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Abstract

In this work, we focus on sentence splitting,
a subfield of text simplification, motivated
largely by an unproven idea that if you divide
a sentence in pieces, it should become easier
to understand. Our primary goal in this paper
is to find out whether this is true. In particu-
lar, we ask, does it matter whether we break a
sentence into two or three? We report on our
findings based on Amazon Mechanical Turk.

More specifically, we introduce a Bayesian
modeling framework to further investigate to
what degree a particular way of splitting the
complex sentence affects readability, along
with a number of other parameters adopted
from diverse perspectives, including clinical
linguistics, and cognitive linguistics. The
Bayesian modeling experiment provides clear
evidence that bisecting the sentence leads to
enhanced readability to a degree greater than
when we create simplification by trisection.

1 Introduction

In text simplification, one question people often
fail to ask is, whether the technology they are driv-
ing truly helps people better understand texts. This
curious indifference may reflect the tacit recog-
nition of the partiality of datasets covered by the
studies (Xu et al., 2015) or some murkiness that
surrounds the goal of text simplification.

As a way to address the situation, we examine
a role of simplification in text readability, with a
particular focus on sentence splitting. The goal of
sentence splitting is to break a sentence into small
pieces in a way that they collectively preserve the
original meaning. A primary question we ask in
this paper is, does a splitting of text affect read-
ability? In the face of a large effort spent in the
past on sentence splitting, it comes as a surprise
that none of the studies put this question directly
to people; in most cases, they ended up asking
whether generated texts ‘looked simpler’ than the

original unmodified versions (Zhang and Lapata,
2017), which of course does not say much about
their readability. We are not even sure whether
there was any agreement among people on what
constituted simplification.

Another related question is, how many pieces
should we break a sentence into? Two, three,
or more? In the paper, we focus on a partic-
ular setting where we ask whether there is any
difference in readability between two- and three-
sentence splits. We also report on how good or
bad sentence splits are that are generated by a fine-
tuned language model, compared to humans’.

A general strategy we follow in the paper is
to elicit judgments from people on whether sim-
plification made a text anyway readable for them
(Section 4), and do a Bayesian analysis of their
responses to identify factors that may have influ-
enced their decisions (Section 5).1

2 Related Work

Historically, there have been extensive efforts in
ESL (English as a Second Language) to explore
the use of simplification as a way to improve read-
ing performance of L2 (second language) students.
Crossley et al. (2014) presented an array of evi-
dence showing that simplifying text did lead to
an improved text comprehension by L2 learners
as measured by reading time and and accuracy of
their responses to associated questions. They also
noticed that simple texts had less lexical diver-
sity, greater word overlap, greater semantic sim-
ilarity among sentences than more complicated
texts. Crossley et al. (2011) argued for the impor-
tance of cohesiveness as a factor to influence the
readability. Meanwhile, an elaborative modifica-
tion of text was found to play a role in enhanc-
ing readability, which involves adding information

1We will make available on GitHub the data we created
for the study soon after the paper’s publication (they should
be found under https://github.com/tnomoto).



to make the language less ambiguous and rhetor-
ically more explicit. Ross et al. (1991) reported
that despite the fact that it made a text longer, the
elaborative manipulation of a text produced pos-
itive results, with L2 students scoring higher in
comprehension questions on modified texts than
on the original unmodified versions.

While there have been concerted efforts in the
past in the NLP community to develop metrics
and corpora purported to serve studies in sim-
plification (Zhang and Lapata, 2017; Sulem et al.,
2018a; Narayan et al., 2017; Botha et al., 2018;
Niklaus et al., 2019; Kim et al., 2021; Xu et al.,
2015), they fell far short of addressing how their
work contributes to improving the text compre-
hensibility by readers. Part of our goal is to break
away from a prevailing view that relegates the
readability to a sideline.

3 Method

The data come from two sources, the Split and
Rephrase Benchmark (v1.0) (SRB, henceforth)
(Narayan et al., 2017) and WikiSplit (Botha et al.,
2018). SRB consists of complex sentences aligned
with a set of multi-sentence simplifications vary-
ing in size from two to four. WikiSplit follows
a similar format except that each complex sen-
tence is accompanied only by a two-sentence simi-
plification.2 We asked Amazon Mechanical Turk
workers (Turkers, henceforth) to score simplifica-
tions on linguistic qualities as well as to indicate
whether they have any preference between two-
sentence and three-sentence versions in terms of
readability.

