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Abstract. This empirical submission reports on two original methods
geared towards producing semantic annotations for the decompositional
marker again. The two methods are (i) expert annotation based on a
comprehensive set of guidelines and (ii) quality-controlled crowdsourcing
with ensuing evaluation on the basis of the expert annotation. We report
on a number of strategies for yielding a ‘crowd winner’ and present as the
most promising candidate KMeans clustering of annotation vectors which
are supplemented with corpus and annotational features. We report an
observed accuracy of 85.54% with Cohen’s κ at 0.73.
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1 Background and introduction

The goal of this empirical contribution is to present recent output generated
by a DFG-funded project concerned with the diachrony of decomposition. We
focus on the expert annotation of theoretically relevant ambiguities in readings
of historical data on decomposition [5, 6, 11–13]. We present relevant results of
expert annotation, and discuss two further methods for non-expert-based gener-
ation of semantic annotations in line with the project’s secondary goal of seeking
additional means of validating data annotated by linguists themselves (see also
[14], for a more detailed discussion of these methods). Decompositional adverbs
(e.g., again and its relatives in many languages) have received attention since
they are insightful in a number of respects: They have been the subject of com-
peting formal analyses (typically: structural vs. lexicalist). They also touch on
the representation of events, presuppositions, and more generally, the way the
structural and the meaning components of languages interface (cf. [22, 4, 24],
among others). Moreover, recent inquiries into diachronic formal semantics in-
dicate that diachronic data are also able to elucidate synchronic debates that
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could not be solved otherwise thus far (cf. e.g., [8] for a recent installment of
this idea). However, reliable diachronic data have remained a desideratum and
come with major practical issues due to their resource intensive process of ex-
traction, annotation, and stronger validation, as well as, when possible, partially
automatic amplification/replication.

The structure of this submission is as follows. In Section 2, we start off with
a brief introduction to the English adverb again and the ambiguity associated
with it before we discuss two approaches to closing the empirical gap in di-
achronic data. Here, we detail the procedure behind exhaustively annotating its
various readings with a team of expert annotators based on syntactically parsed
diachronic corpora of English. These corpora are the PPCME2 [17] covering the
Middle English (‘ME’) period, the PPCEME [15] and PPCMBE2 [16], covering
the Early and Late Modern Eng. periods, respectively (‘EModE,’ ‘LModE’). All
ca. 4,380 occurrences of again from these three corpora have received an ex-
haustive annotation. The first—and diachronically most recent—portion of this
semantic annotation, i.e., all 1,901 LModE data, is ready to be shared with the
community along with a Python-based alignment tool to merge our semantic
annotations with users’ own instances of the PPCMBE2. As such, the current
state of the output of our project constitutes an update next to recent reports
[14] and provides the diachronic overview in section 2, below. Crucially, while our
earlier report essentially contained the expert annotation for LModE (1700–1910
CE), we now additionally include the data from both EModE and ME (ca. 1150
CE onward). The second major part of this submission, Section 3, reports and
summarizes the findings of an ‘informed crowdsourcing’ experiment, which was
designed to explore crowd aptitude for providing nuanced semantic annotations
on diachronic data. Thus, the crowd workers had to work with natural language
data for which they did not have any native speaker intuitions whatsoever. We
evaluate the performance crowd annotators on the basis of our expert-provided
gold standard. Furthermore, we report on a number of strategies for eliciting
a ‘crowd winner’ and for enhancing these crowd-based annotations with corpus
features. We conclude with Section 4.

The natural language phenomenon at the core of all annotation (and classifi-
cation) tasks discussed here is the English adverb again and its well-documented
ambiguity. Consider the following example corpus data (1) and (2):

(1) The next year many of them will begin to flower; all the plants then
must be examined, and such as produce the largest flowers and have
good colors, should be planted in pots for stage flowers; but all the plain
flowers, that is, those which have but one color, should be planted in
borders among other low flowering plants; and those which are planted
in pots, should in the following year’s bloom be again examined, and
placed in pots or borders accordingly as they desire. (FALLOWFIELD-
1791-2,33.349)

(2) He hesitated, got up. [. . . ] and he sat down again; (AUSTEN-1815-2,169.633)
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The again in (1) has a repetitive reading (‘rep’): An event of the same kind (ex-
amining plants) is presupposed. The again in (2) is restitutive/counterdirectional
(‘res/ct ’), i.e., the again here does not (necessarily) presuppose a sitting-down
event by him but an event in the opposite direction, that is, the sitting-down
event restores a state that held at a time prior to reference time. The readings
in (1) and (2) are the most frequent ones in the data discussed here and in line
with the literature (cf. [11]). The data in (3) has a reading of again not available
anymore in Present Day English (PDE), the counterdirectional (= ‘counterdi-
rectional proper’) reading. The two main ideas here are (i) that an eventuality
in the opposite direction is presupposed and (ii) the ‘again-event’ does not fea-
sibly come with a result state. This kind of again can often be paraphrased with
‘back’. In (3), the knight loving the queen in return expresses a stative without
a result state. In other, similar uses such as responding to a letter (without ever
before having had any correspondence with the sender, i.e. the rep reading is
out), to write again does not conceivably bring about a result state (that held
at a prior point in time) but constitutes an action directed ‘back to where the
previous action came from’:

(3) quene
queen

Gwenyvere
Gwynevere

had
had

hym
him

in
in

grete
great

favoure
favor

aboven
above

all
all

other
other

knyghtis,
knighty

and
and

so
so

he
he

loved
loved

the
the

quene
queen

agayne
again

aboven
above

all
all

other
other

ladyes
ladies

‘... he returned the queen’s love ...’ (CMMALORY-M4,180.2394, 15th c.)

