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Abstract. In this paper we introduce a computational procedure for
measuring the semantic readability of a segmented text. The procedure
mainly consists of three steps. First, natural language processing tools
and unsupervised machine learning techniques are adopted in order to
obtain a vectorized numerical representation for any section or segment
of the inputted text. Hence, similar or semantically related text segments
are modeled by nearby points in a vector space, then the shortest and
longest Hamiltonian paths passing through them are computed. Lastly,
the lengths of these paths and that of the original ordering on the seg-
ments are combined into an arithmetic expression in order to derive an
index, which may be used to gauge the semantic difficulty that a reader
is supposed to experience when reading the text. A preliminary exper-
imental study is conducted on seven classic narrative texts written in
English, which were obtained from the well-known Gutenberg project.
The experimental results appear to be in line with our expectations.

Keywords: Semantic readability of texts · Natural Language Process-
ing · unsupervised machine learning · Hamiltonian path.

1 Introduction

As is widely known, some texts are more difficult to read than others. Books like
Ulysses and Finnegans Wake, by the Irish writer James Joyce, or Infinite Jest,
by the American author David Foster Wallace, are challenging reads also for the
most voracious and experienced readers.

The readability of a written text is defined as a measure of how easy it is
to understand the content of the text from a reader’s point of view. It has been
investigated in various works taking into account different aspects. The richness
of the vocabulary, the syntactic structure of the discourse, and how the text is
presented to the reader (i.e., character, background, material, etc.) are features



2 V. Santucci et al.

that have an impact on the readability of the texts. Considering these factors,
researchers introduced of a set of qualitative and quantitative readability metrics.

Qualitative metrics are usually based on surveys with readers [18, 15], where
the readability is assessed by interviewing the readers on aspects such as the
ease of understanding the content and the text presentation. The results of the
surveys are then interpreted and assessed by experts.

Quantitative measures aim to assess the readability using semantic and lin-
guistic features of the texts. This kind of measures can be computed automati-
cally using Natural Language Processing (NLP) techniques [31, 28].

Semantic and linguistic measures are computed by using supervised learning
approaches. The learning procedure requires an annotated dataset where class
labels are assigned to the texts segments by experts or are automatically dis-
covered [12, 27]. Various syntactic and lexical features are considered to assign
the class labels. Syntactic features include basic attributes and properties of the
texts such as word length, word count, and word frequency in sentences and
in higher-level text structures (e.g., paragraphs, chapters, etc.). Lexical features
are unigrams, bigrams, and the surface form of the target word. Afterwards a
NLP classifier using Decision Trees, Random Forest, Support Vector Machines,
or Artificial Neural Networks learn to automatically assign a complexity label
to the texts [11].

Many readability measures consider the text segments (i.e. the phrases, para-
graphs, chapters, etc.) as isolated parts. A few works in literature take in account
the sequence of presentation of the various aprts of the text to the readers [5].
However, the structure and organization of the different segments to form high
level structures has been proved to improve the readability [10]. Stories that are
presented linearly are more readable than stories where the discourse, the plot,
and the storylines interleave. Therefore, in this work we will try to fill this gap by
defining a readability measure that take in account the sequence of presentation
of the various segments that compose a text.

The rest of the paper is organized as follows. The high level description of
the readability measure is provided in Section 2, while the detailed operational
procedures for the computation of the text segment embeddings, Hamiltonian
paths and the final arithmetic expression for the readability index are presented
in Sections 3, 4 and 5, respectively. Experiments are described and discussed in
Section 6, while conclusions are drawn in Section 7, where future lines of research
are also depicted.

2 The Semantic Readability Index for Segmented Texts

Most of the texts naturally present a shallow structure formed by linearly ordered
segments. For instance, this is the case of most of narrative books, film scripts,
textbooks, scientific articles and several other kinds of texts.

By denoting [n] = {1, 2, . . . , n}, a segmented text T may be formally defined
as a sequence of textual segments, i.e., T = ⟨t1, t2, . . . , tn⟩, where n is the total
number of segments of T , and ti, for any i ∈ [n], denotes the i–th segment of T .
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In the case of a narrative text, such segments are naturally identified with the
actual chapters of the text.

Informally speaking, one way to define the semantic readability of a seg-
mented text is to measure somehow the semantic jump between two consecutive
segments and sum up these measurements for all the pairs of adjacent segments.
A formal and procedural definition of this idea allows to define a quantitative
semantic readability index which gauges how smooth the reading of the text is.

