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Abstract

This paper is a case study inhowquantitative-statistical and formal-theoretical approaches to language
variation can be combined. The paper provides a quantitative analysis of word order variation in verb
clusters in 267 dialects of Dutch and maps the results of that analysis against linguistic parameters
extracted from the theoretical literature on verb clusters. Based on this novel methodology, the paper
argues that verb cluster ordering in Dutch dialects can be reduced to three grammatical parameters
(largely similar to the ones described in Barbiers et al. (2016a)), and it identifies the dialects groups
that correspond to various settings of those parameters.

1 Introduction

Typological studies into linguistic phenomena typically reveal a bewildering amount of variation and flex-
ibility on the one hand combined with (near-)universal rigidity on the other. For instance, when we con-
sider the possible orderings of demonstratives, numerals, adjectives, and nouns inside the noun phrase,
the languages of theworld use no less than 14different orders as their neutralwordorder, but at the same
time this means that of the 24 (four factorial) theoretically possible orders, 10 are universally unattested
(Greenberg 1963, Cinque 2005, Abels 2016). The job of the comparative linguist, then, is to separate
that which is fixed and necessary—the principles, in generative parlance—from that which is variable and
contingent—the parameters. Those parameters can be seen as the smallest units of linguistic variation.
Kayne (2000) has argued that a detailed comparison of large numbers of closely related languages or
language varieties presents a new research tool towards uncovering linguistic parameters, the idea be-
ing that sucha comparison is the closest real-world alternative toa controlled laboratoryexperiment: one
tries to keep all orthogonal variation constant so as to be able to examine the effect of minute changes to
the phenomenon under investigation. In this paper I follow Kayne’s lead by examining in detail a specific
linguistic phenomenon (word order in clause-final verb clusters) in 267 varieties of Dutch. I argue that we
can distill grammatical parameters from this large dataset by looking for statistical patterns in the data
and mapping those against the insights gleaned from the theoretical literature on verb clusters. The re-
sulting picture is one in which quantitative-statistical and formal-theoretical approaches to linguistics go
hand in hand, mutually benefiting from one another (see Merlo (2015) for an approach that is similar in
spirit).

The paper is organized as follows. The next section introduces the data that will form the basis for
the analysis. As will become clear, even if we restrict ourselves to a relatively confined empirical domain
such as verb cluster ordering, the amount of attested variation is staggering and a statistical approach

I would like to thank Klaus Abels, Sjef Barbiers, Hans Bennis, Jonathan Bobaljik, Lotte Dros-Hendriks, Frans Hinskens, François
Husson,Dany Jaspers,GözKaufmann,RichardKayne,AdNeeleman, JohnNerbonne,Marc vanOostendorp, CoraPots, IanRoberts,
Koen Roelandt, Martin Salzmann, Dirk Speelman, Benedikt Szmrecsanyi, Tanja Temmerman, Guido Vanden Wyngaerd, Eline Zen-
ner, the members of the Maps and Grammar-project, and audiences at Mapping Methods (Tartu, May 2014), What happened to
Principles & Parameters? (Arezzo, July 2014), Methods in Dialectology XV (Groningen, August 2014), Maps and grammar (Amster-
dam, September 2014), Dialect syntax: the state of the art (Frankfurt am Main, December 2014), INALCO (Paris, February 2015),
GLOW 38 (Paris, April 2015), CGSW 30 (Chicago, May 2015), Dealing with bad data in linguistic theory (Amsterdam, March 2016),
and CRISSP 10 (Brussels, December 2016) for discussion, comments, and references.

1

mailto:jeroen.vancraenenbroeck@kuleuven.be


quickly becomes appealing. Section 3 introduces anddetails thismethodology. It combines quantitative-
statisticalmethods (CorrespondenceAnalysis inparticular, cf. Greenacre (2007))withqualitative-theoretical
analyses. Section 4 presents the results of this analysis. I show that the variation in dialect Dutch verb
cluster order can be reduced to two main dimensions and indicate for each of those dimensions how well
they align with the theoretical literature on verb clusters. Section 5 then interprets these results from a
formal-theoretical point of view. I propose a parametric account of verb cluster ordering (based heavily
on the analysis of Barbiers et al. (2016a)) and project the results of that account back onto a geographical
map, thus identifying the different dialect groups that fall out from the parametric account. Section 6
concludes the paper.

2 The data: variation in Dutch verb clusters

As is well-known, verbs tend to cluster at the right-hand side of the clause in Dutch and other (mainly)
West-Germanic languages (see Wurmbrand (2016) for extensive discussion and references). Consider in
this respect a simple example of a two-verb cluster in (1).

(1) a. dat
that

hij
he

heeft
has

gelachen.
laughed

‘that he has laughed.’
b. dat

that
hij
he

gelachen
laughed

heeft.
has

‘that he has laughed.’

The perfective auxiliary heeft ‘has’ can either precede or follow the past participle it selects, in this case
gelachen ‘laughed’. The two examples mean exactly the same thing and for most—if not all—speakers
of Standard Dutch the choice between them is more or less optional.1 Let us pretend, however, for the
sake of the argument, that the data in (1) stem from two different dialects, with dialect A only allowing
the order auxiliary–participle and dialect B only the opposite one. One could then postulate a parame-
ter that captures this difference and argue that dialect A and dialect B have a different setting for this
parameter. For instance, starting out from a head-initial base structure, one could argue that in dialect
B the participle has moved across the auxiliary, while in dialect A it has stayed put. This would yield the
following parameter setting:

(2) a. dialect A: [–MoveParticipleAcrossAux]
b. dialect B: [+MoveParticipleAcrossAux]

Needless to say, actual linguistic data are nowhere near as clear-cut or black-and-white as this hypothet-
ical example. In order to appreciate this, it suffices to include three-verb clusters into the discussion. An
example is given in (3).

(3) Ik
I

vind
find

dat
that

iedereen
everyone

moet
must

kunnen
can

zwemmen.
swim

‘I think everyone should be able to swim.’

The main verb zwemmen ‘swim’ is selected by the modal kunnen ‘can’, which is in turn selected by moet
‘must’. All three verbs cluster at the end of the clause, with the linear order reflecting the selectional hier-
archy: themost deeply embeddedverb is also rightmost in the cluster. As is customary in the literatureon
verb clusters, I use number combinations to refer to the various cluster orders. The cluster in (3) for exam-
ple displays a 123-order, whereby ‘3’ refers to the most deeply embedded verb of this three-verb cluster
(i.e. zwemmen ‘swim’), ‘2’ refers to kunnen ‘can’, and ‘1’ tomoet ‘must’.2 In three-verb clusters, there are
six (three factorial) theoretically possibleorders. However, a large-scaledialect investigation in267Dutch

1See De Sutter (2009) and Bloem et al. (2016) for a detailed analysis of the different factors that influence the word order of
two-verb clusters.

2Similarly, the clusters in (1a) and (1b) display the orders 12 and 21 respectively.
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dialects in Belgium, France, and the Netherlands (the SAND project, see Barbiers et al. (2005) and Barbi-
ers et al. (2008)) has revealed that for the cluster type illustrated in (3)—i.e. modal-modal-infinitive—only
four out of those six orders are actually attested:

(4) a. Ik vind dat iedereen moet kunnen zwemmen. (✓123)
b. Ik vind dat iedereen moet zwemmen kunnen. (✓132)
c. Ik vind dat iedereen zwemmen moet kunnen. (✓312)
d. Ik vind dat iedereen zwemmen kunnen moet. (✓321)
e. *Ik vind dat iedereen kunnen zwemmen moet. (*231)
f. *Ik vind dat iedereen kunnen moet zwemmen. (*213)

Moreover, it is not the case that in every one of those 267 dialects the orders in (4a)–(4d) arewell-formed.
Quite the contrary, there is a substantial amount of variationwhen it comes towhich dialect allowswhich
subset of these four cluster orders. For example, while in the dialect of Midsland (illustrated in (5)) only
132 and 321 are well-formed, Langelo Dutch (shown in (6)) only allows for 123 and 312.

(5) Midsland Dutch
a. *dat

that
elkeen
everyone

mot
must

kanne
can

zwemme.
swim

‘that everyone should be able to swim.’ (*123)
b. dat elkeen mot zwemme kanne. (✓132)
c. *dat elkeen zwemme mot kanne. (*312)
d. dat elkeen zwemme kanne mot. (✓321)
e. *dat elkeen kanne zwemme mot. (*231)
f. *dat elkeen kanne mot zwemme. (*213)

(6) Langelo Dutch
a. dat

that
iedereen
everyone

mot
must

kunnen
can

zwemmen.
swim

‘that everyone should be able to swim.’ (✓123)
b. *dat iedereen mot zwemmen kunnen. (*132)
c. dat iedereen zwemmen mot kunnen. (✓312)
d. *dat iedereen zwemmen kunnen mot. (*321)
e. *dat iedereen kunnen zwemmen mot. (*231)
f. *dat iedereen kunnen mot zwemmen. (*213)

More generally, there are 16 (two to the fourth power) possible subsets or combinations of word orders
that a dialect can select from (4a)–(4d).3 Out of those 16 options, 12 are attested in the SAND data. They
are listed in Table 1, each accompanied by a sample dialect in which this particular combination occurs.

It should be clear that a data pattern such as this one is not straightforwardly amenable to the type
of (overly) simple parameter account outlined above. Looking at the combinations in Table 1, it is not
obvious which parameters are responsible for this variation or even how to go about trying to identify
those parameters. Things get even worse when we expand our empirical viewpoint further and consider
all cluster orders that were part of the SAND questionnaire. There was a total of eight questions in the
questionnaire that dealt exclusively with verb cluster order.4 They are briefly described in (7).

