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Abstract
Text readability assessment aims to automatically evaluate the degree of reading difficulty of a given text for
a specific group of readers. Most of the previous studies considered it as a classification task and explored a
wide range of linguistic features to express the readability of a text from different aspects, such as semantic-
based and syntactic-based features. Intuitively, when the external form of a text becomes more complex,
individuals will experience more reading difficulties. Based on this motivation, our research attempts to
separate the textual external form from the text and investigate its efficiency in determining readability.
Specifically, in this paper, we introduce a new concept, namely textual form complexity, to provide a novel
insight into text readability. The main idea is that the readability of a text can be measured by the degree
to which it is challenging for readers to overcome the distractions of external textual form and obtain the
text’s core semantics. To this end, we propose a set of textual form features to express the complexity of
the outer form of a text and characterize its readability. Findings show that the proposed external textual
form features can be used as effective evaluation indexes to indicate the readability of text. It brings a new
perspective to the existing research and provides a new complement to the existing rich features.

Keywords: Readability assessment; textual form features; natural language processing in computer-assisted language
learning

1. Introduction
Text readability refers to the textual elements that influence the comprehension, reading fluency,
and level of interest of the readers (Dale and Chall 1949). These textual components involve sev-
eral dimensions of text properties, including lexical, syntactic, and conceptual dimensions (Xia et
al. 2016). In order to predict the readability of a text automatically, text readability assessment task
has been proposed andwidely used inmany fields, such as language teaching (Lennon and Burdick
2004; Pearson et al. 2022), commercial advertisement (Chebat et al. 2003), newspaper readership
(Pitler and Nenkova 2008), health information (Bernstam et al. 2005; Eltorai et al. 2015; Partin et
al. 2022), web search (Ott and Meurers 2011), and book publishing (Pera and Ng 2014). In this
section, we will first introduce our proposed concept of textual form complexity, then present
related work on text readability assessment with handcrafted features, and finally present a novel
insight into text readability assessment and our study.

1.1 Concept of textual form complexity
Text complexity refers to the sophisticated level of a text, which manifests in various
aspects such as vocabulary level, sentence structure, text organization, and inner semantics
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(Frantz et al. 2015). Derived from this, a new concept named textual form complexity is proposed
in this paper. Among all the aspects of text complexity, textual form complexity covers the outer
form facets in contrast to the inner semantic facets. In this section, we will describe this concept
of textual form complexity in detail.

Previous studies have not given a consistent and formal definition of text complexity. However,
one perspective (Siddharthan 2014) suggests defining text complexity as the linguistic intricacy
present at different textual levels. To offer a more comprehensive explanation of this definition,
we cited the viewpoints of several experts as follows:

• Lexical complexitymeans that a wide variety of both basic and sophisticated words are avail-
able and can be accessed quickly, whereas a lack of complexity means that only a narrow
range of basic words are available or can be accessed (Wolfe et al. 1998).

• Syntactical complexity refers to the sophistication of syntactic structure seen in writing or
speaking that arises from our ability to group words as phrases and embed clauses in a
recursive, hierarchical fashion (Friederici et al. 2017).

• Grammatical complexity means that a wide variety of both basic and sophisticated struc-
tures are available and can be accessed quickly, whereas a lack of complexity means that only
a narrow range of basic structures are available or can be accessed (Wolfe et al. 1998).

• Discourse complexity refers to the difficulty associated with the text’s discourse structure or
coreference resolution (Cristea et al. 2000).

• Graphical complexity refers to the challenges in interpreting the visual aspects of text, such
as letter combinations, especially for individuals with dyslexia (Gosse and Van Reybroeck
2020).

On the basis of these viewpoints from experts, text complexity is categorized with regard to dif-
ferent aspects, such as lexical, syntactical, grammatical, discourse, and graphical aspects. Different
from this way of categorization, we offer a new perspective. In our view, the complexity of a text
is affected by the interplay of multiple factors. Among these factors, there are inner semantic-
related factors, such as content, vocabulary richness, and implied information or knowledge;
and there are outer form-related factors, such as expressions, structural characteristics, and
layout. In this paper, we separate out these outer form-related factors and introduce a new con-
cept, namely textual form complexity, to measure the degree of sophistication of the external
forms.

Figure 1 depicts a graph that helps illustrate our proposed concept of textual form complex-
ity. As shown in the picture, four texts are given in terms of their outer form complexity and
inner semantics. As can be observed, we have the following discussions: First, there are multi-
ple ways to convey the same semantic, and different ways of expression correspond to different
textual outer forms of complexity. For example, given an inner semantic with the meaning “I
don’t like him,” text 1 and text 2 are two distinct ways to convey this meaning. Although both
of them share the same inner semantic, text 1 expresses it in a simple manner and in a sim-
ple textual form, whereas text 2 expresses it in a more complex manner and a more complex
textual form. Second, whether the inner semantic is simple or complex, it can be represented
by either a simple or a complex textual form. For instance, although the inner semantic of “I
don’t like him,” is easy, the complex textual form of text 2 makes it difficult to understand; in
contrast, although the inner semantic of “He is good, but Amy doesn’t like him” is a little diffi-
cult, the simple textual form of text 3 makes it easy to understand. Based on this observation,
we argue that the outer textual form of a text plays a crucial role in determining its read-
ing difficulty, indicating that the proposed concept of textual form complexity is worth further
research.
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He is good, but Amy doesn’t like him.

I don’t like him.

Outer Textual Form Complexity

inner semantic

I get fed up with that guy. 

I dislike him. 

complex form

Although he is good, someone still 
dislike him, such as Amy.

simple form

He is very popular with almost every 
person except Amy, who does not 
deny the fact that this guy is nice 
though she does not really into him.

Text 1

Text 2

Text 3

Text 4

inner semanticsimple form

complex form

Inner semantic

Figure 1. Diagram of the distinctions between the outer textual form complexity and the inner semantic. Four texts are
presented in terms of their inner semantic and outer textual form complexity. While text 1 and text 2 convey the same inner
semantics, text 2 has a more sophisticated outside textual structure than text 1. Although the inner semantics of text 3 and
text 4 are more difficult to comprehend, text 3 expresses them in a simple form, whereas text 4 expresses them in a more
complex form.

1.2 Text readability assessment with handcrafted features
Text readability assessment is a significant research field in text information processing. Early
work focused on the exploitation of readability formulas (Thorndike 1921; Lively and Pressey
1923; Washburne and Vogel 1926; Dale and Chall 1948; Mc Laughlin 1969; Yang 1971). Some
of the readability formulas approximate syntactic complexity based on simple statistics, such as
sentence length (Kincaid et al. 1975). Other readability formulas focus on semantics, which is
usually approximated by word frequency with respect to a reference list or corpus (Chall and Dale
1995).While these traditional formulas are easy to compute, they are too simplistic in terms of text
difficulty assumptions (Bailin and Grafstein 2001). For example, sentence length is not an accurate
measure of syntactic complexity, and syllable count does not necessarily indicate the difficulty of
a word (Schwarm and Ostendorf 2005; Yan et al. 2006).

In recent years, researchers have tackled readability assessment as a supervised classification
task and followed different methods to construct their models. The methods can be divided into
three categories: language model-based methods (Si and Callan 2001; Schwarm and Ostendorf
2005; Petersen and Ostendorf 2009), machine learning-based methods (Heilman et al. 2007, 2008;
Xia et al. 2016; Vajjala and Lučić, 2018), and neural network-based methods (Azpiazu and Pera
2019; Deutsch et al. 2020; Lee et al. 2021). Based on the fact that text readability involves many
different dimensions of text properties, the performance of classification models highly relies on
handcrafted features (Schwarm andOstendorf 2005; Yan et al. 2006; Petersen and Ostendorf 2009;
Vajjala and Meurers 2012).

All along, multiple linguistic features have been proposed to improve the performance of text
readability assessment, such as lexical features to capture word complexity (Lu 2011; Malvern and
Richards 2012; Kuperman et al. 2012; Collins-Thompson 2014), syntactical features to mimic the
difficulty of the cognitive process (Schwarm and Ostendorf 2005; Lu 2010; Tonelli et al. 2012; Lee
and Lee 2020), and discourse-based features to characterize text organization (Pitler and Nenkova
2008; Feng et al. 2010).

Although the existing studies have proposed a number of effective handcrafted features for
text readability assessment, there are still three points that can be improved. First, the majority
of previous studies focused on extracting features based on the content and shallow and deep
semantics of the texts; few of them investigated text readability from the perspective of outer
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Texts with Redundant Textual Form:

This drug crisis has put Athens's health authorities, 
already overwhelmed by draconian cuts, under 
further strain.

This drug crisis has put Athens's health authorities, 
already having to deal with large financial cuts, 
under further strain.

This drug crisis is making problems for Athens's 
health authorities, who already have the problem of 
large financial cuts.

remove redundant textual form

Textual Form 
Complexity:

Low

Medium

High

Text Readability:

High

Medium

Low

Core Semantics: The drug crisis is adding stress to Athens's health authorities.

Text 1 
(advanced)

Text 2 
(intermediate)

Text 3 
(elementary)

Figure 2. An instance of the novel insight into text readability. Three parallel texts with the same core semantics from the
different readability levels of OneStopEnglish corpus are given. The exterior textual form within the texts is marked with
underlines. As can be seen, textual form complexity is positively correlated with the amount of exterior textual form, and the
exterior textual form negatively affects text readability.

textual formal complexity. Second, most of the existing features focus on a single linguistic dimen-
sion of texts; namely, one feature tends to correspond to one single linguistic dimension (e.g.,
the length of a word corresponds to the lexical dimension) (Collins-Thompson 2014). These
single linguistic dimensional features may be limited in their ability to acquire more textual
information. If a feature can reflect multiple linguistic dimensions, then it can capture more infor-
mation about text readability. Third, most of the existing studies focus on a specific language
(Chen and Meurers 2016; Okinina et al. 2020; Wilkens et al. 2022), few of them explicitly exploit
language-independent features for multilingual readability assessment.

To this end, in this paper, we provide a new perspective on text readability by employing the
proposed concept of textual form complexity and introducing a set of textual formal features for
the text readability assessment based on the concept.

1.3 A novel insight into text readability assessment
In traditional viewpoints (Feng et al. 2010), text readability evaluates how easy or difficult it is
for a reader to understand a given text. In other words, it evaluates the degree of difficulty in
comprehending a specific text. In this study, we provide a new perspective on text readability by
employing the proposed concept of textual form complexity. As described in Section 1.1, outer
textual forms may be carriers of internal core semantics. However, complex outer textual forms
may distract the reader and make it more difficult to understand the meaning of the text, reducing
the text’s readability. Intuitively, the more exterior textual forms a given text has, the more com-
plex and less readable it is. This perception reflects the implicit association between textual form
complexity and text readability, and the purpose of our research is to determine if and to what
extent this correlation can contribute to text readability assessment.

In this work, it is hoped that a novel insight will contribute to a new understanding of text
readability assessment. The insight is illustrated in Figure 2. It can be seen that the three provided
texts have the same inner core semantics when the exterior textual forms are removed. Due to
the different amounts of external textual form, the textual form complexity and readability of
the three texts are different. Textual form complexity is positively correlated with the amount of
exterior textual form, which results in the ranking of the textual form complexity of the three texts
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as text 1 < text 2 < text 3. Due to the fact that the exterior textual form causes distractions and
makes comprehension more difficult, it negatively affects text readability. That is, text readability
is negatively connected with the quantity of exterior textual form, which promotes the ranking of
the text readability of the three texts as text 3 < text 2 < text 1.

In summary, using the exterior textual form as a bridge, we can make the following inference:
the higher the textual form complexity, the lower the text’s readability. In response to this infer-
ence, we propose to construct a set of textual formal features to express the complexity of textual
forms and use these features to evaluate the readability of texts. Specifically, we first use a text sim-
plification tool (Martin et al. 2020) to simplify a given text, so as to reduce the complex exterior
text forms and obtain the simplified text. Then, we design a set of textual form features based on
the similarity, overlap, and length ratio of pre-simplified and post-simplified texts to quantify the
differences between them as a measure of the textual exterior form information.

In contrast to existing features based on internal semantics, our proposed textual formal fea-
tures may benefit from their ability to represent multiple dimensions of the language to obtain
more information to assess the readability of the text. This is because textual forms represent a
text’s outer qualities andmanifest in various linguistic dimensions, such as lexical, syntactical, and
grammatical dimensions. In addition, the extraction procedure for the features involves multiple
levels, such as word-level deletion, phrase-level substitution, and sentence-level reconstruction,
allowing the proposed features to reflect different dimensions of linguistic information. To sum
up, two studies are proposed in this work:

• Study 1: How to build textual form features to capture text characteristics in terms of textual
form complexity?

• Study 2: To what extent can the proposed textual form features contribute to readability
assessment?

2. Literature review
In this section, we provide a comprehensive review of related works from two perspectives: text
complexity and readability assessment. Concerning text complexity, we explore relevant studies
focusing on various dimensions individually in Section 2.1. Regarding readability assessment, we
conduct a separate review of studies based on different methods in Section 2.2 and provide an
in-depth and detailed review of the linguistic features applied for this task in Section 2.3.