With the recent growth of Natural Language Processing (NLP) techniques [6],
it has now become possible to numerically tackle a considerable number of se-
mantic aspects which, in the past, were only qualitatively approached. In partic-
ular, text and word embeddings (see e.g. [22, 7, 8, 19, 9, 29]) are among the main
NLP methodologies which allow to semantically handle text data.

Given a segmented text T = ⟨t1, t2, . . . , tn⟩, here we define a computational
procedure for computing its semantic readability SemRead(T ) ∈ [0, 1]. Therefore,
SemRead(T ) represents a semantic readability index which measures the semantic
smoothness a hypothetical reader is supposed to experience when reading the
text T . At the edge values, we obtain SemRead(T ) = 0 when T is very difficult
to read, and SemRead(T ) = 1 when the reading of T is very smooth.

The procedure SemRead consists of three main computational stages, as de-
picted in Figure 1 and described below.

Fig. 1: High level architecture of the computational system

1. Computation of the text segment embeddings.
Given the segmented text T = ⟨t1, t2, . . . , tn⟩ in input, the objective of this
stage is to compute an embedding vi ∈ Rm, for any textual segment ti ∈ T ,
in such a way that two segment embeddings vi and vj are geometrically close
– in the high dimensional embedding space Rm – when their corresponding
text segments ti and tj are semantically related. Substantially, vi is the nu-
merical representation of ti in the vector space Rm, which may be obtained
by exploiting one of the available word embedding models that were pre-
trained on very large datasets (see e.g. [22, 13, 24]). Further details of this
computational phase are provided in Section 3.
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2. Computation of the Hamiltonian paths.
By considering a suitable distance function d, this computational phase starts
by computing a distance value d(vi, vj) ≥ 0, for all the pairs of vectorized
segments vi, vj . Then, these distances are used to compute the shortest and
longest Hamiltonian paths [23] passing through all the vectorized segments
v1, v2, . . . , vn (seen as points in the multidimensional space Rm). The ratio-
nale is that the shortest (longest) Hamiltonian path represents the smoothest
(most rugged) ordering on the segments of T . Further details of this compu-
tational phase are provided in Section 4.

3. Computation of the SemRead index.
Given the shortest and longest Hamiltonian paths, denoted respectively as
α and ω, their total lengths len(α) and len(ω) are computed on the basis
of the distance function d. Moreover, the total length len(T ) of the actual
ordering of segments (i.e., the canonical ordering v1, v2, . . . , vn) is computed
as well. Therefore, the semantic readability index of the text T is given by
the following arithmetic expression:

SemRead(T ) = 1− len(T )− len(α)

len(ω)− len(α)
. (1)

A more precise description of this computational phase is provided in Sec-
tion 5.

3 Computation of the Text Segment Embeddings

This computational phase takes in input a segmented text T = ⟨t1, t2, . . . , tn⟩
and produces the corresponding segment vectors ⟨v1, v2, . . . , vn⟩, with vi ∈ Rm,
by exploiting one of the nowadays available word embedding models which were
pretrained on very large datasets. The rationale behind this approach is that the
geometric closeness between the vectors vi and vj correlates with the semantic
similarity between the text segments ti and tj .

A word embedding model [21] is a mapping from words to their vector repre-
sentations, computed starting from a set of text data in a totally unsupervised
way. Today, there are a variety of publicly available word embedding models
pretrained on very large datasets.

In this work, we considered the glove-wiki-gigaword-100 model1 which is
formed by 400 000 word vectors trained on a dataset formed by 6 bilions of to-
kens from the full English Wikipedia pages and the English Gigaword corpus [14].
This model is obtained by means of the well-known GloVe algorithm [22], which
exploits the probabilities on the observed words co-occurrences and matrix fac-
torization operations in order to transform the one-hot word encodings to their
continuous vector representations in the multidimensional space Rk, where k is

1 glove-wiki-gigaword-100 is available with the Python module Gensim [17] at the
url https://github.com/RaRe-Technologies/gensim-data.
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a user defined parameter. The model glove-wiki-gigaword-100 is pretrained
with k = 100.

We now depict a procedure to aggregate the pretrained word vectors of all the
words belonging to a text segment in order to obtain a semantically meaningful
mathematical representation of the text segment.

