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Abstract
The aim of the current paper is to offer a unique perspective on eye movement 
analysis in reading research by applying techniques from social network analysis 
to examine integration processes between sentences during reading. In a first step, 
we explored how network measures relate to the often-used duration measures in 
reading research in order to examine whether there is an additional value in using 
network measures. In a second step, we further explored how differences in net-
work measures are related to text (i.e., topic structure) and reader characteristics 
(i.e., WMC). Thirty-one participants read three short expository texts. Four network 
measures at the sentence level were calculated for the three texts: strength, between-
ness centrality, harmonic centrality, and local clustering coefficient. Correlations 
were computed between first-pass reading time and second-pass reading time and 
the network measures. Network measures were analyzed with (generalized) linear 
mixed-effects models. The results show that strength is strongly correlated to sec-
ond-pass reading time. Betweenness, harmonic centrality, and the local clustering 
coefficient are not related to these often-used duration measures and thus capture 
aspects of integration processes that cannot be captured with duration measures. The 
results demonstrated that strength and betweenness centrality are related to reader’s 
WMC. It was also shown that strength, harmonic centrality, and local clustering 
coefficient were related to the topic structure of the text. This study demonstrates 
that a social network approach offers a novel perspective on moment-to-moment 
integration processes during reading.
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Introduction

Written texts are an important medium through which readers acquire new knowl-
edge. Thus, reading is a crucial skill throughout school and adult life (Kendeou & 
O’Brien, 2018; Kendeou & Trevors, 2012; McNamara, 2011). To truly comprehend 
texts, readers must actively engage with the text to construct a mental representation 
of the text’s content (Fox, 2009; Kintsch, 1988, 1998). A successful construction of 
a mental representation relies on processes associated with understanding sentences 
and the relation between sentences for which integration between sentences is cru-
cial (McNamara & Magliano, 2009).

Individual differences in how mental representations are exactly built are tre-
mendous (Moss et al., 2023). To gain more insight into how readers construct these 
mental representations, researchers have examined readers’ eye movements during 
reading as they can reveal important individual differences in moment-to-moment 
processes during reading (Hyönä et  al., 2003; Jarodzka & Brand-Gruwel, 2017; 
Rayner, 1998). These differences can be linked to characteristics of the reader and/
or the text. Regarding reader characteristics, research demonstrated that working 
memory capacity, text-based interest, and prior knowledge among others influence 
eye movements (Catrysse et al., 2018; Jarodzka & Brand-Gruwel, 2017; Kaakinen 
et al., 2002; Moss et al., 2023). Other eye tracking studies showed that eye tracking 
measures may also vary according to characteristics of the sentences that are pro-
cessed. Research has focused on processing differences between topic-introducing, 
topic-medial, and topic-final sentences (Ariasi et al., 2017; Hyönä & Lorch, 2004), 
relevant and irrelevant sentences (Kaakinen & Hyönä, 2005, 2007; Kaakinen et al., 
2002), and central versus peripheral ideas in the text (Yeari et al., 2016).

Current eye tracking studies mainly focused on how much time is spent on 
sentences in a text (Hyönä et  al., 2003; Jarodzka & Brand-Gruwel, 2017; Kaaki-
nen, 2017). However, Hyönä and colleagues (2003) also indicated that transitions 
between sentences can provide crucial information on global text processing, which 
involves linking together information from sentences that are not adjacent in the 
text (Hyönä et al., 2003). Even though, the duration measures proposed by Hyönä 
and et al. (2003) include these important transitions from one sentence to another; 
they do not allow examining these transitions between different parts of the text. 
Transition matrices include all between-sentence movements and their frequencies 
and allow examining integration between non-adjacent parts in the text; however 
these matrices might become too complex for statistical analysis (Hyönä et  al., 
2003). Here, social network analysis can be invaluable, capturing information about 
those transitions into structural relations in network metrics and allowing analyzing 
important transitions between sentences. In addition, these network metrics may 
also provide insights into how information is eventually structured in the reader’s 
mental representation (Ma et al., 2023).

Theoretical models emphasize the importance of sentence integration in reading 
processes (McNamara & Magliano, 2009) and representing mental representations 
of a text as networks of nodes (words, propositions, and sentences) and links (rela-
tionships between nodes) aligns with these models (Kintsch, 1998; McNamara & 
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Magliano, 2009; van den Broek, 2010). However, empirical studies using network 
science to study reading processes are scarce (Ma et  al., 2023). Castro and Siew 
(2020) highlight the potential of network analysis for understanding complex sys-
tems like mental representations and their influence on reading processes. Social 
network analysis offers well-established quantitative measures to study these pro-
cesses (Siew et al., 2019) and network metrics can capture mental processes that are 
not easily observable in other eye movement measures (Ma et al., 2023). Therefore, 
this study aims to use social network metrics to better understand the integration 
processes during reading and to provide a solution to analyze transitions between 
sentences for longer texts.

Theoretical Framework

Construction of Mental Representations

One of the most complete and influential theories of reading comprehension is the 
construction-integration (CI) model (Kendeou & O’Brien, 2018; Kintsch, 1998; 
McNamara & Magliano, 2009). In the CI model, reading comprehension requires 
building up a situation model of the text (Kintsch, 1998). This situation model is 
built by iterative processes in which current text is integrated with earlier textual 
input or with prior knowledge (Kintsch, 1998). First, in the construction phase, 
information can be activated from the current sentence, the prior sentence or text, 
and from prior knowledge (Kendeou & O’Brien, 2018; McNamara & Magliano, 
2009). This activated textual information is then connected into a network of prop-
ositions (Kendeou & O’Brien, 2018). Textual information is iteratively integrated 
into the network and only those nodes are kept in the network that is connected to 
many others in the network. The integration of current textual input with prior text 
and prior knowledge is referred to as inferencing (McNamara & Magliano, 2009). 
Such inferences provide connections between the current read text, the previously 
read text, and prior knowledge (Clinton & van den Broek, 2012). Generating infer-
ences is crucial when reading because (more complex) texts do not state every sin-
gle relation between ideas presented within a text (Kintsch, 1998).