2.1 Different dimensions of text complexity
Text complexity refers to the level of difficulty or intricacy present in a given text. It encompasses
both linguistic and structural aspects of the text, such as vocabulary richness, sentence length,
syntactic complexity, and overall readability. Over time, researchers have devised numerous tools
and systems to quantify text complexity in different dimensions. In the following sections, we will
separately review the relevant research on text complexity in the lexical, syntactic, and discourse
dimensions.

From the lexical dimension, some studies focus on developing tools for analyzing the lexical
complexity of a text, while others focus on predicting the difficulty level of individual words. In
early studies, Rayner and Duffy (1986) investigate whether lexical complexity increases a word’s
processing time. To automatically analyze lexical complexity, there is a widely used tool called
Range,A which focuses on measuring the vocabulary and word diversity. Based on this tool,
Anthony (2014) developed a tool named AntWordProfiler, which is an extension of Range and

Ahttps://www.lextutor.ca/cgi-bin/range/texts/
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can be applied to multiple languages. Both tools are based on unnormalized type-token ratio
(TTR), and thus, they are all sensitive to the length of the text. Recently, researchers have been
engaged in the automatic classification of word difficulty levels (Gala et al. 2013; Tack et al. 2016;
Tack et al. 2016). For example, Gala et al. (2013) investigate 27 intra-lexical and psycholinguistic
variables and utilize the nine most predictive features to train a support vector machine (SVM)
classifier for word-level prediction. Alfter and Volodina (2018) explore the applicability of pre-
viously established word lists to the analysis of single-word lexical complexity. They incorporate
topics as additional features and demonstrate that linking words to topics significantly enhances
the accuracy of classification.

As another dimension of text complexity, syntactic complexity measures the complexity of
sentence structure and organization within the text. In earlier studies, Ortega (2003) evalu-
ates the evidence concerning the relationship between syntactic complexity measures and the
overall proficiency of second-language (L2) writers. They conclude that the association varies sys-
tematically across different studies, depending on whether a foreign language learning context
is investigated and whether proficiency is defined by program level. Szmrecsanyi (2004) com-
pares three measures of syntactic complexity—node counts, word counts, and a so-called “Index
of Syntactic Complexity”—with regard to their accuracy and applicability. They conclude that
node counts are resource-intensive to conduct and researchers can confidently use this mea-
sure. Recently, Lu and Xu (2016) develop a system, namely L2SCA, to analyze the syntactic
complexity of second-language (L2) writing. The correlation between the output of the L2SCA
system and manual calculation is 0.834-1.000. Although L2SCA is designed for L2 texts, studies
have shown that it is also suitable for analyzing other textual materials (Gamson et al. 2013; Jin
et al. 2020). Besides, Kyle (2016) develops another system, TAASSC. The system analyzes syn-
tactic structure at clause and phrase levels and includes both coarse-grained and fine-grained
measures.

Despite lexical and syntactic dimensions, discourse is also an integral dimension of text com-
plexity (Graesser et al. 2011). In early work, Biber (1992) employs a theory-based statistical
approach to examine the dimensions of discourse complexity in English. They analyze the dis-
tribution of 33 surface linguistic markers of complexity across 23 spoken and written registers.
The study reveals that discourse complexity is a multidimensional concept, with various types
of structural elaboration reflecting different discourse functions. Recently, Graesser et al. (2014)
propose a classical discourse-level text analysis system, namely Coh-Metrix, which is designed
to analyze text on multiple levels of language and discourse. This system regards cohesion as a
textual notion and coherence as a reader-related psychological concept (Graesser et al. 2004). It
contains measures such as cohesion features, connective-related features, and LSA-based features
(Landauer et al. 1998). Besides, Crossley et al. (2016, 2019) also focus on analyzing text cohesion
and develop a system named TAACO. In addition to the overall cohesion emphasized in previous
systems, this system adds local and global cohesion measures based on LDA (Blei et al. 2003) and
word2vec (Mikolov et al. 2013).

In recent years, educators have been trying to measure the complexity of texts so that they can
provide texts that match the level of knowledge and skills of their students. Wolfe et al. (1998)
refer to this as the zone of proximal text difficulty. That is, the text should challenge the reader
in a way that inspires them to improve their existing knowledge and skills. Besides, the Common
Core State Standards (CCSS) set a goal for students to comprehend texts of progressively increas-
ing complexity as they advance through school (Association et al. 2010). To assist educators in
determining the proper degree of complexity, CCSS standards introduce a triangle model to mea-
sure text complexity through a combination of qualitative analysis, quantitative measurements,
and reader-task considerations (Williamson et al. 2013). Frantz et al. (2015) argue that the syn-
tactic complexity, as one aspect of text complexity, should be explicitly included as a quantitative
measure in the model. In addition, Sheehan et al. (2014) design a text analysis system namely
TextEvaluator to help select reading materials that are consistent with the text complexity goals
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outlined in CCSS. This system expands the text variation dimension in traditional metrics and
addresses two potential threats, genre bias and blueprint bias.

2.2 Readability assessment methods
Text readability assessment refers to the process of determining the comprehensibility of a given
text. It is a significant research field in text information processing. In the majority of studies,
researchers treat readability assessment as a supervised classification task, aiming to assign a read-
ability label to each text. They follow different methods to construct their models, which can be
divided into three categories: machine learning-based methods, neural network-based methods,
and language model-based methods. The following section will review the relevant studies based
on the three methods, respectively.

The machine learning-based method involves utilizing machine learning algorithms and fea-
ture engineering to assess the readability of a given text. These approaches typically utilize a set
of text features as inputs and train a machine learning model to predict the readability labels.
Following this method, Vajjala and Lučić (2018) introduce a Support Vector Machine (SVM)
classifier trained on a combination of 155 traditional, discourse cohesion, lexico-semantic, and
syntactic features. Their classification model attains an accuracy of 78.13% when evaluated on
the OneStopEnglish corpus. Xia et al. (2016) adopt similar lexical, syntactic, and traditional fea-
tures as Vajjala and Lučić (2018) and further incorporate language modeling-based and discourse
cohesion-based features to train a SVM classifier. Their approach achieves an accuracy of 80.3%
on the Weebit corpus. More recently, Chatzipanagiotidis et al. 2021) collect a diverse set of quan-
tifiable linguistic complexity features, including lexical, morphological, and syntactic aspects, and
conduct experiments using various feature subsets. Their findings demonstrate that each linguistic
dimension provides distinct information, contributing to the highest performance achieved when
using all linguistic feature subsets together. By training a readability classifier based on these fea-
tures, they achieve a classification accuracy of 88.16% for the Greek corpus. Furthermore, Wilkens
et al. (2022) introduce the FABRA readability toolkit and propose that measures of lexical diver-
sity and dependency counts are crucial predictors for native texts, whereas for foreign texts, the
most effective predictors include syntactic features that illustrate language development, along
with features related to lexical gradation.

With the rise of deep learning, many neural network-based methods have been proposed and
applied to readability assessment. For example, Azpiazu and Pera (2019) introduce a neural model
called Vec2Read. Themodel utilizes a hierarchical RNNwith attentionmechanisms and is applied
in a multilingual setting. They find that no language-specific patterns suggest text readability is
more challenging to predict in certain languages compared to others. Mohammadi and Khasteh
(2019) employ a deep reinforcement learning model as a classifier to assess readability, showcas-
ing its ability to achieve multi-linguality and efficient utilization of text. Moreover, Deutsch et al.
(2020) evaluate the joint use of linguistic features and deep learning models (i.e., transformers and
hierarchical attention networks). They utilize the output of deep learning models as features and
combine them with linguistic features, which are then fed into a classifier. However, their findings
reveal that incorporating linguistic features into deep learning models does not enhance model
performance, suggesting these models may already represent the readability-related linguistic fea-
tures. This finding connects to the studies of BERTology, which aim to unveil BERT’s capacity for
linguistic representation (Buder-Gröndahl, 2023). Research in this area has shown BERT’s ability
to grasp phrase structures (Reif et al. 2019), dependency relations (Jawahar et al. 2019), semantic
roles (Kovaleva et al. 2019), and lexical semantics (Soler and Apidianaki 2020). In recent studies,
hybrid models have also been explored for their applicability in readability assessment. Wilkens et
al. (2024) systematically compare six hybrid approaches alongside standard machine learning and
deep learning approaches across four corpora, covering different languages and target audiences.
Their research provides new insights into the complementarity between linguistic features and
transformers.
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The language model-basedmethods can be divided into early ones based on statistical language
models and recent ones based on pre-trained language models. In early work, Si and Callan (2001)
are the first to introduce the application of statistical models for estimating the reading difficulty.
They employ language models to represent the content of web pages and devise classifiers that
integrated language models with surface linguistic features. Later on, many other methods based
on statistical models are proposed. For instance, Schwarm and Ostendorf (2005) propose training
n-gram language models for different readability levels and use likelihood ratios as features in a
classification model. Petersen and Ostendorf (2009) train three language models (uni-gram, bi-
gram, and tri-gram) on external data resources and compute perplexities for each text to indicate
its readability. In recent times, pre-trained language models have gained considerable attention in
academia, contributing significantly to advancements in the field of natural language processing.
Concurrently, some researchers are also investigating their applicability in readability assessment.
For example, Lee et al. (2021) investigate appropriate pre-trained language models and traditional
machine learning models for the task of readability assessment. They combine these models to
form various hybrid models, and their RoBERTA-RF-T1 hybrid achieves an almost perfect classi-
fication accuracy of 99%. Lee and Lee (2023) introduce a novel adaptation of a pre-trained seq2seq
model for readability assessment. They prove that a seq2seqmodel—T5 or BART—can be adapted
to discern which text is more difficult from two given texts.

2.3 Linguistic features for readability assessment
This section provides an overview of the linguistic features used in readability assessment. We
review these features from five dimensions: shallow features, lexical features, syntactical features,
discourse-based features, and reading interaction-based features.

The shallow features refer to the readability formulas exploited in the early research (Thorndike
1921; Lively and Pressey 1923; Washburne and Vogel 1926; Dale and Chall 1948; Mc Laughlin
1969; Yang 1971). These formulas often assess text readability through simple statistical mea-
sures. For example, the Flesch-Kincaid Grade Level Index (Kincaid et al. 1975), a widely used
readability formula, calculates its scores based on the average syllable count per word and the
average sentence length in a given text. Similarly, the Gunning Fog index (1952) uses the aver-
age sentence length and the proportion of words that are three syllables or longer to determine
readability. Beyond syntax, some formulas delve into semantic analysis, typically by comparing
word frequency against a standard list or database. As an illustration, the Dale-Chall formula
employs a combination of average sentence length and the percentage of words not present in the
“simple” word list (Chall and Dale 1995). While these traditional formulas are easy to compute,
they exhibit shortcomings in terms of their assumptions about text difficulty (Bailin and Grafstein
2001). For instance, sentence length does not accurately measure syntactic complexity, and sylla-
ble count may not necessarily reflect the difficulty of a word (Schwarm and Ostendorf 2005; Yan
et al. 2006). Furthermore, as highlighted by Collins-Thompson (2014), the traditional formulas
do not adequately capture the actual reading process and neglect crucial aspects such as textual
coherence. Collins-Thompson (2014) argues that traditional readability formulas solely focus on
surface-level textual features and fail to consider deeper content-related characteristics.

The lexical features capture the attributes associated with the difficulty or unfamiliarity of
words (Lu 2011; Malvern and Richards 2012; Kuperman et al. 2012; Collins-Thompson 2014).
Lu (2011) analyzes the distribution of lexical richness across three dimensions: lexical density,
sophistication, and variation. Their work employs variousmetrics from language acquisition stud-
ies and reports noun, verb, adjective, and adverb variations, which reflect the proportion of words
belonging to each respective grammatical category relative to the total word count. Type-Token
Ratio (TTR) is the ratio of number of word types to total number of word tokens in a text. It has
been widely used as ameasure of lexical diversity or lexical variation (Malvern and Richards 2012).
Vajjala and Meurers (2012) consider four alternative transformations of TTR and the Measure of
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Textual Lexical Diversity (MTLD; Malvern and Richards (2012)), which is a TTR-based approach
that is not affected by text length. Vajjala and Meurers (2016) explore the word-level psycholin-
guistic features such as concreteness, meaningfulness, and imageability extracted from the MRC
psycholinguistic database (Wilson 1988) and various Age of Acquisition (AoA) measures released
by Kuperman et al. (2012). Moreover, word concreteness has been shown to be an important
aspect of text comprehensibility. Paivio et al. (1968) and Richardson (1975) define concreteness
based on the psycholinguistic attributes of perceivability and imageability. Tanaka et al. (2013)
incorporate these attributes of word concreteness into their measure of text comprehensibility
and readability.