Therefore, for each text segment ti ∈ T , we perform the following steps:

1. for any word s ∈ ti, which is not a stop word, we obtain its word vector
w ∈ Rk from the pretrained word embedding model (words not included in
the model are discarded);

2. the word vectors w1, w2, . . . are then clustered into c groups through the
Spherical K-Means algorithm [3], i.e., a variant of K-Means which considers
the cosine distance measure [20] instead of the Euclidean distance, because
cosine distance is known to be more appropriate for word embeddings [30];

3. the vectors of the centroids of the c groups are concatenated in order to form
the final (c · k)-dimensional representation for the text segment ti.

In this work we have decided to set c = 10 and, by also recalling that k = 100,
we have that any text segment ti, of the inputted text T , is converted to a vector
vi ∈ R1000. Note anyway that any other setting for k, c and any other choice of
the pretrained word embedding model could potentially be adopted, even for a
different language.

For the sake of completeness, the pseudo-code of the segment embedding
procedure is provided in Algorithm 1.

Algorithm 1 Computation of the segment embeddings

1: function Embed(T = ⟨t1, . . . , tn⟩,WEM ) ▷ WEM is a pretr. word emb. model
2: T emb ← ⟨ ⟩ ▷ The embedding of T , initially empty
3: for i← 1 to n do
4: w ← ⟨ ⟩ ▷ List of word vectors, initially empty
5: for each token tok ∈ ti do
6: convert tok to lowercase
7: if tok is a stop word or tok ̸∈WEM then
8: skip tok and continue with the next token

9: append the word vector WEM [tok ] to w

10: centroids ← SphericalKMeans(w)
11: vi ← concatenate the centroids into a vector
12: append the segment embedding vi to T emb

13: return T emb

4 Computation of the Hamiltonian Paths

After the previous computational phase, the n text segments are represented by
n vectors v1, . . . , vn ∈ Rm, with m = 1000 for the setting here adopted.
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It is now possible to compute a distance matrix D such that Di,j contains
a distance measure between vi and vj . As previously discussed, the cosine dis-
tance is known to be the most suitable distance measure for mathematical text
representations [30]. Therefore, we set

Di,j = 1− vi · vj
||vi|| · ||vj ||

, (2)

where: the numerator vi ·vj is the dot product between the vectors vi and vj , ||v||
is the Euclidean norm of the vector v, while the second term in Equation (2) is
subtracted to 1 because it is the cosine similarity – defined in [0, 1] – which we
want to complement in order to have the cosine distance. Clearly, Di,j ∈ [0, 1],
Di,j = Dj,i and Di,i = 0, for i, j ∈ {1, . . . , n}.

Since the distance between the text embeddings correlates with their seman-
tic similarity, we can now measure the semantic smoothness of a sequence of
text segments as the total distance traveled by linearly moving through their
embeddings.

Formally, an ordering of the n text segments can be represented by a per-
mutation π ∈ Sn of the set of indices [n] = {1, 2, . . . , n}. Hence, πi ∈ [n] is
the index of the i-th segment in the ordering π, while the total semantic length
len(π) of the ordering π is given by the sum of the distances between all the
pairs of segment vectors which are adjacent in π, i.e., more formally:

len(π) =

n−1∑
i=1

Dπi,πi+1 . (3)

For a segmented text T = ⟨t1, t2, . . . , tn⟩ in input, the actual ordering of
segments is represented by the identity permutation ι = ⟨1, 2, . . . , n⟩, whose
semantic length is len(ι).

Moreover, for the purposes of this work, it is important to compute the
shortest and longest orderings α, ω ∈ Sn such that

α = argmin
π∈Sn

len(π), (4)

ω = argmax
π∈Sn

len(π). (5)

The orderings α and ω are the shortest and longest Hamiltonian paths passing
through the points v1, v2, . . . , vn ∈ Rm and such that their distances are defined
as in Equation (2).

Interestingly, the Hamiltonian Path Problem (HPP) [23], i.e., the problem of
computing the shortest Hamiltonian path, can be easily reduced to the Traveling
Salesman Problem (TSP) [16, 2], i.e., the problem of computing the shortest
Hamiltonian cycle (also known as “TSP tour”). This reduction allows to exploit
the very efficient TSP solvers nowadays available that, though the NP-hardness
of TSP, are often able to exactly solve a TSP instance formed by dozens or
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hundreds of points in few seconds. In this work, we adopt the well-known exact
TSP solver called Concorde2 [1].