One important factor that has been examined in terms of individual differences in 
reading, with pervasive effects on the mental representation, is the global processing 
strategy adopted by the reader (Hyönä et al., 2002; Zhang et al., 2019). One way to 
investigate this global processing strategy is by examining the readers’ processing 
of sentences relevant to the topic structure (Hyönä et  al., 2002). In order to rep-
resent the topic structure of a text, the reader needs to be alert to the introduction 
of new subtopics and their relation with the overarching topic of the text (Hyönä 
et al., 2002). Some readers mention to look for topic sentences and skilled readers 
also focus on the topic-ending sentences (Pressley & Afflerbach, 1995). Success-
ful readers thus devote extra attention at junctures in a text that represent important 
transitions in the topic structure such as topic-introducing and topic-ending sen-
tences (Hyönä et  al., 2002). Research has found that when paying extra attention 
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at topic-introducing and -ending sentences, readers integrate their evolving mental 
representation of the text (Hyönä & Lorch, 2004; Hyönä et al., 2002).

Another important extensively studied individual reader characteristic in reading 
is working memory capacity (WMC) and is related to the kind of global processing 
strategies that reader use (Daneman & Carpenter, 1980; Daneman & Merikle, 1996; 
Moss et al., 2023; Unsworth & McMillan, 2013). WMC is needed to actively keep 
prior text information activated while reading new sentences, so the reader is able 
to integrate prior and current information in the text, to activate relevant informa-
tion from long-term memory, and to maintain attentional focus on the reading task 
(Daneman & Carpenter, 1980). In addition, WMC is also needed to make strategic 
decisions during reading such as rereading to build a high-quality mental represen-
tation (Daneman & Merikle, 1996). Readers with lower WMC have less capacity 
to integrate information from the text and prior knowledge into their mental rep-
resentation (Daneman & Carpenter, 1980; Daneman & Merikle, 1996). Readers 
with a high working memory capacity are more strategic in allocating their attention 
and might use a more selective reading strategy (Kaakinen et al., 2002; Moss et al., 
2023), are better in drawing inferences (Linderholm, 2002; Singer et al., 1992), and 
increase attention to important text areas (Moss et al., 2023).

Using Eye Tracking to Uncover Differences in Integration Processes

Eye tracking allows us to investigate at which parts of the text someone looks, for 
how long and in which order (Holmqvist et al., 2011; van Gog & Jarodzka, 2013), 
providing detailed information about the reading process. In reading, two types of 
eye movements are most important, namely fixations and saccades (Rayner, 1998, 
2009). During fixations, the eye is almost still and information can be extracted from 
the text. During saccades, on the other hand, the visual focus of attention is relo-
cated to another place in the text. While the eye is moving rapidly when executing 
a saccade, we are not able to extract any information from a text (Holmqvist et al., 
2011; Rayner, 1998, 2009). Fixations, as indications of information intake, are usu-
ally related to and summarized across specific areas of interest (AOIs). In reading 
research, this can be a character, a word, a phrase, or a sentence. Fixations within 
one AOI, like a sentence, are subsequently aggregated to calculate the first-pass fixa-
tion duration, second-pass fixation duration or total fixation durations.

First-pass fixation duration refers to the duration of all fixations when initially 
encountering a target region (e.g., a sentence). Second-pass fixation durations refer 
to the duration of all regressive fixations back to the target region after the first-
pass reading has been terminated (Hyönä et al., 2003). First-pass fixation durations 
are an indication of early processing. Second-pass reading times reflect processes 
happening later in comprehension, such as cognitive conflict (Mikkilä-Erdmann 
et  al., 2008), high-level or deeper cognitive processing (Ariasi & Mason, 2011; 
Catrysse et al., 2018; Penttinen et al., 2012), comprehension monitoring (van Gog 
& Jarodzka, 2013), difficult passages (Rayner, 2009), and attempts to reinstate text 
information into working memory in order to elaborate on it or rehearse it (Hyönä 
& Lorch, 2004). Readers are not usually aware of the time they have spent during 
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first-pass reading of sentences, but they can accurately report which parts of text 
they have look-backed to perform second-pass reading (Hyönä & Nurminen, 2006). 
This indicates that second-pass reading times reflect strategic processing of text.

In eye tracking research, shifts between AOIs are called transitions (Holmqvist 
et al., 2011). These transitions can be linked to important integration processes dur-
ing reading (Alemdag & Cagiltay, 2018). Transitions are often represented in matri-
ces, where each row and each column of the matrix stands for one sentence of the 
text and the cells contain the number of transitions between sentences (Holmqvist 
et  al., 2011). Research has paid little attention to how readers transition between 
different parts of a text. One notable exception is the use of scan path analyses, 
which examine how readers visually explore various sections of the text and in what 
sequence (Mézière et al., 2024; von der Malsburg & Vasishth, 2011). These analyses 
are effective in identifying common patterns of eye movements that are linked to, for 
example, successful reading comprehension (Mézière et al., 2024). Another prom-
ising method for studying these transitions is social network analysis (Ma et  al., 
2023), which captures the connections and integration between different text sec-
tions, something that cannot be achieved by scan path analyses.