A fourth relevant reading of again are discourse-marker uses. Rather than oper-
ating on predicates, they have a discourse organizing function (‘dm,’ discourse
marker). Other smaller readings of again exist in the historical data but are not
reported here for the sake of brevity (labeled ‘other ’ in the discussion below).

Note, that with the somewhat impractical label ‘restitutive/counterdirectional’
(short ‘res/ct ’) we remain theory neutral. By convention, the terms ‘restitutive’
and ‘counterdirectional’ come with a commitment to either a structural analysis
(cf. [23, 22]) or a lexical analysis (cf. [10]), respectively. On the one hand, in-
cluding the separate label ‘counterdirectional (proper)’ (short ‘ctd ’; both in the
expert and crowd based annotations) has its merits in the observation that—
in data like (3)—again predicates encode counterdirectionality in absence of a
result state (cf. [6, 11] for a thorough discussion of the diachronic relevance of
ctd again and again’s origins as a preposition). On the other hand, for practical
reasons in the below (quantitative) discussion, the smaller class of ctd uses of
again will occasionally be subsumed under the larger class of res/ct agains. We
will be transparent as to the two strategies.
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2 Expert annotation of again and its various readings in
PPCMBE2

2.1 Method

Based on presupposition (PSP) satisfaction in the linguistic context, our anno-
tators (i) classified any use of again according to its reading, (ii) marked the
main verb of the again-predicate (‘target verb’; e.g. he *sat* down again in (2)),
and (iii) marked the main verb of the antecedent satisfying a relevant PSP (e.g.
he hesitated, _got_ up in (2)). Other categories were marked in absence of a verb
(e.g., *Rain* again [...] cf. RUSKIN-1882-2,3,1019.286). Contextual material
was still marked as antecedent—and additionally labeled with an ‘inference-tag’
(‘INF’)—if it ‘only’ allowed the inference of a relevant PSP but did not constitute
a perfect antecedent in a narrow sense. During the initial phase of the annota-
tional work (especially on the PPCMBE2 data) we fine-tuned our annotation
guidelines and our annotations in an iterative process as a team of annotators.
The resulting multi-page set of annotation guidelines has remained the basis for
further annotational work. On a global level, our guidelines needed to be general
enough to capture the various types of predicates again can operate on. On a
micro level, our annotation guidelines needed to be able to handle the intricacies
in the linguistic representation of event structure not only of again-events but
potential antecedent events. For instance, our guidelines considered proximity
between again-event and plausible antecedents as crucial. See (4) as an EModE
example (from Robert Boyle’s Experiments and considerations touching colours;
1664) where again operates on the predicate reduce to whiteness. At first glance,
on a repetitive reading, the relevant PSP would be satisfied in the context with
“the whole mixture will appear White” (marked with double slashes around the
main verb). On a counterdirectional reading, “the Whiteness will presently dis-
appear” is a viable antecedent. However, the material encoding the same coun-
terdirectional PSP, which is marked with double underscores, is closer to where
we find the again-event encoded. Therefore, on the one hand, this use of again
is to be classified as res/ct , and, on the other hand, the place containing the
relevant PSP closest to the again-predicate is annotated as antecedent.1

(4) [A]nd into a spoonfull or two thereof [filtered mix of ‘Fair Water’ and
‘Common Sublimate’], (put into a clean glass vessel,) shake about four
or five drops (according as you took more or less of this Solution) of
good limpid Spirits of Urine, and immediately the whole mixture will
//appear// White like Milk, to which mixture if you presently add a
convenient proportion of Rectifi’d (Aqua Fortis) (for the number of drops
is hard to determine, because of the Differing Strength of the liquor,

1 As an anonymous reviewer points out, the repetitive reading would be favored from
a Present Day English perspective which has preverbal again trigger an obligatorily
repetitive interpretation. Precisely in order to remain consistent in face of diachron-
ically varying word order facts, we rely on annotation guidelines independent from
precedence and other structural considerations (cf. e.g. [10]).
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but easily found by trial) the Whiteness will presently //disappear//,
and the whole mixture _become_ Transparent, which you may, if you
please, again *reduce* to a good degree of Whiteness (though inferiour
to the first) onely by a more copious affusion of fresh Spirit of Urine.
(BOYLECOL-E3-P1,134.11)

As an example in the same vein, but with the twist that mere discursive proxim-
ity is not enough to reliably identify antecedents and to disambiguate, consider
(5), from George Adams’ Essays on the microscope (1787). At first glance, the
material marked with double slashes seems to satisfy a repetitive PSP, thus,
making for a putative antecedent. A closer look reveals that the parting-event
(marked with double underscores) is the proper antecedent event to the again-
event (in bold) satisfying a restitutive/counterdirectional PSP:

(5) The filaments of a cortical vessel are to be looked on (agreeable to what
we have already observed) as so many little bundles placed near together,
and at first growing parallel to each other; but soon quitting this direction,
the filaments of one fascicle _parting_ from that to which they originally
belonged, and inclining more or less obliquely towards another, sometimes
//uniting// with it, at others bending backwards, and *uniting* again
with that from which it proceeded, or with some one that it meets with.
(ADAMS-1787-2,663.157)

Every single use of again received two independent annotations by trained an-
notators. Disagreements after the first round of annotations were cleared up by
repeated reviews and finally consolidated by either a third annotator or by a
team consensus. In later phases, particularly for EModE and ME data, disagree-
ments were reconciled with a third and sometimes fourth annotator review.

