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Abstract 

Background: Data-driven investigations of how students transit pages in digital reading tasks 

and how much time they spend on each transition allow mapping sequences of navigation 

behaviors into students’ navigation reading strategies. 

Objectives: The purpose of this study is threefold: (1) to identify students’ navigation patterns in 

multiple-source reading tasks using a sequence clustering approach; (2) to examine how 

students’ navigation patterns are associated with their reading performance and socio-

demographic characteristics; (3) to showcase how the navigation sequences could be clustered on 

the similarity measure by dynamic time warping (DTW) methods. 

Methods: This study draws on process data from a sample of 16,957 students from 69 countries 

participating in the PISA 2018 study to identify how students navigate through a multiple-source 

reading item. Students’ navigation sequences were characterized by two indicators: the page 

sequence that tracks the page transition path and the time sequence that records the time duration 

on each visited page. K-medoid partitioning clustering analyses were conducted on pairwise 

distance similarity measures computed by the DTW method.  

Results and Conclusions: Students’ navigation patterns were found moderately associated with 

their reading proficiency levels. Students who visited all the pages and spent more time reading 

without rush transitions obtained the highest reading scores. Girls were more likely to achieve 

higher scores than boys when longer navigation sequences were used with shorter reading time 

on transited pages. Students who navigated only limited pages and spent shorter reading time 

were averagely at the lowest rank of socio-economic status. 

Implications: This study provides evidence for the exploration of students’ navigation patterns 

and the examination of associations between navigation patterns and reading scores with the use 

of process data.  
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Clustering Sequential Navigation Patterns in Multiple-Source Reading Tasks with 

Dynamic Time Warping Method 

 

1. Introduction 

Computer-based assessments enable the use of new sources of information to examine in 

detail not only how well test takers perform in the tasks they are presented with but also the 

strategies they employ to reach a solution. The use of these new sources of information in 

computer-based assessments is particularly valuable when assessing competencies that require 

interactive tasks and the use of technology. When reading proficiency is assessed, for example, 

students display varying degrees of mastery in the use of information and communication 

technologies (ICT) to access texts through search engines, use links and tabs, process 

information from multiple sources, evaluate the quality of information sources, detect possible 

conflicts, and resolve them. Process data, more specifically the sequences of actions performed 

by students when responding to the test, allow the identification of the navigation strategies used 

by students when interacting with texts in a digital environment. Most importantly, these data 

provide additional information beyond response data: they can help define how test takers solve 

a task and not just if they solve the task correctly or incorrectly (He, Borgonovi, & Paccagnella, 

2019, 2021; He & von Davier, 2015, 2016). Data-driven investigations can aid the identification 

of navigation strategies by identifying meaningful sequences of navigation behaviors based on 

how students transit pages in digital reading tasks and how much time they spend on each 

transition. Sequences of navigation behaviors (the observed sequences of what test takers do 

when they are exposed to digital reading tasks) can be used to characterize navigation reading 

strategies (i.e. theoretical sequences of actions that define coherent plans to solve the task). 
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In today’s global information society, extracting information through social media to 

solve a real-world problem or acquire knowledge online is key to work performance and 

successful participation in society (Gao et al., 2022). The capacity to navigate through digital 

platforms is increasingly recognized as a key reading skill. Navigation skills allow readers to 

access multiple-sources, “construct” their text, and retrieve relevant information from such texts 

(OECD, 2021a). Previous studies indicate that proficient readers of digital texts minimize the 

number of visits to irrelevant pages, locate relevant pages efficiently, and allocate time to the 

pages that contain the most relevant content (e.g., Lawless & Kulikowich, 1996; Salmerón & 

García, 2011). Analyses of how individuals navigate pages in digital texts combined with 

information on the accuracy with which they are able to extract meaning from accessing such 

pages could help identify how best to promote skill development in technology rich 

environments (Kinnebrew et al., 2013). Integrating the amount of time test takers spend on the 

pages they visit with the length and breadth of navigation patterns could also help researchers 

identify differences in search efficiency (e.g., Goldhammer et al., 2013; Vaughan & Dillon, 

2006). 

This paper uses process data containing information on the navigation behaviors and time 

use of 15-year-year-old students as they complete digital reading tasks to identify groups of 

students with similar navigation profiles. The aim of the analyses is to develop a deeper 

understanding of students’ reading comprehension and to identify, by mapping students’ 

navigation strategies through the traces left by their interaction with the testing platform, the 

cognitive processes that they use to solve digital text comprehension tasks. We do so by 

developing a novel approach to cluster dynamic action sequences and to measure similarities 

between different sequences and apply this approach to data from a reading task within the 
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multiple-source digital environment in the Programme for International Student Assessment 

(PISA) 2018 cycle. We conclude our analyses by examining differences in navigation profiles by 

gender and socio-economic groups.  

 

1.1 Multiple source and dynamic texts in PISA reading tasks 

Meaningfully and critically integrating information from multiple sources of information 

is vital for twenty-first-century literacy (Britt et al., 2018; List & Alexander, 2018; Magliano et 

al., 2017; Salmerón et al., 2018). For example, a reader interested in learning more basic 

scientific and health-related facts during the Covid-19 pandemic, such as whether using a face 

mask is effective in reducing the contagion rate, or the positive and negative consequences of 

vaccines and boosters, needs to be able to navigate through ambiguity and triangulate and 

validate viewpoints to make an informed decision about whether to use a face mask or get 

vaccinated. In an information-rich digital world, these types of texts, known as multiple sources 

and dynamic texts, are the norm and often present conflicting information. Despite the 

proliferation of research on strategies for comprehending and processing multiple source and 

dynamic texts (Cho et al., 2018; Ritcher & Maier, 2017; Van Meter et al., 2020), gaps remain 

and it is thus necessary to expand empirical evidence on how students navigate and integrate 

information from multiple sources and dynamic texts using computer-based assessment data 

across different types of texts, age groups, situations, and countries (Barzilai et al., 2018; 

Naumann, 2019; Naumann, 2015; Naumann & Salmeron, 2018). 

International Large-scale Assessments (ILSA’s) have often been at the forefront of 

innovations in test design and the use of analytic methodologies. PISA, for example, was among 

the first ILSAs to transition its operations to computer-based delivery among student populations 
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and to introduce computerized adaptive testing to assess the reading proficiency of 15-year-old 

students. The interactive nature of computerized assessments such as PISA makes them ideal 

candidates for analyses based on process data (Goldhammer et al., 2016; Vörös et al., 2021).  