Social Network Analysis to Unravel Integration Processes

A social network consists of a set of nodes connected with some type of relations 
to each other, which are often called edges in graph theory (Borgatti, 2005; Bor-
gatti et al., 2009, 2013; Siew et al., 2019). In these networks, definitions of nodes 
and edges depend on the cognitive phenomena that are examined (Ma et al., 2023). 
A few studies have applied network metrics to analyze eye tracking data in which 
different AOIs are used as nodes and the transitions between AOIs as edges (Ma 
et al., 2023; Zhu & Feng, 2015). Zhu and Feng (2015) used social network analy-
sis to examine individual differences in mathematical problem solving. Eye track-
ing data was collected while students were solving a math problem. Eleven AOIs 
were identified such as the questions, the graph, the image, and corresponding ques-
tion response areas. A transition matrix was created that summarizes the transitions 
between AOIs. Their work demonstrated that high-performing students made more 
strategic transitions between AOI triplets compared to low-performing students, as 
indicated by several triad structures. A recent study of Ma et al. (2023) has employed 
a social network approach to analyze eye tracking data while reading an expository 
text. In their study, participants read sentences one by one. Nodes in the networks 
were words, and edges in the network were transitions between words in a single 
sentence. Their results demonstrated that low and high ability readers network met-
rics showed distinctive differences, which are reflected in network metrics such as 
density, centrality, small-worldness, transitivity, and global efficiency. Skilled read-
ers’ reading networks were characterized by a lower density, transitivity and global 
efficiency, and a higher centrality compared to less skilled readers. Ma et al. (2023) 
indicated that these patterns are consistent with previous eye tracking studies that 
has shown that skilled readers make fewer fixations, more skips, and fewer regres-
sions during reading.
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There are several types of structures in a social network: the microscopic, mes-
oscopic, and macroscopic structure (Siew, 2020; Siew et  al., 2019). The micro-
scopic structure refers to structural properties of individual nodes and edges. The 
mesoscopic structure refers to a subset of nodes and substructures. The macroscopic 
structure summarizes the entire network structure. Previous studies using network 
analysis for eye tracking data focused on the macroscopic network structure (Ma 
et al., 2023; Zhu & Feng, 2015). Since the integration between sentences is crucial 
for building a situation model (McNamara & Magliano, 2009) and topic structure 
plays a role in this (Hyönä et al., 2002), this study will focus on microscopic network 
measures.

At the microscopic level, network analysis mostly focuses on quantifying the 
importance of a node in the graph via centrality measures (Borgatti, 2005; Bor-
gatti et al., 2013; Siew, 2020; Siew et al., 2019). Three different but related central-
ity measures are defined in the network literature namely strength, closeness, and 
betweenness (Barrat et al., 2004; Freeman, 1978; Opsahl et al., 2010). When calcu-
lating these measures for reading networks, in which each sentence is a node and the 
number of transitions between sentences are edges, these metrics can indicate which 
sentences are more important in the network and how this is related to individual 
differences. All centrality measures can indicate whether sentences occupy central 
and important locations in the mental representations (Siew, 2020). The centrality 
measures are strongly related and the choice between centrality measures depends 
on specific characteristics of the network (Borgatti, 2005; Borgatti et al., 2013; Siew, 
2020; Siew et al., 2019). Because research is lacking on centrality measures in read-
ing research, it is not yet clear which measures are most suitable to investigate inte-
gration processes during reading.

Strength refers to the number of edges connected to a node (Siew et al., 2019) 
or in terms of reading it reflects the number of transitions connected to a particu-
lar sentence and thus how much a sentence has been visited. Nodes with a higher 
strength have an important role in exchanging information across the network (Siew 
et  al., 2019). High-strength nodes are more likely to be accessed during reading, 
while low-strength nodes are accessed less frequently. High-strength nodes facilitate 
the integration of new information. In loosely connected networks, strength tends 
to be lower due to the sparse and weaker connections, while in highly connected 
networks, strength tends to be higher due to the denser and stronger connections 
between nodes. Imagine reading a paragraph with one topic-initial sentence (TI), 
three topic-medial sentences (M1-3), and one topic-final sentence (TF). In Fig. 1, 
two different hypothetical reading networks are visualized. The left part represents 
a very linear reading pattern in which the reader goes linearly through the sentences 
without going back. The right part represents a more integrated reading pattern in 
which the reader also makes connections from the topic-initial sentence to all other 
sentences. In the left part, node TI has a strength of 1 because there is only one 
transition between nodes TI and M1. In the right part, node TI has a strength of 4 
because it is connected to nodes M1, M2, M3, and TF.

Closeness centrality indicates to what extent a node is close to other nodes in the 
network (Siew, 2020) and is calculated as the inverse of the shortest path between 
nodes. It quantifies the proximity of a sentence to all other sentences. A sentence 
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with high closeness centrality is close to many other sentences in the network since 
there is a short path between that sentence and other sentences. A sentence with low 
closeness centrality is far from many other sentences, as there is a long path between 
that sentence and the other sentences. In terms of reading, a sentence with high 
closeness centrality is characterized by transitions to many other sentences in the 
reading network and indicates more integration between that sentence and other sen-
tences. High closeness centrality nodes serve as key integrators within the reading 
network because they help in connecting various sentences in the reading network. 
Closeness centrality reflects how readily information can spread through a network, 
with nodes in highly connected networks typically having higher closeness central-
ity due to the shorter average path lengths. In the left part of Fig. 1, the shortest path 
from TI to M1 is 1, from TI to M2 is 2, from TI to M3 is 3, and from TI to TF is 4. 
The sum of these shortest paths is 10, and the inverse of 10 is the average closeness 
centrality for node TI, which is 0.10. In the right part of Fig. 1, the shortest path 
from TI to M1 is 1, from TI to M2 is 1, from TI to M3 is 1, and from TI to TF is 1. 
The average closeness centrality for TI is 0.25 (the inverse of 4). Sentences with the 
highest closeness centrality are considered as more central in the reading network. 
Since node TI is connected to more sentences in the right part of Fig. 1, it is more 
central and receives a higher closeness centrality score.