Given an HPP instance, the corresponding TSP instance is obtained by sim-
ply adding a fake point with null distance from all the other points. Formally, an
HPP instance is defined by the distance matrix D ∈ [0, 1]n×n of Equation (2),
thus the corresponding TSP instance D′ ∈ [0, 1](n+1)×(n+1) contains D and has
one extra row and one extra column, that we both identify with the index 0,
such that

D′
i,j =

{
0 if i = 0 or j = 0,

Di,j otherwise.
(6)

The TSP solver is executed on the TSP instance D′ and returns the shortest
TSP tour, which is formed by all the indexes in {0, 1, . . . , n}. Then, the tour is
broken and unrolled at the position of the fake index 0 which is removed as well,
thus to obtain the permutation α ∈ Sn, which is guaranteed to be the shortest
Hamiltonian path for the HPP instance D, as required by Equation (4).

Finally, the longest Hamiltonian path is computed in a similar way, but
considering an additional reduction step – known as “MAX-TSP to TSP reduc-
tion” [4] – which mainly consists in complementing the TSP matrix. Formally,
the TSP solver is executed on the TSP instance D′′ ∈ [0, 1](n+1)×(n+1) defined
as follows:

D′′
i,j =

{
0 if i = 0 or j = 0,

1−Di,j otherwise.
(7)

The shortest TSP tour for D′′ is the longest tour for D′, therefore removing
the fake point from the tour gives rise to the permutation ω ∈ Sn, which rep-
resents the longest Hamiltonian path for the HPP instance D, as required by
Equation (5).

5 Computation of the Readability Index

By using the notation provided in Section 4, it is possible to rewrite Equation (1)
as follows:

SemRead(T ) = 1− len(ι)− len(α)

len(ω)− len(α)
=

len(ω)− len(ι)

len(ω)− len(α)
. (8)

Clearly, since the length of the actual ordering of segments ι cannot be lesser
than the length of the shortest segments ordering α and greater than the length
of the longest segments ordering ω, i.e., len(α) ≤ len(T ) ≤ len(ω), we have
that SemRead(T ) ∈ [0, 1].

Therefore, Equation (8) states that SemRead(T ) is a normalized value rep-
resenting how close len(ι) is to len(α) and how far it is from len(ω). At one
extreme, when len(ι) = len(α), the passing through the text segments results
in a very smooth “semantic walk”, thus T is supposed to have a high readability

2 Concorde is available from https://www.math.uwaterloo.ca/tsp/concorde.html.
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and SemRead(T ) = 1. Conversely, when len(ι) = len(ω), SemRead(T ) = 0 and
the “semantic walk” through the text segments appears very rugged.

6 Experiments

A series of computational experiments was conducted in order to validate our
proposal. The texts considered for this experimental analysis are described in
Section 6.1. Moreover, for the sake of reproducibility, Section 6.2 provides all the
details of the algorithmic settings adopted in the experimentation. Finally, the
experimental results are presented and discussed in Section 6.3.

6.1 Selected texts

For this first series of experiments, we decided to select seven very popular texts
from the classic literature, written by native English authors.

The texts were obtained from the well-known public repository of the Guten-
ber project [32], which mainly includes the plain text versions of a variety of
out-of-copyright books – under the US copyright law (i.e., published 95 or more
years ago).

The list of the seven selected texts is presented in Table 1 which includes:
the identifier of the text used later on in this paper, the title and the author of
the text, and the number of text segments in which it is divided.

Id Title Author Segments

AliceWonderland Alice’s Adventures in Wonderland L. Carrol 12
SherlockHolmes The Adventures of Sherlock Holmes A.C. Doyle 12
GreatGatsby The Great Gatsby F.S. Fitzgerald 9
DorianGray The Picture of Dorian Gray O. Wilde 20
TimeMachine The Time Machine H.G. Wells 16
WizardOz The Wonderful Wizard of Oz L.F. Baum 24
Ulysses Ulysses J. Joyce 18

Table 1: Texts considered in the experimentation.

These texts are very popular narrative books which are already subdivided
into parts, or chapters, by their respective authors, therefore these original chap-
ters are considered as segments in this work. It is worthwhile to note that this
choice relieved us of the task of arbitrarily splitting the texts into linear segments.

Finally, the number of segments in the selected texts, as shown in Table 1,
goes from 9 (“The Great Gatsby”) to 24 (“The Wonderful Wizard of Oz”).
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6.2 Experimental setting

For the sake of reproducibility, we provide in Table 2 the algorithmic settings
of the computational procedures of SemRead which were adopted in this experi-
mentation.