(7) a. three questions about two-verb clusters of the type auxiliary-participle
b. one question about two-verb clusters of the type modal-infinitive
c. one question about three-verb clusters of the type modal-modal-infinitive
d. one question about three-verb clusters of the type modal-auxiliary-participle
e. one question about three-verb clusters of the type auxiliary-motion verb-infinitive

3There are only 15 if we exclude the option whereby none of the orders is allowed in the dialect in question. That would be a
dialect in which three-verb clusters of the type modal-modal-infinitive simply do not occur. As far as I know, no such dialect exists
in Dutch.

4There was a number of related questions having to do with cluster interruption and the IPP-effect, which I do not take into
consideration here.
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sample dialect 123 132 321 312
Beetgum ✓ ✓ ✓ ✓
Hippolytushoef ✓ ✓ ✓ *
Schermerhorn ✓ ✓ * ✓
Warffum ✓ ✓ * *
Visvliet ✓ * ✓ ✓
Kollum ✓ * ✓ *
Langelo ✓ * * ✓
Oosterend ✓ * * *
Midsland * ✓ ✓ *
Waskemeer * ✓ * *
Bakkeveen * * ✓ ✓
Lies * * ✓ *

Table 1: Word order combinations in modal-modal-infinitive clusters in the SAND dialects

f. one question about three-verb clusters of the type auxiliary-modal-infinitive

The cluster types in (7a) and (7c) were already illustrated above (see examples (1) and (3) respectively).
For the four remaining ones I provide representative examples below.

(8) a. dat
that

jij
you

het
it

niet
not

mag
may

zien.
see

‘that you are not allowed to see it.’ (modal-infinitive)
b. dat

that
hij
he

haar
her

moet
must

hebben
have

gezien.
seen

‘that he must have seen her.’ (modal-auxiliary-participle)
c. dat

that
hij
he

is
is
gaan
go

zwemmen.
swim

‘that he went for a swim.’ (auxiliary-motion verb-infinitive)
d. dat

that
hij
he

mij
me

had
had

kunnen
can

roepen.
call

‘that he could have called me.’ (auxiliary-modal-infinitive)

Together, the eight questions listed in (7) yielded a total of 31 clusters orders. If we now list, for each of
the 267 SAND dialects, which dialect has which combination of those 31 cluster orders, we arrive at 137
different verb cluster order patterns. Put differently, when considering the verb cluster order data from
the SAND questionnaire, we can discern 137 different dialect types.5

Whatdoes thismean for parameter theory? In itsmost extreme form, the theoryof parameterswould
posit that any and every observable morphosyntactic difference between two languages should be re-
ducible to a different setting for at least one parameter. Applied to the case at hand, this would mean
that each of the 137 different dialect types differs from all the others in at least one parameter setting.
Alternatively, it could be that some of the variation found in the SAND database is extra-grammatical, in
the sense that it reflects the effects of, for example, dialect mixing, influence from the (normative) stan-
dard language, or even speech errors. What theoretical linguists try to do, then, is to determine which
parts of the variation are due to the grammatical system and hence should follow from the theory, and
which parts are not. Barbiers (2005) takes this approach in his analysis of verb clusters. With respect to
the modal-modal-infinitive clusters introduced in (4), he proposes that the grammar rules out the 231-
and the 213-order, but that the four remaining orders are grammatical in all varieties of Dutch. Any inter-
dialectal differences in the acceptability of these orders—such as the contrast between Midsland Dutch
and Langelo Dutch in (5) and (6)—is then due to “sociolinguistic factors” such as “geographical and social

5The data table contains a number of gaps (see section 3.2 below for detailed discussion). Those NAs were not taken into
consideration when counting the number of cluster order patterns, which means that 137 is a conservative estimate.
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norms as well as considerations of register and context” (Barbiers 2005:234–235).
In this paper I follow the same general principle as Barbiers—i.e. I assume that only part of the vari-

ation found in the SAND data should be derived from the grammatical system—but with a different
methodology and a different conclusion. I show how a statistical analysis of the SAND verb cluster data
can be mapped against the findings from the formal-theoretical literature on this phenomenon and con-
clude that a substantial portion of the variation can be accounted for through the interaction between
three grammatical parameters. The next section describes this methodology more in detail.

3 Methodology

3.1 Introduction

This section is organized as follows. In the next subsection I describe how the raw data from the SAND
questionnaires were preprocessed so as to make them amenable to a statistical analysis. Subsection 3.3
outlines the difference between active (locational) and supplementary (linguistic) variables and makes
clear how the latter were extracted from the theoretical literature and how they were operationalized.
Subsection 3.4 describes the Correspondence Analysis I performed on the data set. All calculations were
carried out using the FactoMineR-package (Husson et al. 2014) in R (R Core Team 2014). The results of
the analysis are presented in section 4.

3.2 Preparation of the data

All data discussed and analyzed in this paper come from the SAND project. As pointed out above, this
four-year dialect atlas project (2000–2004) investigated the variety of Dutch spoken in 267 dialect lo-
cations in Belgium, France, and the Netherlands. It has yielded two atlases (Barbiers et al. (2005) and
Barbiers et al. (2008)). The SAND data stem from three sources: a written questionnaire, a series of oral
dialect interviews, and an additional set of telephone interviews (see Cornips and Jongenburger (2001)
for a detailed description of the SAND methodology). The analysis carried out in this paper uses the raw
data from the oral dialect interviews, which also form the basis for the maps in Barbiers et al. (2005) and
Barbiers et al. (2008).6 Before introducing the data in more detail, it is worth pointing out how they were
collected, i.e. how the interviews were carried out. In controlling for various extra-linguistic factors, the
SANDmethodologywasdesigned tomaximize the chancesof unearthinggrammatical rather thanextra-
grammatical variation. Consider in this respect the following excerpt from Barbiers (2009), who makes
precisely this point:

“To make sure that we were investigating the relation between syntactic variation and ge-
ographic location, i.e., dialects, we controlled for various extralinguistic factors. Selection
of the informants was based on the following requirements: born and raised in the location
of the interview, just like their parents; between 55 and 70 years old; no higher education,
lower middle class; active dialect speakers in at least one public domain. In this way, poten-
tial sociolinguistic sources of variation were filtered out as much as possible.(..) To deal with
the problem of bilingualism, code-switching and accommodation towards the language of
the field worker, the interviews were held in the local dialect, i.e., one dialect speaker inter-
viewed the other one. The field worker did not actively participate in the interview. When
possible, a test sentence was offered in the local dialect, to make sure that a sentence was
not rejected on phonological or lexical grounds. Investigating dialects rather than standard
languages decreases the chance of normative influence, since for most of the Dutch dialects
there are no norms codified in grammars and dictionaries and taught in schools. To further
avoidnormative judgments,wenever askedwhether a sentencewasgoodor bad, but rather,
whether it occurred in the local dialect. Even if an informant has a negative normative atti-
tude towards a syntactic construction, he can still report that he sometimes hears people
saying such things in his dialect.” (Barbiers 2009:1609)

6Many thanks to Jan Pieter Kunst of the Meertens Institute for giving me access to these data.
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In short, the SAND data set is ideally suited for the type of research envisioned in this paper, i.e. research
that tries to detect and identify the linguistic variables of dialectal variation.

TheSANDdatafiles contain a list of all thedatapoints contained in the twoatlases, including informa-
tion about the type of phenomenon under investigation, the number of the map and atlas, the element
listed in the legenda of the map, and of course the dialect location where the phenomenon was attested.
I have converted these data into a 31×267-matrix, whereby each verb cluster order occupies a row and
each dialect location a column. Cells are filled with “1” when that cluster order is attested in that dialect
location, “0” when it is absent, and “NA” in case the data point is missing. Cluster orders are identified
through their English glosses, so as to make the data tables and graphs more readable for a non-Dutch-
speaking audience. A small sample of this data table—the upper left-hand corner—can be found in Table
2.

Midsland Lies West-Terschelling Oosterend …
IS_DIED 0 0 0 NA …
DIED_IS 1 1 1 NA …
HAS_TOLD 0 0 0 0 …
TOLD_HAS 1 1 1 1 …
HAVE_CALLED 0 0 0 0 …
CALLED_HAVE 1 1 1 1 …
MAY_SEE 0 0 1 0 …
SEE_MAY 1 1 1 1 …
CAN_SWIM_MUST 0 0 0 0 …
MUST_CAN_SWIM 0 0 0 1 …
MUST_SWIM_CAN 1 0 0 0 …
… … … … … …

Table 2: Upper left-hand corner of the raw data table

Thefirst rowof this table contains data pertaining to is died: a two-verb cluster consisting of a singular
form of to be used as a perfective auxiliary followed by a participle, i.e. a 12-order. As the values in the
subsequent cells indicate, this order is not attested in the varieties spoken in Midsland, Lies, and West-
Terschelling, and there is no data for Oosterend. The second line provides the data for the 21-order of
that same cluster, and the remaining rows provide similar information for other verb clusters and their
word orders.