The syntactical features imitate the difficulty of cognitive process for readers (Schwarm and
Ostendorf 2005; Lu 2010; Tonelli et al. 2012; Lee and Lee 2020). These features capture properties
of the parse tree that are associated with more complex sentence structure (Collins-Thompson
2014). For example, Schwarm and Ostendorf (2005) examine four syntactical features related to
parse tree structure: the average height of parse trees, the average numbers of subordinate clauses
(SBARs), noun phrases, and verb phrases per sentence. Building on this, Lu (2010) expands the
analysis and implements four specificmetrics for each of these phrase types, which are respectively
the total number of phrases in a document, the average number of phrases per sentence, and the
average length of phrases both in terms of words and characters. In addition to average tree height,
Lu (2010) introduces metrics based on non-terminal nodes, such as the average number of non-
terminal nodes per parse tree and per word. Tonelli et al. (2012) assess syntactic complexity and
the frequency of particular syntactic constituents in a text. They suggest that texts with higher
syntactic complexity are more challenging to comprehend, thus reducing their readability. This is
attributed to factors such as syntactic ambiguity, dense structure, and high number of embedded
constituents within the text.

The discourse-based features illustrate the organization of a text, emphasizing that a text is not
just a series of random sentence but reveals a higher-level structure of dependencies (Pitler and
Nenkova 2008; Feng et al. 2010; Lee et al. 2021). In previous research, Pitler and Nenkova (2008)
investigate how discourse relations impact text readability. They employ the Penn Discourse
Treebank annotation tool (Prasad, Webber, and Joshi 2017), focusing on the implicit local rela-
tions between adjacent sentences and explicit discourse connectives. Feng et al. (2009) propose
that discourse processing is based on concepts and propositions, which are fundamentally com-
posed of established entities, such as general nouns and named entities. They design a set of
entity-related features for readability assessment, focusing on quantifying the number of entities a
reader needs to track both within each sentence and throughout the entire document. To analyze
how discourse entities are distributed across a text’s sentences, Barzilay and Lapata (2008) intro-
duce the entity grid method for modeling local coherence. Based on this approach, Guinaudeau
and Strube (2013) refine the use of local coherence scores, applying them to distinguish documents
that are easy to read from those difficult ones.

Recently, various reading interaction-based features have been proposed and applied in the
task of readability assessment (Gooding et al. 2021; Baazeem, Al-Khalifa, and Al-Salman 2021).
Dale and Chall (1949) suggest that readability issues stem not only from the characteristics of the
text but also from those of the reader. Similarly, Feng et al. (2009) argue that readability is not just
determined by literacy skills, but also by the readers’ personal characteristics and backgrounds.
For example, Gooding et al. (2021) measure implicit feedback through participant interactions
during reading, generating a set of readability features based on readers’ aggregate scrolling behav-
iors. These features are language agnostic, unobtrusive, and are robust to noisy text. Their work
shows that scroll behavior can provide an insight into the subjective readability for an individual.
Baazeem et al. (2021) suggest the use of eye-tracking features in automatic readability assessment
and achieve enhanced model performance. Their findings reveal that eye-tracking features are
superior to linguistic features when combined, implying the ability of these features to reflect the
text readability level in a more natural and precise way.
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Figure 3. The flowchart of our method. To obtain the simplified texts, we begin by simplifying the original texts. The original
and simplified texts are then passed to feature extraction as inputs to get the three subsets of textual form features. Using
these features, we then train a classification model to predict text readability.

In addition to the linguistic features for readability assessment reviewed above, this paper pro-
poses a set of novel features which characterize text readability from the perspective of outer
textual form complexity. In subsequent sections, we will introduce the proposed features and
describe our readability assessment method in detail.

3. Method
3.1 Overall framework
Based on the concept of textual form complexity, we propose to construct a set of textual formal
features to help characterize the readability of the text. The overall framework of our method is
presented in Figure 3. Our method consists of three components. The first component is the text
simplification stage. In this stage, we use the simplification tool to simplify each text to its sim-
plified version. These original and simplified texts are used to extract the textual formal features
in the second stage. The process of detailed simplification will be introduced in Section 3.2. The
second component is the feature extraction stage. In this stage, we extract the textual form fea-
tures with the input of the original texts and their simplified versions. The textual form features
are extracted bymeasuring the distinction between the original and the simplified texts from three
aspects, which correspond to similarity-based features, overlap-based features, and length ratio-
based features. The details of the extraction of the textual form features will be introduced in
Section 3.3. The third component is the model training stage. In this stage, we first train a classifi-
cation model with the extracted features and use the model to predict the readability label of the
texts. The details of model prediction will be introduced in Section 3.4.

3.2 Simplification operations to reduce the exterior textual form
In order to provide a more formal description for the proposed idea of textual form complexity,
we study certain criteria for writing simple and clear texts, such as the Plain Language Guidelines
(Caldwell et al. 2008; PLAIN 2011) and the “Am I making myself clear?” guideline (Dean 2009).
The basic principles shared by these guidelines are: “write short sentences; use the simplest form
of a verb (present tense and not conditional or future); use short and simple words; avoid unnec-
essary information; etc.” Basically, the principle is to simplify the complexity of the textual form
by reducing unnecessary exterior textual forms. Consequently, we conclude that the complexity
of textual form is a measure of the amount of exterior textual form in a given text.
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Table 1. Linguistic obstacles and simplification operations to remove them

Type Linguistic obstacles Simplification operations

Lexical low frequency replacement by more frequent words and phrases
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

lengthy words replacement by shorter words
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Syntactic long sentence sentence splitting or removal of non-essential information
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

apposition sentence splitting or removal of apposition (if non-essential)
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

relative clause sentence splitting or removal of subordinate clause (if non-essential)

This table is presented by Štajner et al. (2022)
We quote this table to show the functions of simplification operations in reducing the exterior textual form.

In the field of automatic text simplification, these guidelines also serve as guidance on the sim-
plification operations (Štajner et al. 2022), such as splitting sentences, deletion of non-essential
parts, and replacement of simple words. Table 1 presents some typical examples. It shows that
simplification operations can help reduce the external textual form by reducing the linguistic
obstacles within the texts. Furthermore, text simplification, according to Martin et al. (2020), is
the process of reducing the complexity of a text without changing its original meaning. Based on
the above theoretical foundations, we assume that text simplification can reduce the outer textual
form while retaining the inner core semantics. If we can measure what the simplification oper-
ations have done, we can quantify the exterior textual form. Motivated by this, we propose to
extract the textual form features by measuring the reduced textual forms during the simplification
process.

The technique used in the simplification process is a multilingual unsupervised sentence sim-
plification system called MUSS (Martin et al. 2020). The architecture of this system is based on
the sequence-to-sequence pre-trained transformer BART (Lewis et al. 2020). For different lan-
guages, we utilize the corresponding pre-trained model, that is“muss_en_mined” for English,
“muss_fr_mined” for French, and “muss_es_mined” for Spanish. Specifically, we first utilize the
NLTK tool for sentence segmentation (Loper and Bird 2002). The pre-trained model is then
applied to each document, sentence by sentence, to simplify it. Finally, we incorporate the
simplified sentences into a single document as the corresponding simplified text.

We show the simplification process in Figure 4. Supposing the document set of original texts
is Dorig = {d1, d2, . . . , di, . . . , dn}. For a given text di (1≤ i≤ n), the original sentence set of di is
denoted as Siorig = {s1, s2, . . . sj, . . . , sk}. After the simplification process, the simplified text of di
is obtained, which is denoted as di′. Due to the sentence-by-sentence manner, we also obtain the
parallel simplified sentence sj′ for each sentence in the text di. If a sentence is split into multiple
sub-sentences after simplification, we connect the sub-sentences as the corresponding simplified
sentence sj′. Then the simplified sentence set of the simplified document di′ is obtained, which is
denoted as Sisimp = {s1′, s2′, . . . , sj′, . . . , sk′}. We denote the parallel sentence pairs as (sj, sj′) (sj ∈
Siorig , sj′ ∈ Sisimp, 1≤ i≤ n, 1≤ j≤ k), where n is the total number of the texts in the corpus and k
is the total number of the sentences in each text.

3.3 Textual form features
On the basis of our innovative insight into text readability, we offer a set of textual form features
for assessing text readability. The retrieved features are based on the assumption that the differ-
ences between the original text and the simplified text can reflect the degree to which the complex
exterior textual form is reduced during the simplification process. In other words, the distinctions
measure the quantity of the outer textual form and hence serve as an indicator of the complexity
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Figure 4. The symbolismof the simplification process.We use the sentence-level simplificationmodelMUSS to simplify each
sentence sj and obtain a simplified sentence sj ′ for each text di in the original document set Dorig. Finally, we combine the
simplified sentences in each text di ′ to produce a parallel simplified document set Dsimp.

of the textual form. To achieve this, we extract features from three dimensions, namely similarity,
overlap, and length ratio, to reflect the difference between the original text and the simplified text
and to quantify how many exterior forms have been reduced. The proposed textual form features
are divided into three subsets:

• Similarity-based features. The similarity-based features are based on the classical simi-
larity measurements, including cosine similarity, Jaccard similarity, edit distance, BLEU
score, and METEOR score. In particular, we propose an innovative feature BertSim, which
determines the distance between BERT-based text representations.

• Overlap-based features. The overlap-based features are proposed based on the intuition
that word-level overlap can represent word-level change through simplification (e.g., the
number of complex word deletion) and capture lexical-dimension textual form complexity
(e.g., vocabulary difficulty). We investigate the overlap from the perspective of part-of-
speech (i.e., noun, verb, and adjective).

• Length ratio-based features. The length ratio-based features are based on the observation
that text is usually shortened after being simplified, we propose to use the sentence-level
length ratio to characterize the syntactical dimension of textual form complexity.

In the following subsections, we will describe these three types of textual form features in
detail.

3.3.1 Similarity-based features
According to the information theory lin1998information, similarity refers to the commonalities
shared by two different texts. The greater the commonality, the higher the similarity, and vice
versa. Over the past three decades (Wang and Dong 2020), several similarity measurements have
been proposed. These similarity measurements vary in how they represent text and compute
distance. In this work, we use three classical similarity measurements to capture textual form
complexity for readability assessment. In addition, we also propose an innovative feature based
on the similarity of BERT embeddings (Imperial 2021). The detailed descriptions of them are as
follows:

- CosSim.
Cosine Similarity measures the cosine of the angle between two vectors in an inner product

space (Deza and Deza 2009). For a given document, the CosSim feature is calculated as the average
cosine similarity between the vector representations of sentences in the text. It can be considered a
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sentence-level similarity between the texts before and after simplification. Specifically, for a given
text di, the k parallel sentence pairs (sj, sj′) are obtained through simplification operations, where
j=1,2. . .,k. We use the one-hot encoding as the vector representations of these sentences, which
is a well-known bag-of-words model for text representation (Manning and Schütze 1999). Then,
we calculate the cosine similarity between the one-hot vectors of sj and sj′ and average the k values
in text di. The feature CosSim calculation formula is as follows:

CosSim(di)= 1
k
∑k

j=1

�hjo · �hjs∥∥∥∥ �hjo
∥∥∥∥ ·

∥∥∥∥ �hjs
∥∥∥∥

(1)

where �hjo is the one-hot vector of sentence sj in original text di,
�hjs is the one-hot vector of sentence

sj′ in simplified text di′,
∥∥∥ �hj

∥∥∥ denotes the modulus of vector �hj, k is the number of sentence pair
(sj, sj′) for the given text di.

- JacSim.
Jaccard similarity is a similarity metric used to compare two finite sets. It is defined as the

intersection of two sets over the union of two sets (Jaccard 1901). Applied to text similarity mea-
surement, Jaccard similarity is computed as the number of shared terms over the number of all
unique terms in both strings (Gomaa and Fahmy 2013). The feature JacSimmeasures the average
Jaccard similarity of the sentence pairs for the given text. The extraction procedure is the same as
for the feature CosSim, and the calculation formula is as follows:

JacSim(di)= 1
k
∑k

j=1

∣∣∣Wsj ∩Wsj′
∣∣∣∣∣∣Wsj ∪Wsj′
∣∣∣ (2)

where Wsj denotes the word set of sentence sj in original text di, Wsj′ denotes the word set of
sentence sj′ in simplified text di′, k is the number of sentence pairs (sj, sj′) for the given text di.

- EditDis.
Edit distance is a metric used in computational linguistics to measure the dissimilarity between

two strings. It is determined by the minimal number of operations required to transform one
string into another (Gomaa et al. 2013). Depending on the definitions, there are different sets of
string operations at different edit distances. In our work, we used the Levenshtein distance, which
incorporates operations such as the deletion, insertion, or substitution of a character in a string
(Levenshtein et al. 1966). The feature EditDis calculates the Levenshtein distance between the
original text and its simplified version. Because the Levenshtein distance is calculated character by
character, the feature EditDis can capture the character-level textual form complexity for a given
text.