We randomly sampled a portion of SRB, creat-
ing test data (call it H), which consisted of triplets
of the form: ⟨S0, A0, B0⟩, . . . , ⟨Si, Ai, Bi⟩, . . . ,
⟨Sm, Am, Bm⟩, where Si is a complex sentence,
Ai a corresponding two-sentence simplification,
and Bi its three-sentence version. While A al-
ternates between versions created by BART and
by human, B deals only with manual simplifica-
tions.3 See Table 1 for a further explanation.

2We used WikiSplit, together with part of SRB, exclu-
sively to fine tune BART to give a single split (bipartite) sim-
plification model, and SRB to develop test data to be adminis-
tered to humans for linguistic assessments. SRB was derived
from WebNLG (Gardent et al., 2017) by making use of RDFs
associated with textual snippets to assemble simplifications.

3HSplit (Sulem et al., 2018a) is another dataset (based on
Zhang and Lapata (2017)) that gives multi-split simplifica-
tions. We did not adopt it here as the data came with only
359 sentences with limited variations in splitting.

BART HUM

A (TWO-SENTENCE SPLIT) 113 108
B (THREE-SENTENCE SPLIT) − 221

Table 1: A break down of H. 113 of them are of type
A (bipartite split) generated by BART-large; 108 are
of type A created by humans. There were 221 of type
B (tripartite split), all of which were produced by hu-
mans.

TRAIN DEV

1,135,009 (989,944) 13,797(5,000)

Table 2: A training setup for BART. The data
comes from SRB (Narayan et al., 2017) and Wiki-
Split (Botha et al., 2018). The parenthetical numbers
indicate amounts of data that originate in WikiSplit
(Botha et al., 2018).

Separately, we extracted from WikiSplit and
SRB, another dataset B consisting of complex sen-
tences as a source and two-sentence simplifica-
tions as a target (Table 2) i.e. B = {⟨S′

0, A
′
0⟩, . . . ,

⟨S′
n, A

′
n⟩}, to use it to fine-tune a language model

(BART-large).4 The fine-tuning was done using a
code available at GitHub.5

A task (or a HIT in Amazon’s parlance) we
asked Turkers to do was to work on a three-part
language quiz. The initial problem section intro-
duced a worker to three short texts, corresponding
to a triplet ⟨Si, Ai, Bi⟩; the second section asked
about linguistic qualities of Ai and Bi along three
dimensions, meaning, grammar, and fluency; and
in the third, we asked two comparison questions:
(1) whether Ai and Bi are more readable than Si,
and (2) which of Ai and Bi is easier to understand.

Figure 1 gives a screen capture of an initial sec-
tion of the task. Shown Under Source is a com-
plex sentence or Si for some i . Text A and Text
B correspond to Ai and Bi, which were displayed
in a random order.

In total, there were 221 HITs (Table 1), each ad-
ministered to seven people. All of the participants
were self-reported native speakers of English with
a degree from college or above. The participation
was limited to residents in US, Canda, UK, Aus-
tralia, and New Zealand.

4https://huggingface.co/facebook/
bart-large

5https://github.com/huggingface/
transformers/blob/master/examples/
pytorch/translation/run_translation.
py



Figure 1: A screen capture of HIT. This is what a Turker would be looking at when taking the test.

4 Preliminary Analysis

Table 3 summarizes results from comparison ques-
tions. A question, labelled ⟪S, BART-A⟫|q, asks a
Turker, which of Source and BART-A he or she
finds easier to understand, where BART-A is a
BART generated two-sentence simplification. We
had 791 (113×7) responses, out of which 32%
said they preferred Source, 67% liked BART bet-
ter, and 1% replied they were not sure. An-
other question, labelled ⟪S, HUM-A⟫|q, compares
Source to HUM-A, a two-sentence split by hu-
man. It got 756 responses (108×7). The result
is generally parallel to ⟪S, BART-A⟫|q. The ma-
jority of people favored a two-sentence split over
a complex sentence. The fact that three sentence
versions are also favored over complex sentences
suggests that breaking up a complex sentence im-
proves readability, regardless of how many pieces
it ends up with.

Table 4 gives a tally of responses to compari-

son questions on two- and three-sentence splits.
More people voted for bipartite over tripartite sim-
plifications. Tables 5 and 6 show scores on flu-
ency, grammar, and meaning retention of simplifi-
cations, comparing BART-A and HUM-B,6 on one
hand, and HUM-A and HUM-S, on another, on a
scale of 1 (poor) to 5 (excellent). In either case,
we did not see much divergence between A and
B in grammar and meaning, but they diverged the
most in fluency. A T-test found the divergence sta-
tistically significant. Two-sentence simplifications
generally scored higher on fluency (over 4.0) than
three sentence counterparts (below 4.0).

