figure 2

Mixture model parameter estimates across studies. Distributions of parameter estimates are
represented as posterior mean and 95% probability interval (PI). Interkey-interval duration
measures are shown in msecs and hesitation probability is shown in proportions. Estimates
for the CATO dataset were calculated for the non-dyslexic group, unmasked condition; also

the GE2 estimtes represent the unmasked condition; SPL2 estimates are for the L1 group.

Figure 2 shows largely the same patterns (with caveats) for all datasets. We
summarise the evidence for differences between transitions locations in Table 6. For all
datasets we found that hesitations before words were more frequent than within words;
however, the hesitation duration was only longer before words for GE2, PLanTra and SPL2,
and not for the other datasets. Hesitations were equally likely before sentences and words in

all datasets apart from GE2 and SPL2, for which hesitations before sentences were more
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frequent. Hesitations before sentences were longer than before words for all data set apart

from C2L1 and LIFT. Full results and parameter estimates can be found in Appendix J.

To reiterate, for most datasets we found that hesitations before sentences are longer
but not always more likely than before words (except for SPL2 and GE2). In fact, LIFT
showed some indication that hesitations were less likely before sentences than words. This is
interesting because it is generally believed that pausing behaviour is associated with
linguistic boundaries such that more and longer hesitations are predicted for interkey
intervals at larger linguistic edges (see Introduction section). It is less clear in which contexts

pre-sentence hesitations are more likely than hesitations before words.

Differences between datasets could, to some extent, be explained by the fact that two
datasets (PLanTra, LIFT) defined before-sentence key transitions as the sum of transitions
between space, shift and the sentence-initial character, while the remaining datasets
measured before-sentence transitions as the interval between space key and shift. To test to
what extent complex key combinations affects the parameter estimates, we addressed this
possibility for the SPL2 dataset and showed that including the character following the shift
key substantially increased the hesitation probability for sentence-initial transitions (BFs >
100) but it did not affect the duration hesitant interkey intervals (BFs < 0.3); see Appendix
D. This conflicts with the earlier finding that before-sentence hesitations were not more likely
than before-word hesitations for datasets that did include the character following shift
(PLanTra, LIFT). In other words, patterns in our results cannot be explained on the basis of

how sentence-initial key transitions were operationalised.

Finally, Figure 2 highlights that fluent interkey intervals in two datasets (C2L1,
CATO) were substantially longer than for other datasets. This is presumably reflecting that
these data were sampled from the youngest and least experienced populations of writers in
our data pool. Interestingly, however, hesitation duration and hesitation probability followed

the same patterns as the majority of datasets with samples from populations of more
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Table 6

BFs for the effect of transition location on interkey intervals shown for the hesitation
duration and hesitation probability. Comparisons for the CATO dataset were calculated
for the non-dyslexic group, unmasked condition; also the GE2 estimtes represent the

unmasked condition; SPL2 estimates are for the L1 group.

Hesitation duration Hesitation probability

Dataset  before sentence before vs within before sentence before vs within

vs word word vs word word
C2L1 1.2 0.1 0.7 > 100
CATO > 100 0.2 0.7 > 100
GE2 > 100 26.7 > 100 > 100
LIFT 0.5 0.4 1.6 > 100
PLanTra > 100 52.4 0.3 > 100
SPL2 > 100 9 > 100 > 100

Note. BF = evidence in favour of the alternative hypothesis over the null hypothesis
calculated using the Savage-Dickey method (Dickey et al., 1970; Wagenmakers et al.,
2010). BFs greater than 3 indicate moderate evidence, greater than 10 strong evidence,
and greater than 30 very strong evidence for a statistically meaningful effect (Jeffreys,
1961; Lee & Wagenmakers, 2014). A BF smaller than 0.33 suggests evidence in favour of

a null effect (Dienes, 2014) and a BF around 1 is inconclusive evidence.

30
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experienced writers.
Discussion

The classical serial view of written production characterises composing spontaneous
multi-sentence text as a sequence of planning and execution cycles (Flower & Hayes, 1980).
Text is produced as a series of production bursts bounded by pauses during which content
and language for the next burst of execution is planned. The parallel model of writing, in
contrast, sees planning of next text as occurring to a large extent in parallel with output of
previous text (except perhaps in very young writers, Olive, 2014). The implication of this for
interpretation of writing-timecourse data — of inter-key intervals as writers compose text — is
that pause duration doesn’t correspond in any direct way to the time required to plan the
next output. We implemented these two views in Bayesian, hierarchical, single-distribution
models capturing the serial view, and a two-distribution mixture-model capturing predictions
about patterning of interkey intervals under the assumption of parallel upstream processing.
Fitting these models with six sets of keystroke data from free text production tasks — with a
total of 953 participants producing 5,223,280 interkey intervals — we found compelling and
consistent statistical evidence in favour of the parallel view. In all cases, the predictive
performance of the two-distribution mixture-models outperformed the single-distribution

models, consistent with the parallel view of writing.

The two-distribution model assumes two data generating processes, one associated
with the immediate demands of motor planning required for the production of a keystroke,
and one that captures all upstream processing from message to abstract letter representation.
A direct implication of parallel processing is that the distribution over interkey intervals is
not additive — it is not a combination of time to motor plan plus time for upstream
processing. The interval between keypresses is either determined by motor execution, in
cases where planning runs ahead of execution, or by processing that occurred upstream of

motor execution, in cases where provision of output from the upstream processes lags behind
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the rate at which it can be output by the fingers. Under a strictly serial account — where all
planning necessary for production of next-text occurs in the interkey interval immediately
before output — the interkey interval will be the sum of times for each processing step
required for generation of that text. Both accounts predict longer mean interkey intervals at
higher-order text edges (interkey intervals are greater before sentences than before
mid-sentence words, and before mid-sentence words than before mid-word characters). This
has been consistently observed in a number of previous studies (Deane & Zhang, 2015;
Mohsen, 2021; Spelman Miller, 2006; Spelman Miller et al., 2008; Torrance, Rgnneberg, et
al., 2016; Wengelin, 2002; Xu & Qi, 2017). However, the serial account does not permit the
possibility of an additional and substantial distribution of very short interkey intervals at
higher-order edges: It strongly predicts that all sentence boundaries will be associated with
interkey intervals that are longer than those required just for the motor planning of the next
character. Under the parallel-processing account it is very likely that some — perhaps a
majority — of interkey intervals before sentences will be longer. However there will be a
distinct subset that is drawn from a distribution associated just with interkey intervals

necessary for motor execution.

Our results are inconsistent with the predictions of the serial view. At all linguistic
edges we found a distribution of interkey intervals at durations substantially below a
threshold that might plausibly be necessary for, for example, lexical / orthographic retrieval
(Grudin & Larochelle, 1982; Ostry, 1983; Terzuolo & Viviani, 1980; Van Waes et al., 2021).
For mid-word interkey intervals, as might be expected, the mixture model estimated that the
vast majority of interkey durations fall within this distribution. Across all datasets we found,
at minimum, a non-trivial minority of sentence-initial interkey intervals were also sampled
from the short distribution (i.e. with durations that could only be associated with motor
execution). In two cases — for writers sampled in the PLanTra and Lift datasets — the
magority of interkey intervals fell within this distribution. As might be expected there was a

considerably increased tendency for longer interkey intervals at higher order boundaries:
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Planning associated with the mental preparation of a new sentence is, probabilistically, much
more likely to spill beyond output of the previous sentence and therefore affect duration of
the sentence-initial interkey interval). However, the presence of a non-trivial proportion of
very short interkey intervals (i.e. with a duration that is inconsistent with anything other
than motor execution) can only be explained with recourse to theories that permit

preparation in parallel with preceding output.