Three additional aspects of the data preparationwarrant further comment. First of all, as can be seen
in Figure 1, the cluster orders show substantial differences in terms of their frequency: while some occur
in nearly all of the 267 dialect locations, others are limited to only a handful of places. In order to ensure
that the rare orders were not spurious, I manually checked the interview data for the orders that yielded
fewer than five occurrences, i.e. for six orders in total. This included going to back to both the written
transcriptions and the sound recordings of the interviews (both of which can be accessed via the online
version of the SAND database, Barbiers et al. (2006)). On this basis, I excluded three cluster orders from
the data set. In particular, the two instances of a 213-order in the case of auxiliary-motion verb-infinitive
(cf. (8c)) turned out to be spurious: in the first instance, the informant’s judgment had been incorrectly
registered in the database (she rejects rather than accepts the order), while in the second, the sound
recording shows that the informant inserts both an infinitival complementizer and the infinitival marker
te ‘to’ between the auxiliary and the main verb, showing that this is a case of extraposition, not verb
cluster formation:

(9) dat
that

hij
he

heen
away

gaan
gone

is
is

voor
for

te
to

zwemmen.
swim

‘that he went away in order to swim.’ (Een Dutch)

The second cluster order that was removed from the data set concerns the single instance of a 231-order
in the case of modal-modal-infinitive (cf. (3)). The audio recording of the interview makes clear that the

6



informant rejects rather than accepts this order. Finally, the two instances of the 312-order in the case of
auxiliary-modal-infinitive (cf. (8d)) were also removed: in the first interview, the informants mistakenly
give a main clause translation for what was supposed to be an embedded question—and so it is Verb
Second that is responsible for fronting theauxiliary—while in the second the informant rejects rather than
accepts the order. The other three rare orders showed no abnormalities, neither in their transcription nor
in their sound recording and accordingly were retained in the data set. This means that the final data set
contains 28 cluster orders in 267 dialects of Dutch.7

Figure 1: Frequency of the 31 verb cluster orders found in the SAND data

The second aspect of the data preparation stage that deserves some further discussion concerns the
question methodology used in the oral dialect interviews of the SAND project. The data pertaining to
verb clusters are based on two types of questions: translation tasks and elicitation questions. In the for-
mer, the informants were given a Standard Dutch sentence and were asked to translate it into their di-
alect, while the latter involved (pre-recorded) oral versions of dialect sentences for which they had to
provide a grammaticality judgment (see Cornips and Jongenburger (2001) for a more detailed descrip-
tion of the various question methodologies used in the SAND project).8 For verb clusters this means that
while in elicitation questions every possible cluster order was presented to the informants and explic-
itly judged by them,9 in translation tasks they were presented with one single order in Standard Dutch,

7It is worth pointing out that in a previous version of this paper I did not manually check the rare orders and excise the spuri-
ous ones, and yet the final results of the analysis were highly comparable. In other words, the overall effect of this data cleaning
operation might turn out to be minimal.

8Of the 28 cluster orders in the data set, 15 are based on translation tasks, corresponding to 3 of the cluster types listed in (7),
namely (7a), (7b), and (7f).

9This is not strictly true for all clusters: for a number of them, the extensive written questionnaire and dialect literature review
that preceded the dialect interviews had turned up systematic gaps in verb cluster ordering. Orders that were unattested in any
variety of Dutch were not included in the oral interviews, not even in elicitation questions. A well-known example is the 213-order.
See Barbiers (2005) for a detailed overview.
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which they translated into their dialect with the same order, a different one, or—in the case of multiple
responses—a combination of orders. Accordingly, some of the zeros in Table 2 are based on informants
explicitly rejecting a particular order, while others are a reflection of the absence of this order in the in-
formants’ translation of the Standard Dutch sentence that was offered to them. For the remainder of
this section as well as the next one, I ignore this methodological complication, but I return to the differ-
ence between elicitation and translation in subsection 5.3, where it will prove to be an additional tool in
analyzing the data patterns.

The third and finalmethodological point concerns the “NA”’s in Table 2. They indicate that somedata
points are missing. There are several possible reasons for this: sometimes a question was not included
in a particular interview, sometimes the informants gave an irrelevant translation, etc. In total, there are
480 cells that contain “NA”. Out of a total of 7476 (=28×267) cells, this represents 6.42%. Missing values
occur in 82 of the 267 dialect locations, spread out evenly across the entire language area. Given that the
CorrespondenceAnalysis described in subsection 3.4 cannotbeapplied toadata table containingmissing
values, I first imputed the missing data using the imputeCA-function of the R-package missMDA (Husson
and Josse 2013). This function applies an iterative algorithm to impute missing values in a categorical
data table (see Husson and Josse (2013) for more details and Josse et al. (2012) for general discussion
of imputing missing data), which allowed me to perform the analysis on a complete 28×267 data table.
Needless to say, one should generally bewary ofworkingwith imputeddata. However, in subsection4.4 I
showthat theanalysisbasedon imputeddatadoesnotdiffer significantly fromaso-calledcomplete cases
analysis, whereby only the 185 dialects without missing values (267 minus 82) are taken into account.
Given that the analysis based on data imputation has a broader empirical reach and allows for a more
complete identification of the relevant dialect areas (see section 5.3), this is the one I adopt in the rest of
the paper.

3.3 Active and supplementary variables

As was pointed out in section 2, the goal of this paper is to determine which—if any—combination of
grammatical parameters can best account for the observed word order variation in Dutch verb clusters.
In order to do so, we need to include in the analysis insights and results from the theoretical literature
on verb clusters. In this subsection I describe how these theoretical analyses can be operationalized for
a quantitative analysis.

The first step involves decomposing theoretical accounts into their constitutive parts. I illustrate how
this works using the analysis of Barbiers et al. (2016a) (henceforth BBD).10 A central assumption in their
account is that verb clusters are built via iterative application of the operation Merge. More specifically,
nomovement (neitherheadnorXP) is involved in thewordorder variationattested in verb clusters. More-
over, given thatMerge as a syntactic operationdoes not impose any linear order, variation in cluster order
is due (at least in part) to post-syntactic linearization requirements. One such requirement—which is also
the first parameter proposed by BBD—is the following:

(10) A dialect is uniformly {descending/ascending} in the linearization of verbs.

This principle presents dialects with a binary choice: either all of its verb clusters are strictly ascending,
i.e. 12 and 123 as in (11) and (12), or they are all descending, yielding 21 and 321 as the only orders, as in
(13) and (14).11

10This analysis is not chosen at random: as will become clear in sections 4 and 5, the Barbiers et al. (2016a)-approach is highly
successful in accounting for word order variation in Dutch verb clusters. In other words, this account will reappear in later sections
of the paper.

11Here and throughout this paper I am setting aside clusters containing four or more verbs, as such data were not part of the
SAND questionnaires. See Abels (2016) for some discussion.
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(11) ....VP1.....

..VP2...

..V2

.

..

..V1

(12) ....VP1.....

..VP2.....

..VP3...

..V3

.

..

..V2

.

..

..V1

(13) ....VP1.....

..V1

.

..

..VP2...

..V2

(14) ....VP1.....

..V1

.

..

..VP2.....

..V2

.

..

..VP3...

..V3

Recall from the discussion in section 2 that the orders in (11)–(14) are not the only ones that are at-
tested in Dutch dialects. BBD derive the additional orders by introducing parameters related to the cate-
gorial status of the elementsmaking up the cluster. First, they start out from thewell-knownobservation
that past participles have not only a verbal but also an adjectival use in Dutch. This is supported by their
ability to occur in the attributive position of noun phrases:

(15) het
the

gelezen
read

boek
book

‘the book that was read’

If this categorial ambiguity persists in contexts involving verb clusters, it makes an interesting prediction
with respect to the linearization of such structures. Given that all varieties of Dutch are strictly head-final
when it comes to non-verbal complements (see (16)), adjectival versions of past participles are predicted
to necessarily precede the other verbs in the cluster.

(16) a. dat
that

Jan
Jan

ziek
sick

is.
is

‘that Jan is sick’
b. *dat

that
Jan
Jan

is
is

ziek.
sick

: ‘that John is sick.”

Letus seehowthis applies toanexample like (17), a caseofa312-order inamodal-auxiliary-participle clus-
ter. BBD’s analysis of this cluster is represented in the tree structure in (18): first the two verbal elements,
i.e. the verbworden ‘become’ and themodalmoet ‘must’ aremerged, and subsequently, after completion
of the verbal cluster andhence necessarily to its left, the adjectival predicate geholpen ‘helped’ ismerged.
The cluster portion of this example is thus perfectly in line with the linearization principle in (10), but the
adjectival participle preceding the cluster gives the whole sequence the overt appearance of a 312-order.

(17) dat
that

Jan
Jan

geholpen
helped

moet
must

worden.
become

‘that Jan should be helped.’
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(18) ........

..VP1.....

..VP2...

..V2...

..worden

.

..

..V1...

..moet.

..

..AP...

..A...

..geholpen

This analysis thus accounts for all cases inwhich apast participle precedes the verbal cluster in spite of the
fact that the parameter in (10) is set to ‘ascending’. BBD formulate their second parameter as follows:12

(19) A dialect {does/does not} have verbal participles.

BBD employ a similar line of reasoning when it comes to infinitives unexpectedly occurring at the front
of the cluster. They start from the basic observation that bare infinitives can be productively nominalized
in Dutch. An example is given in (20).

(20) Ik
I

vond
found

het
the

zwemmen
swim.

erg
very

leuk.
nice

‘I really enjoyed the swimming.’

If this categorial ambiguity carries over to verb clusters, then by the reasoning developed above, we ex-
pect infinitives to be able to precede otherwise strictly ascending (or descending, cf. fn12) verb clusters.
Consider in this respect the example in (21) and BBD’s analysis of it in (22).

(21) dat
that

iedereen
everybody

zwemmen
swim

moet
must

kunnen.
can

‘that everyone should be able to swim.’

(22) ........

..VP1.....

..VP2...

..V2...

..kunnen

.

..

..V1...

..moet.

..

..NP...

..N...

