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Abstract

The intricate relationship between structure and function spans various disciplines, from biology to management, offer-
ing insights into predicting interesting features of complex systems. This interplay is evident in online forums, where the
organization of the threads interacts with the message’s meaning. Assessing readability in these discussions is vital for
ensuring information comprehension among diverse audiences. This assessment is challenging due to the complexity of
natural language compounded by the social and temporal dynamics within social networks. One practical approach involves
aggregating multiple readability metrics as a consensus alignment. In this study, we explore whether the structural complexity
of online discussions can predict consensus readability without delving into the semantics of the messages. We propose a
consensus readability metric derived from well-known readability tests and a complexity metric applied to the tree structures
of Reddit discussions. Our findings indicate that this proposed metric effectively predicts consensus readability based on

the complexity of discourse structure.

Keywords Social network analysis - Information and web mining - Structural complexity - Consensus alignment -
Collective intelligence - Natural language processing - Discourse quality index

1 Introduction

Findings across disciplines ranging from biology to man-
agement consistently show a fundamental link between the
structure of a system and its function (Carley 1995). Char-
acterizing such structures could however be a challenging
task for a number of reasons. The structure may not be fully
defined and its constituents may be unknown to the observer.
There exists a wide range of methodologies that could be
used to quantify the structure of any given organization
regardless of its constituents. The analysis becomes more
complex when examining structures that exist at different
scales and possess rich content.

Genomic data stands as a prime example for its intricate
scales and variations among individuals and tissues (Mor-
ganti et al. 2019). Similarly, online forums such as Reddit
or Quora exemplify complex socio-technical systems. Such
platforms organize discussions into threads, enabling diverse
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viewpoints, nested replies, and the emergence of subtopics
within conversations.

The study of online discussions often involves the qualita-
tive analysis of the discourse by probing how textual content
contributes to coherence and to the social function of the
discourse (Johnstone 2017). Examining the readability of the
text is one other way of ensuring that information is compre-
hensible across diverse audiences. Such approach could rely
on quantitative measures, such as Flesch-Kincaid tests or
Gunning fog index, which often evaluate text ease regardless
of the underlying semantics (Beier et al. 2022). Such read-
ability measures vary depending on the domain but could be
applied in the form of consensus where a cohort of experts
would naturally agree on the quality of a piece of text.

In online discussions, it is commonplace for textual
messages to undergo multiple edits, thereby altering their
temporal (and causal) sequence and complicating discourse
and readability analysis. This challenge is especially notable
when messages are deleted or vandalized (de Laat 2016).

To address this problem, we follow the intuition that, sim-
ilar to various complex systems, the structure of an online
discussion might offer insights into how readers collectively
perceive its readability. We therefore propose a method to
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predict the consensus readability of online discussions by
looking at their structural complexity. This pursuit delves
into the relationship between structure, consensus alignment,
and ultimately, the collective intelligence of the authors (and
readers) of the content.

We define readability as a consensus metric across well-
known readability measures. We adopt such consensus
approach to tackle the problem of quantifying content that
could have various interpretations similar to how consen-
sus is built in social settings. The idea of using consensus
aggregation mechanisms is found in various domains rang-
ing from politics (Van Gunten et al. 2016) to molecular biol-
ogy (Schneider 2002). We then quantify the complexity of
a discussion tree using information entropy applied to the
structure of the tree (Shannon 1948). Our results show that
the proposed complexity metric predicts the consensus read-
ability of textual discussions on Reddit. This is the first study
that combines the structural features of a discourse alongside
its typed acts to produce a highly predictive model of the
judgment that humans would attribute to it. Lexical, syn-
tactic, and discourse factors have previously been used for
similar task but do not account for the structure of discourse
(Pitler and Nenkova 2008).

The article is structured as follows. In Sect. 2, we visit the
related work on the quantification of complexity in various
systems as well as various discourse analysis methodologies.
In Sect. 3, we introduce the type of content we are targeting
in the study. In Sect. 4, we introduce the formal method to
represent and quantify structural complexity on discussions.
Finally, we provide the experimental results and conclude.