This parallelism was evident even in the youngest writers in our data pool (C2L1;
mean age 11.8 years). As might be expected for children who compose predominantly by
handwriting and whose typing skills will still be developing, motor execution rate (mean
duration of fluent transitions) was substantially slower compared to the more experienced
typists in other datasets. In all other respects, however, findings for this dataset were similar
to that of other datasets and consistent with parallel processing. A two-distribution
mixture-model provided best fit to these data. At both before-word and before-sentence
locations a non-trivial number of interkey intervals were predicted to lie within the short
distribution — i.e. at durations too short to permit lexical retrieval or syntactic planning.
Probability of longer intervals was greater for before-sentence and before-word transitions
compared to mid-word transitions. This is interesting because, for example, Olive (2014)
described a parallel model that operates in a serial fashion for inexperienced or struggling
writers, explained on the basis of task demands that reduce the ability to plan in parallel to
processing which leads to a serialisation of planning units. However, the results presented in
this paper suggest that pausing behaviour in young writers largely mirrors results from more
experienced writers: Hesitations were both equally long and likely at before-word and
before-sentence transitions but more likely compared to mid-word transitions. Also for L2
writers (PLanTra) we observed pausing patterns that do not resemble a serialised writing

process as evidenced by a large number of fluent transitions at word and sentence boundaries.

We observed two more differences among datasets that are worth highlighting. First,
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we hypothesised that interkey intervals at larger linguistic edges are associated with a higher
hesitation probability, following previous work that showed that hesitations are more likely
before sentences than before words (see also Medimorec & Risko, 2017; Wengelin, 2002). Our
results indeed showed that the hesitation probability was higher for key transitions between
words than within words. Interestingly, we found that writers were equally likely to hesitate
before sentences and before words (except for writers in GE2 and SPL2). One possible
explanation might be the increased demands for lexical and / or orthographic processing in
these samples (e.g. because C2L1 includes young, less experienced writers and PLanTra
required more lexical competition for the retrieval of simpler words than those used in the
source text in an L2) resulting in higher hesitation probabilities between words. In other
words, hesitations in L2 writers and learners are likely to be the consequence of a delay in
the supply of lexical representations (in L2 writers) and orthographic representations (in

learners and L2 writers).

Second, although hesitation before sentence tended to be longer than before words or
mid-word, this was not the case for two datasets: (1) Sentence-initial hesitations were not
longer than word-initial hesitation for the C2L1 dataset. This may be because retrieval of
orthographic representations is more likely to require central processing (e.g., explicit
memory search) in this population. (2) Hesitation durations did not vary across transition
locations in the LIFT dataset. In this case the absence of a difference could be explained as
specific to the writing task because, when creating a synthesis of an existing text there is less
need for planning novel contents and text structure: the structure of the source texts can be
used to support structuring the new text (“structural isomorphism,” Hidi & Anderson, 1986).
However, the results of the PLanTra dataset rule suggest that this was not the case: there
was evidence for longer hesitations at edges of larger linguistic units for the

text-simplification task that also does not require planning of contents.

We therefore interpret the superior predictive performance of the two-distribution
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mixture-model as strong evidence for parallelism in written composition. In the remainder of

our discussion we discuss three potential challenges to this claim.

An alternative, more prosaic explanation for our findings might be that
two-distribution models outperform single-distribution models in all datasets, simply
because they estimate more parameters; two distributions will always provide better fit than
one distribution models due just to overfitting. There are two related reasons not to prefer
this explanation. First, the cross-validation methods that we used to compare the predictive
performance of our models favour more parsimonious models and are therefore robust to
overfitting. Second, in the analysis described in Appendix K we directly tested the
hypothesis that modelling data randomly sampled from a single log-normal distribution as a
two-distribution mixture will provide better fit than modelling as a single distribution. We
found that the two-distribution mixture model was successful at uncovering the parameter
values of the data generated with a two-distributions mixture process; we observed the same
for the single-distribution model applied to the data generated with a single distribution
process. Cross-validation rendered a substantially higher predictive performance for the
mixture model compared to the single-distribution model for data sampled from a
two-distribution mixture-process, but not when applied to data based on a
single-distribution process. Therefore we can rule out the possibility that the statistical
support for two-distribution mixture-models can be explained on the basis of their larger
number of parameters (i.e. model overfitting). A reviewer of this paper raised the concern
that, beyond our simulation and cross-validation results, it is in principle possible that for
real data mixture models always outperform single-process models. It is certainly that case
that mixture models are often better approximations of the cognitive process underlying
language processing; e.g. for reading comprehension (Vasishth, Jager, et al., 2017; Vasishth,
Chopin, et al., 2017; Vasishth et al., 2019), keystroke data (Almond et al., 2012; Baaijen et
al., 2012; Guo et al., 2018; Hall et al., 2022; Roeser, De Maeyer, et al., 2024), and language

planning in speech (Roeser, Torrance, et al., 2024). Arguably how cognitive processing
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affects output timecourse across a range of language processing phenomena is best captured
by two or more distributions. However, one concern might be, perhaps, that mixture models
show better performance because they capture distributions in the data that are related to
off-task activities, and mixture models have been used to explicitly address noise in decision
times (Ratcliff & Tuerlinckx, 2002) and keystroke data (Guo et al., 2018). We do not,
however, believe that this is what is happening for two reasons: First, the patterns we
observe for edges at different linguistic units would be unexpected if the distribution of
hesitations merely represents off-task noise. Second, there is research that has found stronger
performance for single-process models for real data in tasks that involve language processing.
This is what Spivey et al. (2005; see Toon et al., 2023) found for planning and execution of
cursor movements in listening comprehension; also Lissén et al. (2023) found a preference for
a single-process model of memory retrieval during text comprehension for eye-movement
data. We therefore believe that the superiority of the mixture model in our analysis is not a
general property of the model; instead it reflects a better mapping onto the cognitive process

underlying the generation of keystroke interval data.

The two-distribution mixture model that we report in this paper allowed parameter
estimates for the mixing proportion (the proportion of observations attributed to each
distribution) and the mean of the longer-interval distribution to vary across text edges
(within-word, before words, before sentences). However estimated mean of the short-interval
distribution was constrained to be equal across these locations. For reasons that we outline
below, this constraint aids interpretation of parameter estimates: It allows us to attribute,
with some caveats, the interkey intervals in the short-interval distribution to motor
processing. However, it is an oversimplification. As a reviewer of a previous version of this
paper observed, motor processing demands are not, on average, equivalent across different
text edges. Motor planning demands at the start of words or of sentences are unlikely to be
identical to those for within-word transitions because word- and sentence-initial transitions

always start with a space-bar press (a thumb-finger transition in most competent typists that
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may involve either one or both hands). Also frequency of the digraph that is being created —
space then letter at word and sentence edges, letter then letter within words — may also
affect motor-planning demands (Pinet et al., 2022). Effects on duration of interkey interval
of differences in transition and in bigram frequency are likely to be much smaller than effects
due to upstream (content, syntactic, lexical) processing (Scaltritti et al., 2016). However it
remains the case that associating the short-duration distribution in our mixture model with
motor processing and then restricting the mean of this distribution to be equal across text
edges is inconsistent with the probability that these different edge-types are likely to differ
systematically in motor-processing demands. There are two points to note here. First, and
most importantly, relaxing this constraint (i.e. permitting the parameter representing the
mean of the short-interval distribution to vary across edge-type) gave substantively
equivalent parameter estimates and, like the constrained model, provided better predictive
performance than alternative, single-process models. This analysis can be found in Appendix
L. Second, however, differences in estimated mean duration of short intervals across edge
types in this unconstrained model cannot straightforwardly be attributed just to differences
in motor processing demands. Delays to output that occur as a result of parallel upstream
processing not being complete when motor processes become available are likely to be
substantial. However, time in excess of that required to motor plan the keystroke can take
any positive value, and the duration of the spillover from parallel processing may in some
cases be very short. In the unconstrained mixture model these “short hesitant” interkey
intervals are pulled into the short distribution. The probability of any hesitant interkey
intervals, including short hesitant intervals, increases at higher-level text edges. In the
unconstrained model, therefore, the short-duration (non-hesitant) distribution does not
directly represent time taken for motor processing. Given this, constraining estimated mean
of the short-duration distribution provides, we believe, a more direct interpretation of
parameter estimates, albeit one that glosses over potential effects of edge-type on motor