Betweenness centrality measures the extent to which a node lies on the short-
est path between any two nodes in the network (Siew, 2020). A node with high 
betweenness centrality frequently lies in between the shortest path between all 
possible pairs of nodes, while a node with low betweenness centrality does not 
tend to lie on the shortest path between pairs of nodes. Nodes with high between-
ness centralities might represent landmark concepts that are crucial linking 
concepts (Siew, 2020) and bridge distant sentences in the reading network. In 
terms of reading, sentences with a high betweenness centrality are often used as 
an anchor to integrate information between two other sentences. High between-
ness centrality nodes serve as crucial intermediaries connecting different regions 

Fig. 1   Example networks
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within the reading network. When calculating betweenness centrality for node 
TI in the left part of Fig. 1, we need to consider all pairs of nodes, not including 
node TI: M1 → M2, M1 → M3, M1 → TF, M2 → M3, M2 → TF, and M3 → TF. 
Looking at the shortest paths between these pairs, node TI is never on the short-
est path between the pairs and thus betweenness centrality for node TI is 0. In 
the right part of Fig. 1, the same pairs can be considered for node TI. Here again, 
node TI is never on the shortest path between the pairs (taking directions of the 
arrows into account) and also receives a betweenness centrality score of 0. This 
demonstrates that betweenness centrality emphasizes a different aspect of inte-
gration compared to strength and closeness centrality.

Another network measure that is related to reading is the local clustering coef-
ficient, which specifies to what extent the neighbors of a node are interconnected 
(Siew et al., 2019). Where centrality metrics assess the node’s role and importance 
in the network, the local clustering coefficient focuses on the local neighborhood 
of a node and measures the connectivity among its immediate neighbors. The local 
clustering coefficient represents the likelihood for two nodes to be connected when 
they share a mutual neighbor (Siew et al., 2019). In terms of reading, a high local 
clustering coefficient is related to a high number of transitions between neighbor-
ing sentences of a particular sentence (Ma et al., 2023). High local clustering coef-
ficient nodes indicate intense local processing of information around that node. It is 
important to note that neighboring sentences refer to sentences that a given sentence 
is connected to and might not be equal to the preceding and following sentence. In 
the left part of Fig. 1, node M1 has two neighboring nodes to which it has connec-
tions: TI and M2. Of all possible connections between the neighbors of M1 there 
is no connection, and thus M1 receives a local clustering coefficient score of 0. In 
the right part of Fig. 1, node M1 has the same neighboring nodes, but they are con-
nected to each other (TI-M2). Therefore node M1 receives a local clustering coef-
ficient score of 1 (connected pairs/total amount of possible connections). In this sce-
nario, there are also transitions between the neighboring sentences of M1.

The different network measures do resemble each other but emphasize different 
kinds of importance in a network. The different centrality measures for the net-
works visualized in Fig.  1 are presented in Table  1. For network A  (left part of 

Table 1   Centrality measures for 
network examples A and B

TI M1 M2 M3 TF

Network A
 Strength 1 2 2 2 1
 Betweenness 0 3 4 3 0
 Closeness 0.10 0.14 0.17 0.14 0.10
 Local clustering coefficient 0 0 0 0 0

Network B
 Strength 4 2 3 3 2
 Betweenness 0 0 0.17 0.17 0
 Closeness 0.25 0.17 0.20 0.20 0.17
 Local clustering coefficient 0.50 1 0.67 0.67 1
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Fig. 1), the second medial sentence (M2) receives the highest score for strength, 
closeness centrality, and betweenness centrality. For network B  (right part of 
Fig.  1), the topic-initial sentences (TI) has the highest strength since this sen-
tence has the most connections or transitions. However, the second (M2) and third 
medial sentence (M3) show the highest betweenness centrality and thus often lie 
on the shortest path between two other nodes in the network. These sentences rep-
resent crucial linking sentences. This example already demonstrates how strength 
and betweenness centrality offer a different view on the importance of a node in 
the network. The topic-introducing sentence has the highest closeness centrality. 
The second (M2) and third medial sentence (M3) show the highest local clustering 
coefficient, indicating that there is more integration between the neighbors of these 
sentences.

This Study

The goal of this study is to apply social network analysis on eye movement data 
from reading to gain insight into which microscopic network measures can be 
related to integration processes during reading. In a first step, we explored how 
centrality measures from social network science relate to the often-used duration 
measures in reading research. Ma et al. (2023) indicated that network metrics can 
capture mental processes that are not easily observable in eye movement duration 
measures. By examining the relations between duration measures and network 
metrics, we explicitly examine what the added value is of these network measures 
and whether they indeed do capture mental processes that cannot be captured with 
duration measures.

RQ1: How are microscopic network measures related to first-pass and second-pass 
duration measures?

In a second step, we further explored how differences in network measures 
are related to both text and reader characteristics. Since both the topic structure 
(Hyönä & Lorch, 2004; Hyönä et  al., 2002) and WMC (Daneman & Carpenter, 
1980; Daneman & Merikle, 1996; Moss et al., 2023; Unsworth & McMillan, 2013) 
affect integration processes during reading, it is examined whether they are related 
to differences in network measures. Centrality measures can reflect structural char-
acteristics of the text (Ma et al., 2023). Ma et al. (2023) describe that reading net-
works of expository texts will usually be more centralized than reading networks 
of narrative texts. This is because expository texts often illustrate specific topics 
by providing relative descriptions, while narratives tend to follow a timeline which 
leads to a more linear structure. It can be assumed that this centrality measures can 
capture other structural differences, such as the topic structure of texts, but so far 
this has not yet been examined.