Compared to previous cycles, PISA 2018 put a greater emphasis on using multiple-source 

texts, i.e., texts composed of several units of text, created separately by different authors. While 

the availability of multiple sources of text does not necessarily imply greater difficulty, including 

multiple-source units helped to expand the range of higher-level reading processes and strategies 

measured in PISA. These include: searching for information across multiple documents, 

integrating across texts to generate inferences, assessing the credibility of sources, and handling 

conflicting information (OECD, 2021a). Unlike single-source texts that may have one definite 

author (or a group of authors), time of writing or publication date, and reference file or number, 

multiple-source texts are defined as texts with links, different authors, that have been published 

at different times, or bear different titles or reference numbers (OECD, 2019a). For example, the 

publicly released scenario-based reading unit, Rapa Nui (CR551) that was administered in PISA 

2018 consists of three texts: a web page from a professor’s blog, a book review, and a news 

article from a science magazine. In these multiple-text reading situations, readers must make 

decisions about which of the available text fragments is the most important, relevant, accurate, 

and truthful. 

The PISA 2018 analytical framework also distinguishes between static texts – i.e. texts 

that have a simple organization and low density of navigational tools (e.g., scroll bars and tabs) – 

from dynamic texts – i.e. texts that feature a more complex, non-linear organization and a higher 

density of navigational devices (e.g., table of contents, hyperlinks to switch between segments of 

text or interactive tools such as in social networks). Dynamic texts give the reader a degree of 
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decision-making power over the construction of a narrative and the timing and sequence of 

interactions with the testing material that are not possible in static texts. Students have the 

flexibility to construct their own pathways and decide which information is important to be able 

to solve a task, and switch between pages. Therefore, analyzing students’ navigation behaviors 

when students are presented with multiple sources and dynamic tasks that require constant 

interaction with the testing platform, enables analysts to map their problem-solving process.  

 

1.2 Indicators of navigation behaviors in reading tasks 

 Previous studies have used the absolute or relative number of interactions, the length or 

breadth of navigation, and the total time spent on the task to measure search efficiency and 

observe differences across multiple experimental conditions (e.g., Mislevy et al., 2012; Baker & 

Yacef, 2009). For instance, Vaughan and Dillon (2006), used the time on task, the total number 

of page visits, and the number of category nodes visited at least once to identify how 

undergraduate students become more efficient in navigating information online after engaging in 

multiple sessions. Gao et al. (2022) used navigation behaviors based on how many times each 

web page was browsed by participants on a reading task to divide them into different problem-

solving behavioral groups using data from the Programme for the International Assessment of 

Adult Competencies (PIAAC).  

 Solving tasks in complex interactive environments often requires the extensive use of 

navigation behaviors, and indicators of navigation behaviors are therefore useful to represent 

higher-level reading processes and strategies. For instance, in analyses of how proficiently test 

takers performed a web search task, Herder (2005) included a series of indicators of navigation 

behaviors including: perceived disorientation, page re-visitation ratio, percentage of back button 
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clicks among the navigational actions, the average number of times that a page was revisited 

(return rate), the average length of a path between connected pages (average connected distance), 

and median view time of pages. Similarly, analyses of the optional digital reading assessment 

that was administered in PISA 2009 (OECD, 2011; Naumann, 2015), three measures were 

developed to characterize test-takers’ navigational behaviors: (1) number of page visits and 

revisits; (2) number of visits and revisits to task-relevant pages; and (3) number of relevant pages 

visited.  

Analyzing complex navigation behaviors, such as detecting sequential patterns or 

computing association rules, is crucial for identifying information foraging patterns (Eichmann et 

al., 2020; Gabadinho et al., 2011; Liu et al., 2004). Navigation behaviors contained in 

clickstream data can be highly informative to identify navigation patterns and their effectiveness. 

(Eichmann et al., 2020, Hahnel et al., 2018; Jenkins et al., 2003). Recent studies have applied 

full-path sequence analysis to identify typical behavior patterns that best characterize the set of 

sequences of navigation pattern groups (Gao et al., 2022). Though the sequence distance 

similarity indicators hold the promise of describing navigation behaviors in a more 

comprehensive way, these indicators are not commonly used, mainly because of computational 

challenges (OECD, 2021a). In this study, we introduce a novel approach to calculate the 

navigation sequence and the sequence of time that was spent on each visited page using the 

dynamic time warping (DTW) method.  

 

1.3 Evidence on socio-economic and gender disparities in reading 

Many countries have experienced increasing income and wealth inequality in the past 

decades (OECD, 2015a; Saez & Zucman, 2016). Such increases in inequality occurred at a time 
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when in many countries educational opportunities were greatly expanded although, despite 

continued attention among researchers and policy makers, the reading and mathematics 

achievement of students continue to reflect their socio-economic background (see, for example, 

Coleman et al., 1966, Sirin, 2005). An extensive literature documents the institutional 

frameworks that are associated with wider or smaller achievement disparities and the social 

processes that shape existing disparities in achievement outcomes (Van de Werfhorst & Mijs, 

2010). However, despite significant investments and political commitments in ensuring that 

schooling reduces socio-economic disparities in key foundation skills including reading large 

inequalities remain when the achievement of students with a different socio-economic status is 

compared (Borgonovi & Pokropek, 2021a; Pokropek, Borgonovi, & Jakubowski, 2015; OECD, 

2019b).  

 Perhaps surprisingly, little is known about students with a different socioeconomic 

background approach solving reading items since such understanding could help inform 

educational interventions aimed at reducing socio-economic disparities. Socio-economically 

disadvantaged students may approach interactive reading tasks differently from their more 

advantaged peers and adopt less efficient navigation strategies. It has in fact been observed that 

socio-economically disadvantaged students have somewhat less access to digital devices and use 

such devices differently compared to their more advantaged peers (Borgonovi & Pokropek, 

2021b; Notten, et al., 2009) and that school principals working in socio-economically 

disadvantaged contexts lament lacking information and communication technology (ICT) 

infrastructure (OECD, 2019b). Disparities in access to technology in school settings, coupled 

with disparities in access to effective teachers (OECD, 2018) could determine disparities in how 

well students with a different background develop emerging key reading skills such as effective 
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navigation. It is also important not to forget that social and emotional skills like academic self-

concept have the potential to compensate for the effects of socioeconomic disparities on 

academic performance (Suarez-Alvarez et al., 2014). For example, in PISA 2018, disadvantaged 

students perceived the reading assessment as more difficult than advantaged students even after 

accounting for students’ reading scores in 70 countries and economies (OECD, 2021a). 