- BertSim.
The BertSim feature measures the text’s readability based on the similarity between the BERT-

based representations of the texts before and after simplification at the document level. BERT
is a pre-trained language model that has shown effectiveness in a variety of NLP tasks. It pos-
sesses the inherent capability to encode linguistic knowledge, such as hierarchical parse trees
(Hewitt and Manning 2019), syntactic chunks (Liu et al. 2019), and semantic roles (Ettinger
2020). We believe such knowledge can be incorporated to capture the text’s multidimensional
textual features in order to more comprehensively represent the textual form complexity. During
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the feature extraction process, we leveraged the pre-trained models “bert-base-casedB” and “bert-
base-multilingual-uncasedC” for English and non-English texts. Steps for feature extraction are as
follows:

Step 1: BERT-based sentence representation
For each sentence of a given text, we use the BERT tokenizer to split and get the token sequence
[t1, t2, . . . , tl, . . . , tL], where tl is the lth token for the sentence and L= 510 is the maximum sen-
tence length supported by BERT. If the token length in the sentence is greater than L, the sequence
will be truncated; otherwise, it will be padded with the [PAD] token. The final token sequence of
the sentence is concatenated by the [CLS] token, original sentence token sequence, and the [SEP]
token, which is denoted as Tj = [[CLS], t1, t2, . . . . . . tL, [SEP]]. As described in the work of BERT
(Kenton and Toutanova 2019), we use the final token embeddings, segmentation embeddings,
and position embeddings as input to the BERT to get the BERT encoding of the sentence. For
a given sentence sj, the output hidden states of the sentence are H ∈R

L×d, where d = 768 is the
dimension of the hidden state. In our work, instead of using the output vector of token [CLS], we
use the mean pooling ofH ∈R

L×d as the sentence representation, which is denoted as �vsj ∈R
d.

Step 2: BERT-based text representation and similarity calculation
After getting the BERT-based representations of the text’s sentences, the BERT-based representa-
tion of the text can be obtained by taking the average of the sentence representations. Given the
original text di and the simplified text di′, we first get the representations of all sentences in them,
which are denoted as Vdi = { �vs1 , �vs2 , . . . , �vsk} for the text di and Vdi′ = { �vs1′ , �vs2′ , . . . , �vsk′ } for the
text di′, where k is the sentence number, �vsk = [vk1, v

k
2, . . . , v

k
768] is the vector of the kth sentence

in di and �vsk′ = [vk1′, vk2′, . . . , vk
′
768] is the vector of the kth sentence in di′. The final representation

�vdi = [v1, v2, . . . , v768] for text di and �vdi′ = [v1′, v2′, . . . , v768′] for text di′ are obtained by averag-
ing the values of each dimension of the k number of sentences. The inner product of the two text
representations is then utilized as the BertSim feature value. The equations are as follows:

BertSim(di)=
768∑
i=1

vi · vi′ (i= 1, 2, . . . , 768) (3)

vi = 1
k

k∑
j=1

vji (j= 1, 2, . . . , k, i= 1, 2, . . . , 768) (4)

vi′ = 1
k

k∑
j=1

vji′ (j= 1, 2, . . . , k, i= 1, 2, . . . , 768) (5)

where k is the number of sentences in text, vi is the average value of ith dimension in the rep-
resentations of the k sentences of text di, and vi′ is the average value of ith dimension in the
representations of the k sentences of text di′. The detailed procedure for step 2 is presented in
Figure 5.

Bhttps://huggingface.co/bert-base-uncased
Chttps://huggingface.co/bert-base-multilingual-uncased
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Figure 5. The extraction process of the feature BertSim in step 2. The sentence representations �vsk and �vis are obtained in
step 2. For each text di , we average the value of each dimension in the sentence representations as the text representation.
The text representation for the original text is �vdi , and the text representation for the simplified text is �vdi ′ . At last, the inner
product of �vdi and �vdi ′ is calculated as the final value of the feature BertSim.

- BleuSim.
The BLEU score is a commonly used evaluation metric for machine translation (Papineni et al.

2002). It assesses the frequency of n-gram matches (usually 1-gram to 4-gram) in the machine-
generated text compared to reference texts. As the core idea of BLEU is to evaluate the alignment
between machine-generated output and human reference, BLEU score can be viewed as a sim-
ilarity measure between two text segments (Callison-Burch, Osborne, and Koehn 2006). Based
on this similarity measure, we construct the feature BleuSim. Specifically, BleuSim computes the
BLEU score for each original-simplified sentence pair for the given text di and then averages these
scores across all pairs. The calculation formulas are as follows:

BleuSim(di)= 1
k

k∑
j=1

BLEU
(
sj, s′j

)
(6)

BLEU
(
sj, s′j

)
= BP · exp

(
1
4
log P(j)1 + 1

4
log P(j)2 + 1

4
log P(j)3 + 1

4
log P(j)4

)
(7)

where BLEU(sj, s′j) is the BLEU score for the j-th sentence pair for text di, sj is the original sen-
tence, s′j is the corresponding simplified sentence, and k is the total number of sentence pairs. BP
is the brevity penalty that penalizes shorter simplified sentences to ensure they are not too brief
compared to the original sentences. P(j)n denotes the precision of the n-gram for the j-th sentence
pair. Each n-gram length is treated equally with the weight of 1/4.

The precision P(j)n is the proportion of the matched n-grams in s′j out of the total number of
n-grams in sj. Its calculation is as follows:

Pn =
∑

n-gram ∈s′i min
(
Counts′i (n-gram )+ 1, MaxCountsi (n-gram )+ 1

)
∑

n-gram ∈s′i
(
Counts′i (n-gram )+ 1

) (8)
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where Counts′i(n-gram ) is the count of n-gram in the simplified sentence s′j.
MaxCountsi(n-gram ) is the maximum count of that n-gram in the original sentence. We
use the additive smoothing method to avoid the extreme case where an n-gram is completely
absent in s′j, leading to a zero precision. This smoothing method adds the constant 1 to the count
of all n-grams.

-MeteorSim.
The METEOR is an automatic metric for the evaluation of machine translation(Banerjee and

Lavie 2005). It functions by aligning words within a pair of sentences. By accounting for both pre-
cision and recall, METEOR offers a more balanced similarity measure between two text segments.
Based on this similarity measure, we construct the feature MeteorSim. Specifically, MeteorSim
computes the METEOR score for each sentence pair for the given text di and then averages these
scores across all pairs. The calculation formulas are as follows:

MeteorSim(di)= 1
k

k∑
j=1

METEOR
(
sj, s′j

)
(9)

METEOR
(
sj, s′j

)
= (1− ρ)× Pj × Rj

α × Pj + (1− α)× Rj
(10)

where k is the total number of sentences in text di, sj is the j-th sentence in document di, s′j is
the corresponding simplified sentence sj. ρ is the penalty factor based on the chunkiness of the
alignment between sj and s′j. It penalizes the score if the word order in the simplified sentence
differs significantly from the original sentence. α is a parameter that balances the contributions of
precision Pj and recall Rj.

For the j-th sentence pair, precision Pj quantifies the ratio of words in the simplified sentence
s′j that align to the words in the original sentence sj; recall Rj quantifies the ratio of words in
the original sentence sj that find alignments in the simplified sentence s′j. According to Banerjee
and Lavie (2005), the word alignment process is executed by considering not only exact word
matches but also the presence of synonyms and stem matches. The calculation formulas are as
follows:

Pj =
∑

w∈Ws′j
align

(
w,Wsj

)
∣∣∣Ws′j

∣∣∣ (11)

Rj =
∑

w∈Wsj
align

(
w,Ws′j

)
∣∣∣Wsj

∣∣∣ (12)

whereWs′ j is the set of words in the simplified sentence s′j,Wsj is the set of words in the original
sentence sj, align(w,W) is a function that returns 1 if the wordw aligns with any word in the setW,
otherwise 0. |Wsj | and |Ws′j | denote the number of words in the sentence sj and s′j, respectively.

The six similarity-based features listed above characterize textual form complexity at vari-
ous levels and assess text readability across multiple linguistic dimensions. The features CosSim
and JacSim measure the word-level text similarity before and after simplification. JacSim cap-
tures vocabulary change through a set operation, whereas CosSim captures the difference in
word distribution through one-hot encoding. For these two features, the lower the value, the
greater the textual form complexity and the lower the text’s readability. The feature EditDis
measures the character-level text distance before and after simplification. Because text distance
indicates how much external textual form exists, the higher the value of the feature EditDis, the
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more complex the textual form, and the less readable the text. Regarding the feature BertSim,
given that text representations are rich in syntactic and discourse knowledge as noted by
Rogers et al. (2020), it is capable of capturing textual form complexity at the text level and
assessing readability from the perspective of syntactic. The classical machine translation metrics-
based features, BleuSim and MeteorSim, differ in their approaches: BleuSim functions at the
n-gram level, evaluating the occurrence of specific phrases up to a length of n, while MeteorSim
expands on this by including synonyms and stemming in its evaluation. Similar to CosSim and
JacSim, lower values of these three features indicate greater textual form complexity and reduced
readability.

3.3.2 Overlap-based features
Text simplification involves some lexical simplification operations, such as word substitution and
deletion (Qiang et al. 2020). We believe that measuring the simplification change at the word level
within the categories of different parts of speech can help in capturing the lexical-textual form
complexity of the text in more granular aspects. This is because the greater the change, the more
complex the textual form and the less readable the text. Based on this, in this work, we propose
using the overlap of the words in the texts before and after simplification in terms of noun, verb,
and adjective part-of-speech categories to capture this change. We only focus on these three parts
of speech since other parts of speech are less frequent, resulting in a large number of zeros and
a limited capacity to capture overlap information. The following describes the extraction process
for the three overlap-based features:

- NounOlap ,AdjOlap ,VerbOlap.
The extraction process for the three features contains two steps. Firstly, the NLTK tool is

initially employed for word segmentation and pos-tagging. As the NLTK tag categories are fine-
grained, the tags are regrouped into three coarse-grained categories: noun, verb, and adjective.
The detailed groupings of tags are listed in Appendix A. Secondly, we collect the word sets of each
sentence according to the pos-tagging of each word. Assuming that the noun, verb, and adjective

word sets areWsj
noun,W

sj
verb, andWsj

adj for sentence sj andWsj′
noun,W

sj′
verb, andWsj′

adj for sentence sj
′,

the three overlap-based features are calculated as follows:

NounOlap(di)= 1
k
∑k

j=1

∣∣∣∣Wsj
noun ∩Wsj′

noun

∣∣∣∣∣∣∣∣Wsj
noun ∪Wsj′

noun

∣∣∣∣
(13)

AdjOlap(di)= 1
k
∑k

j=1

∣∣∣∣Wsj
adj ∩Wsj′

adj

∣∣∣∣∣∣∣∣Wsj
adj ∪Wsj′

adj

∣∣∣∣
(14)

VerbOlap(di)= 1
k
∑k

j=1

∣∣∣∣Wsj
verb ∩Wsj′

verb

∣∣∣∣∣∣∣∣Wsj
verb ∪Wsj′

verb

∣∣∣∣
(15)

where Wpos ∩Wpos and Wpos ∪Wpos are the intersection and union of the two word sets,
respectively, pos ∈ {

noun, adj, verb
}

is the part-of-speech corresponding to the word sets{
Wnoun,Wadj,Wverb

}
. The operation |W| represents the number of the elements in the setW.
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Figure 6. An instance of the overlap at the word level between the sentences sj (before simplified) and sj ′ (after simpli-
fied). We investigate the overlap from the perspective of part-of-speech. The common nouns, adjectives, and verbs in two
sentences are counted separately.

An instance of the overlap at the word level between the sentences is presented in Figure 6.
Nouns, adjectives, and verbs in sentences sj (before simplified) and sj′ (after simplified) are
counted individually. There are common nouns, adjectives, and verbs between the two sentences.
The overlap-based features quantify the proportion of common words within the part-of-speech
category, indicating the number of words that remain unchanged during the simplification pro-
cess. Due to the fact that text simplification aims at reducing redundant textual form, the degree
of change reveals the complexity of the textual form. Therefore, the lower the feature values, the
greater the complexity of the textual form and the lower the readability.

3.3.3 Length ratio-based feature
We introduce a feature named LenRatio that assesses changes in text length due to simplification.
On the one hand, simplification may condense the sentence by removing non-essential elements,
thereby shortening its length. On the other hand, it can also lead to an increase in length, especially
when a complex term with rich meaning is paraphrased using more simple and straightforward
words to retain the original connotation. Regardless of whether the simplification results in a
longer or shorter text, the change in lengthmirrors the change of the exterior textual form through
simplification and thus characterizes the readability of the original text, as described in Section 3.2.
We suggest employing the length ratio to quantify this change. The detailed extraction process is
introduced in the following:
- LenRatio.

For a given text di, the LenRatio feature of the text is calculated as:

LenRatio(di)= 1
k
∑k

j=1
len (sj′)
len (sj)

(16)

where sj is the j-th sentence in text di, sj′ is the simplified sentence of sj, k is the number of the
sentences in text di, len (sj) and len (sj′) are the length of the original and simplified sentences,
which are defined as the total number of words in the sentence.
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Table 2. The hyperparameter settings in RandomForest and SMO

Model Parameter Parameter Value settings

RandomForest I The number of trees in the random forest. 100
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

P Size of each bag, as a percentage of the training set size. 100
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

K Number of attributes to randomly investigate, 0 for all. 0
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

M Set minimum number of instances per leaf. 1
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

depth The maximum depth of the tree, 0 for unlimited. 0
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

S Seed for random number generator. 1
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

SMO c The complexity parameter C. 1
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

epsilon The epsilon for round-off error. 1× e−12
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

numDecimalPlaces The number of decimal places used for the output of numbers. 2
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

randomSeed Random number seed for the cross-validation. 1
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

kernel The kernel to use. PolyKernel

3.4 Model prediction
In our work, we utilize two types of classification models for readability prediction: the tree-
based classifier Random Forest (Breiman 2001), and the function-based classifier Support Vector
Machine (SVM) (Hearst et al. 1998). For the tree-based model, Random Forest generates multiple
decision trees using a randomly selected subset of training samples and employs bagging (Breiman
1996) as the ensemble learning method. The model predicts the class through a majority vote and
ensures low correlation among decision trees by creating a random selection of attributes. For the
function-based model, SVM works by identifying the optimal hyperplane that most effectively
separates different classes in the feature space, aiming to maximize the margin between the clos-
est points of the classes. The model is especially advantageous in high-dimensional spaces and
in situations where the number of dimensions surpasses the number of samples. We employ the
Sequential Minimal Optimizationmethod (Platt 1999) for training the SVMmodel. Thus, we refer
to this model as SMO in the following sections.