2 Related work

There is an increasing number of theoretical and empiri-
cal studies showing a connection between the structure of a
system and its function (Carley 1995). This is encountered
for instance in material science (Callister Jr 2003), chemistry
(Dickson 2011), biology (Honey et al. 2010; Bojar 2020;
David 2003), architecture (Greenough 2020; Givoni 1998),
organizational management (Chappell and Dewey 2014;
San Cristébal 2022), and linguistics (Van Valin Jr 2003).
Such connections are often unraveled using qualitative
and quantitative tools from graph theory (Greenough 2020),
physics (Fabac and Stepani¢ 2008), or information theory
(Morzy et al. 2017; Schlick et al. 2013). One could for exam-
ple rely on hierarchical measures for complex networks
(Mones et al. 2012). In (Marin et al. 2022), the authors use
the concept of mobility entropy and applied it to spatial
interactions in urban city centers. Similarly, the authors in
(Broniatowski and Moses 2014) looked at flexibility, com-
plexity, and controllability in large scale systems. Another
hierarchic metric in (Zamani et al. 2019) characterizes
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the differences in structure and the dynamics of networks
retrieved from dark and public Web forums. Analyzing
the content of Web forums extends beyond their structural
aspects, offering valuable insights into understanding public
discourse and its societal impact.

Discourse analysis is one way to analyze the content of
online forums as it applies to monolithic blocks of text or
threads of discussions (Johnstone 2017; Steenbergen et al.
2003). It generally relies on a variety of approaches, includ-
ing critical discourse analysis, conversation analysis, ethnog-
raphy, interactional sociolinguistics, and other qualitative or
quantitative methods (Johnstone 2017).

Discourse analysts often look at how discourse segments
contribute to the coherence of an overall content (Dontch-
eva-Navratilova and Povoln4 2020; Rohde et al. 2018). They
also look at the social, or deliberative, function of the con-
tent (Béchtiger and Parkinson 2019; Fournier-Tombs and
Di Marzo Serugendo 2020; Hadfi and Ito 2022).

The deliberative approach goes beyond the linguistic
aspects of discussions by looking at macroscopic factors
that influence the evolution of the text. The authors in (Shin
and Rask 2021) propose deliberative indicators based on a
combination of networks and time-series analysis with the
motivation of helping to monitor how online deliberations
evolve. They adopted Habermasian deliberative criteria
encompassing six throughput indicators, applying them to a
participatory budgeting project in Finland (Habermas 2004).
Similarly, the authors in (Steenbergen et al. 2003) propose a
discourse quality index (DQI) as a quantitative measure of
discourse in deliberation. The proposed index is also rooted
in the discourse ethics of Habermas and gives an accurate
representation of the most important criteria underlying
deliberation.

There are various ways to aggregate DQI indicators
with potential validity issues ranging from the omission
of argumentative quality to insufficient sensitivity to con-
text (Béchtiger et al. 2022; Béchtiger and Parkinson 2019).
One way to circumvent such limitations is to apply quan-
titative approaches to measuring the discourse quality
using machine learning techniques (Fournier-Tombs and
Di Marzo Serugendo 2020).

The application of the previous tools often assume that
the content is well-defined and unambiguous. It is however
the case that discussion threads lack temporal structures
due to concurrent modifications that may happen at vari-
ous times after the content’s creation. This makes conduct-
ing causal discourse analysis challenging. For instance, a
user might edit their reply to another user, disrupting the
textual connection between the messages and the temporal
sequence. The situation becomes more complicated when
a user, for instance, modifies their stance in an argument,
resulting in an incomprehensible gap in the discourse.
While these actions can be identified through persistent
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discussion transcripts, they inevitably obscure understand-
ing for other users during the discussions. Similarly, the
spatial structure of the content could be altered through
the deletion of some messages in the threads.

In the absence of clear spatiotemporal structure, it is
possible to microscopically look at the properties of the
content given stylistic or semantic aspects (Hadfi et al.
2022). The property we are interested in is that of read-
ability. Monitoring the readability of the content on online
forums is important because it ensures that information
is comprehensible to a diverse audience, thereby promot-
ing effective communication and facilitating the exchange
of ideas. However, assessing such property is daunting
because of the challenges that natural language poses,
particularly when combined with the social and temporal
dynamics of social networks. Being able to quantify read-
ability independently from its linguistic substrate could
remediate at these limitations.