Table 7 gives an example showing what gener-
ated texts looked like in BART-A and HUM-A/B.

6As Tables 5 and 6 indicate, BART-A is generally compa-
rable to HUM-A in the quality of its outputs, suggesting that
what it generates is mostly indistinguishable from those by
humans.



QUESTION AVAILABLE CHOICES

S BART-A HUM-B NOT SURE TOTAL

⟪S, BART-A⟫|q 254 (0.32) 527 (0.67) – 10 (0.01) 791
⟪S, HUM-B⟫|q 290 (0.37) – 490 (0.62) 11 (0.01) 791

S HUM-A HUM-B NOT SURE TOTAL

⟪S, HUM-A⟫|q 253 (0.33) 494 (0.65) – 9 (0.01) 756
⟪S, HUM-B⟫|q 288 (0.38) – 463 (0.61) 5 (0.01) 756

Table 3: Results from the Comparison Section. We are showing how many Turkers went with each available choice.
S: source. BART-A: BART-generated two-sentence simplification. HUM-A: manual two-sentence simplification.
HUM-B: manual three-sentence simplification. ⟪S, BART-A⟫|q asked Turkers which of S and BART-A they found
easier to understand. 67% said they would favor BART-A, and 32% S, with 1% not sure. ⟪S, HUM-B⟫|q compares
S and HUM-B for readability. ⟪S, HUM-A⟫|q looks at S and HUM-A.

QUESTION AVAILABLE CHOICES

BART-A HUM-B NOT SURE TOTAL

⟪BART-A, HUM-B⟫|q 460 (0.58) 316 (0.40) 15 (0.02) 791
HUM-A HUM-B NOT SURE TOTAL

⟪HUM-A, HUM-B⟫|q 439 (0.58) 301 (0.40) 16 (0.02) 756

Table 4: Comparison of two- vs three-sentence simplifications. The majority went with two-sentence simplifica-
tions regardless of how they were generated.

category HUM-A HUM-B

**fluency 4.04 (0.39) 3.75 (0.38)
grammar 4.12 (0.32) 4.10 (0.32)
meaning 4.31 (0.36) 4.33 (0.28)

Table 5: Average scores and standard deviations for
HUM-A and HUM-B. HUM-A is more fluent than
HUM-B. Note: ** = p < 0.01.

category BART-A HUM-B

**fluency 4.04 (0.37) 3.72 (0.36)
grammar 4.07 (0.30) 4.05 (0.34)
meaning 4.21 (0.38) 4.25 (0.35)

Table 6: Average scores and standard deviations of
BART-A and the corresponding HUM-B. BART-A is
significantly more fluent than HUM-B. ‘**’ indicates
the two groups are distinct at the 0.01 level.

5 A Bayesian Perspective

A question we are curious about at this point is
what are the factors that led Turkers to decisions
that they made. We answer the question by way
of building a Bayesian model based on predictors
assembled from the past literature on readability
and in related fields.

5.1 Model
We consider a Bayesian logistic regression.7

Yj ∽ Ber(λ),

logit(λ) = β0 +
m∑
i

βiXi,

βi ∽ N (0, σi) (0 ≤ i ≤ m)

(1)

Ber(λ) is a Bernoulli distribution with a parame-
ter λ. βi represents a coefficient tied to a random
variable (predictor) Xi, where β0 is an intercept.
We assume that βi, including the intercept, follows
a normal distribution with the mean at 0 and the
variance at σi. Yi takes either 1 or 0. Y = 1 if
a Turker finds a two-sentence simplification more
readable, and Y = 0 if a three-sentence version is
preferred.

7Equally useful in explaining relationships between po-
tential causes and the outcome are Bayesian tree-based meth-
ods (Chipman et al., 2010; Linero, 2017; Nuti et al., 2019),
which we do not explore here. The latter could become a vi-
able choice when an extensive non-linearity exists between
predictors and the outcome.