RQ2: How are microscopic network measures related to topic structure and WMC?
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Methodology

The dataset for this study was reused from an already published study (Catrysse 
et  al., 2018). However, a new analytic approach was used to answer different 
research questions. The dataset and scripts are available at osf.io (https://​osf.​io/​
qbctd/).

Participants

The participants for the study were higher education freshmen in social sciences. 
A sample of 42 students took part in the study. Due to calibration problems and 
common problems with eye tracking data quality (Holmqvist et al., 2011), data of 
31 participants with a mean age of 20.23 (SD = 2.12) was available for the analy-
ses. The calibration accuracy was visually inspected together with the replay of eye 
movements on the text. When the calibration was not successful, or drift occurred, 
eye movement data were removed from the dataset. The participants received two 
cinema tickets, and informed consent was obtained. All participants had normal or 
corrected-to-normal vision, reported having no learning disorders, and Dutch was 
their native language.

Materials and Instruments

Texts

Students were asked to study three expository texts on positive psychology in Dutch. 
Positive psychology was not included in their curriculum, so participants had little 
prior knowledge on the topic. Texts were adapted from the World Book of Hope 
(Bormans, 2016). The topics of the texts were on hope and happiness (414 words, 
2161 characters, and 22 sentences), the tyranny of positive thinking (386 words, 
1986 characters, and 18 sentences) and music and hope (392 words, 2076 charac-
ters, and 19 sentences). Each text consisted of four paragraphs. For the text on hope 
and happiness, the first paragraph is about the definition and importance of hope, 
the second about measuring hope, the third about the definition and measurement 
of happiness, and the fourth about the relationship between hope and happiness. For 
the text on the tyranny of positive thinking, the first paragraph is about the philoso-
phy of positive thinking, the second about research on hope and healing, the third 
on challenges with positive psychology programs, and the fourth on limits of posi-
tive thinking. For the text on music and hope, the first paragraph dealt with implicit 
knowledge of music, the second with music and emotions, the third with personal 
preferences, and responses to music and the fourth with research on music and hope. 
All texts thus consisted of subtopics that are related to each other and can be found 
on the OSF project under “(1) Materials.” The three texts were similar on lexical and 
sentence complexity, as checked with T-Scan (Pander Maat et al., 2014).

https://osf.io/qbctd/
https://osf.io/qbctd/
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Eye Tracking Equipment

The Tobii TX300 eye tracker (dark pupil tracking) was used to collect students’ eye 
movements. The eye-tracking component was integrated into a 23-inch TFT monitor 
with a maximum resolution of 1920 × 1080 pixels. The eye tracking camera sampled 
data binocularly at the rate of 300 Hz. A head stabilization system was not required, 
and head movement was allowed (37 × 17 cm). Tobii Technology (Stockholm, Swe-
den) reported a gaze accuracy of 0.4°, gaze precision of 0.15°, and latency between 
1.0 and 3.3 ms for this eye tracker. The eye movements were recorded with Tobii-
Studio (3.2) software.

Working Memory Capacity

Working memory capacity was measured by the automated operation span task 
(AOST; Unsworth et al., 2005). Participants needed to solve a series of mathemati-
cal operations while trying to memorize a set of unrelated letters. To make sure that 
participants were not only focused on remembering the letters, a 85% accuracy crite-
rion was used for solving the mathematical problems (Unsworth et al., 2005). It has 
been shown that both verbal complex span tasks (such as the reading and listening 
span) and operation span tasks with numerical stimuli are related to reading compre-
hension (Daneman & Merikle, 1996; McVay & Kane, 2012). The AOST provides an 
absolute and a partial credit score. Since the partial credit score is preferred over the 
absolute score, the latter was used (Conway et al., 2005). The score for this working 
memory capacity test was standardized for further analysis.

Procedure

The study was conducted individually for each participant during a 1-h session. Stu-
dents first did the AOST on a computer. Next, participants received written instruc-
tions on the screen for the reading task, where they were asked to study the texts as if 
they were preparing for their exams. After that, the eye tracker was calibrated using a 
nine-point calibration procedure in which students needed to track nine red calibration 
dots on a plain, gray background. Students were seated about 60 cm from the screen 
for the calibration, and the eye tracker was recalibrated before each text. Texts were 
presented one at a time on the screen, so scrolling was not needed. Studying was self-
paced and the presentation order of the texts was counterbalanced across participants.

Analysis

Eye Tracking Data

We used the Tobii I-VT fixation filter for fixation identification, which is an imple-
mentation of a classification algorithm proposed by Olsson (2007). It uses a velocity 
threshold (35 pixels per window) and a distance threshold (35 pixels) (Olsen, 2012). 
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For each sentence in the text, an area of interest (AOI) was defined. A distinction was 
made between topic-introducing, topic-medial and topic-ending sentences (Hyönä 
et al., 2002). The topic-introducing sentence of the paragraph is the first sentence of a 
paragraph, the topic-ending sentences is the concluding sentence of a paragraph, and 
topic-medial sentences are all sentences in between. Text 1 contained 22 sentences 
(topic-introducing = 4, topic-medial = 14, and topic-ending = 4); text 2 consisted of 18 
sentences (topic-introducing = 4, topic-medial = 10, and topic-ending = 4) and text 3 
counted 19 sentences (topic-introducing = 4, topic-medial = 11, and topic-ending = 4).

Fixation data was exported from the Tobii Pro Studio software and contained a 
list of consecutive fixations for each participant for each text linked to the AOIs. 
An example of a few fixations for one participant is presented in Table A in Online 
Resource 2. A string variable was generated that included the AOI at which a stu-
dent was looking at per fixation (Table B, Online Resource 2). In a next step, all 
fixations that fell outside AOIs were removed. Successive identical AOIs were 
deleted and were given a weight (Table C, Online Resource 2). When a participant 
fixated three times on the same AOI (i.e., sentence) in a row, these three rows in the 
dataset were removed by one row indicating that that AOI was fixated three times. 
AOI strings were converted to AOI transition matrices for further analysis (Table 
D, Online Resource 2). These matrices contain information from the source of the 
transition and the target to which the transition is going and how many times this 
transition occurred during reading.