processing demands.
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Throughout this paper we have been attributing longer (hesitant) interkey intervals
to spill-over from upstream pre-motor processing that could not be completed in its entirety
in parallel with previous output. These longer inter-key intervals may also, on occasion, be
associated with activity that is initiated after the preceding process and is entirely bounded
by the duration of the pause. We are thinking here specifically of the tendency, particularly
at higher order text boundaries, for writers to glance back into their existing text
(Alamargot et al., 2010; Beers et al., 2010; Chukharev-Hudilainen et al., 2019; De Smet et al.,
2018; Torrance et al., n.d.; Van Waes et al., 2010). Torrance, Johansson, et al. (2016) found
that lookbacks appear with a frequency of 45% before sentences, 12% before words and 5%
within words of which 36% were associated with sustained reading but mostly less patterned
forward and backward saccades between words (“hopping,” see also Chukharev-Hudilainen et
al., 2019). There are broadly two reasons why writers might look back into their existing
text.” Lookback may be associated with monitoring just-produced text for errors. In the
present study we excluded interkey intervals that preceded deletion or cursor movement, and
also intervals at timescales that might be associated with strategic reviewing of large spans
of text (e.g. reading text-already-written from top to bottom). However it may be that some
longer intervals were associated with monitoring that failed to find errors that needed
correcting. A second function for lookback may be to support planning next-text (Hayes,
1996; Johansson et al., 2010; Torrance, Johansson, et al., 2016). The preceding text, and
particularly the preceding sentence, is a rich source of cues to support retrieval of both
content and lexical items necessary to prepare what to write next. This will become
particularly important where upstream processing lags behind the rate at which it can be
output, and, for example, one or more of the buffers necessary to resolve this “temporal

friction” (Van Galen, 1991) becomes overloaded. Note, however, that comparison of

7 Eye movement between key presses in writing-from-sources tasks will also be associated with reading source
texts. Note, however, that for two datasets (PLanTra, LIFT) that involved writing from sources, we removed

transitions that were made when the source (rather than the writing document) was in focus.
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unmasked and masked text conditions — in which writers could and could not read the text
that they had already produced — in the CATO and GE2 datasets suggested that, if
anything, proportion of longer interkey intervals at sentence boundaries was greater when
text was masked (details in Appendix F). This finding is consistent both with lookback being
only a minor contributor to interkey interval and, where it does occur, serving a rapid
memory-refresh function. There is also some evidence, at least in the context of handwritten
production, that eye movements back into already-written text themselves occasionally occur

in parallel with output (Alamargot et al., 2007).
Constraints on Generality

In this final paragraph we lay out constraints on the generality of our findings. We
argue that planning in multi-sentence text composition is fundamentally parallel. Our data
support this conclusion for functionally competent typists producing text using relatively
shallow (such as Norwegian and Dutch) and deep (such as English) phonemic orthographies.
Generalisation to other orthographic systems, output modalities, and writers with different
competences, characteristics, and in different writing contexts are promising opportunities
for future research. There is evidence for similar parallelism in other output modalities with
preliminary findings for pen-movement dynamics in handwriting (Arrimada et al., 2022); a
similar parallelism is generally assumed for speech (Dell et al., 1999; Griffin, 2003) which we
assessed using our mixture model approach (Roeser, Torrance, et al., 2024). An interesting
challenge for our findings are contexts in which output is delayed because of inhibitions on
the motor level (or for other reasons). This is because there might be a stronger tendency for
serialised output (Medimorec et al., 2017; Olive, 2014). For example, future research could
test our approach on writers with motor impairments (e.g. dysgraphia), very early learners
(e.g. grade 1), in writing-to-dictation and texting, and in logographic orthographies (such as
Chinese) where single graphemes are often complex key combinations. Also, our analysis
used a linguistically crude categorisation of text edges. This was sufficient for our purpose.

However, if our approach were to be extended to test theories about planning scope — how
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much of the next text must necessarily be planned before the writer can start execution —
then a finer-grained linguistic categorisation would be required. Future research should aim
to determine hesitation patterns at different syntactic locations and contexts, parts-of-speech
(specifically content vs function words), and the linear location of a word in a sentence or
sentence in a document. These analyses are beyond the scope of our present paper, but we
hope that our research and the availability of our analysis code in tutorial format inspires

future research to challenge our findings.
Conclusion

The parallel view of writing, in contrast to the serial view, claims that writers do not
necessarily pause to plan the upcoming language unit but instead plan concurrently with
preceding output. In this paper we have demonstrated, across six datasets, that statistical
models premised on a parallel-processing understanding of planning in written composition
outperform models premised on serial processing. We also found that interkey intervals
across word and even sentence boundaries are frequently at timescales that are not
consistent with planning of upcoming linguistic information. This pattern was found to be
largely consistent for populations with different levels of writing experience and languages

(e.g. young / L2 writers, students) and across different composition tasks.

The findings we report in this paper are, we argue, the first robust evidence for
parallelism in written composition of multi-sentence texts. The conclusion that
text-production processes are fundamentally parallel will not come as a surprise to most
language-production researchers. Parallel processing has a long history in theories of speech
production (Chang et al., 2006; Dell, 1986; Dell et al., 1999; Dell & O’Seaghdha, 1992;
Garrett, 1975; Levelt, 1989). The transitory nature of activation and storage during fluent
spoken production prevent, for example, generating phonological code a long time before it is
required to drive articulation (Christiansen & Chater, 2016). Spoken production is

“just-in-time”. Perhaps because, at least in principle, there is not the same push to fluency in
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written production — in principle writers can pause at any point with no detriment to
communication — writing extended text has tended to be seen as fundamentally serial, with
pauses to prepare next-text followed by bursts of output during which this is executed
(Flower & Hayes, 1980). Our findings suggest that this is not the case. The
language-production processes that underlie text production follow the same just-in-time

principle as speech.
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Appendix A

Interkey-interval predictions under a parallel theory of text production

Figure A1l shows how a parallel understanding of language production (Olive, 2014; following
Van Galen, 1991) predicts interkey intervals. It demonstrates a fundamental property, in
which upstream processes provide downstream processes with information as it becomes
available (i.e. on a just-in-time basis), and there is the possibility of buffering. For the
purposes of illustration, all processing above the final buffer is lumped together as “message
and language processing” and all processing below this buffer as “motor processing and
execution”. We make no claims as to exactly how these processes are divided. Also for the
purposes of illustration we have shown time taken for motor processing as constant. In
practice this will vary (within a relatively tight range relative to time required for upstream
processing) on the basis of various factors including the motor action required for the
preceding and current keypress (which fingers are used on which hands) and frequency of the

digraph that is being formed.