8https://github.com/jasonyux/
FastKASSIM

9https://github.com/luozhouyang/
python-string-similarity

10https://github.com/shivam5992/
textstat



TYPE TEXT
ORIGINAL The Alderney Airport serves the island of Alderney and its 1st runway is surfaced

with poaceae and has a 497 meters long runway .
BART-A Alderney Airport serves the island of Alderney . The 1st runway at Aarney Airport

is surfaced with poaceae and has 497 meters long .
HUM-A The runway length of Alderney Airport is 497.0 and the 1st runway has a poaceae

surface . The Alderney Airport serves Alderney .
HUM-B The surface of the 1st runway at Alderney airport is poaceae . Alderney Airport

has a runway length of 497.0 . The Alderney Airport serves Alderney .

Table 7: Original vs. Modified

CATEGORY VAR NAME DESCRIPTION VALUE

synthetic bart true if the simplification is generated by BART; false oth-
erwise.

categorical

cohesion

ted1 the tree edit distance (TED) between a source and its
proposed simplification.8 where TED represents the
number of editing operations (insert, delete, replace) re-
quired to turn one parse tree into another; the greater
the number, the less the similarity (Boghrati et al., 2018;
Zhang and Shasha, 1989).

continuous

ted2 TED across sentences contained in the simplification. continuous
subset Subset based Tree Kernel (Collins and Duffy, 2002;

Moschitti, 2006; Chen et al., 2022)8
continuous

subtree Subtree based Tree Kernel (Collins and Duffy, 2002;
Moschitti, 2006; Chen et al., 2022)8

continuous

overlap Szymkiewicz-Simpson coefficient, a normalized car-
dinality of an intersection of two sets of words
(Vijaymeena and Kavitha, 2016).9

continuous

cognitive

frazier the distance from a terminal to the root or the first ances-
tor that occurs leftmost (Frazier, 1985).

continuous

yngve per-token count of non-terminals that occur to the right
of a word in a derivation tree (Yngve, 1960).

continuous

dep length per-token count of dependencies in a parse (Magerman,
1995; Roark et al., 2007).

continuous

tnodes per-token count of nodes in a parse tree (Roark et al.,
2007)

continuous

classic
dale Dale-Chall readability score (Chall and Dale, 1995)10 continuous
ease Flesch Reading Ease (Flesch, 1979)10 continuous
fk grade Flesch-Kincaid Grade Level (Kincaid et al., 1975)10 continuous

perception
grammar grammatical integrity (manually coded) continuous
meaning semantic fidelity (manually coded) continuous
fluency language naturalness (manually coded) continuous

structural split true if the sentence is bisected; false otherwise. categorical
informational samsa measures how much of the original content is preserved

in the target (Sulem et al., 2018b).
continuous

Table 8: Predictors



5.2 Predictors

We use predictors shown in Table 8. They come
in six categories: synthetic, cohesion, cognitive,
classic, perception and structural. A synthetic
feature indicates whether the simplification was
created with BART or not, taking true if it was
and false otherwise. Those found under cohe-
sion are our adaptions of SYNSTRUT and CR-
FCWO, which are among the diverse features
McNamara et al. (2014) created to measure cohe-
sion across sentences. SYSTRUCT gauges the
uniformity and consistency across sentences by
looking at their syntactic similarities, or by count-
ing nodes in a common subgraph shared by neigh-
boring sentences. We substituted SYSTRUCT
with tree edit distance (Boghrati et al., 2018), as
it allows us to handle multiple subgraphs, in con-
trast to SYSTRUCT, which only looks for a sin-
gle common subgraph. CRFCWO gives a normal-
ized count of tokens found in common between
two neighboring sentences. We emulated it here
with the Szymkiewicz-Simpson coefficient, given
as O(X,Y ) = |X∩Y |

min(|X|,|Y |) .
Predictors in the cognitive class are taken

from works in clinical and cognitive linguistics
(Roark et al., 2007; Boghrati et al., 2018). They
reflect various approaches to measuring the cogni-
tive complexity of a sentence. For example, yngve
scoring defines a cognitive demand of a word as
the number of non-terminals to its right in a deriva-
tion rule that are yet to be processed.

5.2.1 yngve

Consider Figure 2. yngve gives every edge in the
parse a number reflecting its cognitive cost. NP
gets ‘1’ because it has a sister node VP to its right.
The cognitive cost of a word is defined as the sum
of numbers on a path from the root to the word.
In Figure 2, ‘Vanya’ would get 1 + 0 + 0 = 1,
whereas ‘home’ 0. Averaging words’ costs gives
us an Yngve complexity.