Tokenization Tokenizer from Gensim 4.1.2
every token is converted to lower case
English stop words from NLTK 3.7

Word embedding Gensim model = glove-wiki-gigaword-100
dimensionality = 100

Spherical K-Means Python module = spherecluster 0.1.7
no. of clusters = 10
no. of executions = 10
max iterations = 300
tolerance = 10−4

Distance measure cosine distance

TSP solver Concorde 3.12.19
precision = 6 digits
default settings

Table 2: Settings for the algorithmic components used in the experimentation.

The word embedding model and distance measure adopted were already dis-
cussed in the previous sections. The widely adopted tokenizer of the Gensim li-
brary [17] was considered. An execution of the Spherical K-Means procedure [3]
depends on the initial random choice of the clusters’ centroids thus, to increase
the robustness of the clusterization, ten executions are carried out and the best
clusterization is used to build up the segment embeddings. Finally, the Concorde
TSP solver [1] is run with its default parameter setting and, since it only accepts
an integer distance matrix, the real values in [0, 1] of our distances are multiplied
by 106 and rounded up to the closest integer.

6.3 Experimental results

The semantic readability measure SemRead was computed on the seven texts
indicated in Table 1 by adopting the algorithmic settings described in Table 2.
Therefore, for any text T , the value SemRead(T ) is provided in Table 3 together
with additional information such as: the number of segments in T and the lengths
of the actual, shortest and longest segment orderings, len(ι), len(α) and len(ω),
respectively. The results are ordered from the most readable to the less readable
text.

The results shown in Table 3 may be commented as follows.
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Text SemRead len(ι) len(α) len(ω) Segments

GreatGatsby 0.53 4.49 3.78 5.29 9
WizardOz 0.47 13.86 11.06 16.35 24
DorianGray 0.46 11.49 8.84 13.70 20
TimeMachine 0.45 9.14 7.18 10.76 16
SherlockHolmes 0.45 5.92 4.77 6.84 12
Ulysses 0.36 12.51 9.12 14.38 18
AliceWonderland 0.26 7.11 5.61 7.64 12

Table 3: Experimental results.

GreatGatsby appears to be the most readable text in our analysis, while
Ulysses and AliceWonderland have the lowest readability scores. This appears
to be in line with our expectations. In fact, although a fully objective valida-
tion is not inherently possible in this case, it is somehow commonly accepted
that the GreatGatsby represents a straightforward reading, while Ulysses and
AliceWonderland have a more complex semantic structure.

The highest readability score is 0.53, quite far from the theoretical upper
bound of 1. This may indicate that the text genre considered in this work, i.e.,
classic narrative books, does not represent the most readable kind of texts. How-
ever, further experimentation with other text genres is required to corroborate
this hypothesis.

Four out of seven texts have a readability score in the very narrow range
[0.45, 0.47], thus plausibly indicating that their readability is nearly identical.

Finally. the lengths len(ι), len(α), len(ω) and the number of the segments
does not have a significant influence on the readability score. In fact, a quick
inspection to Table 3 shows that their respective columns have a low correlation
with the SemRead column.

7 Conclusion and Future Work

In this work we introduced a novel readability measure SemRead that take in
account the sequence of presentation of the various text segments that compose
a text. The readability index computation is based on an unsupervised learning
approach [33] that first proceeds with the computation of the text segment’s
embeddings and subsequently compute the Hamiltonian paths connecting the
various segments. Experiments have been performed on a series of very popular
texts from the classic literature. The assessment of the measurement performance
shows that the results are in line with the expectations. The SemRead measure
is able to distinguish between texts that are easy to read from the ones that
present more complex storylines and semantic structures.

Although the findings of the present study are very useful, the semantic
readability score was computed on books which are not necessarily meant to be
read in a different order of chapters than the one that they were given by their
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authors when completed. It would therefore be of great value to carry out a
follow up study considering books which were indeed devised with an increasing
semantic - yet not only semantic - complexity in mind, i.e. the so-called graded
readers. Graded readers are easy-to-read books addressing L2 language learners
and are often presented split up into chapters. They can be found addressing
different language proficiency level readers and their vocabulary is frequently
“limited” to a certain lemma frequency threshold, according to the proficiency
of the targeted readership. Furthermore, computing a semantic readability score
could be a farther validating element to be taken into account when publishing
new graded readers.

Finally, another interesting line of research is to encode the problem as an
instance of the well-known Linear Ordering Problem [25, 26], thus to take into
account all pairwise relationships among the text segments.
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