We use the WEKA 3.9.6D (Waikato Environment for Knowledge Analysis) (Witten and Frank
2002) tool to build the models. The models’ hyperparameter settings are shown in Table 2.
Following previous work, we use accuracy, F1 score, precision, and recall as metrics to evaluate
the model’s performance.

4. Corpora
In order to evaluate to what extent our proposed textual form features can contribute to readabil-
ity assessment, we first carry out preliminary validation experiments using two parallel corpora,
which are widely used in both readability assessment and text simplification tasks. The main
experiments in our work are conducted on three traditional readability corpora. Among these
corpora, two are in English, and the third is a multilingual corpus in Spanish and French. This
section provides an overview of these five corpora.

Dhttps://www.weka.io/
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Table 3. Statistics for the OneStopEnglish corpus

Level Number of documents Total number of words Number of words per document

Elementary 189 100800 533.33
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Intermediate 189 127934 676.90
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Advanced 189 155253 820.49

4.1 Parallel corpora for preliminary validation
Parallel corpora consist of text collections in which every complex sentence from a source text is
matched with a more straightforward and comprehensible version of that same sentence. In our
work, we employ two such parallel corpora, widely utilized in both readability assessment and
text simplification research. Because the sentences in the corpora are manually simplified to their
simplified versions, it allows us to extract the proposed features and preliminarily validate their
effectiveness, bypassing the need for automated simplification processes.

OneStopEnglish.E This corpus is created by Vajjala and Lučić (2018). It contains 189 aligned
documents at three reading levels: elementary (ELE), intermediate (INT), and advanced (ADV).
The content of the corpus comes from the language learning resource website onestopenglish.com
from 2013 to 2016 and was rewritten by English teachers into the three levels for L2 English
adult learners. The statistics of the corpus are presented in Table 3. The sentence alignment pro-
cess, as described by Vajjala and Lučić (2018), yields 1,674 sentence pairs for the ELE-INT level,
2,166 sentence pairs for the ELE-ADV level, and 3,154 sentence pairs for the INT-ADV level.
In our experiment, we regard the elementary-level documents as the simplified versions of the
documents at intermediate and advanced levels. Specifically, we utilize the sentence pairs for the
ELE-INT level to extract the textual form features of the intermediate-level documents and utilize
the sentence pairs for the ELE-ADV level to extract the features of advanced-level documents. The
prediction models are trained on the documents from the INT and ADV levels.

NewsEla. This corpus is created by Xu et al. (2015) to study how professional editors conduct
text simplification. It consists of 1,130 news articles. Each article is rewritten 4 times for children at
different grade levels by editors at the Newsela company. The statistics of the corpus are presented
in Table 4. Xu et al. (2015) design a sentence alignment algorithm that pairs each sentence in a
simplified text version with the closest matching sentence in a more complex version, utilizing
overlapping word lemmas. In our experiments, we employ the aligned sentence pairs and follow
a similar procedure to the experiments on the OneStopEnglish corpus. Specifically, we regard
the articles at the Simp-4 level as simplified versions of those at the other four levels for feature
extraction and build our classification model based on articles from these four levels.

4.2 English andmultilingual corpora for readability assessment
Weebit. This corpus combines articles extracted fromWeeklyReaderF and the BBC Bitesize web-
site.G The articles are classified into five readability levels according to the different targeted age
groups. Levels 2, 3, and 4 consist of articles from the educational newspaperWeekly Reader, which
covers a wide range of nonfiction topics, from science to current affairs. KS3 and GCSE consist of
articles from the BBC Bitesize website, which contain educational material categorized into topics

Ehttps://zenodo.org/record/1219041.
Fhttp://www.weeklyreader.com
Ghttp://www.bbc.co.uk/bitesize
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Table 4. Statistics for the NewsEla corpus

Level Number of documents Total number of tokens Number of words per document

Original 1130 1,301,767 1,152.01
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Simp-1 1130 1,126,148 996.59
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Simp-2 1130 1,052,915 931.78
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Simp-3 1130 903,417 799.48
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Simp-4 1130 764,103 676.2

Note: Simp-4 denotes the most simplified level and Simp-1 denotes the least simplified level.

Table 5. Statistics for the Weebit corpus

Level Age group Number of documents Number of sentences per document

Level2 7–8 625 23.41
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Level3 8–9 625 23.28
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Level4 9–10 625 28.12
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

KS3 10–14 625 22.71
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

GCSE 14–16 625 27.85

Table 6. Statistics for the Cambridge English exam data

Level Exam Number of documents Number of sentences per document

A2 KET 60 14.75
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

B1 PET 60 19.48
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

B2 FCE 71 38.07
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

C1 CAE 67 45.76
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

C2 CPE 69 39.97

that roughly match school subjects in the UK. Each level of the corpus has 625 documents, for a
total of 3,125 documents. The statistics of the corpus are presented in Table 5.

Cambridge. The Cambridge Exam CorpusH was created by Xia et al. (2016). This corpus cate-
gorizes document readability according to Cambridge English Exam levels. The tests are designed
for second-language (L2) learners at Common European Framework of Reference levels A2-C2
(CEFR) (Xia et al. 2016). The five readability levels KET, PET, FCE, CAE, and CPE correspond
to CEFR levels A1 (breakthrough), B1 (threshold), B2 (vantage), C1 (effective operational profi-
ciency), and C2 (mastery), respectively. The statistics of the corpus are presented in Table 6.

VikiWiki-Es/Fr. The VikiWiki corpus was created by Azpiazu and Pera (2019). It contains
all documents retrieved from Vikidia, together with their corresponding Wikipedia entries.
The articles are uniformly distributed between two levels of readability: simple and complex.
There are a total of 70,514 documents in six different languages, with 8,390 in Spanish and

Hhttp://www.cl.cam.ac.uk/oemx223/cedata.html
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23,648 in French. At the simple level, there are on average 16 sentences and 303 words per
document, and at the complex level, there are on average 217 sentences and 6,036 words per doc-
ument. In our work, VikiWiki-Fr (French) and VikiWiki-Es (Spanish) are used for multilingual
experiments.

For the three corpora mentioned above, we adopt a 10-fold cross-validation approach in our
experiments. Specifically, the documents in the corpora are divided into 10 folds. The classifica-
tion model is run 10 times on different folds of documents. Each time, the model is trained on
nine folds and tested on the 10-th fold. The results of the 10 runs are averaged to generate the
performance evaluation.

5. Experimental design
We design four experiments to evaluate the efficacy of our proposed textual form features in
assessing readability. Experiment 1 aims to examine the effectiveness of these features in character-
izing text readability. Experiment 2 seeks to investigate the contributions of the proposed textual
form features in making predictions by examining their importance. Experiment 3 aims to explore
the applicability of these features in different languages. Experiment 4 focuses on evaluating the
impact that simplification tools on the performance of these features.

5.1 Experiment 1: examining the feature effectiveness in characterizing text readability
In this experiment, we first conduct a preliminary validation of the feature effectiveness on
parallel corpora. Then, we evaluate our proposed textual form features by comparing them
with other types of features using two traditional readability corpora. Finally, to explore the
contributions of the proposed features to the field of readability, we integrate our proposed
features into state-of-the-art models and assess whether their inclusion improves the model’s
performance.

5.1.1 Preliminary validation of feature effectiveness on parallel corpora.
We conduct experiments on two parallel corpora, OneStopEnglish and NewsEla, to preliminary
validate the effectiveness of our proposed textual form features on parallel corpora. As men-
tioned in Section 4.1, the parallel corpora contain numerous aligned sentence pairs before and
after manual simplification. We choose parallel corpora for our validation experiments for two
main reasons. Firstly, the texts within these corpora are manually simplified, which guarantees a
high quality of simplification and, consequently, ensures the extraction of high-quality features.
Second, because these corpora already contain pre- and post-simplification sentence pairs, wemay
simply extract our proposed features without the need for simplification tools.

Figure 7 illustrates the experimental design we used. As shown in the figure, in a parallel corpus,
each document is represented in different versions that correspond to different levels of readabil-
ity. For example, Level 1 corresponds to the most complex version, while Level 5 corresponds to
the most simplified version. We use the most simplified version to facilitate the process of extract-
ing features, while employing documents from other levels for model training and prediction.
More specifically, for each document in the training set, we find its corresponding simplified ver-
sion in Level 5 and utilize the aligned sentence pairs in the two documents to extract our proposed
textual form features. In addition, we utilize the Coh-Metrix tool to extract fundamental linguistic
features, which will be detailed in the following description of experiments. Next, we implement a
step-by-step method to build the feature sets by incorporating our proposed textual form features
into the existing baseline features. Finally, we use the feature sets to train classification models and
examine whether the inclusion of our proposed features leads to an enhancement in the model’s
performance.
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Figure 7. Diagram of the experimental design for validation on the parallel corpus. We use documents from themost simpli-
fied level in the parallel corpus to facilitate feature extraction, and we use documents from the other levels for training the
model and making predictions. We select the most simple version of each document in the training set and use the aligned
sentence pairs in the two texts to extract our proposed textual form features.

5.1.2 Investigating and comparing feature capabilities in characterizing text readability.
In this experiment, we test different types of features and their combinations in terms of their abil-
ity to characterize text readability. In addition to our proposed textual form features, we also select
two other types of features for comparison: current representative handcrafted features (inner
semantic-based features) and neural features. In the following, we will first introduce the two
types of features and then describe our experimental procedure in detail.

Existing handcrafted features mainly focus on the inner semantic-based textual characteristics,
while our proposed textual form features concentrate on the external complexity of the texts. To
analyze the effects of inner and outer textual aspects on text readability, we utilize the Coh-Metrix
tool to extract features as a representative of existing inner semantic-based features. According
to Crossley et al. (2008), Coh-Metrix is a synthesis of the advances in conventional readability
features. It was designed with the goal of providing a means to match textbooks appropriately to
the targeted students (Graesser et al. 2004). It is a computational tool that measures text difficulty
from an inner textual perspective, such as discourse cohesion, semantic and conceptual features.
The features are categorized into eleven groups based on their linguistic properties. A total of
108 features are extracted. For convenience, we denote the extracted 108 features as Coh-Metrix
features in the following sections.

In addition to handcrafted features, neural networks have recently shown powerful capability
in capturing high-level textual linguistic information. Among the neural networks, the represen-
tative one is the pre-trained language model BERT. Thus, we leverage BERT to extract neural
features. The experimental aim is to investigate the strengths and weaknesses of handcrafted and
neural features. During the process of extracting neural features, we initially employ the BERT
tokenizer to split the text into a sequence of tokens. The length of the input sequences is set to
512. If the length of the token sequence is less than 512, we pad it to 512 with the token [PAD];
If it is longer than 512, the part that exceeds the given length is truncated. Next, we append the
token [CLS] to the beginning of the sequence and the token [SEP] at the end of the sequence. By
inputting the token sequence, we acquire the associated token embeddings, segmentation embed-
dings, and position embeddings. Subsequently, we perform element-wise addition (Kenton and
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Toutanova 2019) on the three embeddings and feed them into the pre-trained BERT model. The
output of token [CLS] is used as the extracted neural features, which are 768-dimensional vectors.

The experimental procedure contains two main steps:

Step 1: Extraction of features. The two corpora used in this experiment are Weebit and
Cambridge. Both corpora contain five readability levels. On each corpus, we extract three types of
features for texts at all five levels. Specifically, we extract our proposed eight textual form features
to capture the texts’ outer form characteristics following the methods described in Section 3.3.
As described earlier, we utilize the Coh-Metrix tool to extract inner semantic-based features and
leverage the pre-trained BERT model to extract neural features.

Step 2: Training the model and making predictions. Using the extracted features, a classifi-
cation model is trained to predict the readability label for the given text. Our prediction models
consist of Random Forest and SMO. The specific details of themodel setup can be found in section
3.4. In addition to using individual types of features for model training, we also investigate two
feature combinations: 1) The integration of inner semantic-based features and outer textual form
features; 2) The combination of handcrafted features and neural features. As for the incorporation
of neural features, we concatenate the extracted 768-dimensional vectors with all the extracted
handcrafted features, which include 108 inner semantic-based features and ten outer textual form
features. The resulting vectors are then considered a combination of handcrafted and neural fea-
tures, with a dimensionality of 884. Finally, we leverage the trained models to make predictions
about the readability of text and evaluate the model’s performance in terms of accuracy, F1 score,
precision, and recall.