 A second dimension over which inequalities in navigation strategies may unfold is 

gender. The literature indicates that while at school, girls generally outperform boys in reading 

(Buchmann et al., 2008; Cole, 1997; DiPrete & Buchmann, 2013; OECD, 2015b) and that they 

obtain higher grades than boys when they are assessed in language and writing skills (Voyer & 

Voyer, 2014). However, the size of the gender gap in reading differs depending on the age at 

which boys and girls are tested (Borgonovi, Choi & Paccagnella, 2021) and the type of test that 

is being used (Solheim & Lundetræ, 2018). In particular, the literature suggests that boys and 

girls have relative strengths and weaknesses when they are assessed under different 

administration conditions and when different types of assessment stimuli are used (Willingham 

& Cole, 2013; Borgonovi, 2022). For example, previous studies indicate that the gender gap in 

reading in favor of girls is larger for open-ended questions (Beller & Gafni, 2000), and differs 

depending on cognitive processes and aspects of reading and other types of text characteristics 

(Solheim & Lundetræ, 2018). Furthermore, analyses suggest that the gender gap in reading 

depends on how long reading tests are since girls tend to have more stable levels of accuracy in 

long and cognitively demanding assessments than boys (Borgonovi & Biecek, 2016). 

Of relevance to our work is the finding that the gender gap in reading measured in 

international large-scale assessments varies depending on whether the assessment considers print 

reading or digital reading with the gender gap in favor of girls being larger for print reading 
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(Borgonovi, 2016). It has been speculated that such differences might arise because digital 

reading requires greater visual-spatial ability (Lee, 2007) and because girls may have poorer 

navigation skills and may be less interested in digital texts than boys (Zhou, 2014). These 

differences, however, can also be associated with the opportunity to learn effective reading 

strategies in school. PISA data show almost two-thirds of the association between gender and 

reading performance can be accounted for by the difference between boys’ and girls’ knowledge 

of effective reading strategies (OECD, 2021a). Our analyses contribute to this growing body of 

literature examining what factors shape the gender gap in reading proficiency and, especially in 

aspects of reading proficiency that are becoming increasingly relevant for labor market 

participation and social integration. 

 

1.4 Sequence-based features and distance similarity measures 

Sequence-based features in process data analysis are primarily grouped into two 

categories: mini-sequences that are disassembled from a long sequence and measures of 

similarity computed by distances of pairs of full sequences. The mini-sequences are usually 

represented by n-grams, that is, a contiguous sequence of 𝑛 items from a given sequence such as 

clickstream, text, or speech (He & von Davier, 2016).  Features derived from clickstreams 

comprise: a) generic features commonly used in sequence mining or natural language processing 

(e.g., n-grams as in He & von Davier, 2015, 2016; Ulitzsch et al., 2022); b) task-specific 

features, created based on subject-matter knowledge on behavioral patterns to be expected on the 

task (Chen et al., 2019; Salles et al., 2020); or c) a combination of the two (Han et al., 2019; Liao 

et al., 2019; Qiao & Jiao, 2018). These features are then fed to classifiers or prediction models or 

analyzed using sequence mining techniques to identify features that best distinguish correct from 
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incorrect clickstreams (Ulitzsch et al., 2022). 

Sequence distance functions are designed to measure sequence (dis)similarities in 

sequence mining. A common approach for detecting patterns in action sequences consists of 

converting the information contained in action sequences into distance measures (Dong & Pei, 

2007). In the context of problem-solving processes, sequence distance measures can be defined 

to describe how action sequences differ either from each other (Tang et al., 2020; Ulitzsch et al., 

2021; Gao et al., 2022) or with respect to pre-defined sequences (Hao et al., 2015; He, 

Borgonovi, & Paccagnella, 2019, 2021).  

Character alignment-based distance functions are broadly used in sequence proximity 

metrics. These algorithms can be local window-based or whole sequence based; they can also be 

edit distances or more general pairwise similarity score-based distance (Tang et al., 2020; He et 

al., 2021; Dong & Pei, 2007). For instance, the edit distance function, also called the Levenshtein 

distance (Levenshtein, 1965, 1966), between two sequences 𝑆1 and 𝑆2 defines the minimum 

number of edit operations (i.e., deletion, insertion, and substitution) that are needed to transform 

𝑆1 into 𝑆2 (Jurafsky & Martin, 2009). Hao et al. (2016) applied the edit distance method to 

compute the similarity between action sequences to identify the typical strategies by correct and 

incorrect groups to solve a scenario-based digital task. The Hamming distance between two 

sequences is limited to cases where the two sequences have identical lengths and is defined as 

the number of positions where the two sequences are different (Hamming, 1950). The Longest 

Common Subsequence algorithm (LCS; e.g., Hirschberg, 1975, 1977) identifies the longest 

subsequence that is common to two strings. The length of the LCS is defined as the degree of 

closeness between the two strings. Sukkarieh et al. (2012) used the LCS to cluster students’ 

response sequences with high similarity and provide automatic scoring in multiple language 
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environment. He et al. (2021) employed the LCS to compute the similarity between the 

predefined sequence and individual observed sequence to explore how far the respondent’s 

solution was away from the optimal path (i.e., the action sequence of correct solution with the 

minimum number of actions). Ulitzsch et al. (2021) extended the LCS application by integrating 

the time intervals between actions to better understand respondents’ unusual test-taking 

behaviors - such as long-time pause and speedy skipping - to assist in pinpointing the potential 

reason for their success and failure in a digital task. Gao et al. (2022) used neighborhood density 

(Gabadinho et al., 2011) as a representativeness criterion for sorting candidate representative 

sequences and chose the optimal matching between sequences of spells (OMspell) algorithm 

(Studer & Ritschard, 2014) to measure similarities between sequences of navigation pages, thus 

resulted in four homogenous groups of navigation patterns.  

In this study, we used the DTW method (Sakoe & Chiba, 1978), an alternative algorithm 

to compute the similarity between time-series sequences via dynamic programming. It was first 

developed by the speech recognition community to handle the matching of non-linearly 

expanded or contracted signals. The algorithm features in finding the optimal path through a 

matrix of points representing possible time alignments between the signals. In the context of 

navigation pattern exploration, each visited page could be recorded in a sequence and the time 

spent on each visited page could also be recorded into a sequence. The similarity between pairs 

of page sequences and time sequences could be computed through the DTW algorithm (which 

will be explained in detail in the Methods section). 

The information contained in distance measures developed with these methods can be 

further aggregated by employing exploratory dimensionality reduction techniques such as 

principal component analysis, hierarchical clustering (Hao et al., 2015), and multidimensional 
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scaling (Tang et al., 2020). 

 

1.5 The present study 

The purpose of this study is threefold: first, to identify students’ navigation patterns in 

multiple-source reading tasks using a data-driven approach (i.e., using their sequence to 

complete the task); second, to showcase how navigation sequences could be clustered on DTW 

similarity measure to identify behavioral navigation patterns, and third, to examine how students’ 

navigation patterns are associated with their reading performance and their socio-demographic 

characteristics (i.e., gender and socio-economic status). Specifically, this study pursues to answer 

three research questions: 

1. What are the representative navigation patterns (i.e., page transition and time spent on 

page transition) when students solve a multiple-source required reading task? 