..zwemmen

Accordingly, BBD formulate the parameter regulating the occurrence of these cluster orders as follows:

(23) A dialect {does/does not} have nominalized infinitives in verb cluster constructions.

The final ingredient of BBD’s account concerns 132-orders. They follow from none of the parameters
proposed so far: on the one hand, 132 is not a strictly ascending or descending order, while on the other,
the main verb does not precede the entire cluster like an AP or NP would. Instead, BBD argue that these

12Note, as is also pointed out by BBD, that the parameter in (19) is arguably also operative in dialects with a descending cluster
order. The problem is that in such dialects a different setting for the parameter in (19) does not lead to a difference in surface order:
given that a past participle is always the most deeply embedded verb, and given that this verb is always cluster-initial in descending
dialects, there is no discernible difference between a cluster with a verbal participle and one with an adjectival predicate. This point
will resurface in subsection 5.3.
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are cases of cluster interruption, whereby non-verbal material appears in between the elements of a ver-
bal cluster. This phenomenon is well-known from the literature on verb particle stranding; what BBD do
is extend this account to include adjectival participles.13 Their analysis continues to rely on Merge: the
non-verbal element is simply merged as part of the verbal cluster. For the example in (24), this yields the
derivation in (25).

(24) dat
that

Jan
Jan

moet
must

geholpen
helped

worden.
become

‘that Jan should be helped.’

(25) ....VP1.....

..VP2.....

..V2...

..worden

.

..

..AP...

..A...

..geholpen

.

..

..V1...

..moet

Although BBD do not explicitly formulate a fourth parameter, it is clear that there is (at least potentially)
an additional point of variation here, namely the question of whether a dialect allows for cluster interrup-
tion of the type illustrated in (25) or not. This concludes my summary of Barbiers et al. (2016a)’s analysis
of verb cluster ordering in Dutch: it starts out from a uniformly ascending or uniformly descending lin-
earization order, and derives additional orders via the categorial ambiguity of participles (A or V) and
infinitives (N or V), and via the option of cluster interruption. Note that we can reformulate this account
(and the variation predicted by it) as a number of simple binary parameters. They are summed up in (26).

(26) a. [ 123]: is the order compatible with an ascending linearization?
b. [ 321]: is the order compatible with a descending linearization?
c. [ ]: does the order involve an adjectival participle?
d. [ ]: does the order involve a nominalized infinitive?
e. [ ]: does the order involve cluster interruption?

Each of these parameters splits verb cluster orders into mutually exclusive subsets. More specifically,
the 28 cluster orders from the SAND data set can be encoded in terms of the grammatical parameters
in (26). This means that Table 2 can now be extended with columns representing not geographical, but
theoretical information. This is illustrated for part of the data set in Table 3.

In total, I have added 64 linguistic variables to the data table, representing not just the analysis of
Barbiers et al. (2016a), but also thoseofHaegemanand vanRiemsdijk (1986), Schmid andVogel (2004),14

Barbiers (2005), Barbiers and Bennis (2010), Bader (2012), and Abels (2016). Moreover, I have included a
head-initial headmovement analysis, a head-final headmovement analysis, a head-initial XP-movement
analysis, and a head-final XP-movement analysis, all as described in Wurmbrand (2016). Finally, I added
9 additional variables that are not tied to a specific analysis. For example, I encoded for every cluster
order whether or not it involves IPP. A full list of all linguistic variables used in the analysis is given in the
Appendix.

In the statistical analysis described in the next subsection, these 64 linguistic variables are treated as
supplementary variables. Unlike active variables (here: the geographical information extracted from the
SAND database), supplementary variables do not contribute to the construction of the principal compo-

13Note that in principle this account can also be extended to 132-orders that involve an infinitive as the most deeply embed-
ded verb. BBD end up not taking this route, however, and propose that this order is “a transitional phenomenon” (Barbiers et al.
2016a:40). See the original paper for details.

14One aspect of Schmid and Vogel (2004)’s analysis I was not able to implement is the effect of focus/stress on verb cluster
ordering, as this feature was neither tested nor transcribed in the SAND questionnaires.
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123 321
CALL_HAD_COULD yes123 no321 noAdjPart yesNomInf noClustInt
CALL_CAN_HAD no123 yes321 noAdjPart yesNomInf noClustInt
CALL_COULD_HAD no123 yes321 noAdjPart yesNomInf noClustInt
CALLED_HAVE yes123 yes321 yesAdjPart noNomInf noClustInt
CAN_CALL_HAD yes123 no321 yesAdjPart noNomInf noClustInt
DIED_IS yes123 yes321 yesAdjPart noNomInf noClustInt
FIXED_HAVE_MUST no123 yes321 yesAdjPart noNomInf noClustInt
FIXED_MUST_HAVE yes123 no321 yesAdjPart noNomInf noClustInt
GO_SWIM_IS yes123 no321 yesAdjPart noNomInf noClustInt
HAD_CALL_CAN yes123 no321 noAdjPart yesNomInf noClustInt
HAD_CALL_COULD yes123 no321 noAdjPart yesNomInf noClustInt
HAD_CAN_CALL yes123 no321 noAdjPart noNomInf noClustInt
MUST_FIXED_HAVE yes123 no321 yesAdjPart noNomInf yesClustInt
… … … … … …

Table 3: Encoding of the SAND data according to five grammatical parameters taken from Barbiers et al.
(2016a)

nents. Instead, they serve to interpret or illustrate those components (see Greenacre (2007:chapter 12),
Husson et al. (2011:20–24), Levshina (2015:354) for general discussion of supplementary variables). The
next subsection provides more details about this.

3.4 The analysis: Correspondence Analysis

Correspondence Analysis is a principal component method that can be applied to tables containing cat-
egorical data (for general discussion, see Greenacre (2007) and Levshina (2015:chapter 19)). The analysis
proceeds in three steps: first, the raw data table is transformed into a distance matrix, then the num-
ber of dimensions of that distance matrix is reduced, and finally the result of that dimension reduction is
matched against the supplementary (here: linguistic) variables. I now proceed to describe these steps in
more detail.15

In a first step, the raw data table is converted into a distance matrix, a small portion of which is rep-
resented in Table 4. This is a 28×28 table which has the verb cluster orders from the SAND data both
as rows and as columns. Each cluster order is compared pairwise with each other cluster order and a nu-
meric value is assigned to that comparison, indicating how distinct these two cluster orders are from one
another: the higher the value, the more different they are.16 This distance is determined by looking at
the active variables in the data table, i.e. the geographical data. Concretely, the more two cluster or-
ders occur in the same dialect locations, the smaller the distance between them will be. The result is a
measure of the degree of similarity (or conversely, difference) between the various cluster orders based
on their geographical distribution. Note that the notion of ‘geographical distribution’ is not dependent
on those dialect locations forming a contiguous dialect region. Rather, the geographical data are merely
used as binary variables to determine which cluster orders typically go together and which ones do not
(though see below, subsection 5.3, for a geographical analysis of the data).

The second step of the analysis involves dimension reduction. As in principal component analysis, the
goal of CA is to reduce a (typically large) set of possibly correlated variables to a smaller group of linearly
uncorrelated ones. Put differently, in the distance matrix shown above, each cluster order is situated in a
28-dimensional space, and in order to be able to visualize and interpret those data, the dimensionality of

15All calculations were carried out in R (R Core Team 2014) using the FactoMineR-package (Husson et al. 2014), in particular the
CA-function in that package. For details about the algorithms and math underlying that function I refer to Husson et al. (2011).

16Given that the distance between a cluster order A and a cluster order B is identical to that betweenB andA, the distancematrix
is symmetrical across the diagonal. Accordingly, only the lower half of the distancematrix is (partially) represented here. Moreover,
given that each cluster order is identical to itself, the diagonal of the distance matrix only contains zeroes.

12



CALL_CAN_HAD CALL_COULD_HAD CALL_HAD_COULD …
CALL_CAN_HAD 0.00
CALL_COULD_HAD 5.03 0.00
CALL_HAD_COULD 4.50 4.07 0.00
CALLED_HAVE 15.35 15.44 15.99 …
CAN_CALL_HAD 6.17 6.04 4.69 …
DIED_IS 15.31 15.45 15.94 …
FIXED_HAVE_MUST 5.66 5.78 6.95 …
FIXED_MUST_HAVE 13.86 13.67 13.59 …
GO_SWIM_IS 12.07 12.10 11.60 …
HAD_CALL_CAN 4.65 4.76 3.24 …
… … … … … …

Table 4: Upper left-hand corner of a distance matrix based on the SAND verb cluster data

this space needs to be reduced. For example, a two-dimensional representation of the verb cluster data
under investigation is given in Figure 2.

Figure 2: Two-dimensional representation of the SAND verb cluster data

In this graph, each of the 28 cluster orders is situated on a two-dimensional plane.17 When two cluster
orders are close together (e.g. CALL_COULD_HAD and CALL_CAN_HAD on the left-hand side of the
graph) this means that they have a highly similar geographical distribution, while when two orders are

17Note that I have used the textplot-function from the R-package “wordcloud” (Fellows 2014) to ensure that the labels in the plot
do not cover one another. This is why some cluster orders are connected by a short grey line to their actual coordinates (indicated
by a red dot).
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far apart (like HAVE_CALLED at the bottom and CAN_CALL_HAD at the top of the graph), they typically
do not co-occur in the same dialect locations. In other words, Figure 2 offers a visual representation of
the degree of similarity between the 28 cluster orders.