Readability measures quantify the ease with which
a reader can apprehend a written text. Examples of such
measure include the Flesch-Kincaid readability tests (Kin-
caid et al. 1975), Gunning fog index (Powers et al. 1958),
SMOG index (Hedman 2008), Coleman-Liau index (Cole-
man and Liau 1975), Automated Readability Index (Senter
and Smith 1967), Linsear Write (McCannon 2019), and
Dale-Chall readability (Stocker 1971). Such measures refer
to various aspects to qualify written text, regardless of the
semantics or discourse. They could for example describe the
use of difficult words or the number of composed sentences.
In some sense, they could be thought of as different experts
asked to collectively decide on the readability of text. One
question arises now, on the level of alignment between these
different measures and whether some consensus could be
reached, or not, when these “experts” are asked. This prob-
lem could be described as a consensus alignment, often used
with genomic data (David 2003), but is extensible to the case
of readability of textual content, namely consensus readabil-
ity. We adopt such consensus approach to tackle the problem
of quantifying the readability of a content that could have
various interpretations similar to how consensus is built in
social settings (Engel et al. 2014; Calof et al. 2022; Kabo
2018).

In the absence of a clear structure, aggregating consensus
readability becomes challenging, particularly when no spati-
otemporal connections exist between text blocks. Social net-
work discussions often face issues like corrupted timestamps
or vandalized content (de Laat 2016). This research seeks to
determine if combining loose structural features at the mac-
roscopic level with discourse types at the microscopic scale
can predict the overall consensus readability. For instance,
can we quickly predict the readability of a lengthy Red-
dit discussion as accurately as a group of experts would?
Beyond the correlation of structure to function, this inquiry

delves into how collective intelligence might manifest in
specific structures or even communities (Heylighen 1999).

3 Discourse act discussions
3.1 Identifying discourse acts

The notion of discourse has been defined in numerous ways
in linguistics. It is broadly referred to as discourse acts, or
speech acts, when it occurs in spoken dialog (Johnstone
2017). Discourse acts describe how we meaningfully relate
and categorize spoken natural language segments to achieve
a certain performative function or action in communica-
tion. There exists many categories of discourse acts for
conversation, such as Dialog Act Markup in Several Lay-
ers (DAMSL) (Core and Allen 1997; Stolcke et al. 1998),
dialogAct Markup Language (DiAML) (Bunt et al. 2012) for
spoken discourse, and Rhetorical Structure Theory (RST)
for the argumentation within a single document (Mann and
Thompson 1987). Compound discourses are also found in
dialogs and consist of Narrative Discourse and Repartee Dis-
course (Larson 1984). Narrative discourse focuses on the
depiction of motion and repartee discourse describes speech
exchanges. The rise of social media has opened more and
more room for people for the expression of opinions, ideas
and arguments on diverse topics, and thus creating a new
type of repartee discourse and opened new ways of under-
standing how people engage in discussions.

The way people engage in discussions is non homogenous
across online media. While Facebook or Twitter are more
used for the expression of opinions, platforms like Reddit
or other community forums have a usage for querying and
question answering. One way to understand the difference
between these discussions is to study the high-level dis-
course structures. In these discourse structures, it is possible
to assign tags called discourse acts tags to textual utterances
with a particular function in the conversation. To illustrate
this notion, let us take an examples of discourse acts in a
discussion thread from the Reddit page “What is the most
creative form of cheating you’ve seen?”” shown in Fig. 1.

To obtain the discourse acts, we extract the elementary
discourse units and then assign the underlying relationships.
In dialogs, each utterance is connected to the utterance
that it replies to. In our example of discussion in Fig. 1,
the answer of Jane is linked to the question of Bob. Ron’s
answer is also linked to the question of Bob, and so on. In
the case of structured platforms like Reddit, these relation-
ships are already defined. Each comment on the platform is
an explicit reply to another comment. But in Facebook or
various group chat platforms, such structure is not explicitly
defined. To decide which comment is directed in reply to
whom, machine learning techniques will have to be adopted.
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Question

What is the most creative form of cheating you've seen?

Answer

I've thought about learning braille so | could sew cheat sheets
on my jeans. Haven't implemented it yet though.

Appreciation

Think it'd be easier to just study... Just saying. Brilliant idea
though. No way to get caught and/or reprimanded.

’/A—

That's what | decided.

l greement J
Bob

& —
4\ Answer

| once heard of someone who hid pieces of paper in his tie
shoes belt and stapled cheating material underneath his shirt.

Ron

~N

.i- Answer

Cheat sheet were put in hair in the inside of the tie bottom of
the shoe written on the thighs. The topper was leaving the
washroom and then asking to go use the washroom.