2.2 Results

Based on our expert annotations, we get the diachronic picture in Table 1 and
Figure 1 for the time span from ca. 1150 CE to 1910 CE. These two simpli-
fied graphs represent a set of 4,377 uses of again: 945 from PPCME2, 1,532
from PPCEME, and 1,900 from PPCMBE2. Recall that the corpora represent
the ME, EModE, and LModE periods respectively. They are further subdivided
(M1 being the first ME subperiod, E1 the first EModE one, etc.). The charts
show the relative frequencies of the two major readings ‘repetitive’ (rep) and
‘restitutive/counter-directional’ (res/ct)—with ctd included in res/ct . Note fur-
ther, all other uses of again, i.e. unresolvable ambiguous uses, discourse marker
uses, etc. are subsumed under the label other , cf. Figure 1 and Table 1. More-
over, Table 1 shows the frequency of adverbial again throughout the corpus data
along with the number of available agains respectively. In particular, the overall
decrease of res/ct readings and increase of rep readings clarifies and certifies pre-
vious accounts on the diachronic development of again [5, 6, 11], which had been
done on disparate corpora (i) solely based on correspondence and (ii) lacking the
18th century (currently the most general unified corpora are used, from which
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Table 1 are examples). In the next section, this expert annotation will serve as
the gold standard for evaluation of crowdsourced data.

subperiod major readings (%) freq. again
rep res/ct other # %

M1 (1150-1250 CE) 15.8 78.9 5.3 57 0.023
M2 (1250-1350 CE) 9.3 85.2 5.6 54 0.037
M3 (1350-1420 CE) 12.6 84.9 2.5 484 0.099
M4 (1420-1500 CE) 17.4 81.7 0.9 350 0.133
E1 (1500-1569 CE) 31.2 62.2 6.7 526 0.088
E2 (1570-1639 CE) 41.9 46.8 11.3 613 0.103
E3 (1640-1720 CE) 40.7 54.2 5.1 393 0.073
L1 (1700-1769 CE) 50.8 43.6 5.6 486 0.060
L2 (1770-1839 CE) 59.0 33.8 7.2 639 0.070
L3 (1840-1910 CE) 62.6 24.9 12.5 775 0.076

Table 1: Frequency of again & its major readings, 1050–1910 CE

Fig. 1: Relative frequencies of major readings

3 Informed Crowdsourcing pilot

In this section, we report on an ‘informed crowdsourcing’ experiment. We are
exploring the potential of crowdsourcing for the creation of semantic annotations
for diachronic data. Note, that we remain committed to providing state-of-the-
art expert annotations with our team of trained annotators (cf. Section 2). How-
ever, the amount of resources required for producing a reliable gold standard is
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a considerable motivator for exploring other avenues for creating semantic anno-
tations for diachronic data. In this pilot, we evaluate annotations sourced from
an ‘informed crowd’ on the basis of our own gold standard annotations. In order
to facilitate this comparison (i.e. calculate accuracies), we rely on three different
modes for coercing a crowd decision: majority vote, quality-scores-adjusted votes
(cf. e.g., [3]), and KMeans clustering [20]. Section 3.2 will introduce the recruit-
ment of our crowd workers and detail what we mean by ‘informed crowd’. We
will touch on data distribution and data return, and end on a general overview
of the annotations we were able to elicit. In section 3.3, we will start off with a
note on data processing before moving on to assessing the agreement between
crowdsourcing (CS) annotations and gold standard (GS) annotations. We will
discuss our findings and conclude in section 3.3.

In this section we introduce and discuss the annotation task our crowd of
workers had to perform. We pay special attention to the challenges in this pilot
study, which potentially make this application of crowdsourcing stand out next
to other NLP tasks performed by a crowd. In broad terms, the annotation task
was to identify uses of again according to the ambiguities introduced above
(Section 1). The data was provided to the crowd workers in spreadsheet files,
with various meta data (corpus ID, date of compositions, etc.) and dedicated,
empty columns to be used by the annotators. In more detail and in condensed
form, the task instructions included:

– Classify all uses of again according to their readings. In the column “reading,”
use the labels rep, res/ct , ctd , and other (i.e. crowd workers were instructed
to pay attention to the res/ct-vs-ctd distinction mentioned in Section 1).

– Annotate the place in the context that helped disambiguate between possible
readings: Mark finite verb of clause containing antecedent with a pair of
underscores (“_verb_”); if there is no finite verb, pick next best word, i.e.
any one-word item in a clause/fragment allowing the inference that one PSP
over another, competing PSP is satisfied in the context.

– In the separate column names “reasoning,” briefly explain your reasoning as
to why a particular decision was made.

– In the column “ant,” indicate whether an antecedent was found; ‘yes’/‘no’.
– Try to avoid ambiguities. If, however, based on PSP satisfaction and histori-

cal context/world knowledge etc. an ambiguity cannot be resolved, separate
the relevant labels with a comma (e.g. “rep, ctd ”).

The crowd workers were provided with a one-page sheet of annotation guide-
lines describing the relevant readings of the again and the above bullet points
included in their task (which stands in stark contrast to the multi-page document
that was created to establish an expert-annotated gold standard). The goal was
to keep the effort and time spent on preparing for the core task to a minimum as
crowd workers cannot be assumed to absorb lengthy manuals (cf. [2]). Notice the
apparent redundancy in marking antecedents and, additionally, noting whether
an antecedent was found. Our motivation here was to elicit definitive and con-
scious responses for the entire width of the spectrum of contextual evidence
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(rather than having to guess whether a worker forgot to mark an antecedent,
whether they did not find any, or they did not look [far enough] in the first
place). Another reason to include a binary response as to the availability of an
antecedent and its marking in the context was that the distance between again
and its antecedent is potentially unbounded2.