A dimension reduction of this sort always involves a trade-offbetween explaining asmuch of the vari-
ance as possible thatwas in the original data set on the one hand, and keeping the number of dimensions
as small as possible for easy visualization and interpretation on the other. In order to determine the ap-
propriate cutoff point, we can make use of a so-called scree plot. This two-dimensional graph represents
the dimensions on the x-axis and indicates on the y-axis the percentage of variance explained by that
dimension. The scree plot for the SAND verb cluster data is represented in Figure 3. This graph shows
that the first two dimensions combined explain roughly 40% of the variance found in the data. After the
second dimension there is a sharp drop in explanatory power and the scree plot begins to flatten out:
adding additional dimensions to the analysis does not significantly increase its explanatory power. In
other words, the scree plot suggests that it is the first two dimensions of the CA-analysis that should be
subject to further exploration and interpretation.

Figure 3: Scree plot for the CA-analysis of the SAND verb cluster data

Consider again the graph in Figure 2. It shows which verb cluster orders typically cluster together,
and which ones do not. If the microvariation in dialect Dutch verb cluster ordering is to be reduced (at
least partially) to grammatical parameters (see the discussion in section 2), then we expect the pattern in
Figure 2 to be determined (at least partially) by such parameters. Put differently, cluster orders that are
close together in the graph should be the result of the same or a highly similar parameter setting, while
orders that are further apart should have fewer parameter values in common. Grammatical parameters
thus create natural classes of verb cluster orders. This is where the supplementary (linguistic) variables
come in: we use them to interpret the twodimensions thatwere retained in step twoof the analysis. This
is achieved by comparing the first two dimensions of the CA-analysis against those variables. The central
question is if—or to what extent—the data patterns in Figure 2 align with a theoretical property of the
clusters in question. There are two basic ways of testing this (both of which will be illustrated in detail
in the next section). The first is to color-code the plot in Figure 2 according to (the values of) a linguistic
variable and to see if cluster orders that have the same color (i.e. that share some linguistic property) are
also close together in the graph (i.e. have a similar geographical distribution). The second is to calculate,
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for each combination of linguistic variable and CA-dimension, the squared correlation ratio (η2), which
provides a measure for the proportion of variance on that particular dimension that is explained by that
linguistic variable. The value of η2 is between 0 and 1, and the higher the number, the stronger the link
between the dimension and the linguistic variable.

This concludes the methodological section of this paper. I have made explicit how both the raw data
from the SANDproject and the theoretical linguistic literature on verb clusterswere operationalized for a
quantitative, statistical analysis that takes the formof a CorrespondenceAnalysis. Thismethod allows us
to reduce themulti-dimensional variational space toa two-dimensional one. In thenext section I examine
for these two dimensions to what extent they align with the supplementary, linguistic variables, and in
section 5 I interpret those results from a formal linguistic point of view.

4 Results

4.1 Introduction

In this section I present the results of the analysis outlined in the previous section. For each of the two
dimensions retained in the analysis I indicate which of the linguistic variables correlate most strongly
with that dimension. The section will be highly descriptive in nature; for a linguistic interpretation of the
results presented here, I refer the reader to section 5.

Before proceeding with the discussion of the results, I need to make one preliminary remark. As
pointed out by Richardson (2011), the value of η2 for the combination of a dimension and a particular
categorical variable is sensitive to the number of values that variable can have: the higher the number of
possible values, the higher the value of η2.18 This means that when evaluating the results, one should be
wary of variables that have a high η2-value merely (or mostly) because they have many different values.
Accordingly, in what follows I mainly concentrate on two- or three-valued variables when discussing the
results of the CA-analysis.19

4.2 Dimension 1

Table 5 below lists which of the supplementary (linguistic) variables in the CA-analysis described above
have the highest squared correlation ratio for the first dimension. In light of the preliminary remarkmade
above, I also list for each variable how many values it has.

variable η2 number of values
Add.ClusterOrder 0.822 7
SchmiVo.MAPlrV 0.784 4
BarBenDros.base123 0.702 2
HaegRiems.inversion.modal 0.623 3
Add.LightHeavyOrdering 0.508 13
BarBen.nominf 0.498 3
BarBenDros.nominf 0.459 2

Table 5: The highest η2-values for dimension 1

The variable Add.ClusterOrder is one of the 9 variables that was added on the basis of the linguistic
literature, but not tied to a specific analysis. It encodes all clusters in terms of their basic cluster order

18One way of clearly demonstrating this is by introducing a fake variable into the data set, which assigns a different value to each
of the 28 cluster orders. Such a variable has a ‘perfect’ η2-value of 1.

19One type of variable that I systematically leave undiscussed in this section are the summary variables I constructed for each
analysis (see the Appendix for the full list of variables). Given that the values for these summary variables are a concatenation of
the values of all the variables making up that analysis, they inevitably have too many values to be properly evaluated in terms of
theirη2-value. It ismyhope, though, that in futurework variables such as thesewill provide ameasure for directly comparing entire
analyses in terms of their success in accounting for a particular data set. See in this respect also the discussion in subsection 5.3,
where I introduce a four-valued summary variable for my analysis of verb clusters.
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(i.e. 12, 123, 321, etc.), regardless of the verbs making up the cluster. It has 7 possible values (two orders
for two-verb clusters plus five orders for three-verb clusters—the 213-order is missing from the data set),
which arguably (at least partially) explains its high position in this ranking. This variable will also make
a reappearance in the η2-ranking of the second dimension (see below, subsection 4.3), possibly for the
same reason.

A similar fate befalls the variable Add.LightHeavyOrdering. It is also one of the 9 additional variables,
and it is inspired byAbels (2011) andBobaljik (2004), who suggest that cluster orderingmight be sensitive
to the ‘morphological size’ of the verb forms involved in the cluster, the idea being that participles are
“smaller” than infinitives (see Abels (2011:24)). In order to test the effect of the morphological shape on
cluster ordering, I encoded the 28 cluster orders in terms of their morphological make-up. For example,
the cluster IS_DIED was encoded as FinPart (a finite verb followed by a participle), SWIM_CAN_MUST
as InfInfFin, etc. Given that this method of encoding yielded 13 different values,20 however, its high η2-
value is arguably an artefact, which seems corroborated by the fact that this same variable also has a high
η2-value for the second dimension (see below, subsection 4.3). Accordingly, I will set this variable aside
in the remainder of the discussion.

Things get more interesting when we consider the other variables in Table 5, in particular the ones
that have only two values. Let us start with BarBenDros.base123. It concerns one of the variables based
on Barbiers et al. (2016a) that was introduced in section 3.3 above. It is set to ‘yes’ when the cluster order
is compatible with a uniformly ascending order in BBD’s analysis, and to ‘no’ when it is not. As indicated
in Table 5, this variable has a very high squared correlation ratio of 0.702.21 The color coded plot in Figure
4 provides a visual representation of this.

Figure 4: Two-dimensional representation of the SAND verb cluster data color-coded according to Bar-
biers et al. (2016a)’s first parameter

The thing to focus on in this graph is the extent towhich the distribution of points along the x-axis (i.e.
dimension 1) correlateswith the color coding, in particular the contrast between black (a negative setting

20FinInf, FinInfInf, FinInfPart, FinPart, FinPartInf, InfFin, InfFinInf, InfFinPart, InfInfFin, InfPartFin, PartFin, PartFinInf, and Part-
InfFin.

21It is hard to find absolute measures for η2 to determine the size of the effect. Some authors cite Cohen (1962), in which case
an η2-value of 0.0099, 0.0588, and 0.1379 would correspond to a small, medium, and large effect respectively, but see Richardson
(2011) for critical discussion.
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for the variable) and red (a positive setting). As is clear from the graph, the red and black points cluster
very sharply along this horizontal dimension. This further confirms that the variable BarBenDros.base123
provides a very good match for the first dimension of the CA-analysis.

The variable SchmiVo.MAPlrV is taken from Schmid and Vogel (2004). Their account is OT-based,
and this variable corresponds to a constraint in their analysis. The constraint in question is given in (27).

(27) MAPlrV
The heads of an extended projection of V are linearized in a left-to-right fashion, i.e., if head A
asymmetrically c-commands head B at LF, then the PF correspondent of A precedes the one of B
at PF.

As is clear from the definition, this constraint sets head-initial orders apart from non-head-initial ones.
As such, it should come as no surprise that it patterns similarly to the head-initial (ascending) setting
for Barbiers et al. (2016a)’s first parameter. At the same time, though, Schmid and Vogel (2004)’s vari-
able has four possible values (depending on the number of times the constraint in (27) is violated in the
OT-tableau), which means that its η2-value in Table 5 is partially artificially inflated. The variable Hae-
gRiems.inversion.modal is taken from Haegeman and van Riemsdijk (1986). It concerns the word order
of a modal verb vis-à-vis its complement. The variable is set to ‘yes’ when a modal precedes its comple-
ment, to ‘no’ when the modal is preceded by its complement, and to ‘dna’ when the cluster does not con-
tain a modal. The color-coded graph in Figure 5 provides a visual representation of this variable. Once
again, the contrast between the positive setting of the parameter (the green points) and the negative
setting (the red points) lines up with the horizontal dimension.

Figure 5: Two-dimensional representation of the SAND verb cluster data color-coded according to
Haegeman and van Riemsdijk (1986)’s modal inversion parameter

The final two variables from Table 5 are virtually identical. I focus on BarBenDros.NomInf, as this
one stems from Barbiers et al. (2016a), the paper that was discussed above.22 It concerns BBD’s third
parameter, i.e. the one in (23). This variable is set to ‘yes’ when the order contains a nominalized infinitive

22The analysis in Barbiers and Bennis (2010) (from which the variable BarBen.nominf was taken) can be seen as the precursor of
the one in Barbiers et al. (2016a). The only difference between the two variables is the fact that BarBen.nominf has a ‘dna’-value
for clusters that do not contain an infinitive, whereas in the variable BarBenDros.NomInf such clusters are marked as ‘no’.
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according to BBD’s analysis, and to ‘no’ when it does not. As the graph in Figure 6 shows, this variable
also provides a clear match for the first dimension of the CA-analysis.