5.1.3 Examining the feature contributions to enhancing the performance of SOTAmodels.
Current state-of-the-art (SOTA) methods for readability assessment predominantly employ pre-
trained language models based on deep learning approach (Deutsch et al. 2020; Lee et al. 2021; Liu
and Lee 2023). The purpose of this experiment is to validate our proposed features and determine
their ability to improve the SOTA performance in the field of readability assessment.

We choose the hybrid models (Lee et al. 2021; Liu and Lee 2023) from the current state-of-
the-art models to ensure a more efficient comparison. These hybrid models combine handcrafted
features with fine-tuned pre-trained models, including BERT, RoBERTa, XLNet, and BART. Since
the model of Liu and Lee (2023) is designed for sentence-level readability assessment that differs
from our task setup, we choose to make comparisons with the hybrid models for passage-level
readability assessment from their previous work (Lee et al. 2021). This work utilizes corpora that
align with ours, specificallyWeebit and Cambridge. In this experiment, we integrate our proposed
features into their hybrid models and compare the results with those reported in their paper. More
precisely, we first reran their code to fine-tune the pre-trained models and obtain the transformer
predictions. Next, we concatenate our proposed ten features with their extracted, handcrafted
features, namely T1 and P3 feature sets. Finally, we train classification models using the combined
handcrafted features and transformer predictions, in accordance with their approach.

5.2 Experiment 2: investigating the feature contributions in model prediction
Beyond gaining good model performance for readability prediction, it is also important to find
out which features are indicative of these predictions and the extent to which these features con-
tribute to the model’s performance (Zien et al. 2009). Therefore, we design this experiment to
further analyze the impact of our proposed textual form features on the model’s prediction. This
experiment is a continuation of Experiment 1 and focuses on all the handcrafted features. To
be specific, we train the model using a combination of 108 inner semantic-based features and
ten outer textual form features and analyze their contributions to the Weebit and Cambridge
corpora.

https://doi.org/10.1017/nlp.2024.50 Published online by Cambridge University Press

https://doi.org/10.1017/nlp.2024.50


824 W. Pan et al.

We employ the mean impurity decrease method to analyze the contributions of features. We
use this strategy because Mean Decrease in Impurity (MDI) is a measurement of feature impor-
tance in decision tree models, such as Random Forest. More precisely, we first calculate the MDI
score for each feature by averaging the total decrease in node impurities over all the trees from
splitting on the respective features (Han, Guo, and Yu 2016). Regarding the node impurity, we
employ the Gini index, which is calculated using the formula below:

Gini=
C∑
i=1

p(i) ∗ (1− p(i)) (17)

where C is the total number of classes, i represents the ith class, and p(i) is the probability of
picking an instance with class i. Then, we rank the importance of the total of 118 handcrafted
features according to their MDI scores.

5.3 Experiment 3: exploring the applicability of the proposed features across different languages
The goal of this experiment is to explore the applicability of our proposed features to lan-
guages other than English. Previous studies (Scarton et al. 2017; Finnimore et al. 2019; Stodden
and Kallmeyer 2020) have shown that text simplification exhibits a certain level of consis-
tency across different languages. Therefore, it is reasonable to assume that our proposed text-
simplification-based textual form features could be effective across various languages. To test
this hypothesis, we apply our proposed features to texts written in Spanish and French and
evaluate their efficacy in this multilingual setting. This experiment utilizes the VikiWiki-Es/Fr
corpus.

As mentioned in Section 4.2, this corpus contains two sub-corpora: VikiWiki-Es (Spanish)
and VikiWiki-Fr (French). Each sub-corpus has two readability levels, namely simple and diffi-
cult. Specifically, we first extract our proposed ten textual form features from texts at two levels
of each sub-corpus. Then, we train classification models with our proposed features. At last, we
evaluate the model’s performance in terms of accuracy and compare our approach with both tra-
ditional and state-of-the-art strategies on this corpus. The compared strategies were implemented
by Azpiazu and Pera (2019), and the brief introductions are as follows:

• Flesch. In this strategy, the traditional Flesch formula (Kincaid et al. 1975) is used to
compute the readability score of each text. Due to the multilingual setting, this strat-
egy considers the language-specific adaptations of the formula (Kandel and Moles 1958;
Fernández Huerta, 1959). The employed framework categorizes a given text as either sim-
ple or complicated by mapping its Flesch score onto a binary value. This mapping is
determined by the text’s distance from the average score of texts in each respective category
(Azpiazu 2017).

• LingS3+RandomForest. This is a current state-of-the-art feature engineering strategy. It
adopts the classical machine learning method. In this strategy, the Random Forest classifi-
cation model is trained based on a set of linguistic features introduced by Azpiazu (2017).
We denoted this set of features as LingS3 in our paper. Due to the unavailability of the
feature set of LingS3, we present their reported results (Azpiazu 2017).

• Vec2Read. This is a state-of-the-art strategy based on deep learning methods. It employs
a multi-attentive recurrent neural network architecture for evaluating the readability of
texts in multiple languages (Azpiazu and Pera 2019). In this strategy, a recurrent neural
network is leveraged to capture text structure, and a multi-attention mechanism is utilized
to incorporate textual information related to syntax and morphology.
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Table 7. Simplification examples from the Cambridge corpus using MUSS and ReWordify tools

Simp.tool Example Text

Example 1
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Original I actually look rather good in jeans. So I rarely wear them. I don’t want to get mixed up with
the wrong sort of person.’ So runs the logic of Isabel, ’our heroine’ in this refreshingly zany

novel.
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

MUSS I look pretty good in jeans, so I don’t want to get mixed up with the wrong sort of person.” So
runs the logic of Isabel, “our heroine” in this refreshingly zany novel.

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

ReWordify I actually look rather good in jeans. So I rarely wear them. I don’t want to get mixed up with
the wrong sort of person.’ So runs the logic of Isabel, ’our female hero’ in this refreshingly

wacky novel.
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Example 2
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Original An art student of 31, devotee of historical romances, she seeks Mr Right but is concerned lest
her knobbly knees ruin her chances. Hope, however, springs eternal—which proves to be her

salvation, and that of other people in the story.
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

MUSS An art student of 31, she seeks Mr Right but is concerned lest her knobbly knees ruin her
chances. She is also a fan of historical romances, but those aren’t the only things in her life.

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

ReWordify An art student of 31, fan of historical romances, she looks for Mr Right but is concerned lest
her knobbly knees ruin her chances. Hope, however, springs never-ending—which proves to
be her (saving or protecting someone from sin or harm), and that of other people in the story.

Note: “Simp.tool” denotes the simplification tool.

5.4 Experiment 4: analyzing the impact of simplification tools on the performance of proposed
features

The purpose of this experiment is to assess how different simplification tools affect the capabilities
of features to enhance model performance.

In addition to the MUSS simplification tool (Martin et al. 2020) mentioned in Section 3.2,
there are several more text simplification tools that can be utilized. Among these tools, we select
RewordifyI for comparison, which is a free and efficient online tool. Morales et al. Morales et al.
(2019) emphasize that this tool enhances reading, learning, and teaching experiences for English
texts. It focuses on lexical-level simplification and is capable of contextually modifying lexical
expressions within texts.

Table 7 presents a comparison of text simplifications by MUSS and ReWordify using two
examples from the Cambridge corpus. According to the table, MUSS frequently condenses and
modifies the original sentence phrasing, whereas ReWordify preserves the sentence structure,
emphasizing the simplification of individual words and phrases. For example, in the second
example, MUSS simplifies and condenses the description by removing phrases like “devotee of ”
; ReWordify clarifies and simplifies specific expressions, such as changing “springs eternal” to
“springs never-ending.” These examples suggest that MUSS focuses on structural simplification,
which can involve condensing information and modifying sentence structure. On the other hand,
ReWordify primarily focuses on simplifying the vocabulary by substituting complex words with
simpler ones. Both methods aim to make the text more readable and understandable, but they
employ different strategies to achieve this goal, each with its own advantages and target use
cases.

In this experiment, we use the Rewordify tool for feature extraction. Following the same exper-
imental design as conducted on the Weebit and Cambridge corpora, we train Random Forest and
SMO classification models using the extracted features. Finally, we compare the performance of

Ihttps://rewordify.com/
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Table 8. Performance comparison of RandomForest and SMO trained with baseline Coh-Metrix features and added textual
form features on OneStopEnglish and NewsEla parallel corpora

RandomForest SMO

Parallel corpora Feature set ACC F1 P R ACC F1 P R

Coh-Metrix(108) 0.794 0.793 0.795 0.794 0.894 0.894 0.894 0.894
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Coh-Metrix(108)+ LenRatio(1) 0.804 0.804 0.804 0.804 0.902 0.902 0.902 0.902
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

OneStopEnglish Coh-Metrix(108)+Overlap(3) 0.802 0.802 0.802 0.802 0.902 0.902 0.903 0.902
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Coh-Metrix(108)+ Similarity(6) 0.915 0.915 0.915 0.915 0.947 0.946 0.947 0.947
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Coh-Metrix(108)+ TextFormFeat(10) 0.918 0.918 0.919 0.918 0.947 0.947 0.947 0.947
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Coh-Metrix(108) 0.838 0.840 0.842 0.839 0.848 0.849 0.850 0.848
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Coh-Metrix(108)+ LenRatio(1) 0.856 0.857 0.859 0.856 0.876 0.876 0.877 0.876
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

NewsEla Coh-Metrix(108)+Overlap(3) 0.855 0.856 0.858 0.855 0.876 0.877 0.877 0.876
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Coh-Metrix(108)+ Similarity(6) 0.888 0.889 0.890 0.888 0.896 0.896 0.895 0.896

Coh-Metrix(108)+ TextFormFeat(10) 0.885 0.885 0.886 0.885 0.896 0.896 0.896 0.896

Note: The best performance on the corresponding parallel corpora is highlighted in bold.

models in three different settings: 1) without using any simplification pipeline, 2) utilizing MUSS
for simplification, and 3) employing Rewordify for simplification.

6. Results and discussion
This section presents the findings and discussion of the four experiments mentioned in Section
5. For convenience, we abbreviate the names of the feature sets used in our experiments:
TextFormFeat (10) refers to our proposed ten textual form features; Similarity (6) refers to the
six similarity-based features, including CosSim, JacSim, EditDis, BertSim, BleuSim andMeteorSim;
Overlap (3) refers to the three overlap-based features, including NounOlap, VerbOlap and
AdjOlap; LenRatio (1) refers to the length-ratio feature LenRatio; Coh-Metrix (108) refers to the
108 Coh-Metrix features; BERTFeat (768) refers to the 768-dimensional neural features extracted
from the pre-trained language model BERT. The four evaluation metrics are also represented in
their abbreviated forms, where ACC, F1, P, and R denote Accuracy, F1 score, Precision, and Recall,
respectively.

6.1 Discussion of feature effectiveness
This section presents the experimental results of Experiment 1. In the following, we first present
the preliminary validation results on parallel corpora. Then, we make a discussion of differ-
ent types of readability features based on the experimental results. Finally, we present the
experimental results of integrating our proposed features into the existing SOTA models.

The validation experiments preliminarily confirm the efficacy of our proposed features.
From Table 8, it can be seen that adding our proposed textual form feature sets leads to a
significant improvement inmodel performance. Specifically, on the OneStopEnglish corpus, Coh-
Metrix (108) + TextFormFeat (10) achieves the best performance in both classification models;
RandomForest reaches an accuracy of 0.918 and F1 score of 0.918, while SMO achieves an accu-
racy of 0.947 and F1 score of 0.947. In comparison to using Coh-Metrix (108) alone, when adding
our proposed TextFormFeat (10), the greatest enhancement observed in RandomForest is 12.5%
(F1 score), and in SMO is 5.3% (F1 score). On the NewsEla corpus, adding Similarity (6) results
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Table 9. Performance comparison of RandomForest with different types of feature sets on Weebit and Cambridge

Weebit Cambridge

Feature type Feature set ACC F1 P R ACC F1 P R

inner Coh-Metrix(108) 0.744 0.744 0.743 0.744 0.731 0.727 0.730 0.731
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

outer TextFormFeat(10) 0.547 0.545 0.544 0.547 0.514 0.514 0.519 0.514
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

inner+outer Coh-Metrix(108)+ LenRatio(1) 0.763 0.763 0.764 0.763 0.731 0.728 0.730 0.731
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Coh-Metrix(108)+Overlap(3) 0.755 0.754 0.754 0.755 0.767 0.765 0.766 0.767
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Coh-Metrix(108)+ Similarity(6) 0.771 0.770 0.770 0.771 0.795 0.794 0.794 0.795
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Coh-Metrix(108 )+ TextFormFeat(10) 0.768 0.767 0.767 0.768 0.773 0.771 0.772 0.773
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

neural BERTFeat(768) 0.794 0.794 0.795 0.794 0.598 0.589 0.588 0.598
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

neural+inner
+outer

BERTFeat(768)+Coh-Metrix(108)
+ TextFormFeat(10)

0.816 0.816 0.817 0.816 0.689 0.681 0.685 0.689

Note: The ‘inner’ and ‘outer’ types belong to handcrafted features, while the ‘neural’ type belongs to neural features. The upper part of the table
presents a comparison of solely handcrafted features, with the best performance among these handcrafted-only feature sets highlighted in bold.
The lower part of the table includes neural features into comparison, with the best performance highlighted in bold.

in the highest performance for RandomForest, attaining an accuracy of 0.888 and an F1 score of
0.889; and for SMO, adding TextFormFeat (10) yields the best results, with an accuracy of 0.896
and F1 score of 0.896. These results indicate that different models may have varying preferences
for the features; however, overall, the inclusion of our proposed features leads to the performance
enhancement for both models on two corpora, thus giving a preliminary validation of the efficacy
of our proposed features.