In both cases the specific processing that is responsible for determining interkey
interval is shown in black. Figure A1A shows the case where upstream processing runs faster
than, and therefore ahead of, motor execution. Message and language processing provides
necessary information to the execution processes in advance of (or at exactly the same time
as) when it can be used. In this case interkey intervals — both IKI1 and IKI2 — are
determined just by the time taken to prepare and execute the keystroke. It is entirely
unaffected by the duration of upstream processing. Figure A1B shows the case where
upstream processes deliver information to motor processes at a rate that lags behind that at
which it could be potentially motor-planned and executed (i.e. where “just in time”
processing fails). This results in a delay in output — a “hesitation” in our terminology. IKI1
in Figure A1B is therefore longer than IKI1 in Figure ATA. Just-in-time processing is then

resumed, and IKI2 in Figure A1B is of the same duration as the interkey intervals in Figure
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In the case where upstream processes run ahead of motor processing, the interkey

interval is obviously determined just by the speed at which the writer can move their finger

(can motor-plan and execute). The essential point that Figure A1l illustrates is that in the

case where upstream processes lag behind motor output (Figure A1B), the interkey interval

is determined just by time taken for upstream processing. Effects on the interkey interval are
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not additive. Interkey intervals are therefore determined by one of two entirely separate
data-generating processes. This is the basis for our claim that a finite mixture of two

distributions represents a statistical model of parallel processing.
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Appendix B

Statistical models

We implemented four statistical models using the Bayesian framework (e.g. Farrell &
Lewandowsky, 2018; Gelman et al., 2014; Lee & Wagenmakers, 2014) to evaluate the serial
and the parallel view of written text production. In other words, we used statistical models
to map between keystroke data (in particular interkey intervals) and the theoretically
assumed cognitive process that generates these data. The first three models are all
single-distribution models consistent with the serial view. The fourth model is a
two-distribution model consistent with the parallel view. These models are presented in

more detail in this section.
Single-distribution Gaussian model

Under the serial view, all planning relevant for the to-be-produced utterance must be
completed prior to typing onset. The duration of the resulting interkey interval depends on,
among others, psycholinguistic factors; i.e. interkey intervals that are located before easily
retrievable high-frequency words tend to be short; similar for words with fewer graphemes,
syllables, and morphemes (Nottbusch et al., 2005; Roeser et al., 2019; Torrance et al., 2018).
We can capture the variability associated with word-features by assuming that before-word
interkey intervals can be described as coming from a normal (Gaussian) distribution that can
be fully characterised by an unknown central tendency u of interkey intervals associated with
word-level planning and a dispersion o2, that captures the residual variance in the data that
is not captured by the model. This can be expressed as ikipefore word ~ N (1, 02) where
iKipefore wora are all interkey intervals immediately proceeding a word. Of importance is the
estimated value of the central tendency parameter u representing in this case the average

time needed to mentally prepare a word.

We can extend this simple model of word planning to other linguistic locations.

Edges of larger linguistic units are typically understood as being associated with planning on
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higher levels. For example, at sentence boundaries, planning needs to happen for word-level
properties — which we captured before with the parameter 1 — but also for higher level
information such as what meaning it is that should be conveyed, which word to plan and
output first, and potentially even dependencies of the sentence-initial noun (Nottbusch et al.,
2007; Roeser et al., 2019). We can capture factors that we assume to impact interkey
intervals by decomposing p into the general form p = a+ 8 x x. For example, to capture the
additional planning needed at sentence boundaries we can add the predictor Xeentence[o,1] SO
that = a + B X Xgentence[o,1]- This states that when the value of Xsentence takes on 0, the
equation reduces to ;4 = o which is then the average interkey interval for word boundaries
but, when Xgentence takes on the value 1, the average interkey interval for word boundaries «
is incremented by a change in the outcome variable of 5 msecs. The value of the
parameter represents, therefore, the additional planning necessary for sentences. The
application of such a statistical model to the data therefore provides us with an estimate of
the parameter value that can be used for statistical inference (e.g. to determine whether
there is evidence for a statistically meaningful difference for interkey intervals immediately

proceeding words versus sentences).

We implemented such a model — a standard Gaussian mixed-effects model — as
described in equation B1. This model assumes that interkey intervals iki; with¢ € 1... N
where N is the total number of interkey intervals, come from a Gaussian distribution with a

mean /i,

iki; ~ N (s, 02)
where: Wi = /Blocation[i] + Uparticipant]i] (B]_)

2
Uparticipant[i] ™~ N(Ov O-p)

constraint: o2, ag >0

which is a linear function of the i*! transition location (we used three levels: before
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sentence, before word, within word) captured by Biocation, and the random-intercept term
Uparticipant Which is constrained to come from a normal distribution with a mean of 0 and the
standard deviation ag. For the random-intercept term, participant[i] is the participant
associated with the i'" interkey interval. The posterior of Uparticipant 15 therefore the
difference between the posterior interkey-interval estimate of each participant (i.e. a positive
value indicates that a participant is slower than average; a negative value indicates that a
participant is faster than average) and allows to capture the fact that some writers are faster
and other writers are slower. Importantly this model returns posterior probability

distributions with interkey-interval estimates for each [, one for each transition location.

Standard-deviation parameters were constrained to be positive because standard

deviations can, by definition, never be negative.
Single-distribution log-Gaussian model

The previous model assumes a Gaussian probability function as the underlying
data-generating process. The model presented in this section is identical to the previous
model but instead of assuming a Gaussian probability function, we assume that the process

that generates the data follows a log-normal (log-Gaussian) distribution.

There are, at least, two reason for why a log-Gaussian distribution is more
appropriate than a standard Gaussian: (1) the log-Gaussians have a natural lower bound.
This is a desirable property, because the duration between two subsequent keystroke events
is by definition positive. The lower bound of the distribution of interkey intervals is
delimited by a writer’s ability to move their fingers and keyboard polling. (2) the log-scale is
known to be a better match for data from human motor behaviour and response time data
than the normal distribution (Baayen, 2008; Wagenmakers & Brown, 2007). This is because
in a Gaussian distribution the distance between adjacent units is linear. In other words a
difference of 25 msecs is the same between 100 and 125 msecs as between 5 secs and 5,025

msecs. This does not map onto the psychological interpretation for short and long interkey
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intervals. For example effects that result from difficulty on the motor level (e.g. executing
familiar key combinations such as ng compared to gn) are typically smaller than differences
that are due to higher levels of processing (e.g. struggling to retrieve a word in L1 or L2). In
other words, an effect of 25 msecs is relatively large in the context of lower-level motor
events, but small in the context of higher-level cognitive activity such as planning what to
say next. Log-Gaussian distributions are a natural way of translating a linear scale to an
exponential scale so that a 25 msecs difference on the lower end (motor activity) is more
psychologically meaningful than a 25 msecs difference on the upper end of the distribution of

interkey intervals (retrieving words, planning contents).

This log-Gaussian mixed-effects model can be described as in equation B2 in which
the distribution the outcome variable iki was log linked (using the lognormal function in

Stan).

log(iki;) ~ N (i, 0?)
where: p; = Blocation[i] + Uparticipant[i] (B2)
Uparticipant[i] ™ N(0,0 §)
constraint: o2, aﬁ >0

Single-distribution unequal-variance log-Gaussian model

The third model is identical to the model presented in the previous section but
relaxes the equal-variance assumption associated with transition location. In particular, the
previous models assumed that the variances associated with each transition location were
identical. This assumption does however not fit with what we know about data from human
motor behaviour. Longer latencies are known to be associated with a larger variance for
human motor behaviour (Schoner, 2002; Wagenmakers & Brown, 2007; Wing &
Kristofferson, 1973). Interkey intervals at edges of larger linguistic units can therefore be

assumed to be associated with a larger variance. In equation B3, we introduced this
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assumption by allowing the standard deviations ngoc ) to vary by transition location.

ation

log(ikis) ~ N (s, 02 i)

e, location

where: f1; = Biocation[i] T Uparticipant]i]
(B3)
Uparticipant[i] ™~ N(07 012))
constraint: o2, aﬁ >0

Two-distribution log-Gaussian mixture model

The following model is an extension of the previous single-distribution model. In
contrast to the models introduced for the serial view of writing, the parallel view assumes
that planning occurs while previously planned language units are being executed in writing.
Therefore, for the model consistent with the parallel view we removed the constraint that all
planning must be completed before writing onset. In other words, instead of assuming that
larger linguistic edges shift the distribution over average interkey intervals towards longer
interkey intervals — as assumed in the serial models — the parallel view assumes the frequency
of observing a hesitant interkey interval and the size of this hesitation depends on text
location of the key transition. This was achieved by introducing the assumption that
interkey intervals come from a weighted combination (i.e. mixture) of two distributions

associated with two different states:

1. Activation flows into keystrokes without interruption. These fluent interkey intervals

are merely constrained by a writer’s ability to move their fingers.