2. What is the association between navigation patterns and reading proficiency? 

3. To what extent do students’ navigation patterns differ systematically by gender and 

socio-economic status?  

We answer these questions drawing on process data from students participating in PISA 

2018 and we identify their navigation behaviors in one of the multiple-source required tasks 

(CR551Q11) in the computer-based reading unit “Rapa Nui”.  

To do so, we first developed two sequential indicators of navigation activity from process 

data: the navigation sequence that tracks the page transition path and the time sequence that 

records the time duration on each visited page. We then constructed two sequence similarity 

matrices by computing the distance of page sequence and time sequence respectively for each 

student pair with the dynamic time warping method. Next, to identify the optimal number of 
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clusters of sequences, we set the initial number of clusters from 𝑛 = 2 to 𝑛 = 10, therefore a 

series clustering analyses were conducted. We identified four representative navigation transition 

patterns and four time-allocation patterns on transition pages and examined the association with 

students’ reading skills and socio-demographics variables (i.e., gender and socio-economic 

status).  

 

2. Methods 

2.1 Sample 

We used a subsample of 16,957 students from 69 countries participating in PISA 2018 

who executed at least one navigation activity (i.e., visited at least one page beyond the default 

homepage) in one example task (CR551Q11) in the reading Rapa Nui unit. The reason to 

exclude students who did not transit to any other pages beyond homepage was that their 

navigation length was null. The null value in navigation length could not derive a similarity 

measure against other sequences, thus had to be discarded. Compared with the full sample that 

was assigned to the Rapa Nui reading unit1 in PISA 2018, 66.3% of the students2 showed no 

navigation activities in the task CR551Q11 (OECD, 2021a). As in this study, we focused on the 

remaining approximately one-third of students who had at least one navigation activity, the 

sample reflects students who are active in navigation and it is therefore not representative of the 

general population of 15-year-old students that participated in PISA. In particular, as indicated in 

the 21st Century Readers report (OECD, 2021a), students who did not engage in any navigation 

 
1 The item CR551Q11 is the last item in the reading unit Rapa Nui. Given the time limits within the reading module, 

students had higher chances to skip the last items towards the end of the test. A higher rate of nonresponse (30.6%) 

and non-navigation (66.3%) was expected in this item, which might bring bias to the sample (favorable to the students 

with active navigation behaviors) compared with the full sample in PISA. 
2 The full sample of 76,270 students were the respondents from 70 countries (including Cyprus) assigned to the Rapa 

Nui unit including Cyprus.  In this study, the sample of Cyprus was not used because of confidentiality concerns. 
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activity had lower reading achievement than other students. Consequently, the sample included 

in this study is biased towards students with higher levels of reading proficiency: the average 

reading score of the subsample of students in this study was 579 points, 62 points higher than 

that of the full sample of students who were administered the Rapa Nui reading unit. The sample 

is also different with respect to background characteristics such as gender and socio-economic 

status: 56.1% of students in our sample were girls compared to 52% of students that were 

presented the Rapa Nui unit. Similarly, students in our sample had a more advantaged socio-

economic status, as indicated by the average value on the index of economic, social, and cultural 

status (ESCS), a composite index that reflects the parental occupation and educational attainment 

of participating students as well as the possessions students had in their households. The index 

takes a value of 0 across OECD countries and has a standard deviation of 1 with higher values 

reflecting a more advantaged background. The average ESCS index in our sample was 0.245 

while across students presented with the reading unit this was -0.05.  

 

2.2 Instruments 

This study focuses on a scenario-based reading unit “Rapa Nui”, which was developed 

with multiple-source text environments in PISA 2018 reading assessment. As the screenshots of 

one item (CR551Q11) in the reading unit Rapa Nui exhibited in Figure 1, this reading unit 

consists of three text sources: a webpage from the professor’s blog, a book review, and a news 

article from an online science magazine (OECD, 2019a). When exploring the multiple source 

texts, readers must make decisions as to which of the available pieces of text is the most 

important, relevant, accurate or truthful (Rouet & Britt, 2011). The Rapa Nui unit consists of 

seven items ranging from moderate to high difficulty. The first five items (item 1 to item 5) are 
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items with single source texts. Students are instructed to complete the task using a single page as 

reference. Navigation to other pages that can be accessed by students is optional. The last two 

items (item 6 and item 7) require the use of multiple source texts. Each item instructs students to 

refer to all three sources to complete the task, requiring navigation to other pages beyond the 

default homepage.  

************************* 

[Insert Figure 1 around here.] 

************************* 

Given concerns that the length of navigation sequences needs to be sufficiently long (i.e., 

at least one navigation path) to identify reasonable navigation patterns, this analysis focused on 

the last item (CR551Q11) in the Rapa Nui unit, because, within the sample of students 

participating in PISA 2018, this was the item in which students made most page transitions (2.88 

pages on average), and spent the longest reading time (159.5 seconds on average to explore all 

the text sources).  

As shown in Figure 1, our target item is an open response item coded by human raters. 

This item ranks at a moderate-high difficulty level (Level 4) and focuses on evaluating students’ 

capacity to detect information and handle conflicts. The information necessary to solve the item 

was located on multiple pages (blog, book review, and science news), meaning the transition 

among pages to identify the required information is crucial. To solve this item, students must 

integrate information from a range of theories presented in the texts and decide which theory to 

support, since such theories are at odds with one another. Successfully solving the item entails 

supporting any of the presented theory or neither as long as the answer acknowledged the need 

for additional research. (OECD, 2019a).  
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The reading unit Rapa Nui was included in the second unit of a testlet in the high 

difficulty module of the PISA and the item in this analysis was the last in the unit. As a result, 

the average nonresponse rate in the Rapa Nui unit was 16% and, in the item, CR551Q11 it was 

higher as 31%. Regarding students’ performance in the target task, for the subsample used in this 

study, 65% of students got a full credit, 30.2% of students got no credit, and 4.8% of students 

were recorded as having missing responses (i.e., students visited at least one page beyond the 

default homepage, though didn’t input a response). 

 

2.3 Dynamic time warping method 

The DTW method is one of the similarity distance measures which can be used to assess 

how similar two sequences are, especially when data entails a time-series format. It has been 

widely applied to problems in economic and sales forecasting (e.g., Arya et al., 2021; Chang et 

al., 2008), speech recognition (e.g., Permanasari et al., 2019; Amin & Mahmood, 2008), and 

music rhythm identification (e.g., Ren et al., 2016; Guo & Siegelmann, 2004). Unlike data types 

in traditional databases where the similarity of distance definition is straightforward, the distance 

between time series needs to be carefully defined in order to reflect the underlying proximity of 

these specific data, which is usually based on shapes and patterns (Kurbalija et al., 2011). For 

instance, in the stock market analysis, the stock curves by two companies may follow similar 

patterns but show peak occurrences at different time points. Following traditional approaches, for 

instance, using the Euclidean distance, to calculate the similarity measure between the two stock 

curves, the distance would yield very large distances between the two sequences, because it 

ignores that the shape of the two curves is very similar but located at a different pace. 