Mark

| once wrote out the Reactivity Series on my eraser for a
chemistry exam. There was a brief flurry of people printing out
fake coke bottle labels that had cheat info instead of ingredients

Alice

etc. So now lots of places make you take those labels off.

Fig. 1 Examples of discourse acts in a discussion thread from the Reddit page “What is the most creative form of cheating you’ve seen?”

For instance, (Dutta et al. 2019) adopted a Support Vector
Machine approach and applied it to Facebook discussion
threads. The approach we adopt herein for tagging the dis-
course acts of discussion comments relies on Conditional
Random Fields (CRFs) (Zhang et al. 2017). The approach
used a Reddit dataset with over 9K discussion threads with
over 100K comments. Each comment is classified into one
of ten different discourse act tags, namely, Announcement,
Question, Answer, Elaboration, Humor, Agreement, Disa-
greement, Appreciation, Negative reaction, and undecidable
categories as one tag. In the following, we adopt the same
classification and dataset. In the example, once the com-
ments are tagged, a discussion thread becomes a tree with
the first or opening comment being the root node. A depth-
first traversal of the tree gives multiple linear sequences of
comments where each comment is posed as a reply to its
previous one.

3.2 Categories of discourse acts
Quantifying the complexity of a discussion tree relies on
its structure as well as the types of its nodes. The types will

be defined as discourse act tags and will be assigned auto-
matically. Discourse act tags play an important role in the
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automatic retrieval of textual content. Natural Language
Processing (NLP) practitioners are interested in extract-
ing such useful information and linking it to readability for
example. This is particularly the case in open online com-
munities such as Reddit (Tan et al. 2016). Such communities
are not restricted for example to Q&A content (Cong et al.
2008; Hong and Davison 2009) or specific areas such as
technical support sites (Kim et al. 2010). Here, we focus on
wider range of online communities with the richness of the
adopted discourse act tags. The discourse acts (®) that we
will use when qualifying the complexity of discussion trees
are summarized as follows (Zhang et al. 2017).

1. Question is a piece of information in the discourse
that seeks some form of feedback. Questions do not
necessarily require a question mark but could be posed
in the form of a statement that is soliciting an answer.
Moreover, rhetorical questions are not perceived as
questions.

2. Answer responds to a particular question. It is possible
to have multiple answers within the same discussion.

3. Announcement provides new information to the dis-
cussants, such as news, opinions, reviews, or general
remarks.
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4. Agreement is a comment that expresses agreement
with some information provided in a previous com-
ment. It can be an agreement with a point, a state-
ment with supporting evidence, a positive example,
or a confirmation or acknowledgment of a previously
made point.

5. Appreciation is a comment that expresses excitement
or praise in reply to another comment. Unlike agree-
ments, appreciations do not evaluate the merits of the
points being made.

6. Disagreement is a comment that aims at correcting,
criticizing, contradicting, or objecting to a point. A
disagreement can also provide evidence to support its
motive such as an example or contrary anecdote.

7. Negative reaction is expressed to a previous comment
by attacking it or mocking its author, or expressing
emotions such as disgust, derision, or anger, to the con-
tents of the targeted comment.

8. Elaboration adds additional information to the end of
the comment it elaborates on. An author or a modera-
tor might, for instance, elaborate on their question to
provide more context, or elaborate on an answer to add
additional information.

9. Humor is primarily a joke, a piece of sarcasm that is
not necessarily trying to add information to the dis-
cussion. If a comment is sarcastic but uses sarcasm to
make a point or provide information, then this com-
ment may belong to a different category.

10. Other is used when encountering utterances that
cannot be classified into the previous types. See also
“undecided roles” (Dutta et al. 2019).

11. Undefined is used when encountering a content that
cannot be treated as text. The “Undefined” tag gener-
ally accounts for non-textual or corrupt content. It is
often common that users attach images or links along
their textual messages. Such context is omitted during
the parsing of the text.

Extending beyond the previous discourse act category
depends on the reliability of our classification algorithm.
Recent advancements in large-scale Language Models
(LLMs) offer the possibility to define more intricate dis-
course tags, potentially incorporating complex semantic
relations (Sun et al. 2023).

4 Methodology
4.1 Discourse act tree
The thread of an online discussion could be perceived as

a discourse act tree (DAT) where each node is a message,
or post, linked to other messages in a hierarchical manner.