2. Interruptions in the activation flow from higher to lower levels result in longer
keystroke intervals when information was not available in time, when, for example,
competition occurred during lexical retrieval or when its orthographic representation

was not easily available.

The first line of equation B4 represents the distribution of hesitant interkey intervals;
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the second line represents fluent interkey intervals.

log(lklz) ~ elocation[ﬂ’ participant[i] X N(ﬂ + 510C3t10n[i] + Uparticipant[i] Ue2’, location[i})+
(1 _ glocation[i}, participant[i]) X N(ﬁ + Uparticipant]i] s UeQ, location[i])
where: u articipant[i] ™ N<O? 02)
p p p (B4>

constraint: §,02, 02, ag >0
2 2
O > O,

0<fd<1

The distribution of hesitant transitions is relative to the distribution of fluent key
transitions. This was achieved by adding the § parameter, which was constrained to be
positive, to the distribution of fluent key transitions 5. Note that the § parameter is
represented in both distributions in equation B4. In other words, this parameterisation
captures the fact that hesitations must be understood as relative to (and by definition larger
than) the duration of fluent interkey intervals (Wengelin, 2001). Importantly the addition of
0 to (B in the distribution of hesitant transitions does not mean that cognitive processes are
assumed to additive (as explained in Appendix A) because, fundamentally, planning related

processes run in parallel to output.®

These two distributions are associated with the mixing weight # which must be larger
than 0 and smaller than 1.  is parameterised to represent the weighting of the distribution
in the first line, hence representing the hesitation probability. This probability is inversely
related to the mixing weight of the distribution of short interkey intervals by 1 — 6 as the

weights of both distributions must sum to 1.

8 Also, on a more practical level, this parameterisation of the model helps to address potential divergence

problems related to label switch, a notorious problem for mixture models (see e.g. Stephens, 2000).



TYPING IN TANDEM 64

In line with the literature discussed in the introduction, we allow the hesitation
probability € and the distribution of hesitant transitions to vary by transition location. We
introduced the subscript location[i] to state that hesitation probability and hesitation
duration vary across transition location associated with the i*® interkey interval. As fluent
typing speed and hesitation frequency is subject to individual differences and writing style
(and skills), we also assumed, respectively, that some participants are faster or slower than
others and that some participants are more and others are less likely to hesitate (Van Waes

et al., 2021).

Finally, we carried over the unequal variance assumption and let the standard
deviations 02 and o2 vary by transition location. We constrained the standard deviations so
that 0. which is associated with the distribution of hesitant interkey intervals is larger than

the standard deviation associated with fluent transitions o, for reasons discussed above.
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Appendix C

Fit to data

Model fit was assessed by testing to what extent data simulated from the model match the
observed data. From each model we obtained 50 simulations (predictions). Simulated and
observed data are visualised in Figure C1. Data predicted by the mixture model were
substantially more similar to the observed data compared to any of the single-distribution
models. The worse fit was observed for the single-distribution Gaussian model which

predicted a larger number of negative keystroke intervals.
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Predicted data (50 simulations in each cell) in red compared to interkey interval data shown
in black shown by model and datasets. Better fit i shown on the left and weaker fit is shown

on the right. X-azes were truncated at 2 secs.
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Appendix D

Key-combination effect

Interkey intervals at before sentence location either did (PLanTra, LIFT) scope over both
the shift key and the character following the shift key or included only the first key following
a the space immediately proceeding a sentence (CATO, C2L1, SPL2, GE2). In other words,
the interkey interval before sentences are sum of two interkey intervals in the PLanTra and
LIFT data, namely _~[shift]~C, where ~ represents a transition between keys, consists
only of one interkey interval, namely _~[shift], in the remaining datasets. Therefore,
differences in hesitation patterns across datasets for transitions immediately proceeding a

sentence could be explained without reference to edges of linguistic units.

Therefore we tested to what extent the inclusion of one additional interkey interval at
sentence boundaries affected the hesitation results. We used the SPL2 data for this
comparison and calculated intervals including and excluding the keystroke following a
sentence-initial shift press. Although we modelled all transition locations, we present only
before-sentence transitions as there was, as one would expect, no difference for before and
within-word interkey intervals. The results of this comparison can be found in Table D1

(only for the data from participants writing in their first language).
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Table D1

Mixture model estimates for interkey interval immediately preceding a sentence.
Cellmeans are shown for interkey intervals that do and do not include the interkey
interval following a sentence-initial shift key press. Hesitation duration is shown in
mseecs along with the hesitation probability. The difference due to the additional
keystoke is shown fo the hesitation duration (log scale) and hesitation probability (logit

scale); 95% Pls are shown in brackets.

Model parameter _"[shift]"C _ " [shift) Difference BF

Fluent interkey intervals 156 [145, 169] 159 [147, 172] -0.02 [-0.13, 0.09] 0.06
Hesitation duration 1,324 [1,186, 1,470] 1,440 [1,236, 1,662] -0.06 [-0.21, 0.09] 0.11
Hesitation probability 1.00 [.99, 1.00] .78 [.69, .86] 4.91 [3.68, 6.35] > 100

Note. Pls are probability intervals. BF is the evidence in favour of the alternative

hypothesis over the null hypothesis.

The duration of fluent and hesitant interkey intervals was not affected by whether or
not the sentence-initial transition include the character following the shift key. However, we
found strong evidence for an increased hesitation probability when the before-sentence
interkey interval included the character following the shift key. Notably, the hesitation
probability approached ceiling when the interkey interval following the shift key was added.
In other words, the mixture model identified almost all before-sentence transitions as being
hesitant as they — in the majority of cases — included two keystrokes while interkey intervals

for all other transition locations — and therefore the majority of the data — did not.
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Table E1

Mixture model estimates for language effect. Cellmeans are shown for the hesitation
duration and for the probability of hesitant interkey intervals for texts produced in the
writer’s L1 and L2. Language differences are shown for the hesitation duration (log scale)

and the hesitation probability (logit scale); 95% Pls in brackets.

Transition location L1 L2 Difference BF

Hesitation duration

before sentence 1,440 [1,236, 1,662] 1,961 [1,710, 2,240]  0.31 [0.17, 0.45] > 100
before word 448 405, 495] 719 [656, 788]  0.47 [0.39, 0.55] > 100
within word 279 [210, 384] 362 [310, 422] 0.27 [-0.07, 0.55] 0.68

Hesitation probability

before sentence .78 [.69, .86] .92 [.87,.96] 1.23 [0.52, 1.97] > 100
before word 51 [41, .62] 89 [.83,.93]  2.02 [1.4, 2.66] > 100
within word .04 [.02, .07] 15 10, .22]  1.52 [0.78, 2.29] > 100

Note. Pls are probability intervals. BF is the evidence in favour of the alternative

hypothesis over the null hypothesis.

Appendix E
L2 effect (SPL2)

For the SPL2 data we calculated the L2 effect (i.e. the effect of writing in L2 or L1). The
results can be found in Table E1. The results show longer hesitation duration and more
hesitations across all transition locations when writing in L2. Only within-word transitions

showed negligible evidence for more or longer hesitations.
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Appendix F
Masking effect (CATO, GE2)

Studies associated with the CATO and GE2 datasets investigated to what extent hiding
(masking) previously written text from the reader affects keystroke behaviour. Mixture
model results for the masking effect are shown in Table F1. There is some evidence that
when the text was masked dylexic writers hesitated longer before starting to type sentences.