Figure 6: Two-dimensional representation of the SAND verb cluster data color-coded according to Bar-
biers et al. (2016a)’s third parameter

This concludes my discussion of dimension 1. I have outlined and illustrated which of the linguistic
variables have the highest η2-valueswith respect to this dimension. In section 5, I translate these findings
into a theoretical analysis, but before doing so, I first turn to the second dimension.

4.3 Dimension 2

The linguistic variables with the highest squared correlation ratio for the second dimension are listed in
Table 6 below.

variable η2 number of values
Add.LightHeavyOrdering 0.834 13
Add.PartPrecedes(IPP).Aux 0.464 3
SchmiVo.MAPlrVfunc 0.462 4
Add.ClusterOrder 0.454 7
Add.Slope 0.398 4
BarBen.adjpart 0.395 3
BarBenDros.AdjPart 0.332 2

Table 6: The highest η2-values for dimension 2

The variables Add.LightHeavyOrdering and Add.ClusterOrder have already been discussed in the
previous subsection and will be set aside for the reasons outlined there. Like in the previous section, I
first turn my attention to variables that have only two values. For the second dimension, this is once
again a variable extracted from Barbiers et al. (2016a), namely their second parameter (see (19)). This
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variable is set to ‘yes’ when the cluster involves an adjectival participle, and to ‘no’ when it doesn’t.23

The graph in Figure 7 visualizes the relationship between this variable and the second dimension of the
CA-analysis.

Figure 7: Two-dimensional representation of the SAND verb cluster data color-coded according to Bar-
biers et al. (2016a)’s second parameter

This time we are focusing on the distribution of the points along the y-axis, and the extent to which
that distribution matches the different colors. Although the picture is less clear than the ones discussed
in the previous subsection—note also that overall, the η2-values in Table 6 are smaller than those in Table
5—there does seem to be a tendency for the red points (the clusters containing an adjectival predicate)
to be above the x-axis, and for the black points to be below. The distinction becomes sharper when we
consider the variable Add.PartPrecedes(IPP).Aux. This is an additional variable that is set to ‘yes’ when
a participle precedes its auxiliary and to ‘no’ when it follows it. It differs from BarBenDros.AdjPart in
that it has a ‘dna’-value for clusters that do not contain a participle. As the graph in Figure 8 shows, this
offers a somewhat clearer picture, with the greenpoints (positive setting) above the x-axis, the red points
(negative setting) below, and the (essentially irrelevant) black points somewhere in the middle.

Finally, there are two variables in Table 6 that have four possible values. The first once again stems
from Schmid and Vogel (2004) and corresponds to a constraint in their OT-account. It is defined in (28).

(28) MAPlrVfunc
IfA is a functional verb (or averbcontaining functional features) that asymmetrically c-commands
at LF another verb B that belongs to the same extended projection, then the correspondent of A
precedes that of B at PF.

Given that auxiliaries that select a participle fall under Schmid and Vogel (2004)’s definition of ‘functional
verb’, it should come as no surprise that a variable based on the constraint in (28) patterns with the other
variables discussed in this subsection.

Thefinal variable in Table 6 isAdd.Slope. It annotateswhether the cluster is ascendingor descending.
Given that three-verb clusters are not necessarily uniformly ascending or descending, the variable has

23Note that the parameter BarBen.adjectivalparticiple (from Barbiers and Bennis (2010)) is once again identical to this variable,
save for the addition of a ‘dna’-value.
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Figure 8: Two-dimensional representation of the SAND verb cluster data color-coded according to the
additional parameter Add.PartPrecedes(IPP).Aux

fourpossible values: ascending, descending, ascending-descending (e.g. 132), anddescending-ascending
(e.g. 312). This variable has a squared correlation ratio of 0.398, but just like the preceding one it has four
variables and therefore a somewhat artificially inflated η2-value.

This concludes my presentation of the results of the CA-analysis. For each of the two dimensions I
have listed which of the linguistic variables correlates most strongly with that dimension. Before turning
to the linguistic analysis of these findings in section 5, I first briefly return to an issue that was raised in
section 3.2 above, namely the fact that the data table contains imputed values.

4.4 Data imputation vs. complete cases

As was pointed out in section 3.2, the data table used for the CA-analysis contained 6.42% of imputed
data. This means that in the original data table these values were missing (e.g. because the dialect in-
formants gave an irrelevant answer) and an iterative algorithm was applied to fill in those missing values
(see Husson and Josse (2013) for more details and Josse et al. (2012) for general discussion of imputing
missing data). In this subsection I evaluate what the effect has been of this data imputation operation on
the results of the analysis. I do so by comparing my analysis with an alternative one, based only on those
dialects that do not contain any missing values. This means that I start out from a 28×185 matrix rather
than a 28×267 one. Other than that, exactly the same analytical procedures—those described in section
3.4 above—were carried out. What we can then do is plot the results of both analysis in a single graph.
This is what is shown in Figure 9.

This graph clearly shows that the difference between the two analyses is minimal: cluster orders
might have shifted a little bit between the two analyses, but overall, the changes are very minor. In order
tomake this intuitionmore precise I applied a simple linear regression to the first and second coordinates
of both analyses. In particular, a simple linear regression was calculated to predict the coordinates of the
data imputation analysis based on the coordinates of the complete cases analysis. For the first coordi-
nates a significant regression was found (F(1,26)=424.4, p<.000), with an adjusted R2 of .940, and for the
second coordinates too (F(1,26)=232, p<.000), with an adjusted R2 of .895.
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Figure 9: Overlay of the analysis based on data imputation with the one based on complete cases

Summing up, while one might be generally wary of working with imputed data, the comparison with
the complete cases analysis carried out in this subsection suggests that the risks have been sufficiently
mitigated in this case. Given that the analysis based on data imputation has a broader empirical reach
and allows for a more complete identification of the relevant dialect areas, this is the one I adopt in the
analysis, to which we now turn.

5 Interpretation

5.1 Introduction

In this section I translate the results from the Correspondence Analysis into a linguistic microparamet-
ric account of verb clusters in Dutch. The analysis I propose is highly similar to the one put forward by
Barbiers et al. (2016a) and outlined in section 3.3 above. In other words, the quantitative analysis carried
out in this paper strongly supports a theoretical account along the lines of the one proposed by BBD. At
the same time, though, I also move beyond the bare theoretical analysis by examining the interaction
between the proposed parameters in the geographical data. In particular, I split up the 267 dialects into
four dialect groups based on their parameter settings, thus effectively plotting not individual linguistic
phenomena, but partial grammars onto a geographical map (see also Barbiers et al. (2016b) for a related
approach).

5.2 The analysis

Recall from the discussion in section 4 that three variables based on Barbiers et al. (2016a)’s account of
Dutch verb clusters had high η2-values for the first two dimensions of the CA-analysis, in spite of the
fact that all three of them are bivalued. I take this to be a strong indication that a theoretical account
along these general lines is correct. Accordingly, I take BBD’s analysis as the starting point for my own
account ofDutch verb clusters. Like BBD, I take verb clusters to be the result ofMerge, a narrow syntactic
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operation that is inherently free of linear ordering. Word order variation in verb clusters comes about as
a result of the interaction between three linearization parameters, which I formulate as follows:

(29) a. AscDesc: Verb clusters are linearized in a strictly {ascending/descending} fashion.
b. PartL: Participles {can/cannot} be linearized to the immediate left of a verb cluster.
c. InfL: Infinitives {can/cannot} be linearized to the immediate left of a verb cluster.

Before examining the effect of these parameters and their interaction in more detail, it is worth making
two more general remarks. First of all, note that the formulation of the second and third parameter
differs substantially from that found in Barbiers et al. (2016a) (see (19) and (23) above). In particular, I
do not refer to the categorial ambiguity of participles and infinitives in accounting for word orders in
which these elements precede the rest of the cluster. I am doing so because I want my account to be
compatiblewith awider rangeof analyses. While it is clear from thedata and the analysis that the cluster-
initial position of participles and infinitives is a crucial factor in accounting for the variation, there is no
unambiguous indication as to what causes this cluster-initial position, and while it might well be that the
categorial ambiguity of these elements is the driving factor (as proposed by BBD), a movement account
(such as the one proposed by Barbiers (2005)) would yield similar results (and see the next section for
a possible indication that might favor movement over base-generation). As a result, I have decided to
remain agnostic on this issue and to formulate the account in terms of general linearization parameters.

A second point to note is the fact that the proposal in (29) makes no reference to BBD’s cluster inter-
ruption parameter (see example (24) and surrounding discussion in section 3.3 above). This is because
that parameter received very little support in the analysis. Table 7 below lists the η2-values for this vari-
able for the first two dimensions of the CA-analysis. The low values in this table—compare and contrast
with those in Table 5 and Table 6—make clear that this variable plays virtually no role in accounting for
the variance in the data set. More generally, the analysis I have carried out has found no significant cor-
relations involved the ‘interrupted’ cluster orders (i.e. 132). As a result, I leave a discussion of the relation
between cluster order and cluster interruption as a topic for further research.24

variable dim 1 dim2
BarBenDros.clustinterr 0.033 0.054

Table 7: The η2-values of Barbiers et al. (2016a)’s cluster interruption parameter for the first two dimen-
sions of the CA-analysis

We can now move to the more concrete implementation details of the account sketched in (29). Sup-
pose the parameter AscDesc is set to ‘descending’. This implies that strictly descending orders such as
21 and 321 should be well-formed in the dialect in question. The following tree structures provide an
illustration of this.