Analogously, the sequential process data resulting from clickstream and navigation sequences 
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echo the same needs. When we put the navigation sequence along a time axis, one student’s 

navigation path could be similar to another, but with a different time pause at each action or 

page. Find the optimal warping path between the two sequences can help to reflect the 

appropriate similarity measures between the sequences.   

Given two sequences 𝑋 = {𝑥1, 𝑥2, … , 𝑥𝑛} and 𝑌 = {𝑦1, 𝑦2, … , 𝑦𝑚} with the same or 

different lengths, a warping path 𝑊 is an alignment between 𝑋 and 𝑌, involving one-to-many 

mappings for each pair of elements. The cost of a warping path is calculated by the sum of the 

cost of each mapping pair. Furthermore, a warping path contains three constraints: (1) endpoint 

constraint: The alignment starts at pair (1,1) and ends at pair (𝑁, 𝑀); (2) monotonicity 

constraint: The order of elements in the path for both 𝑋 and 𝑌 should be preserved in the same, 

original order of 𝑋 and 𝑌, respectively; (3) Step-size constraint: The difference of index for both 

𝑋 and 𝑌 between two adjacent pairs in the path needs to be no more than one step. In other 

words, pair (𝑥𝑖, 𝑦𝑗) can be followed by three possible pairs including (𝑥𝑖+1, 𝑦𝑗), (𝑥𝑖 , 𝑦𝑗+1) and 

(𝑥𝑖+1, 𝑦𝑗+1). 

DTW is a distance measure that searches the optimal warping path between two series. 

We first construct a cost matrix 𝐶, where each element 𝐶(𝑖, 𝑗) is a cost of the pair (𝑥𝑖, 𝑦𝑗), 

specified by using a distance function. DTW is calculated based on dynamic programming. The 

initial step of DTW algorithm is defined as: 

𝐷𝑇𝑊(𝑖, 𝑗) = {
∞  𝑖𝑓 (𝑖 = 0 𝑜𝑟 𝑗 = 0) 𝑎𝑛𝑑 𝑖 ≠ 𝑗
0                                𝑖𝑓 𝑖 = 𝑗 = 0

     (1) 

The recursive function of DTW is defined as 

𝐷𝑇𝑊(𝑖, 𝑗) = 𝑚𝑖𝑛 {

𝐷𝑇𝑊(𝑖 − 1, 𝑗) + 𝑤ℎ𝐶(𝑖, 𝑗)

𝐷𝑇𝑊(𝑖, 𝑗 − 1) + 𝑤𝑣𝐶(𝑖, 𝑗)

𝐷𝑇𝑊(𝑖 − 1, 𝑗 − 1) + 𝑤𝑑𝐶(𝑖, 𝑗)

     (2) 



21 

 

where (𝑤ℎ, 𝑤𝑣, 𝑤𝑑) are weights for the horizontal, vertical and diagonal directions, respectively. 

𝐷𝑇𝑊(𝑖, 𝑗) denotes the distance or cost between two sub-sequences {𝑥1, 𝑥2, … , 𝑥𝑖} and 

{𝑦1, 𝑦2, … , 𝑦𝑗}, and 𝐷𝑇𝑊(𝑁, 𝑀) indicates the total cost of the optimal warping path. 

For example, as shown in Figure 2, in the two sequences 𝐴 = {1,2,3,4,5}, 𝐵 =

{1,2,3,4,3,2,5}, we first constructed a distance matrix. To calculate the value of each cell, we 

followed a combination of formula (1) and (2) as below: 

𝑑𝑡𝑤(𝑖,  𝑗) = |𝐴𝑖 − 𝐵𝑗| + mi n( 𝐷[𝑖 − 1, 𝑗 − 1], 𝐷[𝑖 − 1, 𝑗], 𝐷[𝑖, 𝑗 − 1])   (3) 

 

************************* 

[Insert Figure 2 around here.] 

************************* 

For example, to get the value in cell on the Column 2 Row 5 (in reverse order), that is 

highlighted by a red box in Figure 2, we calculated 𝑑𝑡𝑤(5,  2) = |5 − 2| + mi n( 6,3,10) = 3 +

3 = 6. After the whole matrix is developed, the shortest path (highlighted in yellow) starting 

from the diagonal corner was identified. We added up the shortest path to get the DTW distance 

similarity score between the two sequences as 3 + 3 + 1 + 0 + 0 + 0 + 0 = 7. 

It is noted that the DTW applies to numeric sequences, in which all the elements are 

numbers rather than categorical values in other sequence measures such as the longest common 

subsequence (He et al., 2021). Due to this situation, it is helpful to label each visited page or 

clickstream action as an ordered number to be applied in the DTW computation. 

 

2.4 K-medoid partitioning clustering method 

Based on the pairwise distance similarity matrix, we employed the k-medoid partitioning 
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clustering method (Kaufman & Rousseeuw, 1990) to cluster the sequences into homogenous 

groups. The partition clustering method aims to break the dataset into groups by minimizing the 

distance between points labeled to be in a cluster and a point designated as the center of that 

cluster (Jurafsky & Martin, 2009). In contrast to the k-means algorithm that are commonly used 

in clustering analysis (e.g., He, Liao, & Jiao, 2019), k-medoids chooses actual data points as 

centers (medoids or exemplars), and thereby allows for greater interpretability of the cluster 

centers than in k-means where the center of a cluster is not necessarily one of the input data 

points but the average between the points in the cluster. As the target in our study was to identify 

the typical navigation patterns, the k-medoid method is more favorable than k-means to interpret 

the homogeneous patterns. Furthermore, because k-medoids minimizes a sum of pairwise 

dissimilarities instead of a sum of squared Euclidean distances, it is more robust to noise and 

outliers than k-means, which could help identify the aberrant navigation patterns more easily. 

K-medoids is a classical partitioning technique of clustering that splits the data set of 

𝑛 objects into 𝑘 clusters, where the number 𝑘 of clusters assumed known a priori. In this study, 

we set k as 2 to 10 to as a priori and set the optimal number of clusters 𝑘 with the silhouette 

index (Rousseeuw, 1987). The silhouette index ranges from −1 to +1, where a high value 

indicates that the object is well matched to its own cluster and poorly matched to neighboring 

clusters. A score of 1 denotes the best meaning that the data point is very compact within the 

cluster to which it belongs and far away from the other clusters. The worst value is -1. Values 

near 0 denote overlapping clusters. The centroid sequence derived from each cluster represents 

the sequence patterns of page transition and time allocation in the transition in each cluster.  