First-pass and second-pass reading times were calculated for each AOI. First-
pass reading time refers to the summed duration of all fixations on the sentence 
before moving on another sentence. Two measures of first-pass reading were 
calculated using the eyeRead R-package (Verhavert et al., 2020; version 0.0.4). 
First-pass forward reading is the sum of all durations that land on unread parts 
of a sentence during first-pass reading. First-pass regressive reading is the sum 
of all durations that land on already read parts of the sentence during first-pass 
rereading. Second-pass reading time refers to the duration of all regressions back 
to the sentence after first-pass reading time has terminated (Hyönä et al., 2003).

The datasets and script for the analysis in this section can be found in the OSF 
project under “(2) Eye Tracking Data.”

Social Network Metrics

For each text and for each student a social network was constructed, resulting in 31 
networks per text. Weighted social network objects were created based on an edge 
list and a node list with the package igraph (version 2.0.3; Csárdi et al., 2024) in 
RStudio (version 2023.12.1). The edge list contained all transitions indicating the 
source and target and the number (or weight) of transitions (see Table D, Online 
Resource 2). The node list contained the overview of AOIs per text per partici-
pant. Weighted social network objects are created since they also include informa-
tion about the number of transitions. Strength, betweenness centrality, harmonic 
centrality, as a special form of closeness centrality, and local clustering coefficient 
were calculated for each node in the weighted networks. Harmonic centrality was 
chosen, since it allows calculating closeness centrality for disconnected graphs 
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and is calculated as the sum of the inverse of the shortest paths between nodes. 
Strength, betweenness centrality, and harmonic centrality were computed for each 
sentence in each text with the igraph package (version 2.0.3; Csárdi et al., 2024). 
The local clustering coefficient was computed with the DirectedClustering package 
(version 0.1.1; Clemente & Grassi, 2018).

An example of two reading networks is provided in the supplementary informa-
tion (Online Resource 1) in which gaze plots on the text; network visualizations and 
tables with network metrics and duration measures are provided. The datasets and 
script for the analysis in this section can be found in the OSF project under “(3) 
Social Network Metrics.”

Statistical Analysis

Regarding the first research question, descriptives were computed for the network 
and duration measures. Additional histograms per variable that show the distribu-
tion of each dependent variable can be found in the OSF project under “(4) Statisti-
cal Analysis”. Next, correlations were computed between first-pass forward read-
ing time, first-pass regressive reading time, and second-pass reading time, and the 
network measures (strength, betweenness, harmonic centrality, and local clustering 
coefficient). Concerning the second research question, the network measures were 
analyzed using linear mixed-effects models. Mixed-effects models are statistical 
models that incorporate random and fixed effects and allow analyzing unbalanced 
datasets (Baayen, 2008; Baayen et al., 2008). Participants, sentences, and texts were 
considered as crossed random effects (Baayen, 2008; Baayen et al., 2008). In each 
model, sentence type (topic-introducing, topic-medial, and topic-ending) and work-
ing memory capacity were added as fixed effects. Additional post hoc compari-
sons were performed because we compared three sentence types with each other, 
the standard output of the mixed-effects model only compares the baseline category 
with the two other categories and does not show all possible comparisons. To obtain 
all pairwise comparisons the emmeans package was used (version 1.10.1; Lenth, 
2022). The marginal and conditional explained variance of the models was reported 
using the performance package (version 0.11.0, Lüdecke et al., 2021).

The dependent variables were strength, betweenness centrality, harmonic central-
ity, and local clustering coefficient. Regarding strength, a generalized linear mixed-
effects model was estimated using the Poisson distribution using the lme4 package 
(version 1.1–35.2, Bates et al., 2015). The Poisson distribution was chosen because 
strength refers to the number of transitions and is thus count data. The lmerTest 
package was used to obtain p-values (version 3.1–3; Kuznetsova et al., 2017). Con-
cerning betweenness and harmonic centrality, linear mixed-effects models were used 
since the data was close to the normal distribution. For the local clustering coef-
ficient, which is a value between 0 and 1, a generalized linear-mixed effects model 
was estimated using a zero-inflated beta distribution with the glmmTMB package 
(version 1.1.9; Brooks et al., 2017).

The datasets, script for the analysis and histograms in this section can be found in 
the OSF project under “(4) Statistical Analysis.”
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Results

RQ1: How are Microscopic Network Measures Related to First‑Pass 
and Second‑Pass Duration Measures?

The descriptive statistics of the network measures and duration measures are pre-
sented in Table 2. The effect sizes of Cohen (1988) are used to interpret the cor-
relations. When the correlation coefficient is lower than 0.10, there is an absent 
correlation; between 0.10 and 0.29, a weak correlation; between 0.30 and 0.49, a 
moderate correlation and between 0.50 and 1, a strong correlation. The same cut-
off points are used for negative values. There is a negative moderate correlation 
between strength and first-pass forward reading time and a negative weak correla-
tion between strength and first-pass rereading time (Table 3).

There is a strong positive correlation between strength and second-pass read-
ing time. Betweenness is not correlated with first-pass forward reading time, 
first-pass rereading time, or second-pass reading time. Harmonic centrality is 
not correlated with first-pass forward reading time or first-pass rereading time 
and only weakly correlated with second-pass reading time. Local clustering 
coefficient is weakly correlated to first-pass forward reading time and first-pass 
rereading time and not correlated with second-pass reading time.