(30) ....VP1.....

..V1

.

..

..VP2...

..V2

(31) ....VP1.....

..V1

.

..

..VP2.....

..V2

.

..

..VP3...

..V3

Just as was the case in BBD’s account (see the discussion in section 3.3 above, in particular fn12), the
setting of the other two parameters in (29) now becomes irrelevant—or rather, their effect becomes un-
detectable. In particular, if the main verb in (30) or (31) is a participle or an infinitive and if the parameters

24Recall from fn4 that there were other questions in the SAND-questionnaires that dealt with cluster interruption. Adding those
into the analysis might help shed more light on this issue, but this is a topic the scope of which extends beyond the present paper.
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PartL and/or InfL are set such that these elements can be linearized to the left of the cluster, this would
not yield a new word order, given that they were left-most to begin with.25 The tree structures in (32)
and (33) illustrate this.

(32) .........

..VP1...

..V1.

..

..V2...

..Part/Inf

(33) .........

..VP1.....

..V1

.

..

..VP2...

..V2

.

..

..V3...

..Part/Inf

Summing up, a dialect in which AscDesc is set to ‘descending’ is expected to only display the orders
21 and 321 in its verb clusters. When this parameter is set to ‘ascending’, however, more options become
available, depending on the setting of the other two parameters. Consider first the most restrictive op-
tion, i.e. the one where both PartL and InfL are set to ‘no’. A dialect with this parameter setting would
only allow the strictly ascending orders 12 and 123, thus effectively forming the mirror image of the de-
scending dialect sketched above. Dialects in which InfL is set to ‘yes’ would add to those orders two new
ones, 21 and 312, but only in case the main verb is an infinitive. This is illustrated in the following tree
structures.

(34) .........

..VP1...

..V1.

..

..V2...

..Inf

(35) ........

..VP1.....

..VP2...

..V2

.

..

..V1.

..

..V3...

..Inf

A dialect with a positive setting for PartL, but a negative one for InfL would allow these same two
additional orders, butwith themain verbaparticiple rather thanan infinitive. In addition, I followBarbiers
et al. (2016a) in assuming that the 231-order found in IPP-contexts is also crucially related to this second
parameter. BBD’s proposal is that in a 231-order, V2 and V3 form a syntactically complex cluster that as a
whole functions like a participle (see also Zwart (2015) for similar ideas, implemented in terms of layered
derivations). Given that the 23-complex precedes V1, 231-orders are also evidence for a positive setting
of PartL. The tree structure in (36) is an illustration of this account.

(36) .........

..VP1...

..V1

.

..

..[V2+V3]

Finally, anascendingdialectwithapositive setting forbothPartLand InfLwouldallow for all of theabove-
mentioned orders. Table 8 below sums up the variation predicted by the current account.

This sums up my microparametric analysis of verb clusters in Dutch. The main question raised by this
account, of course, is to what extent these predicted five types are actually attested in the Dutch dialect
landscape and if so, what the geographical distribution is of these types. This is the issue taken up in the
next section.

25Note that the hierarchical structure does undergo changes, esp. in the transition from (31) to (33). Given that the SAND-data
do not contain any cues as to the hierarchical structure of the cluster, I leave this as a topic for further research.
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dialect type AscDesc PartL InfL predicted orders
1 Desc 21, 321
2 Asc – – 12, 123
3 Asc – + 12, 123, 2Inf1, 3Inf12
4 Asc + – 12, 123, 231, 2Part1, 3Part12
5 Asc + + 12, 123, 2Inf1, 3Inf12, 231, 2Part1, 3Part12

Table 8: The five dialect types predicted by the current account

5.3 Parameter interactions in the wild: identifying dialect groups

Before turning to the dialect locations and their geographical patterns, it is worth pointing out that the
CA-graphs discussed in section 4 already contain quite a bit of information regarding the way the three
parameters in (29) interact in the actual data. Consider again the basic CA-plot in Figure 2 (repeated
below as Figure 10).

Figure 10: Two-dimensional representation of the SAND verb cluster data

Notehowtheorders signallingapositive setting for InfL (SEE_MAY,MUST_SWIM_CAN,HAD_CALL_COULD,
IS_SWIM_GO, etc.) are situated in the lower left quadrant of the graph and thus diametrically opposed to
orders that signal a positive setting for PartL, which are all in the upper-right quadrant (CAN_CALL_HAD,
GO_SWIM_IS, TOLD_HAS, etc.). Given that distance on this graph signals differences in geographical
distribution, this means that orders signalling a positive value for InfL typically do not co-occur with or-
ders signalling a positive value for PartL, i.e. a positive setting for one of these parameters typically does
not co-occur with a positive setting for the other one. There are two further ways of driving home this
point, both of which involve color-coding the plot in Figure 10. The first picks up on a point that was left
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open in section 3.2, namely the fact that the SAND data was collected through two different question
methodologies: translation tasks and elicitation questions. While such a dual methodology is generally
not ideal, we can use it to our advantage here. Figure 11 contains the same graph as Figure 10, but color-
coded according to the question methodology that was used to obtain each cluster order.

Figure11: Two-dimensional representationof theSANDverbclusterdata, color-codedaccording toques-
tion methodology

As is clear from the legenda, I have split up the translation tasks into two subcategories, dependingon
whether or not the cluster order given in the answermatched the one in the (StandardDutch) question. It
is the contrast between these two subcategories Iwant to focusonhere. Notehowthematching (i.e. red)
orders aremostly located close to the origin of the graph. This shows that these orders did not contribute
substantially to the construction of the first two dimensions, i.e. they were not very instructive in finding
patterns in thedata set. It concerns orders that arewell-formed in largeportions of the languagearea and
thus do not help to distinguish the various subsystems. The non-matching (green) orders on the other
hand can be found at the extremes of the graph, both horizontally and vertically. These represent cases
where the informant used a different order in the dialect translation than was offered in the questions.
Their extreme position on the graph shows that such answers have been very important in constructing
the first two dimensions of the CA-analysis, and this again reinforces the contrast between a positive
setting for PartL and a positive setting for InfL: speakers who changed the 123-order of HAD_CAN_CALL
into a (PartL-compatible) 231-one (upper right quadrant) typically show no overlap with speakers who
changed that same cluster into a 312-order (CALL_HAD_COULD), with the infinitive fronted as a result of
a positive setting for InfL. Moreover, the fact that this order shows the same position on the y-axis as the
green orders IS_DIED and HAVE_CALLED (both of which present strong evidence for a negative setting
for PartL) further corroborates the conclusion that a positive setting for InfL typically goes together with
a negative setting for PartL.26

26As a side-note, it is worth observing that elicitation questions occur all over the graph in Figure 11, perhaps suggesting that in
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The second way to illustrate this point is by color-coding the plot according to the analysis outlined
in (29) in the previous subsection. Consider in this respect Figure 12.

Figure 12: Two-dimensional representation of the SAND verb cluster data, color-coded according to the
analysis in (29)

For this plot I have encoded the 28 cluster orders in terms of a single four-valued parameter summing
upmy analysis: one representing the ‘descending’-setting for AscDesc, and three for the setting ‘ascend-
ing’, dependingonwhether PartL or InfL is set to ‘positive’, or neither of the two is. Note how this variable
not only provides a very good match for the data—it has η2-values of 0.847 and 0.419 for dimensions 1
and 2 respectively—it also shows how the four dialect types or parameter combinations neatly divvy up
the variation space: each quadrant in the graph is clearly dominated by a single color.

Summing up, of the five dialect types predicted to exist by my analysis, only four are attested: there
are no dialects with a positive setting for both PartL and InfL. Before turning to the actual geographical
patterns, it is worth speculating why this might be the case. Note that under Barbiers et al. (2016a)’s ac-
count, this finding is unexpected, in that there is no obvious reason why the adjectivization of participles
should be a blocking factor for the nominal use of infinitives or vice versa.27 Under an account whereby
both PartL and InfL are the result of movement, however, the lack of a double positive setting could
be due to there being a single movement trigger available, the featural composition of which could be
such that it attracts either participles or infinitives, but not both. While this account obviously needs to be
workedout further, it does look like theabsenceof adialectwith theparameter setting [Asc/+PartL/+InfL]
constitutes a problem for Barbiers et al. (2016a)’s account.

general this type of questioning is more reliable.
27One possible explanation under BBD’s account could be that setting both PartL and InfL to ‘positive’ could create a learnabil-

ity issue: given that two-verb clusters vastly outnumber three-verb clusters in actual use (by a factor of 10 to 1, cf. Augustinus
(2015:127)) a child acquiring such a dialect would find an overwhelming majority of strictly descending orders in her input, and
might deduce from this that AscDesc should be set to ‘descending’.
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Let us now turn to the actual dialect locations. In so doingwe canmake use of a feature of Correspon-
dence Analysis left undiscussed so far. CA is an inherently symmetric procedure (see Greenacre (2007)
for general discussion): on the one hand, it calculates the similarities between rows (here: cluster orders)
based on their column profiles (their geographical distribution), but at the same time it also calculates
column similarity (i.e. geographical patterns) based on row profiles (i.e. based on which cluster orders
the various dialects have in common). This means that parallel to the plot in Figure 10, which lists clus-
ter orders based on the degree to which they (co-)occur, we can also plot dialect locations, based on the
number of cluster orders they have in common. This is show in Figure 13.