Evidence for all other comparisons was negligible.



Table F1
Mizture-model estimates for masking effect. Cellmeans are shown for the masked and unmasked writing
task for hesitation duration (in msecs) and hesitation probability. The masking effect is shown on the log

scale for durations and on the logit scale for probabilities; 95% Pls in brackets.

INHANV.L NI DONIdAL

Transition location Dataset Group Unmasked Masked Difference BF

Hesitation duration
before sentence CATO  dyslexic 2,423 [1,731, 3,302] 1,871 [1,428, 2,398] -0.25 [-0.64, 0.13] 0.44
before sentence CATO  non dyslexic 1,924 [1,429, 2,518] 1,693 [1,323, 2,134] -0.12 [-0.47, 0.22]  0.23
before sentence GE2 non dyslexic 1,282 [1,108, 1,469] 1,575 [1,369, 1,796] 0.21 [0.05, 0.36] 2.59
before word CATO  dyslexic 635 [590, 683)] 598 [553, 644] -0.06 [-0.13, 0.01] 0.14
before word CATO  non dyslexic 536 [497, 579] 518 [480, 558] -0.04 [-0.11, 0.04] 0.06
before word GE2  non dyslexic 520 [476, 567] 536 [492, 584]  0.03 [-0.05, 0.11] 0.05
within word CATO  dyslexic 469 [356, 593] 368 [305, 445] -0.24 [-0.52, 0.06] 0.57
within word CATO  non dyslexic 600 [434, 787] 583 [420, 784] -0.03 [-0.42, 0.38] 0.2
within word GE2  non dyslexic 339 261, 438] 367 [290, 466]  0.08 [-0.24, 0.4] 0.19

Hesitation probability
before sentence CATO  dyslexic .60 [.38, .79] .80 [.60, .93] 0.2 [-0.06, 0.46] 0.45
before sentence CATO  non dyslexic .55 [.34, .76] .68 [.47, .84] 0.13 [-0.16, 0.4] 0.21
before sentence GE2 non dyslexic .88 [.82, .93] .90 [.85, .94]  0.16 [-0.46, 0.79] 0.36
before word CATO  dyslexic .75 [.64, .85] 72 .59, .82]  -0.04 [-0.19, 0.12]  0.09
before word CATO  non dyslexic .64 [.51, .75] .62 [.49, .74] -0.02 [-0.19, 0.16] 0.09
before word GE2 non dyslexic AT [.40, .54] .45 [.38, .52]  -0.06 [-0.46, 0.35] 0.21

1L



Table F1 continued

Transition location Dataset Group Unmasked Masked Difference BF
within word CATO  dyslexic .07 [.03, .12] .11 [.06, .19]  0.05 [-0.02, 0.13] 0.08
within word CATO  non dyslexic .03 [.02, .06] .03 [.02, .06] 0 [-0.03, 0.03] 0.01
within word GE2 non dyslexic .05 [.03, .08] .04 [.03, .06] -0.29 [-0.88, 0.28] 0.48

Note. Pls are probability intervals. BF is the evidence in favour of the alternative hypothesis over the

null hypothesis.

INHANV.L NI DONIdAL

(@)



TYPING IN TANDEM

interval duration

Fluent interkey

Appendix G

Posterior parameter estimates

(in msecs) Hesitation duration (in msecs) Hesitation probability
1.0
310 .84 + o
Q
300 A ® 1,000 A .54 E
9004 + Py
290 8004 °
.0
2 00 3000 | 1.01
o |
fiyg o1 1l
R 195- | ' | i >|<' ki o
L0 4 _ | >
o 190+ ] 1,000 | .5 | g
S 151 xa® >|<' i 27
S N o K
0 300+ .0
O
o
©
e O  Task: masked; Group: dyslexic Task: masked; Group: non dyslexic
7
o Task: unmasked; Group: dyslexic X  Task: unmasked; Group: non dyslexic
S
o
E 1 O o
*g 165 L ¢ ' Lo
| T 84
o 160 1,000 o
51 X ¢
155 4 500 4 po
| + .2
150 | |
T 300 T T | T O L T T : IO
overall before before within before before within
sentence  word word sentence  word word
O masked unmasked
Transition location
Figure G1

Distribution of posterior parameter estimates with 95% probability intervals (PI). Fluent
interkey intervals and hesitation durations are shown in msecs; probability of hesitations is

the proportion of hesitant interkey intervals.
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Figure G1 (continued)
Distribution of posterior parameter estimates with 95% probability intervals (PI). Fluent
interkey intervals and hesitation durations are shown in msecs; probability of hesitations is

the proportion of hesitant interkey intervals.
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Appendix H

Pre-post test (PLanTra)

The pre-post test effect for the PLanTra dataset is reported in Table H1. Evidence for all

comparisons was negligible.

Table H1

Mizture model estimates for post-test effect. Cellmeans are shown for pre and
post-test for the duration of hesitant interkey intervals in msecs and its
probability. Differences are shown on the log scale for hesitation duration and

on the logit scale for the hesitation probability; 95% Pls in brackets.

Transition location Pre-test Post-test Difference BF

Hesitation duration

before sentence 1,034 [875, 1,210] 1,064 [893, 1,257] -0.03 [-0.23,0.17] 0.1
before word 593 [544, 645] 589 [540, 643]  0.01 [-0.08, 0.1]  0.05
within word 399 [333, 480] 424 [353, 509]  -0.06 [-0.3, 0.18] 0.14

Hesitation probability

before sentence .58 [.50, .66] .54 .47, .62]  0.15 [-0.26, 0.58]  0.27
before word 56 [.50, .61] 49 43, 55]  0.27 [0.04, 0.59]  0.68
within word 11 [.08, .14] 09 .07, .12]  0.13 [0.27, 0.54] 0.26

Note. Pls are probability intervals. BF is the evidence in favour of the

alternative hypothesis over the null hypothesis.
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Appendix I

Genre effect (LIFT)

From the LIFT data, we assessed differences between genres, i.e. writing an informative as

opposed to argumentative text. Results are shown in Table I1. Cellmeans and differences

were average across writing topic. Evidence for all comparisons was negligible.

Table I1

Mizture-model estimates for genre effect. Cellmeans for hesitation

duration (in msecs) and the probability of hesitant transitions are shown

for argumentative and informative texts. The genre effect is shown on the

log scale for hesitationn durations and on the logit scale for the probability

of hesitant transitions; 95% Pls in brackets.

Transition location Argumentative  Informative Difference BF
Hesitation duration
before sentence 524 [451, 606] 562 [481, 656] -0.07 [-0.33, 0.19] 0.16
before word 438 [400, 479] 435 [398, 476]  0.01 [-0.15, 0.16]  0.09
within word 351 [269, 458] 397 [306, 513]  -0.12 [-0.6, 0.36]  0.29
Hesitation probability
before sentence .35 [.28, .43] .34 [.27, .42)  0.05 [-0.57, 0.73]  0.36
before word .46 [.39, .54] .48 [.41, .55]  -0.05 [-0.51, 0.44] 0.25
within word .07 [.05, .10] .07 [.05, .10] -0.02 [-0.81, 0.76]  0.46

Note. Pls are probability intervals. BF is the evidence in favour of the

alternative hypothesis over the null hypothesis.
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Appendix J

Transition location effect

Table J1

Transition-location effect. Differences are shown for the hesitation duration (log

scale) and the hesitation probability (logit scale); 95% PlIs in brackets.