S

NP

NNP

Vanya
0

0

1

VP

V

walks
0

1
ADVP

home
0

0

0

Figure 2: Yngve scoring

5.2.2 frazier
frazier scoring views the syntactic depth of a word
(the distance from a leaf to a first ancestor that oc-
curs leftmost in a derivation rule) as a most im-
portant factor to determining the sentence com-
plexity. If we run frazier on the sentence in
Figure 2, it will get the score like one shown in
Figure 3. ‘Vanya’ gets 1 + 1.5 = 2.5, ‘walks’
1 and ‘home’ 0 (which has no leftmost ances-
tor). Roark et al. (2007) reported that both yngve

S

NP

NNP

Vanya

1

1.5
VP

V

walks

1
ADVP

home

Figure 3: Frazier scoring

and frazier worked well in discriminating subjects
with mild memory impairement.

5.2.3 dep length
dep length (dependency length) and tnodes
(tree nodes) are also among the features that
Roark et al. (2007) found effective. The former
measures the number of dependencies in a depen-
dency parse, and the latter the number of nodes in
a phrase structure tree.

5.2.4 subset and subtree
subset and subtree are both measures based on
the idea of Tree Kernel (Collins and Duffy, 2002;
Moschitti, 2006; Chen et al., 2022).11 The former
considers how many subgraphs two parses share,
while the latter how many subtrees. Note that sub-
trees are those structures that end with terminal
nodes.

5.2.5 Classic readability features
We also included features that have long been es-
tablished in the readability literature as standard,
i.e. Dale-Chall Readability, Flesch Reading Ease,
and Flesch-Kincaid Grade Level (Chall and Dale,
1995; Flesch, 1979; Kincaid et al., 1975).

11Tree Kernel is a function defined as K(T1, T2) =∑
n1∈N(T1)

∑
n2∈N(T2)

∆(n1, n2) where

∆(a, b) =


0 if a ̸= b;
1 if a = b;∏C(a)

i (σ +∆(c
(i)
a , c

(i)
b )) otherwise.

C(a) = the number of children of a, c(i)a represents the i-th
child of a. We let σ > 0.



5.2.6 Perceptual features
Those found in the perception category are from
judgments Turkers made on the quality of simpli-
fications we asked them to evaluate. We did not
provide any specific definition or instruction as to
what constitutes grammaticality, meaning, and flu-
ency during the task. So, it is most likely that their
responses were spontaneous and perceptual.

5.2.7 split and samsa
Finally, we have split, which records whether or
not the simplification is bipartite: it takes true if
it is, and false if not. samsa is a recent addi-
tion to a battery of simplification metrics, which
looks at how much of a propositional content
in the source remains after a sentence is split
(Sulem et al., 2018b). (The greater, the better.) We
standardized all of the features, except for bart
and split, by turning them into z-scores, where
z = x−x̄

σ .

5.3 Evaluation

We trained the model (Eqn. 1) using BAMBI

(Capretto et al., 2020),12 with the burn-in of
50,000 while making draws of 4,000, on 4 MCMC
chains (Hamiltonian). As a way to isolate the ef-
fect (or importance) of each predictor, we did two
things: one was to look at a posterior distribu-
tion of each factor, i.e. a coefficient β tied with
a predictor, and see how far it is removed from 0;
another was to conduct an ablation study where
we looked at how the absence of a feature af-
fected the model’s performance, which we mea-
sured with a metric known as ‘Watanabe-Akaike
Information Criterion’ (WAIC) (Watanabe, 2010;
Vehtari et al., 2016), a Bayesian incarnation of
AIC (Burnham and Anderson, 2003).13

Figure 4 shows what posterior distributions of
parameters associated with predictors looked like
after 4,000 draw iterations with MCMC. None
of the chains associated with the parameters ex-

12https://bambinos.github.io/bambi/
main/index.html

13WAIC is given as follows.

WAIC =

n∑
i

logE[p(yi|θ)]−
n∑
i

V[log p(yi|θ)]. (2)

E[p(yi|θ)] represents the average likelihood under the poste-
rior distribution of θ, and V[α] represents the sample variance
of α, i.e. V[α] = 1

S−1

∑S
1 (αs − ᾱ), where αs is a sam-

ple draw from p(α). A higher WAIC score indicates a better
model. n is the number of data points.