We compare themodel’s performance based on different types of feature sets on two traditional
readability corpora for each classification model mentioned in Section 3.4. The experimental
results further demonstrate the effectiveness of our proposed features for readability assessment.
Tables 9 and 10 report the model performance of RandomForest and SMO, respectively. It is
evident that adding our proposed TextFormFeat (10) to Coh-Metrix (108) enhances the per-
formance of both models on the two corpora. For RandomForest, the model’s performance in
terms of accuracy and F1 score improves by 2.4% and 2.3% on the Weebit corpus and by 4.2%
and 4.4% on the Cambridge corpus (line 1 and line 6 in Table 9). For SMO, the model’s per-
formance in terms of accuracy and F1 score increases by 2.3% and 2.2% on the Weebit corpus
and by 1.2% and 1.5% on the Cambridge corpus (line 1 and line 6 in Table 10). Since only ten
features have brought about this considerable improvement, we may safely draw the conclusion
that our proposed textual form features are effective. Moreover, it can also be seen that when
the three feature subsets Similarity (6), Overlap (3), and LenRatio (1) are added to Coh-Metrix
(108) individually, the model performances are all improved. This further demonstrates the effec-
tiveness of each subset of textual form features. Interestingly, for RandomForest, the addition of
the feature subset Similarity (6) achieves the best performance on both corpora, demonstrating
the effectiveness and superiority of these similarity-based features. Previous research (Martin et
al. 2020) points out that overlap-based metrics are not the best for evaluating text simplification
tasks. Despite this, we observe that incorporating overlap-based features into our model markedly
improves readability assessment predictions. While the specific reasons for this enhancement
are not fully clear, we hypothesize that it may be due to the differentiation between the use
of Overlap as a predictive feature within the learning algorithm and its use as an evaluative
metric.

It can also be concluded that both inner semantic-based features and outer textual form fea-
tures are essential in characterizing text readability. With the inner semantic-based features, both
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Table 10. Performance comparison of SMOwith different types of feature sets on Weebit and Cambridge corpora

Weebit Cambridge

Feature type Feature set ACC F1 P R ACC F1 P R

inner Coh-Metrix(108) 0.761 0.761 0.761 0.761 0.740 0.736 0.738 0.740
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

outer TextFormFeat(10) 0.533 0.535 0.541 0.533 0.432 0.431 0.434 0.432
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

inner+outer Coh-Metrix(108)+ LenRatio(1) 0.763 0.763 0.764 0.763 0.731 0.728 0.730 0.731
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Coh-Metrix(108)+Overlap(3) 0.767 0.768 0.768 0.767 0.737 0.735 0.737 0.737
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Coh-Metrix(108)+ Similarity(6) 0.783 0.783 0.783 0.783 0.749 0.747 0.751 0.749
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Coh-Metrix(108)+ TextFormFeat(10) 0.784 0.783 0.783 0.784 0.752 0.751 0.755 0.752
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

neural BERTFeat(768) 0.834 0.834 0.834 0.834 0.665 0.662 0.665 0.665
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

neural+inner
+outer

BERTFeat(768)+Coh-Metrix(108)
+ TextFormFeat(10)

0.845 0.845 0.845 0.845 0.740 0.741 0.745 0.740

Note: The ‘inner’ and ‘outer’ types belong to handcrafted features, while the ‘neural’ type belongs to neural features. The upper part of the table
presents a comparison of solely handcrafted features, with the best performance among these handcrafted-only feature sets highlighted in bold.
The lower part of the table includes neural features into comparison, with the best performance highlighted in bold.

models exhibit good performance on the Weebit and Cambridge corpora. As detailed in Tables 9
and 10, using Coh-Metrix(108) as inner features, RandomForest attains an F1 score of 0.744 on
Weebit and 0.727 on Cambridge (line 1 in Table 9), SMO attains F1 scores of 0.761 and 0.736 on
the respective corpora (line 1 in Table 10). These results indicate that the inner semantic-based
features play a crucial role in readability assessment. Regarding the outer textual form features,
it’s evident that while the ten features alone may not yield impressive results, they can boost the
model when used as a complement to the inner textual features. With RandomForest, combin-
ing Coh-Metrix (108) with Similarity (6) results in an F1 score of 0.770 on Weebit and 0.794 on
Cambridge. For SMO, the addition of TextFormFeat (10) to Coh-Metrix (108) leads to F1 scores
of 0.783 and 0.751 on the respective corpora. Hence, the combination of inner semantic-based
and outer textual form features is most likely to improve the model’s performance.

In addition to handcrafted features, we also investigate neural features and observe that neu-
ral features sometimes are not necessarily effective. In Tables 9 and 10, we can see that neural
features perform pretty well on the Weebit corpus; that is, the combination of handcrafted fea-
tures and neural features (neural+inner+outer) yields the best performance, with RandomForest
reaching an accuracy and F1 score of 0.816 (line 8 in Table 9), and SMO attaining an accuracy
and F1 score of 0.845 (line 8 in Table 10). Complementary to our findings, recent research, such
as that conducted by Wilkens et al. (2024), explores the efficacy of combining linguistic features
with transformer-based neural features. Their research supports the idea that integrating diverse
types of features—traditional linguistic and advanced neural—can significantly improve the per-
formance of readability assessment systems. However, we can also see that neural features are
not as effective on the Cambridge corpus. As demonstrated, when trained solely with neural
features (BERTFeat (768)), the RandomForest model achieves only an accuracy of 0.598 and F1
score of 0.589 (line 7 in Table 9). Even though concatenating handcrafted features (Coh-Metrix
(108)+TextFormFeat (10)), the model’s performance improves to an accuracy of 0.689 and an
F1 score of 0.681 (line 8 in Table 9), yet it still does not surpass the performance achieved with
the four sets of inner and outer features. Likewise, for SMO, neural features also show subpar
performance on the Cambridge corpus. These results suggest the instability of the performance of
neural features. In contrast, as can be seen from the two tables, handcrafted features (especially the
combination of inner semantic-based features and outer textual form features) have a stable and
effective performance on both corpora. For example, using Coh-Metrix(108)+TextFormFeat(10)

https://doi.org/10.1017/nlp.2024.50 Published online by Cambridge University Press

https://doi.org/10.1017/nlp.2024.50


Natural Language Processing 829

Table 11. Performance comparison before and after integrating our proposed features into SOTAmodels

Model Weebit Cambridge

ACC F1 P R ACC F1 P R

BERT+ T1_GB 0.895 0.895 0.897 0.897 0.687 0.682 0.732 0.687
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

BERT+ T1_GB+ TextFormFeat(10) 0.974 0.974 0.975 0.974 0.791 0.788 0.791 0.819
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

RoBERTa+T1_RF 0.902 0.902 0.903 0.903 0.763 0.752 0.792 0.753
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

RoBERTa+T1_RF+ TextFormFeat(10) 0.952 0.952 0.953 0.952 0.779 0.773 0.771 0.779
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

BART+ T1_RF 0.905 0.905 0.905 0.904 0.727 0.727 0.76 0.727
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

BART+ T1_RF+ TextFormFeat(10) 0.952 0.952 0.953 0.952 0.777 0.768 0.766 0.776
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

XLNet+P3_RF 0.892 0.892 0.893 0.892 0.687 0.676 0.710 0.687
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

XLNet+P3_RF+ TextFormFeat(10) 0.948 0.948 0.949 0.948 0.782 0.778 0.777 0.782

Note: T1 and P3 represent the handcrafted feature sets used in hybridmodels (Lee et al. 2021). RF denotes RandomForest, GB denotes
XGBoost. Bold indicates the best performance of the model before and after integrating our proposed TextFormFeat(10).

as inner and outer features, the RandomForest model attains an accuracy of 0.768 on the Weebit
corpus and 0.773 on the Cambridge corpus (line 6 in Table 9); meanwhile, the SMOmodel demon-
strates an accuracy of 0.784 on the Weebit corpus and 0.752 on the Cambridge corpus (line 6
in Table 10). Moreover, it is claimed that handcrafted features are better than neural features in
terms of their interpretability. Though we cannot give an exact explanation of vectors extracted
from neural networks (e.g., the vector of 768 dimensions extracted from BERT), we can gain a
good understanding of what information is extracted by handcrafted features (e.g., textual form
features capture the outer form characteristics of the text).

The experimental results in Table 11 demonstrate that our proposed features are valid and
can enhance the state-of-the-art performance in the field of readability assessment. It is evi-
dent that integrating our proposed ten textual form features into the existing four SOTA hybrid
models leads to a significant performance improvement. On the Weebit corpus, the model
BERT+T1_GB+TextFormFeat (10) achieves the best performance (ACC= 0.974, F1= 0.974),
marking an increase of 7.9% in both ACC and F1 compared to the SOTA model BERT+T1_GB.
On the Cambridge corpus, the same model, BERT+T1_GB+TextFormFeat (10), also reaches
the highest performance (ACC= 0.791, F1= 0.788), with an ACC increase of 10.4% and an F1
increase of 10.6% compared to the SOTA model BERT+T1_GB. These results fully demonstrate
that our proposed features can enhance the performance of existing SOTA models, contributing
significantly to the field of readability.

Additionally, we conduct a performance comparison of models incorporating our features with
recent models. We select four existing readability models, which are respectively SVM (Xia et al.
2016), BERT+ SVM (Deutsch et al. 2020), BERT (Martinc et al. 2021), and BART+T1_RF hybrid
(Lee et al. 2021). The reason we choose these works is that they all utilize the Weebit corpus.
Since not all studies report all four metrics, we report the accuracy metric, which was used across
all works. The results, displayed in Table 12, indicate that our models significantly outperform
all existing readability assessment models on the Weebit corpus. Specifically, our BART+T1_RF
hybrid+TextFormFeat (10) surpasses the previous bestmodel by 4.7%, while our BERT+T1_GB
hybrid+ TextFormFeat (10) shows an even more substantial improvement of 6.9% over the same
benchmark. The superior performance of our models over established techniques substantiates
the effectiveness and applicability of our approach in contemporary readability research.
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Table 12. Performance comparison of our models and existing readability assessment models on the WeeBit
corpus

Readability Assessment Model Accuracy

Existing models SVM (Xia et al. 2016) 0.803
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

BERT+ SVM (Deutsch et al. 2020) 0.838
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

BERT (Martinc et al. 2021) 0.857
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

BART+ T1_RF hybrid (Lee et al. 2021) 0.905
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Our models BART+ T1_RF hybrid+ TextFormFeat(10) 0.952
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

BERT+ T1_GB hybrid+ TextFormFeat(10) 0.974

Note: As Accuracy is the common evaluation metric reported in the papers of these existing models, we report Accuracy in this
table.

Figure 8. Top 15 feature importance ranks on the Weebit corpus. On the x axis, the MDI scores are reported. On the y axis,
features ranked in the top 15 are reported, where the rank order increases from top to bottom. The blue bars represent our
proposed features. The gray bars represent Coh-Metrix features.

6.2 Analysis of feature contributions
This section presents the experimental results in Experiment 2. We rank the feature importance
of the total 118 features (108 Coh-Metrix features and our proposed ten textual form features)
according to their MDI scores. Rank lists of the top 15 important features on Weebit corpus and
Cambridge corpus are separately presented in Figures 8 and 9. On the x axis, the MDI scores are
reported. On the y axis, features ranked in the top 15 are reported, where the rank order increases
from top to bottom (the rank 1 writes at the top, the rank 15 writes at the bottom). The blue bars
represent our proposed textual form features. The gray bars represent the Coh-Metrix features.

It can be concluded from the two figures that our proposed textual form features play a vital
role in the model’s prediction. As can be seen from the figures, the MDI scores of our proposed
ten textual form features rank highly among the total 118 features, mostly occupying the top 15
rank lists on the two corpora.
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Figure 9. Top 15 feature importance ranks on the Cambridge corpus. On the x axis, the MDI scores are reported. On the y
axis, features ranked in the top 15 are reported, where the rank order increases from top to bottom. The blue bars represent
our proposed features. The gray bars represent Coh-Metrix features.

To be specific, it can be seen from Figure 8 that onWeebit corpus, our proposed features occupy
the top eight of the importance rank list. And what stands out is that all ten proposed textual form
features are in the top 15 ranks on this corpus. Also, in Figure 9, we can see that on Cambridge
corpus, seven out of the top 15 features in the rank list are our proposed textual form features,
and the top one important feature is our proposed CosSim. It is noteworthy that our proposed
features CosSim, JacSim, BleuSim, MeteorSim, VerbOlap, NounOlap, and AdjOlap are in the top
15 rank lists on both corpora. Taken together, these results suggest that the proposed ten features
have made significant contributions to the model’s prediction.