 

2.5 Procedure 
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The present study was conducted in three steps. In the first step, we extracted two 

sequence indicators – the page-sequence that tracked the page transition path, 𝑃𝑖 =

(𝑝1, 𝑝2, … , 𝑝𝑛) and the time sequence that recorded the time duration on each visited page, 𝑇𝑖 =

(𝑡1, 𝑡2, … , 𝑡𝑛) from each student’s navigation path on the item-level and recorded in a sequence 

manner. In the second step, we measured the similarity with DTW method between each pair of 

page sequences 𝐷𝑇𝑊(𝑃𝑖𝑗) and time sequences 𝐷𝑇𝑊(𝑇𝑖𝑗) respectively. The pairwise distance 

similarity of all students’ page sequences and time sequences was written into two distance 

matrices 𝐏 and 𝐓 respectively. Based on the two matrices, we employed the k-medoid partitional 

clustering method to identify the optimal number of clusters of navigation patterns. In the third 

step, we further constructed a joint cluster membership by combining the page and time cluster 

results for each student. For instance, if there were four clusters derived from the page sequences 

and four clusters were derived from the time sequences respectively, the clusters with joint 

characteristics from both page and time sequences were constructed as 4 × 4 = 16 clusters. The 

students’ reading competence was then associated with the cluster memberships of navigation 

patterns. The students’ reading profile was further examined by background variables (i.e., 

gender and ESCS) by each cluster membership with a one-way analysis of variance statistics 

(ANOVA) with Bonferroni post-hoc correction.   

 

3. Results 

3.1 Navigation patterns 

To answer the first research question, we executed clustering analysis on the sequence of 

page transitions and sequence of time spent on each transition, respectively. As shown in Figure 

3, the silhouette index showed the maximum value, i.e., 𝑆 = 0.6219 for page sequence 
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clustering and 𝑆 = 0.4235 for time sequence clustering respectively, when the optimal number 

of clusters was set at 4 (i.e., 𝑘 = 4). Therefore, we targeted at four typical navigation paths, and 

four time-sequences in dynamic navigation and visualized them with an extraction from the 

cluster centroids.  

************************* 

[Insert Figure 3 around here.] 

************************* 

Figure 4 exhibits four typical navigation paths that students employed when solving the 

multiple-source required reading task CR551Q11. The first page-cluster (P1) showed that 

students typically transited to only one page (i.e., book review) beyond the default homepage 

(i.e., blog) in the navigation path. The third cluster (P3) followed a similar pattern but the transit 

was to a different page (i.e., science news) beyond the default homepage (i.e., blog) in the 

navigation path. Though the content of visited pages was different in clusters P1 and P3, these 

two clusters both showed a limited navigation behavior. These two patterns were not combined 

into one group because, in the item interface, the tab “book review” was located closer to the 

“homepage” tab than the “science news” tab, thus influencing students’ choice of navigation 

path. In contrast, cluster P2 involved students who employed a longer navigation path and 

reached to all the three pages to get information to complete the task. Typically, students in P2 

transited to the science news page directly after reading the homepage (i.e., blog), and then 

transited to the book review page, followed by a revisited path to the science page. Cluster P4 

showed similar pattern as P2, but with an even longer sequence because revisit behavior 

involved at least two pages in a row.  

************************* 
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[Insert Figure 4 around here.] 

************************* 

 

Table 1 reports an overview of descriptive statistics by each navigational pattern cluster. 

As shown in Table 1, Cluster P1 has the biggest sample size (65.4%): a majority of students 

followed the most straightforward navigation path, i.e., transited only to one page, the book 

review page (the closer tab to the homepage). Although cluster P3 also showed the limited 

navigation path to only one page (i.e., science news page), only 20% of students employed this 

navigation pattern. Compared with students in Cluster P1, students in P3 might give a serious 

thought on which page should be explored to find the appropriate information to solve the task, 

rather than conveniently choosing an adjacent page to explore further.   This interpretation might 

also explain why the P3 group had a higher average reading score (585) than P1 (574), although 

both of the two groups transited to only one page. A smaller number of students followed the 

navigation sequence pattern in P2 (11.5%) and P4 (2.6%), which revealed a longer navigation 

sequence embedded with revisit actions.  

************************* 

[Insert Table 1 around here.] 

************************* 

Figure 5 presents the typical sequence of time spent on visited pages, especially the time 

spent on the homepage and the first transited page3. The first time-cluster (T1) shows that 

students typically spent around 25 seconds on the homepage and showed a speedy transition to 

 
3 It is noted that the time clusters showed the reliable patterns from the homepage to the first transition page. Although 

the whole sequence of time allocation to different pages were input to the DTW algorithm, only the reliable patterns 

could be extracted and interpreted. 
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the next page but stayed only 2 seconds for a quick skimming before they put effective time on 

the third page to read for around 80 seconds. The second cluster (T2) showed students typically 

spent a significantly long time on the homepage (around 80 seconds) but used only 20 seconds in 

the transited page, a possible indicator of rush reading or quick skimming. The third cluster (T3) 

displayed the longest reading time in total but allocated a shorter time to the homepage (around 

20 seconds) and transited to another page and read for a longer time for around 160 seconds. The 

last cluster (T4) showed the shortest reading time when completing the reading task. Typically, 

students in this group spent around 10 seconds on the homepage and 50 seconds in the transited 

page. 

The sample size was relatively balanced by time sequence clusters. The biggest group, 

34.8% of students, followed the T4 pattern, where students spent a short time reading the 

homepage and transited page. The second large group was T1: 28.1% of students. There were 

23.5% of students clustered into the T3 pattern, and 13.6% of students in T2.  

************************* 

[Insert Figure 5 around here.] 

************************* 

 

3.2 The association between navigation patterns and reading proficiency  

To answer the second research question, we examined the association between navigation 

patterns and students’ overall proficiency in reading. ANOVA results indicate that the reading 

proficiency score was significantly different among the four page transition clusters ( 

𝐹(3, 16953) = 63.267, 𝑝 < 0.001). The measure of effect size 𝜂2, i.e., the percentage of the 

variance in the dependent variable (i.e., reading proficiency score) explained by the independent 
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variable (i.e., page transition sequence clusters), was 0.11. It suggests that 11% of the difference 

in reading proficiency score could be explained by the page navigation patterns. Table 1 shows, 

that in the context of page transition pattern, the students in P2 who adopted a multiple-page 

navigation approach with a focus on the scientific news and book review pages got the highest 

average reading score (599 points). In contrast, students in P1 who only navigated to the book 

review page obtained the lowest reading score (574 points). P3 and P4 did not show a significant 

difference in reading score in the Bonferroni test.  