0.4 0.2 0.0 0.2 0.4 0.6 0.8
yngve
frazier

overlap
dale

split[True]
fluency

meaning
grammar

dep_length
ted2

tnodes
fk_grade

ease
bart[True]

subtree
subset

ted1
samsa

Figure 4: Posterior distributions of coefficients (β’s) in
the full model. The further the distribution moves away
from 0, the more relevant it becomes to predicting the
outcome.

hibited divergence. We achieved R̂ between
1.0 and 1.02, for all βi, a fairly solid stability
(Gelman and Rubin, 1992), indicating that all the
relevant parameters had successfully converged.14

At a first glance, it is a bit challenging what to
make of Figure 4, but a generally accepted rule of
thumb is to assume distributions that center around
0 as of less importance in terms of explaining ob-
servations, than those that appear away from zero.
If we go along with the rule, then the most likely
candidates that affected readability are: ease, sub-
set, fk grade, grammar, meaning, fluency, split,
and overlap. What remains unclear is, to what de-
gree the predictors affected readability.

One good way to find out is to do an ablation
study, a method to isolate the effects of an individ-
ual factor by examining how seriously its removal
from a model degrades its performance. The re-
sult of the study is shown in Table 9. Each row
represents performance in WAIC of a model with
a particular predictor removed. Thus, ‘ted1’ in Ta-
ble 9 represents a model that includes all the pre-
dictors in Table 8, except for ted1. A row in blue
represents a full model which had none of the fea-
tures disabled. Appearing above the base model
means that a removal of a feature had a positive
effect, i.e. the feature is redundant. Appearing be-
low means that the removal had a negative effect,
indicating that we should not forgo the feature. A

14R̂ = the ratio of within- and between-chain variances, a
standard tool to check for convergence (Lambert, 2018). The
closer the ratio is to the unity, the more likely MCMC chains
have converged.



0.2 0.0 0.2 0.4 0.6
split[True]

fluency

meaning

grammar

fk_grade

ease

Figure 5: Posterior distributions of the coefficient pa-
rameters in the reduced model.

feature becomes more relevant as we go down, and
becomes less relevant as we go up the table. Thus
the most relevant is fluency, followed by mean-
ing, the least relevant is subtree, followed by dale,
and so forth. We can tell from Table 9 what pre-
dictors we need to keep to explain the readability:
they are grammar, split, fk grade, ease, mean-
ing and fluency (call them ‘select features’). Note
that bart is in the negative realm, meaning that
from a perspective of readability, people did not
care about whether the simplification was done by
human or machine. samsa was also found in the
negative domain, implying that for a perspective of
information, a two-sentence splitting carries just
as much information as a three way division of a
sentence.

To further nail down to what extent they are im-
portant, we ran another ablation experiment in-
volving the select features alone. The result is
shown in Table 10. At the bottom is fluency, the
second to the bottom is split, followed by mean-
ing, and so forth. As we go up the table, a fea-
ture becomes less and less important. The pos-
terior distributions of these features are shown in
Figure 5.15 Not surprisingly, they are found away
from zero, with fluency furtherest away. The re-
sult indicates that contrary to the popular wisdom
that classic readability metrics such as ease, and
fk grade, are of little use, they had a large sway
on decisions people made when they were asked
about readability.

6 Conclusions

In this work, we asked two questions: does cut-
ting up a sentence help the reader better under-
stand the text? and if so, does it matter how many

15We found that they had 1.0 ≤ R̂ ≤ 1.01, a near-perfect
stability. Settings for MCMC, i.e. the number of burn-ins and
that of draws, were set to the same as before.

pieces we break it into? We found that splitting
does allow the reader to better interact with the
text (Table 3) and moreover, two-sentence sim-
plifications are clearly favored over three-sentence
simplifications (Tables 3,9,10). Why two-sentence
splits make a better simplification is something of
a mystery. A possible answer may lie in a po-
tential disruption splitting may have caused in a
sentence-level discourse structure, whose integrity
Crossley et al. (2011, 2014) argued, constitutes a
critical part of simplification, a topic that we be-
lieve is worth a further exploration in the future.

7 Limitations

• We did not consider cases where a sentence
is split into more than three. This is mainly
due to our failure to find a dataset containing
manual simplifications of length greater than
three in a large number. While it is unlikely
that our claim in this work does not hold for
cases beyond three, testing the hypothesis on
cases that involve more than three sentences
would be desirable.

• A cohort of people we solicited for the cur-
rent work are generally well educated adults
who speak English as the first language.
Therefore, the results we found in this work
may not necessarily hold for L2-learners, mi-
nors, or those who do not have college level
education.
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