To quantify the complexity of a discussion tree, we need
to find the number of possible microscopic states that can
be assigned to the nodes of the tree. In our case, each node
takes a value in the set of discourse types ®, and could be
an announcement, question, answer, elaboration, humor,
agreement, disagreement, appreciation, or a negative reac-
tion. Formally, a DAT is defined as follows.

Definition 1 (DAT) A Discourse Act Tree is a directed tree
T=(V,E,®), comprising a set of nodes V associated with
discourse types @, and edge set E. Each node v,; € V(7)
denotes a textual message written by user u at time ¢ and
having discourse type 0,; € ©.

The root node of the tree typically constitutes the ini-
tial post in the discussion, commonly an announcement
or a question initiated by the moderator of the discussion.
The edges within E illustrate the semantic structure of the
tree, which might not always align with the actual thread
progression in the discussion. This accounts for situations
where a message replies to another message without being
directly attached to it in the discussion tree.

The discourse types ® are automatically estimated using
classification techniques that assign a probability distribu-
tion P, to each node (Hadfi et al. 2021; Ito et al. 2021). The
discourse type of a textual message is not always guaran-
teed to be of a singular type. Hence, it should be defined
probabilistically to accommodate various interpretations
that a discourse analyst could attribute to the message
within the context of the discussion.

The discussion tree 7 has L levels starting from the leaf
posts at the bottom (£ = 1) up to the the initially posted
root node (£ = L). Here, we assume that there are M posts
in total, distributed across the L levels. Note that the set
7, is the set of nodes located on level . The cardinality
of 7, is the number of posts at level #, given by M“), so
that Eq. (1) holds.

L
M=) M (1)
=1

The discussion tree is organized in such a manner that each
post at the Zth level is connected to its parent post at the
¢ + 1level. There are M'*) posts located at level £ and con-
nected to their parent node n located at level £ + 1. Summing
up all posts for layer £ gives Eq. (2).

MO = Z MO
n

n€ly,

(@)

Equations (1) and (2) encapsulate the inter-level connectivity
in a DAT and will be used in the next section to compute the
number of micro-states of the tree.

@ Springer
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4.2 Complexity of a discourse act tree

To quantify the complexity of a discussion tree 7, we need
to find the number of possible ways to organize the M posts
in the tree across the L layers, and while assuming that each
node could take some discourse type from the set ®. This is a
combinatorial problem and the number of possible combina-
tions, Q.r, is computed using the multinomial form in Eq. (3).

o.M ﬁ MO
L I M%) 3

o) £=1
H M nel,,, 06
=1

Here, M, @) , 18 the number of posts of type 6 located at level £
and connected to their parent node n located at level £ + 1.
The components of the factorials and products in Eq. (3)
capture the combinations and permutations of these arrange-
ments across the layers and nodes, determining the total
number of possible ways to organize the variables within 7.

To quantify the complexity of an online discussion, we
propose to look at the number of states that all of the con-
nected nodes of the discussion tree could take. To this end, we
will borrow a concept from statistical mechanics that specifies
the relationship between entropy and the number of possible
micro-states of a system (Perrot 1998). The entropy S is pro-
portional to the natural logarithm of the number of micro-
states, Q, illustrated in Eq. (4).

S =kylogQ 4)

where kj is known as the Boltzmann constant (Perrot 1998).
For instance, consider the discussion tree depicted in Fig. 1,
comprising 6 replies to Bob’s initial question. Each reply
within this tree can be categorized into a type from the set
O containing a total of 11 distinct types. With a total number
of possible arrangements equal to Q = 11°, and assuming a
value of kz = 1, the resulting entropy is S = 6.24.

The formulation of the structural complexity of any discus-
sion tree 7 could be defined in the same way once applied to
the number of possible micro-states 2+ that the tree nodes
could take. That is, after substituting the logarithm of the
factorials using a Stirling approximation (Robbins 1955), we
obtain the analytical entropy of Q, illustrated in Eq. (5),

ST= log QT
L L )
=Y MPlogP? =% N N M) logP!)
/=1 /=1 n€T,,, 00 '
(f)
with P¥) = 22— and P(f) M(: The term M’ « )1s the number

of posts of type 0 located at level # and connected to their
parent node n at level £ + 1.

The first term in (5) could be interpreted as the vertical
entropy (Sy) of the tree and the second term as the typed

@ Springer

horizontal entropy (Syg). The two terms of the entropy
describe how complexity arises across the two dimensions of
the tree. The horizontal entropy is due to changes within the
same level of the discussion and often reflect different takes
on the same subject or content written in the parent post.
On the other hand, the vertical entropy is due to changes
between different levels of discussion and often occur at dif-
ferent time frames. For instance, the leaves of the discussion
tree could deviate from earlier posts as they go into tangent
topics of discussion.