From Figure 8 and 9, we can also conclude that some of the Coh-Metrix features are essen-
tial in the model prediction as well. As introduced in Section 5.1, the 108 Coh-Metrix features
were divided into 11 categories according to their linguistic properties (McNamara et al. 2014).
The detailed descriptions of the Coh-Metrix features are presented in Appendix B. From the fig-
ures, it can be seen that the highly ranked Coh-Metrix features are mainly distributed in three
categories, which are Descriptive, Text Easability Principle Component Scores, and Referential
Cohesion. Interestingly, four out of the five Coh-Metrix features that rank among the top 15 on
theWeebit corpus are descriptive features. And three descriptive features also appear in the top 15
list on Cambridge corpus as well. As introduced by McNamara et al. (2014), descriptive features
include the basic statistics of a sentence or paragraph in the given text. This result suggests that the
descriptive features are more effective among the 108 Coh-Metrix features and have comparable
contributions to our proposed textual form features.

6.3 Results in multilingual setting
This section presents the experimental results of Experiment 3. Our strategy is to train the clas-
sification model Random Forest based on our proposed textual form features in a multilingual
setting (in Spanish and French). We compare our strategy with traditional and state-of-the-art

https://doi.org/10.1017/nlp.2024.50 Published online by Cambridge University Press

https://doi.org/10.1017/nlp.2024.50


832 W. Pan et al.

Table 13. The classification accuracy on the VikiWiki-Es/Fr corpus

Strategies VikiWiki-Es (Spanish) VikiWiki-Fr (French)

Flesch 0.687 0.670
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

LingS3+RandomForest 0.792 0.842
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Vec2read 0.847 0.884
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

TextFormFeat(10)+RandomForest (Ours) 0.874 0.870

strategies. Table 13 presents the model performance of the strategies on VikiWiki-Es (Spanish)
and VikiWiki-Fr (French).

From the results in Table 13, we can conclude that our proposed textual form features can
be applied to different languages. As can be seen from the table, based on our proposed fea-
tures, our strategy achieves the best performance among all the strategies (accuracy of 0.874 on
VikiWiki-Es (Spanish); accuracy of 0.870 on VikiWiki-Fr (French)). What is unexpected is that
only ten features have yielded such good model performance on Spanish and French corpora and
even better performance than on English corpora. To make a fair comparison, we compare our
proposed features with the existing multilingual features (LingS3) based on the same prediction
model, Random Forest. Results show that our proposed TextFormFeat (10) yields better model
performance than LingS3: the accuracy improves from 0.792 to 0.874 on VikiWiki-Es (Spanish),
increasing by 8.2%; and improves from 0.842 to 0.870 on VikiWiki-Fr (French), increasing by
2.8%. These improvements further demonstrate the superiority of our proposed features in mul-
tilingual readability assessment. Moreover, our strategy even achieves comparable performance
with the neural network-based state-of-the-art strategy Vec2Read (see lines 3-4 in Table 13). This
suggests that our proposed textual form features are especially powerful in characterizing text
readability in this corpus. Overall, our proposed features have been successfully applied to English,
Spanish, and French, which confirms the effectiveness of our proposed features for different
languages.

6.4 Results with different simplification tools
This section presents the experimental results of Experiment 4. We conduct experiments on the
Weebit and Cambridge corpora, comparing model performance when the simplification pipeline
in our method is either removed or replaced with different simplification tools. The results for the
Weebit and Cambridge corpora are displayed in Table 14 and Table 15, respectively.

Firstly, it is observed that removing the simplification pipeline results in a decrease in model
performance on both corpora, suggesting that incorporating the simplification pipeline into the
model contributes to improving the model’s performance. Specifically, for models based solely on
handcrafted features, on theWeebit corpus (in Table 14), the absence of the simplification pipeline
leads to an average performance decrease of 2.375% and 2.25% for the RandomForest and SMO
models, respectively. On the Cambridge corpus (in Table 15), the most significant performance
drop is seen in the RandomForest model, with an average decrease of 5.45%. When neural fea-
tures are also considered, the results remain consistent. Across both corpora for both models,
the performance with a simplification pipeline is better than without. This is particularly evident
on the Cambridge corpus (in Table 15), where the RandomForest model with a simplification
pipeline outperforms the one without an average of 12.325%, and the SMO model with a simpli-
fication pipeline exceeds the performance of the one without an average of 7.725%. In summary,
the above results demonstrate the contribution of the simplification pipeline towards improving
the model performance.
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Table 14. Performance comparison of our method with the use of different simplification tools on Weebit corpus

Model Feature type Feature set Simp. tool ACC F1 P R

RandomForest inner Coh-Metrix(108) - 0.744 0.744 0.743 0.744
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

inner+ outer Coh-Metrix(108)+
TextFormFeat(10)

MUSS 0.768 0.767 0.767 0.768

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

Rewordify 0.764 0.764 0.764 0.764
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

neural BERTFeat(768) - 0.794 0.794 0.795 0.794
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

neural+ inner+
outer

BERTFeat(768)+
Coh-Metrix(108)+
TextFormFeat(10)

MUSS 0.816 0.816 0.817 0.816

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

Rewordify 0.821 0.821 0.821 0.821
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

SMO inner Coh-Metrix(108) - 0.761 0.761 0.761 0.761
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

inner+ outer Coh-Metrix(108)+
TextFormFeat(10)

MUSS 0.784 0.783 0.783 0.784

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

Rewordify 0.771 0.771 0.771 0.771
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

neural BERTFeat(768) - 0.834 0.834 0.834 0.834
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

neural+inner
+outer

BERTFeat(768)+
Coh-Metrix(108)+
TextFormFeat(10)

MUSS 0.845 0.845 0.845 0.845

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

Rewordify 0.860 0.860 0.860 0.860
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Note: “-” indicates no simplification pipeline used, “Simp. tool” denotes the simplification tool. Bold highlights the highest performance obtained
using different simplification tools for each model.

Secondly, it is evident that the performance ofmodels varies with the use of different simplifica-
tion tools. In Table 14, on the Weebit corpus, for models based solely on handcrafted features, the
MUSS simplification tool performs better, with RandomForest achieving an accuracy of 0.768 and
SMO reaching 0.784; when neural features are included, the ReWordify simplification tool shows
better performance, with RandomForest attaining an accuracy of 0.821 and SMO achieving 0.860.
Table 15 shows that on the Cambridge corpus, the ReWordify simplification tool yields better
results for the RandomForest model, with the best performance at an accuracy of 0.786; whereas
for the SMOmodel, the MUSS simplification tool is more effective, with the highest performance
at an accuracy of 0.740. Overall, although different simplification tools result in varied model per-
formances, likely due to differences in the quality and preferences of the tools, using these tools
for feature extraction enhances the model’s performance. This suggests that our method is not
limited by the choice of simplification tool and can be effectively applied to other simplification
systems, but further investigation is still needed to determine if there is an optimal simplification
tool.

7. Conclusion
In this paper, we introduce a new concept, namely textual outer form complexity, to provide a
novel insight into text readability. The main idea of this insight is that the readability of a text
can be measured by how difficult it is for the reader to overcome the distractions of exterior tex-
tual form. Based on this insight, we propose to construct a set of textual form features that reflect
the complexity of the text’s outer form, thereby facilitating the evaluation of its readability. We
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Table 15. Performance comparison of our method with the use of different simplification tools on Cambridge corpus

Model Feature type Feature set Simp. tool ACC F1 P R

RandomForest inner Coh-Metrix(108) - 0.731 0.727 0.730 0.731
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

inner+ outer Coh-Metrix(108)+
TextFormFeat(10)

MUSS 0.773 0.771 0.772 0.773

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

Rewordify 0.786 0.783 0.783 0.785
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

neural BERTFeat(768) - 0.598 0.589 0.588 0.598
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

neural+ inner+
outer

BERTFeat(768)+
Coh-Metrix(108)+
TextFormFeat(10)

MUSS 0.689 0.681 0.685 0.689

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

Rewordify 0.720 0.711 0.716 0.719
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

SMO inner Coh-Metrix(108) - 0.740 0.736 0.738 0.740
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

inner+ outer Coh-Metrix(108)+
TextFormFeat(10)

MUSS 0.752 0.751 0.755 0.752

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

Rewordify 0.746 0.746 0.747 0.746
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

neural BERTFeat(768) - 0.665 0.662 0.665 0.665
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

neural+ inner+
outer

BERTFeat(768)+
Coh-Metrix(108)+
TextFormFeat(10)

MUSS 0.740 0.741 0.745 0.740

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

Rewordify 0.740 0.739 0.742 0.740
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Note: “-” indicates no simplification pipeline used, “Simp. tool” denotes the simplification tool. Bold highlights the highest performance obtained
using different simplification tools for each model.

propose two studies in this work to achieve this goal. Study 1 focuses on the method of con-
structing and extracting features. This study quantifies the differences between pre-simplified and
post-simplified texts to construct textual form features. We construct three subsets of textual form
features, namely similarity-based, overlap-based, and length ratio-based features, corresponding
to the three aspects from which we measure the differences. Study 2 aims to investigate the extent
to which our proposed features can contribute to the field of readability assessment. With regard
to this, four experiments are designed and conducted.

Experiment 1 demonstrates the effectiveness of our proposed textual form features for read-
ability assessment. We first perform validation experiments on the OneStopEnglish and NewsEla
parallel corpora. Results show that incorporating our proposed features demonstrates a notable
improvement across both corpora, confirming their potential in readability assessment. We then
compare our proposed features with existing inner-semantic-based features in terms of their
ability to characterize text readability. Results show that combining our proposed features with
existing inner semantic-based features yields the best model performance, both for RandomForest
and SMO models across the Weebit and Cambridge corpora. Notably, this combination achieves
an accuracy of 0.784 with the SMOmodel on theWeebit corpus and 0.795 with the RandomForest
model on the Cambridge corpus. Therefore, it is concluded that our proposed features are highly
complementary to existing inner semantic-based features. In addition to these handcrafted fea-
tures, neural features are also investigated in this experiment. Results show that handcrafted
features are superior to neural features in terms of stability and interpretability. Finally, the
incorporation of our proposed features into state-of-the-art models markedly enhances their
performance, further confirming the value of our proposed features in readability assessment.
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Experiment 2 gives a detailed analysis of the feature contributions to model prediction. Results
show that our proposed textual form features rank highly among all the 118 features in terms of
the feature importance score (MDI). Notably, all of the ten proposed features have ranked in the
top 15 ranking lists on the Weebit corpus. It is concluded that our proposed textual form features
significantly contribute to the prediction of readability among the handcrafted features.

Experiment 3 confirms that our proposed textual form features are applicable to different lan-
guages. We test the effectiveness of our proposed textual form features in a multilingual setting (in
Spanish and French). Our strategy outperforms the feature-engineered state-of-the-art method
and achieves comparable performance with the neural network-based state-of-the-art strategy.
Experiment 4 analyzes the impact of simplification tools on the performance of features. The
results indicate that the model’s performance on both corpora decreases when the simplification
pipeline is removed, suggesting that incorporating the simplification pipeline into the model con-
tributes to improving the model’s performance. While the impact on performance differs across
various simplification tools, the overall result shows that the inclusion of a simplification tool
boosts model performance, suggesting the adaptability of our approach to different simplification
systems.

Although our proposed features demonstrate promising results for readability assessment,
there are some limitations that need further improvement. One of the limitations is that the qual-
ity of the proposed features relies heavily on the performance of the simplification tool. If the
simplification tool fails to accurately simplify the given text, the effectiveness of our proposed
features could be compromised. Future work will enhance the robustness of proposed features
across different simplification tools. Moreover, in the future, we will investigate more fine-grained
textual form features and exploit their deeper potential for multilingual readability assessment.

Acknowledgements. This work was supported by the National Natural Science Foundation of China [grant number:
61976062].
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Verb VB Base verb
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

VBD Past tense verb
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

VBG Gerund or present participle
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

VBN Past participle verb
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

VBP Third-person singular present tense verb
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

VBZ Present tense verb
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Adjective JJ Adjective
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

JJR Comparative adjective
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

JJS Superlative adjective
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
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B. Descriptions of the Coh-Metrix features (partial)

Category Feature Description

Descriptive DESPC Paragraph count, number of paragraphs
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

DESSC Sentence count, number of sentences
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

DESWC Word count, number of words
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

DESPL Paragraph length, number of sentences, mean
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

DESPLd Paragraph length, number of sentences, standard deviation
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

DESWLsyd Word length, number of syllables, standard deviation
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

DESWLIt Word length, number of letters, mean
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

DESWLltd Word length, number of letters, standard deviation
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Text Easability PC Scores PCNARz Text Easability PC Narrativity, z score
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

PCCNCp Text Easability PC Word concreteness, percentile
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

PCREFz Text Easability PC Referential cohesion, z score
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

PCREFp Text Easability PC Referential cohesion, percentile
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

PCDCp Text Easability PC Deep cohesion, percentile
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

PCCONNp Text Easability PC Connectivity, percentile
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

PCTEMPz Text Easability PC Temporality, z score
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

PCTEMPp Text Easability PC Temporality, percentile
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Referential Cohesion CRFAO1 Argument overlap, adjacent sentences, binary, mean
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

CRFSO1 Stem overlap, adjacent sentences, binary, mean
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

This table is partial quoted from the book written by McNamara et al. (2014). Due to limited space, only the features mentioned in
the paper are presented.
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