3.1 Diachronic data

Data for this crowdsourcing pilot were sourced from the PPCEME [15]
and the PPCMBE [16]. Out of these two corpora, we picked corpus texts based
on the following criteria: (i) For each of the 17th, 18th, and 19th centuries we
selected about 100(+) uses of again. (ii) We prioritized the most abundant corpus
texts (with respect to absolute frequency of again). (iii) We excluded biblical
corpus texts since they tend to be more conservative and we wanted our crowd
workers to face data representative of its period(s). Regarding (ii), we tried to
keep worker fatigue to a minimum and, thus, wanted to avoid workers having to
familiarize themselves with new texts/contexts over the course of the study too
many times. This resulted in:

17th cent: 112 agains
18th cent: 102 agains
19th cent: 114 agains

328 agains

As introduced above in section 2, as a gold standard for evaluating the crowd-
sourcing data, all 328 agains were annotated by our team of expert annotators
(two annotations minimum with consecutive reviews of disagreements).

To sum up, there are a number of factors that make this pilot study stand
out: First, the classification task based on PSP satisfaction often required our
workers to read long stretches of context in order to complete their task. Second,
we served diachronic language data rather than present-day language data to the
crowd workers. As a consequence, on the one hand, not all the relevant readings
are covered by the grammars of native speakers of present-day English. On the
other hand—and more importantly—not all the relevant readings are covered by
the grammars of native speakers of present-day German (in the adverb wieder,
with a similar repetitive/restitutive ambiguity), who made up the majority
of our crowd workers.

2 On occasion, external sources needed to be consulted for creating the gold standard.
For instance, if a particular context was on historical events such as e.g. enduring
armed conflict between two entities and the corpus text at hand did not disambiguate
between competing readings, external sources were consulted in order to supplement
the primary context.
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3.2 Informed crowdsourcing

In this section, we will introduce the specifics of our ‘informed crowdsourcing’
approach. We will start off with crowd recruitment with special attention to
the characteristics of our crowd workers. We then continue with details on data
handling, and data set design before closing with a brief outline of the elicited
data.

Crowd recruitment: The crowdsourced annotations were collected over the
course of two semesters at the English Department at Saarland University. The
crowd workers were recruited as participants of two lectures (a history-of-English
lecture in winter term 2021/22 and a contrasting-grammars lecture in summer
term 2022). Some students participated in both lectures/semesters. In the con-
text of the lectures, the annotations were referred to as ‘empirical tasks’ (in con-
trast to the ‘summary tasks’ geared towards the respective lecture’s contents).
Each student had to perform and submit a minimum of three sets of annotations
over the course of a semester as part of their minimum grading requirement. At
the start of each term, an introductory session laid out the basic plan for the
semester ahead along with a brief introduction to the annotation component.

We characterize our crowd workers as ‘informed crowd’ because, while the
workers were not mere speakers of English providing intuitions, they were not
fully-trained as expert annotators either. As students enrolled in an English pro-
gram, our workers’ depths of formal commitment to linguistics is varied. To a
large degree, their backgrounds include teachers in training, which means that
English is one out of at least two subjects. In other cases, their English studies
include a strong emphasis on literary and cultural studies. In next to none of
the cases were the crowd workers formally trained experts. Judging from partic-
ipants’ place of birth—83.6%3 were born in Germany—they are overwhelmingly
native speakers of German.

As far as training and preparation are concerned, in addition to the annota-
tion guidelines, we offered a weekly tutorial dedicated to the annotation/empirical
tasks. For both semesters of this tutorial, we did a ‘practice round’ of annotations
on a curated set of data before we sent out proper data sets. In response to the
results of the practice data, we provided another one-page sheet with generalized
feedback. From there on out, in the context of the weekly tutorial meetings, we
offered synchronous guided annotation sessions based on the practice data.

Data distribution and collection: Data sets were rolled out on a weekly
basis to all students registered for the lecture(s). As a means of distribution of
the single personalized data sets, we chose email. The goal was to keep the pos-
sibility of cooperation and coordination among peers to a minimum. Submission
was handled via Microsoft Teams (central component of a MS software suite
Saarland University is relying on for its digital environment). Only those sub-
missions that matched the allocated data sets were accepted. Grading was based
3 That is, out of the 128 participants who submitted annotations for this pilot study.
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on formal criteria of the annotations, i.e. the degree of detail and consistency
to which workers followed the annotation guidelines (grading was not based on
the ‘correctness’ of the annotations/decisions involved in the annotations in any
form).

Data sets: A single personalized data set included five uses of again pseudo-
randomly picked from our larger pool of data. For each student(/crowd worker),
a continuous record of previously assigned uses of again—identified with unit-
IDs—progressively informed and limited the choice of data to be drawn from for
the remainder of the two semesters. Weekly data sets were compiled as spread-
sheet files (with one use of again per row). Aside from various meta- and corpus-
related information, the spreadsheet table had (empty) columns for the required
annotation. In addition to a column with the sentences containing the respective
agains, there was a column labeled ‘context’ for each use of again, containing the
ten sentences (=‘corpus tokens’) preceding the again-sentence. The corpus texts
that were used for this crowdsourcing project were accessible to all students in a
(download-only) folder on MS Teams. The students were asked to rely on those
files, should the amount of context provided in the spreadsheet files not suffice
and to copy and paste the relevant antecedent sentence(s) into the spreadsheet
file (with the corresponding IDs) in order to perform the annotations.