Hesitation duration

Hesitation probability

Comparison Est. [95% PIs] BF Est. [95% PIs] BF
C2L1

before sentence vs word 0.24 [0.02, 0.48] 1.2 0.44 [-0.56, 1.66] 0.7

before vs within word -0.03 [-0.14, 0.09] 0.1  3.95[3.54, 4.38] > 100
CATO (non-dyslexic, unmasked)

before sentence vs word 1.27 [0.98, 1.55] > 100 -0.36 [-1.41, 0.69] 0.7

before vs within word -0.1 [-0.38, 0.21] 0.2 4.05 [3.2,4.91] > 100
GE2 (unmasked)

before sentence vs word 0.9 [0.76, 1.04] > 100 2.15 [1.6, 2.75] > 100

before vs within word 0.44[0.17,0.60] 267  2.76 [2.24, 3.28] > 100
LIFT

before sentence vs word 0.21 [-0.05, 0.48] 0.5 -0.53 [-1.04, 0.08] 1.6

before vs within word 0.17 [-0.32, 0.53] 0.4  2.48[1.81,3.22] > 100
PLanTra

before sentence vs word 0.57 [0.4, 0.74] > 100 0.16 [-0.25, 0.57] 0.3

before vs within word 0.36 [0.16, 0.56] 52.4 2.3 [1.9,2.7 > 100
SPL2 (L1)

before sentence vs word 1.17 [1.02, 1.3] > 100  1.23[0.59, 1.88] > 100

before vs within word 0.48 [0.16, 0.76] 9 3.3 [2.56, 4.08] > 100

Note. PI = probability intervals. BF = evidence in favour of the alternative

hypothesis over the null hypothesis.
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Appendix K

Simulation

A possible concern with our results — the substantially better predictive performance for
two-distribution mixture models — is that, in principle, as the mixture model has more
parameters it might always outperform single-distribution models. We addressed this
concern before by using cross-validation techniques for model comparison which prevent
overfit by penalising models with more parameters. To further address this concern we
evaluated models — similar to the ones used in the main text — for two sets of simulated data.
Data were simulated using two random number generators, one that samples data from a
single distribution and another that samples data from a weighted combination of two
distributions. These simulated datasets allow us to test the predictive performance of our

models in a context where we know the true underlying data generating process.

The first dataset was simulated from a weighted mixture of two log-normal
distributions similar to the process described above (equation B4). This process and the
corresponding Bayesian model that we used to parameter estimation is summarised in

equation K1.

y~ 0 xlogN (B +4d,07)+
(1-0) x log N'(8,03)
(K1)

constraint: 6,03, 07 > 0

2 2
o] > 0

The equivalent Bayesian model is largely identical to the model used in the main text
but does not assume different parameters for transition locations and does not include
random effects for participants. This is because we neither simulated data for different

transition locations (or other factors) or repeated measures for participants. The model
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assumes two data generating processes with each assuming a log-normal distribution with a
mixing proportion #. The distribution of smaller values has a mean 3 and a standard
deviation ¢3; the second distribution of larger values is constrained to have a mean that is §
units larger than 3 and has a standard deviation o? larger than the distribution with the

central tendency f.

In R we can simulate data for equation K1 using the helper function below.

# Function for a mizture of two log-Gaussians

molg <- function(n, theta, mul, mu2, sigmal, sigma2) {

y0 <- rlnorm(n, mean = mul, sd sigmal)

y1l <- rlnorm(n, mean = mu2, sd = sigma2)
mix <- rbinom(n, size = 1, prob = theta)

y <= yO * (1 - mix) + yl * mix

N <- 1000 # number of participants

beta <- 5 # mean of fluent interkey intervals (in log)

delta <- 1 # increment for hesitant interkey intervals (in log)
theta <- .35 # proportion of hesitations

sigma <- c(.25, .B) # error wariance

# Simulate data from a mizture of two log-Gaussians
y <- molg(n = N,

theta = theta,

mul beta,

mu?2 beta + delta,

sigmal = sigmal[1],
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sigma2 = sigmal[2])

A second dataset was simulated coming from a single log-normal distribution
following equation K2. An equivalent Bayesian model was implemented for parameter

estimation.

y ~ logN(8,0%)
(K2)
constraint: o2 > 0

Data following the distribution in equation K2 can be simulated using the following R

code:

N <- 1000 # number of participants
beta <- 5 # population mean

sigma <- .25 # error wariance

# Stmulate data from a single log—normal distribution

y <- rlnorm(n = N, mean = beta, sd = sigma)

Again, the Bayesian model corresponding to this process is a simplified version of the
single-distribution model used in the main text. The model assumes a log-Gaussian

distribution with a mean 3 and a standard deviation o2.

Both simulated datasets are visualised in Figure K1. The parameter values used for
each of the two data simulations can be seen in Table K1. Parameter values were chosen so

that the simulated data are distributed roughly similar to interkey interval data.

For each of these two datasets we simulated 1,000 observations. We fitted 2 models —
the two-distribution mixture model and the single-distribution model described above — for

each dataset. Models were run with 3 chains, with each 6,000 iterations of which 3,000
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Figure K1
Data simulated with a two-distribution (yellow) and a single-distribution (grey) random

data-generating process. The x-axis showing the outcome y was log-scaled for visibility.

iterations were discarded as warmup samples. Estimates with 95% probability intervals are
shown in Table K1. True and estimated parameter values are shown for each data generating
process and Bayesian model. Both models successfully uncovered the model parameters for
the datasets simulated with the corresponding underlying process, but less so when the

model was applied to the data generated with the other incorrect underlying process.

We used leave-one-out cross-validation to compare the predictive performance of the
two models for each data-generating process. Model comparisons can be found in Table K2.
For the data generated with a two-distribution mixture process, the mixture model shows a
substantially higher predictive performance. In fact, the mixture model’s predictive
performance is 11.6 standard errors higher compared to the single-distribution model.
However, the mixture model showed a slightly lower predictive performance (i.e. a difference

of 0.77 standard errors) for the single-process data. Thus, the single distribution model is



TYPING IN TANDEM 82

Table K1
Uncovered parameter estimates with 95% probability intervals (PI) and true

parameter values for each simulated dataset by model.

Estimates with 95% PIs

Parameter with true value Two-distribution data Single-distribution data

Two-distribution model

B=5 5.02 [4.99, 5.04] 4.93 [4.76, 5.01]
§=1 1.04 [0.92, 1.14] 0.13 [0.01, 0.3]
0= .35 .33 [.28, .39 54 .11, .92]
o2 =0.25 0.25 [0.23, 0.27] 0.22 [0.16, 0.25]
o2 =0.5 0.49 [0.42, 0.57] 0.25 [0.22, 0.3]
Single-distribution model
=5 5.35 [5.32, 5.39] 5 [4.99, 5.02]
o=0.25 0.6 [0.57, 0.63] 0.25 [0.24, 0.26]

the more parsimonious choice for the single-distribution data. These results rule out the

possibility that mixture models always lead to higher predictive performance.
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Table K2
Model comparisons by dataset. The top row shows the models with the
highest predictive performance for each data generating process.

Standard error is shown in parentheses.

Model Aclpd elpd

Data: Two-distribution mixture process
Two-distribution mixture model - -6,068 (41)
Single-distribution model -191.3 (16.5) -6,259 (38)
Data: Single-distribution process
Single-distribution model — -5,030 (24)
Two-distribution mixture model -0.5 (0.7) -5,030 (24)

Note. ejﬁd = predictive performance indicated as expected log
pointwise predictive density; Aefp\d = difference in predictive
performance relative to the model with the highest predictive

performance in the top row.
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Appendix L

Unconstrained two-distributions log-Gaussian mixture model

Model description

We presented in the main paper a two-distribution mixture model were the
distribution of fluent inter-key intervals was constrained to be identical across transition
locations. In other words, the value that the parameter § is not assumed to systematically
differ for before-sentence, before-word, and within-word transitions. For rationale see main
text. A reviewer of this paper highlighted that this is a strong assumption and that the size
of a fluent key-transition is not necessarily independent of transition location. We therefore
implemented an unconstrained model that allows the duration associated with fluent
transitions to vary across transition locations. In this model we assume that § varies by

transition-location as illustrated in equation L1.