4.3 Consensus readability

To assess the quality of any given text, we do not take one
particular metric nor average across distinct metrics. Instead,
we seek to build a consensus among metrics by picking the
most common scores for a given text input. This procedure is
used for identifying and resolving disagreements among dif-
ferent ways to interpret the readability of the same content.
Consensus alignment mechanisms are found for instance in
molecular biology (Schneider 2002). Herein, we consider
a family of readability metrics, namely M, often used in
text and discourse analysis. This family is constituted of the
Flesch-Kincaid readability test (Kincaid et al. 1975), Gun-
ning fog index (Powers et al. 1958), SMOG index (Hed-
man 2008), Coleman-Liau index (Coleman and Liau 1975),
Automated Readability Index (Senter and Smith 1967), Lin-
sear Write (McCannon 2019), and Dale-Chall readability
(Stocker 1971). The factors that differentiates these metrics
are described in Table 1 ccording to how much they rely on
content and/or shape.

The factors contributing to the construction of these met-
rics predominantly rely on quantifiable attributes within the
text, such as the average length of sentences and words. To
forge a unified metric surpassing individual measurements,
we introduce the consensus readability, CR, as the subset
of metrics from an original metric set M that align for a
specific textual input taken from a node v € V(7).

Table 1 Taxonomy of the adopted readability metrics (M)

Metrics Description

Flesch-Kincaid readability test Used words, sentences, and syllables

Gunning fog index Words, sentences, and complex

words

SMOG index Number of sentences and polysyl-

lables

Average number of letters and sen-
tences per 100 words

Coleman-Liau index

Automated Readability Index
Linsear Write

Characters, words, and sentences
Easy words, hard words, and sen-
tences

Dale-Chall readability Words, difficult words, and sentences
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The Eq. (6) calculates the consensus readability CR by
essentially determining the set of readability metrics that yield
the most frequent readability score.

CR(v) = arg ;I}éa}\)/l( Z wyé(y(v) - M’(V))
Wem

Q)

with §(u(v) — ' (v)) being the Kronecker delta function that
equals 1 if u(v) = u’(v) and 0 otherwise. We also assign a
weight w, € [0, 1] to each metric 4 € M to emphasize or
de-emphasize its influence on the final consensus readability.
Similar formulations are found in weighted majority voting
or Ensemble Learning (EL) techniques in machine learning
(Dogan and Birant 2019). For simplicity, we assume that
w,=1YueM.

Now, for the full discourse act tree 7 and its combined tex-
tual content V(7), the final readability measure R(7) is defined
in Eq. (7),

where we apply the consensus readability metrics CR to the
nodes of V(7). In the following, we investigate how R(7)
relates to the structural complexity of a discourse act tree.

5 Results

In this section, we illustrate the predictiveness of our com-
plexity measures give the consensus readability. To this end,
we will use a discourse act discussion dataset extracted from
Reddit and containing over 9K discussion threads with over
100K comments (Zhang et al. 2017). The original dataset
used 9 discourse act tags and will define our types ®. The
tags are illustrated in Table 2.

We now look at how the structural entropies of any given
discussion maps to the consensus readability of its content.
After computing the consensus readability measures and
the structural entropies, we look at the Pearson correlations

R(D = Z CR(v) ) between different entropies and the consensus readability
veu(D) measures as shown in Fig. 2.

After adding the 6 term to the structural complexity, we
obtain the correlation in Fig. 3. We observe a weaker posi-
tive correlation after integrating 6 with the vertical entropy.

The correlation between the consensus readability and

Table 2 Distribution of Class Nom the entropies, shown 1n Tab.le 3, indicate how predictable is
discourse act types in reddit ber of the consensus readability given the structure of the tree and
discussions instances its entropic complexity. Balancing the readability consensus
locally on the level of the discussion nodes and the global

Announcement 1933 complexity of the tree could account for this correlation

Question 16852 where distinct evaluators of readability reach a consensus

Answer 39734 that is also reflected in their diversity (Sy;;) as well as in the

Elaboration 18511 diversity of the types of the nodes (S,). Herein, diversity is

Disagreement 3284 captured using the information theoretic notion of entropy

Agreement 4871 (Marin et al. 2022; Morzy et al. 2017; San Cristébal 2022).