The reading proficiency score among the time clusters also shows a significant difference 

in ANOVA test 𝐹(3, 16953) = 147.706, 𝑝 < 0.001, 𝜂2 = 0.25. It suggests that 25% of the 

difference in reading proficiency score could be explained by the patterns of time spent on 

navigation pages. The students in T3 who allocated time primarily on the transited page had the 

highest average reading score (598 points) while students in T4 who typically spent a short time 

on the homepage and transited page had the lowest average reading score (564 points). The 

average reading score was not significantly different between T1 (i.e., using a speedy transition 

and skimming before putting significant time in reading the transited page) and T2 (i.e., allocated 

time primarily on the homepage). 

We further examined the association between the joint navigation patterns in page- and 

time-cluster and reading proficiency scores. As shown in Figure 6, the cluster PT14 – that is, a 

combination of patterns P1 and T4, a short time on both initial page and transited page as well as 

only one transition to the book review page, resulted in the lowest reading score (557 points) 

across all 16 groups. In contrast, cluster PT43, that is, the pattern of a long sequence with 

multiple navigations across different pages and revisits pattern and spending a significant amount 

of time reading the transited page showed the highest reading performance score (612 points). A 
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substantial reading performance gap (55 points) was found between these two groups. This 

finding stresses the importance of examining students’ strategies in the reading and problem-

solving process.  

************************* 

[Insert Figure 6 around here.] 

************************* 

 

3.3 Disparities by gender and socioeconomic background in navigation patterns 

To answer the third research question, we examined the relationships between navigation 

patterns and the sociodemographic characteristics of respondents (i.e., gender and socio-

economic status). Columns 7 and 8 in Table 1 present the percentage of girls and boys 

employing the different navigation patterns. Results reveal few in preference of navigation page 

paths by gender, while the differences in their time allocation patterns were more prominent. 

Boys were four percentage points more likely than girls to be in the T4 pattern, an indication that 

boys were more likely to spend a shorter time reading the homepage and transited page to 

complete the reading task. By contrast, girls were 5 percentage points more likely than boys to be 

in the T3 group, indicating that girls were more likely to spend longer time reading on average, 

and, especially to spend their time reading the transited page. 

We also examined the gender gap in the reading scores that were associated with each 

navigation pattern. As shown in Figure 7, in the joint navigation pattern clusters PT24, PT41, 

PT42 and PT44, girls scored by over 20 points higher than boys in the same pattern group. This 

suggests that even when boys and girls employed the same navigation patterns, they achieved at 

a different level. This might be related to the engagement status of boys and girls when adopting 
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the same navigation patterns. For instance, students grouped in clusters PT24 and PT44 engaged 

in long navigation sequences but short reading time and transition time. Girls might have a very 

efficient way to read text sources and transit across multiple pages. Conversely, boys’ behavior 

might reflect quick reading and multiple transition, and the fact that they lose engagement by 

aimlessly quick switching across pages. Interestingly, boys were more likely to achieve in the 

highest range of proficiency score than girls, especially in the PT22 and PT43 patterns. These 

two patterns implied that students engaged in long navigation sequences and revisit to certain 

pages, and devoted significant time in reading either homepage (PT22) or transited page (PT43). 

This implies that boys who seriously navigated through multiple pages and spend significant 

time in reading the required pages scored, on average, between 5 and 10 points higher than girls 

who engaged in the same behavior. However, because the sample size in these two groups (PT22 

and PT43) was relatively small in this study, caution needs to be taken to avoid drawing general 

conclusions. 

************************* 

[Insert Figure 7 around here.] 

************************* 

In order to examine the association between navigation patterns and socio-economic 

status, we mapped the ESCS index to each cluster (see the last three columns in Table 1) and ran 

the ANOVA analyses. Results revealed significant socio-economic differences in pattern P1 

(𝐹(3, 16665) = 7.793, 𝑝 < 0.001). A mild effect size 𝜂2 = 0.07 was found, suggesting the 7% 

of the variance in ESCS could be explained by the page navigation pattern. Students who 

followed the P1 pattern (i.e., transited only to the straightforward book review page) were in a 

lower range of the ESCS index and achieved the lowest reading score. Similarly, in the time 
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clusters, as shown in ANOVA analysis, 𝐹(3, 16665) = 30.838, 𝑝 < 0.001, 𝜂2 = 0.01, a 

significant difference was found among the four timing clusters, but the effect size was relatively 

small to explain the variance in the ESCS. The pattern T4, i.e., the shortest time in reading and 

navigation, also featured students with a significantly lower value on the ESCS index. Further, 

the average ESCS of students in PT14 (0.14) and PT44 (0.12) was the lowest out of all 16 

combinations. Both PT14 and PT44 were involved short navigation and limited reading time, 

although the sequence of transition followed totally different patterns: PT14 took the shortest one 

transition which PT44 took the longest sequence. Students in the PT43 pattern, the pattern 

featuring the highest reading scores, was the pattern with the highest average ESCS index. 

 

4. Discussion and Conclusion 

As digital technologies and their use become pervasive, teenagers are increasingly 

required to apply their skills to read digital material to solve problems on computers and need to 

master how best to access and use information delivered on digital technologies to be successful 

in future jobs and society at large (OECD, 2021b). Education systems must respond to these 

changes by equipping students with the skillset that is needed to make the most of the 

information available on the internet. This study draws on sequential process data from one 

multiple-source reading task (CR551Q11) in the released unit ‘Rapa Nui’ in PISA 2018 to 

showcase how students’ navigation strategies can be identified using a data-driven approach, 

namely sequence clustering and the DTW similarity measure. Education systems aim to develop 

skills among all students, ensure that all students achieve at least minimum standards of 

achievement, and reduce the impact of socio-economic and demographic factors on achievement. 

These results can also be helpful for teachers to understand what strategies students use in 
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solving literacy tasks and better support students’ learning in reading, navigation, and 

information-gathering. In this study we analyzed whether students’ navigation behaviors differed 

among girls and boys and among socio-economically advantaged and disadvantaged students 

and identified differences in accuracy in the test as a function of navigation behavior.  