Table 2   Descriptives

Mean SD Min Max

First-pass forward reading time (ms/char) 18.285 14.480 0 90.323
First-pass regressive reading time (ms/char) 8.441 11.746 0 92.903
Second-pass reading time (ms/char) 36.464 38.895 0 316.83
Strength 8.329 6.413 0 58
Betweenness centrality 76.656 56.344 0 259.667
Harmonic centrality 6.223 1.974 0 14.167
Local clustering coefficient 0.046 0.081 0 0.565

Table 3   Correlations between centrality measures and duration measures

First-pass forward read-
ing time

First-pass regressive 
reading time

Second-pass 
reading time

Strength  − 0.258  − 0.094 0.645
Betweenness 0.035 0.086 0.022
Harmonic centrality  − 0.0006 0.065 0.111
Local clustering coefficient  − 0.130  − 0.095 0.064
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How are Microscopic Network Measures Related to Text and Reader 
Characteristics?

Descriptive statistics are presented in Table 4 for the microscopic network measures. 
The output of the mixed-effects models is presented in Table 5 and the output of the 
multiple comparisons in Table 6.

Strength

The results demonstrate that strength is related to both text and reader character-
istics. Post hoc tests (Table  6) indicate that topic-medial sentences have a higher 
strength compared to topic-initial (p < 0.001) and topic-final sentences (p < 0.001). 
This indicates that more transitions are connected to medial sentences. Regarding 
working memory capacity, the results show that with increasing working memory 
capacity, strength increases for all sentences (Table 5). Readers with higher WMC 
make more transitions between sentences. The variance (65.1%) in strength can 
be explained by the full model (both random and fixed effects), and 12.5% can be 
explained by the fixed effects only (sentence type and WMC).

Betweenness Centrality

The results show that betweenness centrality is not related to text characteristics, 
as no differences were found between sentence types (Table  5). Betweenness is 
related to working memory capacity: when working memory capacity increases, 
betweenness decreases. This indicates that with a higher working memory capacity, 
sentences do not lie that often on shortest paths between other sentences and that 
reading networks are not characterized by having crucial intermediaries connecting 
different regions within the reading network. The variance (26%) in betweenness 
centrality can be explained by the full model (both random and fixed effects), and 
2.4% can be explained by the fixed effects only (sentence type and WMC).

Harmonic Centrality

Regarding harmonic centrality, post hoc results indicate that topic-medial sen-
tences have a lower harmonic centrality compared to topic-final sentences 
(p = 0.004). It means that topic-final sentences are less close to other sentences 

Table 4   Descriptive statistics (mean and SD) for microscopic network measures

Strength Betweenness centrality Harmonic centrality Local 
clustering 
coefficient

Topic-initial 6.973 (5.259) 67.887 (55.519) 6.319 (2.085) 0.053 (0.096)
Topic-medial 9.375 (6.952) 77.788 (56.735) 6.092 (1.901) 0.050 (0.081)
Topic-final 6.634 (5.082) 82.122 (55.171) 6.508 (2.037) 0.028 (0.060)
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compared to medial sentences and thus readers transition less often from topic-
ending sentences to other parts of the text compared to medial sentences. There 
is no relation between working memory capacity and harmonic centrality. The 
variance (38.7%) in harmonic centrality can be explained by the full model (both 
random and fixed effects), and 2.6% can be explained by the fixed effects only 
(sentence type and WMC).

Local Clustering Coefficient

Post hoc tests indicate that topic-final sentences have a lower local cluster-
ing coefficient compared to topic-initial (p = 0.048) and topic-medial sentences 
(p = 0.008). This result indicates that less rereading is going on around the topic-
final sentence compared to topic-initial and topic-medial sentences. The variance 
(6.4%) in local clustering coefficient can be explained by the full model (both ran-
dom and fixed effects) and 0.09% can be explained by the fixed effects only (sen-
tence type and WMC).

Discussion and Conclusion

The goal of this study was to see whether social network approach sheds new light 
on individual differences in integration processes when reading. Even though build-
ing a mental representation of a text has theoretically been compared to a network 
with nodes and edges (Kintsch, 1998; McNamara & Magliano, 2009; Broek, 2010), 
network science has rarely been used to examine individual differences in reading 
processes (Ma et  al., 2023). The study of Ma et  al. (2023) used a social network 
approach on eye movement data at the word level during reading in a sentence-by-
sentence paradigm. Our study focuses on using a network approach on eye move-
ment data at the sentence level during reading short expository texts, which allows 
examining global text processing that involves linking together information from 
sentences that are not adjacent in the text (Hyönä et al., 2003).

The first research question addressed how the network measures are related 
to the often-used duration measures. Only strength, referring to the number of 
transitions connected to a sentence, was strongly correlated to second-pass read-
ing time. Since second-pass reading time refers to the duration of all regressions 
back to a sentence (Hyönä et al., 2003), it makes sense that it is highly related to 
strength which is an indication of the number of transitions related to a sentence. 
Betweenness centrality, harmonic centrality and the local clustering coefficient 
are not related to these often-used duration measures and thus capture differ-
ent processes. As already indicated by Ma et al. (2023), these network measures 
are able to capture mental processes associated with integration information in 
the text that cannot be captured by duration measures alone. Second-pass read-
ing times are an indication of strategic processing and can reflect high-level or 
deeper cognitive processing (Ariasi & Mason, 2011; Catrysse et al., 2018; Pent-
tinen et al., 2012) and attempts to reinstate text information into working memory 
in order to elaborate on it or rehearse it (Hyönä & Lorch, 2004). Network metrics, 
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on the other hand, can reveal whether sentences occupy central and important 
locations in the reading networks (Siew, 2020). They are more related to struc-
tural properties of the reading network based on transitions and connections that 
are made between sentences. The microscopic network measures reveal how easy 
accessible information is in the reading network and how information is inte-
grated in the reading network. They thus might provide another and complemen-
tary perspective on differences in reading processes (Ma et al., 2023) and global 
text processing.