Elicited data: We received 3,319 valid annotations (i.e. one of the above labels
or a comma-separated combination thereof) from 128 different workers.4 The
diachronic distribution of these 3,319 data points is as follows:

17th cent: 1,086 data points
18th cent: 969 data points
19th cent: 1,264 data points

3,319 data points

3.3 Evaluation

We will begin this section with a general discussion of data processing and a brief
overview of the crowdsourced annotation data. We then move on to introduce a
4 If we split combined labels (due to perceived ambiguities) into separate labels (ex-

clusively either rep, res/ct , ctd , or other), we end up with 3,425 data points. This
approach allows for (i) slightly higher accuracy and agreement ratings (cf. section
3.3), and (ii) a more immediate vector representation of ambiguity if we consider
the four basic classes as definitive dimensions in a vector space (cf. 3.3). However,
in a use case such as tracking semantic change (which is the ultimate goal here),
ambiguities in diachronic data—based on linguistic evidence—need to be able to
come out as the e.g. ‘winning annotation/final decision’ in a majority vote rather
than as diverging dimensions of identical magnitude.
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number of approaches to deciding on ‘crowd winners’ among potentially diver-
gent crowd annotations. For each approach we will provide the observed accuracy
and, where applicable, Cohen’s Kappa for overall inter-annotator agreement, as
well as agreement by subperiods and by GS-readings [7].5

Data processing: For all approaches, the point of departure in terms of data
processing constituted turning the unique levels of the factor (crowd-worker-
provided) ‘reading’ into vector dimensions with a one-hot encoding on the
worker provided label. For a toy example of this conversion, consider Table 2
(pre-) and Table 3 (post-conversion; both page 12)6. Note, that in the following
discussion, we excluded a small number agains that were annotated as ambigu-
ous as per our gold standard, resulting in 325 agains. We also excluded data that
the crowd workers labeled as ambiguous, reducing our initial 3,319 data points
to 3,180. Moreover, this evaluation of our informed crowdsourcing is based on
subsuming all ctd readings under the res/ct label. As above, the major readings
(and corresponding labels) are rep, res/ct , and other—the latter containing all
discourse related uses of again.

We will refer to the one-hot encoded data in the rows in Table 3 as ‘data
point vectors’ (dp_vec for short) and to vectors that combine all available data
point vectors for one use of again as ‘unit vectors’ (u_vec for short). Consider
Table 4 for a toy example that combines the sums of data point vectors from
above into the unit vector u1 (along with another toy unit vector u2).

Turning back to our crowd data, for visualization, we can fit our raw unit
vectors into a principal component analysis (PCA) [20], see Figure 2, where the
bottom graph shows the principal components (PC) 1 and 2 (on axes x and y
respectively) and the top shows PC 3 on the vertical, as-it-were z-axis (along
with PC 1 on x). Note, that these three principal components account for 96.4%
of the variance in the annotation data. The hues in Figure 2 correspond to
gold standard readings. Only the main readings appear in the legend. However,

5 Cohen’s Kappa is a statistic for agreement between raters that accounts for chance
agreement. The maximum value, indicating complete agreement, is 1.0, while κ = 0
indicates no agreement—other than chance agreement. As far the ranges of Kappa
achieved in this study are concerned, 0.68 ≤ κ < 0.8 allow “tentative conclusions,”
while κ > 0.8 indicates good reliability [21]. Cohen suggests 0.61–0.8 as a range
for “substantial” agreement [18]. In a (2012) discussion contrasting the percentage
and Kappa statistics, McHugh concludes that while Kappa is useful, as it accounts
for guessing, one might favor the percentage statistic in contexts with relatively
well-trained annotators, and suggests, when in doubt, provide both statistics. In our
study, we use the κ-statistic to compare a gold standard to crowdsourced annota-
tions. For a gold standard—while not infallible—guessing is not an option. As far as
our crowd workers are concerned, they did receive training and did not act as naïve
native speakers. Thus, we are inclined to favor observed accuracy in percentages over
the κ. Moreover, since κ is calculated globally, i.e. over all labels, and we are also
interested in respective accuracies of our labels, we have to rely on the percentage
statistic.

6 ‘d.p.’ is short for ‘data point’.
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d.p. factor unit ...
dp_1 lev_1 u1 ...
dp_2 lev_1 u1 ...
dp_3 lev_2 u1 ...
dp_4 lev_3 u1 ...

... ... ... ...

Table 2: Annotations as levels

d.p. lev_1 lev_2 lev_3 unit ...
dp_1 1 0 0 u1 ...
dp_2 1 0 0 u1 ...
dp_3 0 1 0 u1 ...
dp_4 0 0 1 u1 ...

... ... ... ... ... ...

Table 3: Annotations as one-hot vectors

(d.p.) lev_1 lev_2 lev_3 unit ...
(1–4) 2 1 1 u1 ...
(5–8) 1 2 1 u2 ...

... ... ... ... ... ...

Table 4: Unit vectors as total of 1-hot vec.s
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ambiguous data are represented in the chart (shaded in gray). Note, that in
the discussion below, we subsume all ctd readings under the wider label res/ct .
Further, we do not include two uses of again that were classified as ambiguous
in our expert annotation. Consequentially, the same data are excluded from the
crowdsourcing data for the purposes of the current discussion. Therefore, our CS
dataset is reduced to 3,214 observations (instead of 3,319).

Fig. 2: PCs1–3, ‘raw’ unit vectors

1. Majority vote: With the majority vote approach, the maximum value of a
reading per unit vector will decide the ‘winning crowd label,’ e.g. in Table 4 this
would be ‘lev_2’ for u_vec ‘u1’. In order to avoid ties between two (or more)
crowd classifications, we established a tie breaker system: Every data point vector
was adjusted for meta-features of the respective data point. These features were
ranked according to perceived relevance for providing reliable judgments and
combined into a tie-breakerdp score; cf. below list for details. Note, that due to the
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ranking associated with each feature, higher rank features take precedence over
lower rank features. As an example, if Experiencedp comes to break a tie, then
none of the lower ranking features have any bearing. Similarly, if Experiencedp
is insufficient to break a tie but Average evaluationdp does, then Semester
progressdp and Motivationdp have no bearing. Finally, Motivationdp will only
break a tie if all higher ranking features are identical for a data point. The tie
breaker system is relevant for 18 out of 325 uses of again. For remaining 307
uses of again (i.e. 94.5%), the bare counts suffice to yield a winner. Based on
this relatively simple approach, we achieve an overall accuracy of 83.38% (with
Cohen’s Kappa at κ=0.69).