Appreciation 8515 The mechanisms that link structural complexity to con-

Negative reaction 1835 sensus readability are mainly due to the cognitive roots

Humor 2352 of readability and how it relates to structure perception.

° r=0.714,p < 0.0001 e r=0.681,p<0.0001 ° r=0.722,p<0.0001

2000 ° 2000 °

1500

1500

1000 1000

Consensus Readability Score
Consensus Readability Score

500 500

2000 ©

1500

1000

Consensus Readability Score

a
3
3

Fig.2 Correlations between readability and non-typed complexity
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1500

1000
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Consensus Readability Score

0 250 500 750 1000 1250 1500 1750 2000
She

Fig.3 Correlation between readability and typed complexity

Table 3 Correlation between readability and entropies (p < .0001)

Metric Type Pearson
Correla-
tion

Vertical Entropy (Sy) 0.71

Horizontal Entropy (Sy) 0.68

Horizontal Entropy (Sy, + Sg) 0.72

Typed Entropy (S,) 0.58

Full Entropy (Sy + Sye) 0.61

Horizontal with users (Sg;) 0.73

Readability is mainly influenced by factors that include
the content (e.g., complexity of vocabulary) as well as the
way this content is presented to the reader (e.g., font size,
or spacing). These factors require different cognitive skills
that affect visibility, speed of perception, fatigue in read-
ing, or eye movements (Beier et al. 2022). These skills are
indirectly captured by how readability metrics are designed
(Beier et al. 2022; Pitler and Nenkova 2008) and how much
they rely on content or shape as illustrated in Table 1. Since
readability assesses the ease with which humans read and
understand written texts, a structurally complex content that
is linked by particular discourse acts becomes more difficult
to process and comprehend. This is visible for instance in
student online discussions (Polo and Varela 2018).

Finally, the proposed consensus readability (CR) in Eq.
(6) is applied to one node at a time, independently from
other nodes of the discussion tree. Readability assess-
ments should not overlook how surrounding text coherence

@ Springer

1500

1000

500

Consensus Readability Score

0 500 1000 1500 2000
Sv+ She

influences comprehension (Klare 1974). Recent advance-
ments in natural language processing, particularly through
the Transformer architecture, emphasize the role of con-
text in improving readability prediction models (Meng
et al. 2020). Introducing conditional dependence within
CR can enhance its accuracy and relevance by considering
the contextual relationships among nodes within the text
structure. In this case, we will redefine the consensus read-
ability as CR(v | c¢4(v)) where c(v) represents the context of
node v € V(7). This conditional dependence on the context
can be established in various ways. One could for example
assess the readability of a node, considering the readability
of its parent node(s) and how it could provide insights into
the writing style of the author(s). Moreover, nodes within
the same topic often share similarities in readability. For
instance, within a paragraph discussing a specific theme
(e.g., Law, or Mathematics), nodes might exhibit simi-
lar readability traits (e.g., legal terms, or formulas). Most
importantly, messages written by the same author(s) might
exhibit consistent readability patterns. Conditioning CR on
the user that authored a given node could look at a her typi-
cal style when evaluating the consensus readability.

6 Conclusions

This study looks at the possibility of predicting the con-
sensus readability of online discourse by looking primarily
at its structure. We empirically demonstrate that discourse
structure is strongly associated with its perceived readability.
To this end, we quantified the structural complexity of the
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discussion trees using information entropy. We then looked
at readability as a consensus alignment that aggregates the
readability of the content with multiple well-known read-
ability tests (Kincaid et al. 1975; Powers et al. 1958; Hed-
man 2008; Coleman and Liau 1975; Senter and Smith 1967;
McCannon 2019; Stocker 1971). The complexity metric is
then applied to the discussion structure while accounting
for the discussion discourse types. The complexity measure
was tested on Reddit discussions and is shown to predict the
readability of the Reddit content regardless of its underlying
semantics.

One way to extend this work is to look at the context-
dependent CR as pointed out in the previous section. Moreo-
ver, it is possible to investigate the temporal evolution of the
entropy of DATs and whether it is predictive of the readabil-
ity metric or not. Finally, we plan on testing our approach on
more structured content such as Wikipedia (Ruprechter et al.
2020). Wikipedia articles possess a quality index that could
potentially be studied using our structural metrics.
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