The second research question addressed how the microscopic network measures 
are related to reader and text characteristics. Regarding reader characteristics, the 
results demonstrated that strength and betweenness centrality are related to WMC. 
Strength reflects how much a sentence has been visited (Siew, 2020), and thus this 
finding indicates that readers with high WMC pay more frequent visits to different 
sentences during reading than readers with low WMC. Since readers with higher 
WMC have more processing capacity, one could assume that they would be more 
efficient in integrating information across the text and visit sentences fewer, not 
more, times (Daneman & Carpenter, 1980; Daneman & Merikle, 1996). However, 
the present finding suggests that high WMC is positively related to strength, pos-
sibly reflecting more strategic reading behavior. This is corroborated by the negative 
relation between betweenness, which identifies linking sentences that bridge infor-
mation within the text (Siew, 2020) and WMC. This finding might be explained by 
the fact that readers with high WMC strategically look back to the more important 
areas without connecting all sentences to each other (Kaakinen et al., 2002; Moss 
et al., 2023). Previous research demonstrated that readers with high WMC increased 
attention to important text areas (Moss et al., 2023) and are more strategic in allocat-
ing attention during reading (Kaakinen et al., 2002). WMC is also needed to make 
strategic decision during reading such as rereading to build a high-quality mental 
representation (Daneman & Merikle, 1996).

Concerning text characteristics, the current study also examined the relation 
between network measures and topic structure of the text. Strength, harmonic cen-
trality, and local clustering coefficient were related to the topic structure of the text. 
The results showed that topic-medial sentences had higher strength compared to 
topic-initial and topic-final sentences. Topic-medial sentences contain the main 
body of the text, and thus it is plausible that these sentences also attract most of 
the transitions. Previous research also demonstrated that the main body of the text, 
elaborating on the main points, attracts more attention and integration (Goldman & 
Saul, 1990). Topic-final sentences demonstrated a higher harmonic centrality than 
topic-medial sentences, and thus readers transition less often from topic-ending 
sentences to other parts of the text compared to medial sentences. The local cluster-
ing coefficient of topic-final sentences is lower compared to the other sentences, 
indicating that less rereading is taking place around the topic-final sentence. Previ-
ous research has demonstrated that topic-ending sentences represent an important 
transition in the topic structure (Hyönä et al., 2002), and paying extra attention to 
these sentences is useful for a high-quality mental representation (Hyönä & Lorch, 
2004; Hyönä et  al., 2002). In addition, our research demonstrates that topic-end-
ing sentences serve less as a starting point for integration, as shown by a lower 
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betweenness centrality and local clustering coefficient. These conclusions do not 
exclude each other, as longer reading times do not correlate with betweenness cen-
trality and local clustering coefficient.

Limitations and Future Research

Although the findings from this study provide more insight into how microscopic 
network measures are related to reader and text characteristics, there are some limi-
tations that call for future research. A first limitation is that we did not include a 
performance measure on reading comprehension, and we were not able to link dif-
ferences in reading performance to differences in microscopic network measures. 
For future research, we suggest to assess reading comprehension so that the rela-
tionship between microscopic network measures and reading performance can be 
examined as in the study of Ma et al. (2023). By doing so, the network metrics can 
be further validated by examining to what extent they correlate with the quality of 
the readers’ mental representation.

A second limitation is that readers received a quite general learning task to 
read the texts (study as you would prepare for an exam). For future research 
it would be interesting to contrast different reading purposes in experimental 
designs and to examine to what extent this is reflected in different reading net-
works. Since there is a clear relationship between task demands and eye-track-
ing measures (Kaakinen & Hyönä, 2005, 2008, 2010), it would be interesting 
to examine how task demands are also reflected in these network measures. It 
has been shown that readers focus more on relevant information compared to 
irrelevant information in relation to the task they received and one might expect 
that microscopic network measures between relevant and irrelevant information 
might differ as well.

Another related suggestion for future research is to examine how microscopic 
network measures can reveal differences in text genres or other structural ele-
ments in texts with experimental designs. Ma et al. (2023) described that reading 
networks of expository texts will usually be more centralized than reading net-
works of narrative texts. However, empirical research is lacking so far on whether 
these network measures would be able to capture differences in text genres. 
Additionally, future studies could focus on whether microscopic network meas-
ures would also be able to capture differences between central versus peripheral 
ideas in the text. Central ideas are important to understand the overall meaning of 
the text better and peripheral ideas are less crucial to understand the text (Yeari 
et al., 2016). Another line of research could look at differences in network meas-
ures between consistent versus inconsistent information in the text (e.g., Hyönä 
et al., 2003). Inconsistencies interfere with updating the situation model, because 
inconsistent information contradicts earlier information and therefore creating a 
consistent integrated model is hampered.

For future research, it would also be interesting to further examine the network 
visualization of the readers’ attention allocation during information intake while 
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reading. Currently, there is research on gaze displays and how teachers interpret 
these displays (Knoop-van Campen et  al., 2021). In these studies, gaze plots are 
used that are displayed on the reading material. However, it would be interesting to 
add the network visualization as an addition as it provides unique information on the 
integration processes which is less visible from a gaze plot.

Conclusion

In summary, this study demonstrated that a social network approach offers a novel 
perspective on moment-to-moment integration processes during reading as meas-
ured with eye tracking. The network measures calculated at the sentence level could 
be linked to individual differences and text structure. We believe that this social 
network approach is especially interesting when examining integration processes 
between more AOIs and could be further explored in other domains.
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