1. Experiencedp stands for the experience the worker had when providing the
data point at hand, i.e. the number of complete data sets the worker had
submitted prior to providing a data point (ranging from 0 to 11; dp_vec
adjusted by 10-3).

2. Average evaluationdp stands for the average evaluation (i.e. the point sys-
tem for grading purposes) a student received for the submission of the data
set that the data point originates from (from 0.0 to 1.0; dp_vec adj. by
10-6). The point system is based on formal criteria rather than a gold stan-
dard bases notion of correctness,

3. Semester progressdp stands for how far into the semester (i.e. ordinal num-
ber of weekly roll-outs) the data point was produced (from 1 to 12; 10-9).
This is distinct from experience since any student i might have submit-
ted their first dataset in week 1, while a difference student j might have
submitted their first data set in week 10. In such a scenario, data points
from those respective first data sets by students i and j have the same
Experiencedp score, but different Semester progressdp scores (1 for i and
10 for j ). The underlying intuition is that a student who has been part of a
lecture—regardless of the intensity of their engagement—is better informed
than a student at the beginning of the same lecture.

4. Motivationdp gives the total number of data sets the worker submitted in
total (from 2 to 12; 10-12). The underlying intuition here is the hypothesis
that motivated students produce more reliable annotations.

17th c. 18th c. 19th c. all
N % N % N % N %

rep 51 90.20 58 84.48 72 88.89 181 87.85
res/ct 59 71.19 38 78.95 30 90.00 127 77.95
other 2 50.00 5 80.00 10 80.00 17 76.47
all 112 79.46 101 82.18 112 88.39 325 83.38
C’s κ 0.61 0.67 0.77 0.69

Table 5: %-acc. CS data w/ KMeans) for gold-std. classes
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Table 5 provides a detailed overview. The major points here are: The crowd
performs relatively well on rep-agains (as per our gold standard), while the crowd
workers had difficulties with historically older res/ct-agains. On a more general
level, overall accuracies are consistently lower for historically older data (79.46%
for 17thc. data vs 88.39% for 19thc. data), which matches our initial intuitions
since the grammars that generated the 17th-cent. data are expected to be more
alien to present-day speakers of (L2) English.

2. Adjusting annotations with quality metrics: Drawing on the “CrowdTruth”
approach proposed by Aroyo & Welty in [1–3], we adjusted our vectors based
on so-called unit quality scores (UQS) and worker quality scores (WQS), the
latter being the product of worker-worker-agreement (WWA) and worker-unit-
agreement (WUA). While [9] compute these scores iteratively (until convergence,
i.e. until a minimum variation between iterations is achieved), we discuss a more
linear approach here. What all quality metrics discussed here have in common is
that similarity is conceived of as the (positive range of) cosine similarity between
vectors.

Unit quality score (UQS): Unit quality score is computed for each unit (= use
of again). We calculated it as the average of all pairwise cosine similarities for
every worker i and all other workers j that worked on this unit, s.t. i ̸= j. In
other words, for each use of again we are getting the average cosine similarity
(cos_sim) for all possible workers i and j pairings:

UQS(u) =
1

ninj

∑
i,j,i ̸=j

ww_cs(i, j, u), where

ww_cs(i, j, u) = cos_sim(dp_veci,u, dp_vecj,u)

Worker unit agreement (WUA): WUA is computed for each worker i. For each
unit u that worker i worked on, we have a ‘data point vector for u by i ’
(dp_veci,u for short). WUA(i) is the average cosine similarity between dp_veci,u
and the relevant unit vector u_vecu (minus dp_veci,u). In line with [9], we
weighted this score with the relevant UQS(u) (cf. Section 3.3). The idea here is
to not ‘punish’ workers for the work they did on controversial or difficult uses of
again.

WUA(i) =

∑
u∈units(i) wu_cs(u, i) ∗ UQS(u)∑

u∈units(i) UQS(u)
,

where wu_cs(u, i) = cos_sim(dp_veci,u,

u_vecu − dp_veci,u)

Worker worker agreement (WWA): WWA is computed for each worker i. Thus,
for each i and for each u that i worked on, we get the dp_veci,u and calculate
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the pairwise cosine similarities between it and all the dp_vecj,u from all other
workers that worked on u7:

WWA(i) =

∑
j,u ww_cs(i, j, u) ∗ UQS(u)∑

j,u UQS(u)
,

∀u ∈ units(i), j ∈ u, i ̸= j.

The product of WUA and WWA form the worker quality score (WQS):

WQS(i) = WUA(i) ∗WWA(i)

Having computed the above quality metrics (i.e. ‘CrowdTruth’ metrics in
Aroyo & Welty’s and Dumitrache et al.’s terms), we can adjust the one-hot data
point vectors for both UQS and WQS. Adding these up into unit vectors and
picking the maximum (i.e. strongest dimension) as the ‘crowd-sourcing’ winner,
we get a slightly improved overall accuracy of 84.0% (κ=0.7).

3. KMeans clustering: This approach entailed unsupervised classification of
our crowdsourcing data based on ‘KMeans clustering’ [20]. We again relied on
the above quality metrics (section 3.3) derived from the CrowdTruth literature
in combination with KMeans clustering. Further, we normalized our 325 quality-
metrics adjusted unit vectors in order to facilitate a clustering of our data.