Figure 13: Two-dimensional representation of the SAND locations

When two locations are close together in this graph, they typically display the same cluster orders,
while if they are far apart, they generally do not share many cluster orders. Moreover, the dimensions
along which the locations are ordered are the same as the ones found in the verb cluster plots. This
means that dialects located in the upper right quadrant have the parameter setting [Asc,+PartL,–InfL],
while those on the extreme left are the [Desc]-dialects, etc. In order to make this subdivision into dialect
groupsmoreexplicit andmore concrete, I haveappliedahierarchical clusteringalgorithmto theoutputof
the CA-analysis.28 I start out with a subdivision into six clusters, in order to then zoom out to the broader
patterns. The graph in Figure 14 illustrates those six clusters

28I have used the HCPC-function of the R-package FactoMineR to carry out this analysis, cf. Husson et al. (2014).
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Figure 14: Two-dimensional representation of the SAND locations, color-coded based on a hierarchical
cluster analysis

Note how this graph represents the same basic quadripartition as the one in Figure 12 above: the
black cluster occupies the upper-right quadrant, the red cluster the lower-right quadrant, the blue cluster
is dominant in the lower-left portion of the graph, and purple dominates on the upper far left. In addi-
tion, there are two minority patterns: light blue seems to form a transition between purple and blue,
while green appears to be a more extreme version of red along the y-axis (most likely as a result of a
non-matching answer to the translation task HAVE_CALLED, see Figure 11 and surrounding discussion
above).29 What I propose then, is to reduce this variation to four dialect groups: one representing clus-
ters 5 and 6 (purple and light blue), one representing cluster 4 (blue), one representing clusters 2 and 3
(green and red), and one representing cluster 1 (black). In addition, I assign to these groups the parame-
ter settings plotted in Figure 12. When we reproject this information back onto a geographical map, the
picture that emerges is the one in Figure 15.

29Arguably, this does not apply to the two green points on the left-hand side of the graph, Visvliet and Spijkerboor. At present, I
have no account for their diverging position.
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Figure 15: Four dialect groups based on the analysis in (29)

This map shows that the Dutch-speaking part of Belgium and France largely has the parameter set-
ting [Asc/+PartL/–InfL], while the center of the Netherlands has a negative setting for both PartL and
InfL. Along the eastern border and in the contact area with Frisia, the setting of InfL changes to posi-
tive, and finally, Frisia and parts of Groningen and North Holland have the ‘descending’ option for the
AscDesc-parameter.

This concludes my analysis of word order variation in Dutch verb clusters. Recall that I started out
from the question if—and if so, to what extent—the extensive variation found in this empirical domain
(137 different dialect types) is due to the grammatical system. Based on a combination of quantitative-
statistical techniques and theoretical analysis, I have argued that roughly half of the variation found in the
data set is due to an analysis such as the one sketched in (29). This has yielded the parameter settings
plotted in Figure 12and the four dialect groups shown inFigure 15. Anydivergences fromthis quadriparti-
tion, i.e. anyordersother than thepredictedones listed inTable8,must thenbedue toextra-grammatical
factors such as dialect contact, influence from the standard language, etc.
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6 Conclusion

This paper is situated at the intersection of quantitative and qualitative linguistics. It uses quantitative-
statistical methods to further our theoretical understanding of variation in verb cluster ordering in Dutch
dialects. In sodoing, it harnasses and combines the strenghts of bothapproaches: quantitative linguistics
has sophisticatedmeans of dealingwith large and highly varied data sets, while hypotheses and analyses
from qualitative linguistics can be used to guide and narrow down the interpretation of the statistical
results. For the case at hand—verb clusters—I have shownhowthe 137dialect types thatweremanifested
in the raw data can be whittled down to the interaction between three grammatical parameters, yielding
four different dialect groups. The method thus allows one to make a detailed proposal about the amount
of variation that is due to the grammatical system itself and the portion that should be relegated to extra-
grammatical factors. More generally, I hope this paper illustrates the viability and mutual benefits of
an increased collaboration between formal-theoretical and quantitative-statistical linguists working on
language variation.
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Appendix: list of linguistic variables used in the analysis

BarBenDros.base123 Is the order compatible with an ascending linearization order?
BarBenDros.base321 Is the order compatible with a descending linearization order?
BarBenDros.adjpart Does the order involve an adjectival participle?
BarBenDros.nominf Does the order involve a nominalized infinitive?
BarBenDros.clustinterr Does the order involve clusterinterruption?
BARBENDROS The analysis of Barbiers et al. (2016a), i.e. a summary variable of the pre-

ceding 5 variables.
Haeg.Riems.branch.nonbranch Is the node undergoing inversion branching or non-branching?
HaegRiems.3left Does the order involve leftward displacement of V3 (as discussed in

Wurmbrand (2016))?
HaegRiems.base.order Does the order represent a base-generated one?
HaegRiems.inversion.aux Does the order involve inversion of the complement of an auxiliary?
HaegRiems.inversion.modal Does the order involve inversion of the complement of a modal?
HAEG.RIEMS The analysis of Haegeman and van Riemsdijk (1986), i.e. a summary vari-

able of the preceding 5 variables.
SchmiVo.MAPch Do complements precede their heads?
SchmiVo.MAPhc Do heads precede their complements?
SchmiVo.MAPlrV Is the extended projection of V linearized in an ascending fashion?
SchmiVo.MAPlrVfunc Do auxiliary verbs precede their verbal complement?
SCHMID.VOGEL The analysis of Schmid and Vogel (2004), i.e. a summary variable of the

preceding 4 variables.
Barbiers.base.generation Does the order represent a base-generated one?
Barbiers.feature.checking.failure Does the order represent a feature-checking violation?
Barbiers.spec.pied.piping Does the derivation of the order involve pied-piping via the specifier?
BARBIERS The analysis of Barbiers (2005), i.e. a summary variable of the preceding

3 variables.
BarBen.adjpart Does the order involve an adjectival participle?
BarBen.base.order Does the order represent a base-generated one?
BarBen.nominf Does the order involve a nominalized infinitive?
BarBen.VPR Does the order involve Verb Projection Raising/cluster interruption?
BARBIERS.BENNIS The analysis of Barbiers and Bennis (2010), i.e. a summary variable of the

preceding 4 variables.
Bader.AuxMod Do auxiliaries precede modals they c-command?
Bader.base.order Does the order represent a base-generated one?
Bader.VMod Do modals precede their verbal complement?
BADER The analysis of Bader (2012), i.e. a summary variable of the preceding 3

variables.
Abels.base.order Does the order represent a base-generated one?
Abels.high.order Does the verbal head precede its complement at the highest node in the

cluster?
Abels.low.order Does the verbal head precede its complement at the lowest node in the

cluster?
Abels.prosody Does theorder represent amisalignmentbetween syntactic structureand

prosodic structure?
ABELS The analysis of Abels (2016), i.e. a summary variable of the preceding 4

variables.
HIniHmvt.2LeftAdjoinTo1 Does V2 left-adjoin to V1?
HIniHmvt.3LeftAdjoinTo1 Does V3 left-adjoin to V1?
HIniHmvt.3LeftAdjoinTo2 Does V3 left-adjoin to V2?
HIniHmvt.base.order Does the order represent a base-generated one?
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HEADINITIAL.HEADMVT A head-initial head movement analysis, i.e. a summary variable of the
preceding 4 variables.

HFinHmvt.2RightAdjoinTo1 Does V2 right-adjoin to V1?
HFinHmvt.3LeftAdjoinTo2 Does V3 left-adjoin to V2?
HFinHmvt.3RightAdjoinTo2 Does V2 right-adjoin to V1?
HFinHmvt.base.order Does the order represent a base-generated one?
HEADFINAL.HEADMVT A head-final head movement analysis, i.e. a summary variable of the pre-

ceding 4 variables.
HIniXPmvt.base.order Does the order represent a base-generated one?
HIniXPmvt.VP2toVP1 Does the order involve movement of VP2 to VP1?
HIniXPmvt.VP3toVP1 Does the order involve movement of VP3 to VP1?
HIniXPmvt.VP3toVP2 Does the order involve movement of VP3 to VP2?
HEADINITIAL.XPMVT A head-initial XP-movement analysis, i.e. a summary variable of the pre-

ceding 4 variables.
HFinXPmvt.base.order Does the order represent a base-generated one?
HFinXPmvt.VP2toVP1 Does the order involve movement of VP2 to VP1?
HFinXPmvt.VP3evacuation Does the order involve movement of VP3 to the left of the cluster?
HFinXPmvt.VP3toVP2 Does the order involve movement of VP3 to VP2?
HEADFINAL.XPMVT A head-final XP-movement analysis, i.e. a summary variable of the pre-

ceding 4 variables.
Add.1vs2 Does V1 precede V2?
Add.1vs3 Does V1 precede V3?
Add.2vs3 Does V2 precede V3?
Add.ClusterOrder What is the cluster order (e.g. 12, 123, 312, …)?
Add.harmonic Is the cluster order harmonic (uniformly ascending or uniformly descend-

ing) or not?
Add.IPP Does the cluster order involve IPP?
Add.LightHeavyOrdering What morphological forms is the cluster made up of (infinitives, finite

verbs, participles)?
Add.PartPrecedes(IPP).Aux Do participles (including IPP-infinitives) precede their selecting auxiliary?
Add.Slope Is the cluster order ascending, descending, first ascending and then de-

scending (e.g. 132), or first descending and then ascending (e.g. 312)?
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