10g(1k11) ~ elocation[i], participant|i] N(ﬁlocation[i} + 5location[i] + Uparticipant[i] Ug/ )+

location[i]

)

2
(1 - elocation[i}, participant[i]) : N(ﬁlocation[i} + Uparticipant]i] Uelocation[i]
. 2
where: Uparticipant] ~ N (0, o)
constraint: 6,02, 02, O'g >0

2 2
Ter > (o8

0<f8<1

We used the same methods for model fit as described in the main text.
Model comparisons

The differences in the predictive performance of the unconstrained two-distribution
mixture model compared to the unequal variance single-distribution model (M3) for all
datasets are shown in Table L1. For all six dataset the unconstrained two-distributions

mixture model provided greater predictive performance. Differences in predictive
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performance (Aelpd) between the two models range between [26, 43] standard errors across
data sets, indicating a substantially higher predictive performance for the two-distribution

model.
Posterior parameter estimates

We present the mixture-model posterior estimates for each of the three parameter
values in the three facets of Figure L1. Similar to the mixture model in the main text, we
aggregated the posterior across conditions? and removed conditions that might conflate
comparisons'’. The resulting posterior allows us to examine differences between transition

locations for each data set associated with each of the three mixture-model parameters.
Transition location effects

In the following we evaluate differences between transition locations for all three
mixture model parameters. Figure L1 shows largely the same patterns (with caveats) for
keystroke interval estimates by transition location across data sets for all three mixture
model parameters. We found that hesitations appear more frequently at before-word
transitions than within words across data sets (all BFs > 100). Also hesitations are longer at
before-sentence transitions compared to before-word transitions (all BFs > 100; except for
C2L1: BF = 0.35 and LIFT = 2.14) and before-word transitions compared to within-word
transitions (all BF > 10; except for LIFT: BF = 0.71). Further, we observed that fluent
key-transitions are slower at before-word and before-sentence locations compared to
within-word locations (all BFs > 100) but there is generally no evidence for a difference for
fluent transitions for before-sentence transitions compared to before-word transitions (BFs <
0.08; except for SPL2: BF > 100 and GE2: BF > 100). The full results of these pairwise

comparisons can be found in Table L2.

9 We aggregated across pre-post test for the PLanTra dataset as well as genre and topic of the LIFT data set.

10 We removed the masked writing condition in the GE2 and CATO, the dyslexic group in the CATO data

set, and L2 writing in the SPL2 data set.
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Table L1

Model comparisons of unconstrained
mizture of two log-Gaussians vs M3
(unequal variance single-distribution
model). A negative difference in
AeTp\d indicates higher predictive
performance for the
two-distributions mizture model

model; standard error shown in

parentheses.
Dataset Aelpd | Az:leﬁ \
C2L1 -2,184 (83) 26
CATO -2,389 (79) 30
GE2 -2,981 (94) 32
LIFT -5,605 (131) 43
PLanTra -2,514 (92) 27
SPL2 -1,744 (68) 26

Note. Aejp\d = difference in
predictive performance — estimated
as expected log pointwise predictive

density
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Figure L1

Mixture model parameter estimates across studies. Distributions of parameter estimates are
represented as posterior mean and 95% probability interval (PI). Estimates for the CATO
dataset were calculated for the non-dyslexic group, unmasked condition; also the GE2 estimtes
represent the unmasked condition; SPL2 estimates are for the L1 group. Azes for interkey

intervals are log-scaled for visability.

Hesitation duration tends to be longer at before-sentence locations compared to
before-word locations (except for data sets C2L1 and LIFT) and longer for before-word
locations compared to within-word locations (except for the LIFT data set). However, for
most data set there is negligible evidence for the idea that writers pause more frequently at
before-sentence locations compared to before-word locations (except for data sets SPL2 and
GE2). In brief, while keystroke transitions and pauses tend to be longer and more frequent
at before-word locations compared to within-word transitions, it is not clear in which
contexts keystroke transitions are before-sentence locations are slower, and their hesitations

are longer and more frequent. This is consistent with the results reported in the main text.
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There are some inconsistencies for fluent before-sentence transitions compared to
before-word transitions. Some data sets show slower fluent transition before sentences
compared to words. These inconsistencies could, to some extent, be explained on the basis
that data sets differ as to whether before-sentence transitions involve complex key
combination involve the mean or sum of transitions between space, shift and / or the
sentence-initial letters. In particular, some data include the character key following the shift
key at before sentence location (PLanTra, LIFT) but others did not scope over the character
following the shift key (CATO, C2L1, SPL2, GE2). This is, however, unlikely because for
data sets PLanTra and LIFT, there was no evidence for a consistent differences between
before-sentence and before-word transitions (except for longer hesitations in the PLanTra

dataset).



Table L2

Effect of transition location on keystroke intervals. Differences are shown on log scale (for transition durations) and logit

scale for probability of hesitant transitions. 95% Pls in brackets.

Fluent transitions

Hesitation slowdown

Hesitation probability

Comparison Est. [95% PIs] BF  Est. [95% PIs] BF  Est. [95% PIs] BF
C2L1

before sentence vs word 0.01 [-0.13, 0.15] 0.1 0.21 [-0.13, 0.54] 0.4 0.54 [-0.31, 1.43] 0.9

before vs within word 0.4[0.38,0.42] >100 0.49[0.39,0.58] > 100  1.1[0.76, 1.44] > 100
CATO (non-dyslexic, unmasked)

before sentence vs word -0.03 [-0.18, 0.11] 0.1 1.19[0.88, 1.49] > 100 0.41 [-0.44, 1.27] 0.7

before vs within word 0.35 [0.31, 0.38] > 100 0.35 [0.14, 0.54] 17.5  1.83[1.19, 2.49] > 100
GE2 (unmasked)

before sentence vs word 0.22 [0.12,0.32] > 100 0.93 [0.78, 1.07] > 100 1.32[0.86, 1.78] > 100

before vs within word 0.23 [0.21, 0.25] > 100 0.38 [0.21, 0.54] > 100 1.97 [1.59, 2.37] > 100
LIFT

before sentence vs word -0.04 [-0.13, 0.05] 0.1 0.35[0.05, 0.72] 2.1 -0.49 [-1.03, 0] 1.6

before vs within word 0.21[0.13,0.27] > 100 0.26 [0.16,0.55] 0.7 156 [1.02, 2.16] > 100
PLanTra

before sentence vs word 0.01 [-0.09, 0.11] 0.1 0.65[0.46, 0.83] > 100 0.13 [-0.25, 0.53] 0.2

INHANV.L NI DONIdAL
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Table L2 continued

Fluent transitions Hesitation slowdown Hesitation probability
Comparison Est. [95% PlIs] BF  Est. [95% PIs] BF  Est. [95% PIs] BF
before vs within word 0.16 [0.1, 0.21] > 100  0.37 0.2, 0.54] > 100 1.83 [1.48,2.17] > 100
SPL2 (L1)
before sentence vs word 0.24 [0.17, 0.31] > 100 1.39 [1.25,1.52] > 100 0.69 [0.17, 1.19] 7.9
before vs within word 0.31[0.28, 0.34] > 100 0.35[0.14,0.54] 163  1.94[1.4,25] > 100

INHANV.L NI DONIdAL

Note. PI = probability intervals. BF = evidence in favour of the alternative hypothesis over the null hypothesis.
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