KMeans clustering iteratively optimizes the mean distances of all data points
to a K-number of ‘centroids’. The ‘K’ is a hyper-parameter to be determined with
the ‘within-cluster-sum-of-squares’ heuristic (WCSS, ‘elbow method’). The idea
here is to test for the reduction of the sum of squares (of distances to the cen-
troids) as the number of clusters increases, cf. Figure 3 where—in our case—the
gains in reduction of sum of squares (SS) start leveling out with three clus-
ters.8 Allowing our data points to be sorted into three clusters, we can calculate
accuracy values by assuming the most frequently represented (i.e. modal) gold
standard label in each cluster as the canonical class of the cluster.

This approach raises the overall accuracy of the crowdsourcing data to 84.31%
(κ=0.71). For all subperiods, accuracies are above 80%: 1700s, 82.14%; 1800s,
83.33%; and 1900s, 85.09%.

4. Enhancing crowd-based annotations with corpus features: From pre-
vious evaluations of a Naïve Bayes (NB) classifier of the expert annotations, we
conclude that a relatively small set of features can result in respectable accu-
racies in classifying diachronic uses of again [14]. Drawing on those NB-based
evaluations, we rely on a number of features from the corpus data and enhance
the crowd-sourced data. The corpus features we used for this approach are (i)
word forms (uni-grams) in the clause of the again-predicate (as delimited in the
7 units(i)—the set of all units that i worked on;

worker(u)—the set of all workers that worked on u.
8 The SS is maximal for K=1 and 0 for K=number of data points.
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Fig. 3: Within Cluster Variation by K’s

syntactic parse of the PPCHE corpora), (ii) Present-Day-English lemma, (iii)
century, and (iv) ‘result structures’. The last feature, ‘result structures’, amounts
to a one-hot encoding of the presence (or absence) of two objects (one direct
and one indirect, labeled ‘NP-OB1’ and ‘NP-OB2’ respectively in PPCHE), the
presence of an adverbial particle (‘RP’ in PPCHE), the presence of a directional
phrase (‘XP-DIR’), and the presence of a goal PP (approximated by taking note
of PPs headed by prepositions derived from the preposition to, as well as forms
thereof). The motivation to include this feature is that these types of predicates
overtly encode a result state, cf. [11, 6].

Where required, we separately encoded those features as one-hot vectors
resulting in a matrix with 1115 features. By relying on a Principal Component
Analysis [20], we applied dimensionality reduction down to 75 components (with
the combined ratio of explained variance at 77.65%). We applied normalization
to this resulting principal component matrix and concatenated it with the nor-
malized and crowd-metrics-adjusted crowd-sourcing vectors. This matrix has
the dimensions 325 (number of unit vector) by 78, i.e. 75 principal components
derived from the corpus features plus three crowd-sourcing vectors (i.e. the num-
ber of major readings). Supplying this combined matrix to a KMeans clustering
algorithm results in an overall accuracy of 85.54% (Kappa=0.73). For complete-
ness’ sake, note that the corpus-feature matrix on its own (i.e. only 75 principal
components) performs at 58.46%. Consider Table 6 for a detailed overview of
performance by century and gold standard readings.

While a 2-percentage-points increase in overall accuracy could be viewed as
modest, the most valuable improvements have been achieved for those parts of
the data that performed lowest with, for example, a majority vote approach,
cf. Table 5 on p. 14. The res/ct-agains, in particular 17th- and 18th-century
data, can be improved to accuracies at around 80% (or higher) when ‘bare’
crowd annotations are enhanced with crowd-quality metrics on the one hand
and corpus features on the other hand.
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17th c. 18th c. 19th c. all
N % N % N % N %

rep 51 88.24 58 84.48 72 90.28 181 87.85
res/ct 59 79.66 38 81.58 30 90.00 127 82.68
other 2 50.00 5 80.00 10 90.00 17 82.35
all 112 83.04 101 83.17 112 90.18 325 85.54
C’s κ 112 0.67 101 0.69 112 0.81 325 0.73

Table 6: %-accuracies & Cohen’s κ for corpus-feature enhanced CS data
w/ KMeans) by gold-standard readings and centuries

Discussion: The declared goal of this contribution is to explore avenues to re-
duce the workload/cost involved in producing corpus data of a degree of quality
allowing robust conclusions regarding possible correspondences between seman-
tics and syntax from a diachronic perspective. Multiple candidates of anaphoric
relations need to be evaluated next to one another in order to confirm a partic-
ular PSP as satisfied over its competitors. Moreover, the annotated corpus data
are historical English—a language variety for which none our annotators (both
experts and crowd workers) have native speaker intuitions. To our knowledge,
the corpus our project has been able to produce is the first of its kind. Thus,
it is important to stress that the accuracy rates discussed here should not be
evaluated in light of benchmarks, nor do we aim to establish any such industry
standards.9

While overall accuracy evidently incorporates performance on all data, the
crux lies in the various sub-types of data. In particular, CS data that comes out
as rep has higher accuracy rates while res/ct-CS is lower in accuracy. This picture
remains by and large consistent over various modes of eliciting a crowd winner,
cf. [14] for more details. Similarly, historically older corpus data is associated
with lower accuracy rates than more recent data. Consequently and with respect
to future work, if an expert based review of CS data needs to be selective due
to limited resources, our pilot study allows the conclusion that focusing on the
(older) CS-res/ct data is prima facie a valid recommendation.

However, considering the unit quality score corroborates this conclusion. As
discussed in Section 3.3, the UQS is based on cosine similarity (thus, ranging
from 0 to 1) and can be interpreted as a measure for agreement among the set
of crowd workers with respect to one unit. Figure 4 shows the distribution of
UQSs (as kernels density plots) for four types of the data, as discussed in (6),
respectively:

(6) Type A: In the top-left subplot, there are 159 cases where the expert an-
notators (GS) and crowd workers (CS) agree on the label rep: ‘GS-rep &
CS-rep → !’.

9 To clarify with respect to the concerns of an anonymous reviewer, our overall accu-
racies do not represent a meaningful threshold themselves.
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Type B: In the bottom-left subplot, there are 105 cases where expert
annotators (GS) and crowd workers (CS) agree on the label res/ct : ‘GS-
res/ct & CS-res/ct → !’.
Type C: The top-right subplot shows 17 cases where the expert annota-
tors (GS) annotated as rep and the crowd workers (CS) decision was in
favor of res/ct , resulting in the mismatch ‘GS-rep & CS-res/ct → $’.
Type D: The bottom-right subplot shows 22 cases where the expert an-
notators (GS) annotated as res/ct and the crowd workers (CS) decision
was in favor of rep, resulting the mismatch ‘GS-res/ct & CS-rep → $’.

Fig. 4: UQS for GS-CS-matches & mismatches; as kernel density plots

For type-A data, we get a higher UQS average. Data types B, C, and D
are consistently low. Furthermore, the distribution of UQSs is skewed towards
the high end in type A data and in data types B, C, and D the distributions
are skewed towards the low end. Thus, again with respect to future (or similar)
work, the gains of an expert review of CS-res/ct data (types B+C) seem more
promising than a review of CS-rep data (types A+D). However, the remaining
mismatches in the type D instances remains a known risk. A complementary
strategy could be to review crowd annotations that fall under a certain UQS
threshold regardless of the CS decision.

While the crowd workers achieved respectable (overall) accuracy with a bare
majority vote, the above discussion of multiple strategies for eliciting a ‘crowd
winner’ shows that observed accuracy (and Cohen’s κ) can be improved upon,
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cf. Tables 5 and 6, above. Both crowd quality metrics and structural features
(drawn from a syntactically annotated corpus) lend themselves to improve on the
performance of crowd based annotations.10 However, the separate moves towards
ever improving accuracy rates discussed here are not to taken as a race for
arbitrary benchmark ratings. Rather, each strategy is telling in its own right: For
example, relying on crowd sourcing annotations produced for data that lack any
syntactic annotations whatsoever (which in turn prevents enriching CS data with
syntactic features as in Section 3.3), e.g. the vast EEBO collection [19], will result
in accuracies as mentioned in Section 3.3 (cf. [14] for a more detailed discussion
analogous to Tables 5 and 6). Similarly, aside from contributing improvements
in accuracy, crowd-quality metrics, in particular UQS, can guide investment of
scarce resources—especially with high-volume corpora as the EEBO.

4 Conclusion and outlook

In this article, we have reported on the major findings of an exhaustive expert
annotation of the decompositional PSP marker again, and of a pilot study on
informed crowdsourcing for annotating the decompositional again. We have eval-
uated the crowdsourced data on the basis of our expert-annotated gold standard.
For the purpose of eliciting a ‘winning annotation’ among multiple crowd-based
annotations, KMeans clustering transpired as the best-performing mode in terms
of observed accuracy (84.31%) and in terms of Cohen’s κ (0.71). We are able to
improve on these results by combining the crowd-based annotations with struc-
tural features provided by the syntactic annotation of the PPCHE.

This pilot study allows the following main conclusions: First, given adequate
data processing and relying on the inherent agreement and disagreement in
crowdsourced data, we can achieve encouraging overall accuracies. This is es-
pecially true when relying on unsupervised classification—KMeans clustering
in our case—which is performed on vectorized annotations sensitive to dimen-
sions with lower magnitudes. Second, as a tentative conclusion, crowdsourcing
data seems to bear the potential to reduce costs for ‘manual’ gold standard pro-
duction by diverting resources to data identified as problematic/requiring more
attention. Third, there is an added benefit in working with existent syntacti-
cally annotated corpora as only a small number of features can bring about a
boost in accuracy, as well as an improved κ value. It is important to stress that
these results were achieved by our crowd workers annotating natural language
data originating from as far back as Early Modern English—data for which our
workers lack native-speaker intuitions.

Our current enterprise can be seen, in a nutshell, as an exercise in empiri-
cal cross-validation of data which we aim to contribute to a future corpus that
combines syntax and semantics in relevant ways. Decompositionality is only one
area that helps linguistics understand correspondences (or sometimes the lack
10 KMeans clustering of the 75-dimension PCA matrix derived from the corpus features

combined with the bare crowd sourcing unit vectors (i.e. without crowd quality
metrics) results in an observed accuracy of 81.23%
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thereof) between syntax and semantics better. While the Penn corpora of his-
torical English are already an established resource for historical syntacticians,
there are still several parts that we take to be insightful add-ons when it comes
to interpretation, e.g. quantificational, but also scopal readings more generally,
modal flavors, etc. They can all throw significant light on developmental routes
in the evolution of natural language semantics. What such areas have in com-
mon is that they show ambiguities that can (unlike lexical ambiguities) only be
fully understood when both structure and a reliable sense of meaning have been
established. Quite naturally, the further we go back in time for the purposes of
diachronic semantics, the less applicable large data models may seem. Given this
clear factual obstacle (at least currently so), we have overall sought to show that
thoroughly cross-checked empirical work that is needed for any further theoriz-
ing on highly valuable corpora that already have structure incorporated can still
be conducted in a meaningful way.
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