Our results indicate that navigation sequence patterns were moderately associated with 

students’ reading proficiency levels: on average, students who visited all the pages and spent 

more time reading without rush transitions scored higher in reading than those students with less 

focused navigation. In contrast, students who limited their navigation to only one page beyond 

the initial default page and spent only a tiny amount of time on that page scored the lowest in 

reading. These results can also be helpful for teachers to understand what strategies students use 

in solving literacy tasks and better support students’ learning in reading, navigation, and 

information-gathering. Crucially, our study revealed gender differences among students who 

employed the same navigation patterns: on average, girls were more likely to achieve higher 

reading scores than boys when longer navigation sequences with revisit patterns were used with 

shorter reading time on transited pages, while boys were more likely to achieve higher scores 

than girls when they spent longer time reading either homepage or transited page along with 

comprehensive navigation paths through the multiple pages. We also found that socio-

economically disadvantaged students were more likely to use limited navigation activities and 

spend shorter reading time in both homepage and transited page than their more advantaged 

peers.  

But what do these findings mean for schools and policymakers? On the one hand, the 

specialized literature seems to agree that reading from paper leads to better reading 

comprehension than digital reading, especially when there is a time constraint (Clinton, 2019; 
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Delgado et al., 2018). On the other hand, PISA data show many students have a relatively good 

knowledge of the traditional and still essential aspects of reading - e.g., comprehending and 

recalling a text and writing a summary, but they still lack the relevant knowledge and skills to 

navigate a digital world - e.g., navigating non-linear and conflicting information from multiple 

source texts (OECD, 2021a). The message is clear: to become proficient readers in a digital 

world, students need a solid foundation of reading but also the ability to think critically and 

adjust their behavior according to the task and motivate themselves to persevere in the face of 

difficulties. The results are also valuable for assessment designers to identify important reading 

performance indicators and align with the new reading assessment framework in the digital 

environment such as the recently approved 2026 National Assessment of Educational Progress 

(NAEP) Reading Framework (National Assessment Governing Board, 2022). 

There is evidence that learning with mobiles is more effective than traditional teaching 

methods that only use pen-and-paper or desktop computers (Sung et al., 2016). Likewise, 

classroom interventions aimed at developing students’ assessment of information reliability have 

proven to improve students' critical thinking when comprehending multiple documents (Pérez et 

al., 2018). However, adding specific subjects on digital skills or spending more time using digital 

devices in school without adjusting other parts of the curriculum could be problematic. The 

challenge is to respond to the changing needs while minimizing the expansion and overload of 

content or the replacement of other activities that are also important. One possibility for 

balancing curricular updating and excess is focusing on the process of reading – with process 

data being its gold mine - rather than on the product of reading. This study highlights some 

practices that teachers could use as cross-cutting themes and competencies in classroom settings. 

For example, teaching students to spend more time reading online texts without rush transitions 
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may help mitigate gender and socio-economic differences and enhance students’ performance 

when navigating multiple source and dynamic texts. 

In this paper we also showcased a novel method to cluster the navigation patterns by 

computing the distance similarity measure by the DTW algorithm. Specifically, we introduced 

two sequential indicators of navigation activity: the navigation sequence that tracks the page 

transition path and the time sequence that records the time duration on each visited page and 

computed pairwise sequence distance similarity measures in sequence page transition and time 

allocation sequence respectively. As reviewed in the sequence distance similarity measures, there 

are many approaches that we could use to calculate the sequence distances.  

The DTW method that we highlighted in this study features in identifying the optimal 

warping path between the two sequences, which could be more beneficial in analyzing the time-

series process data that cares more about the sequence shapes across time windows (Kurbalija et 

al., 2011). The DTW algorithm can be considered as a generalization of Euclidian distance 

where it is not necessary that the 𝑖-th point of one time series must be aligned to the 𝑖-th point of 

the other time series. This method allows elastic shifting of the time axis where in some points 

time “warps”. The DTW algorithm computes the distance by finding an optimal path in a matrix 

of distances between points of two-time series. The Euclidian distance can be seen as a special 

case of DTW where only the elements on the main diagonal of the matrix are taken into account. 

It would be interesting to explore the possibility of constructing a time-weighted sequence 

similarity measure in the future study to combine the two sequence clustering analyses in a one-

time run. 

DTW is a distance measurement that is robust to time series phase perturbations; 

however, its quadratic complexity greatly impairs the efficiency of time series clustering (Cai et 
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al., 2021). Time series clustering is a well-studied field and the clustering algorithms can roughly 

be categorized into four classes: hierarchical, model-based, partition-based and density-based 

time series clustering. Partition-based time series clustering that was used in this study partitions 

the dataset into clusters by minimizing the overall distances of time series to their respective 

cluster centers. Typically, the center of a cluster, e.g., in K-means based time series clustering 

(e.g., Huang et al., 2016; Smith et al., 2018), is regarded as the point-wise average of the 

contained time series; however, such centers may poorly represent the common temporal pattern 

when phase perturbation appears. This could also lead to an unstable initial value for the k-

centers to replicate the patterns in clustering (Cai et al; 2021). Other methods have been 

proposed in the literature as being more suitable to identify more accurate cluster centers. For 

example, K-medoids, recommended by Kaufman and Rousseeuw (2009) and also used in this 

study, regards the time series that has the least sum of distances to other time series as the center 

of a cluster, which helps locate the optimal initial center of a cluster in a more controllable way. 

It is recommended to use the K-medoids clustering method based on the DTW distance 

measurement or use a global averaging method such as KDBA (Petitjean et al., 2011) to generate 

the centers that adapt to DTW distance. 

The disparities found in navigation behaviors by gender and socio-economic status also 

called for attention. A reading score gap was found between boys and girls in certain navigation 

patterns. This raised a new question for the tailored instruction for different groups with the aim 

to advance their potentiality to achieve a higher score. For instance, the navigation patterns that 

showed boys did not achieve the same score level as girls could be highlighted to the boys’ 

instructors to help them pinpoint the reasons for the lack and readjust their navigation behavior 

in future reading task completion.  



35 

 

In addition, three limitations in this study may merit a discussion. First, we showcased 

how the navigation patterns could be identified through a data-driven approach with only one 

item. The research results could be further validated by using more items in the future to 

examine whether student’s navigation patterns are consistent across items. Second, the example 

reading task showcased in this study only involved three pages, which might not be rich enough 

to show all the features of the DTW algorithm. It would be interesting to apply the DTW method 

to relatively longer sequences, for instance, in web search applications and examine the 

navigation patterns with reading comprehension in the future study. Third, we computed the 

DTW distance of page transition sequences and time allocation sequences separately in this 

study. Thus, the differences of time spent on each page (e.g., reading, re-reading, pausing or 

skimming on a certain page) could not be effectively affiliated with the page transition sequences 

in the DTW distance computation in a general mode. It would be interesting to construct a time-

weighted sequence similarity measure with DTW in the future study to combine both the page 

transition and time interval between pages.       

Although our study relied on data from 69 country samples, we estimated and presented 

results that did not consider country specificities in navigation behaviors. The aim of our work 

was in fact to develop and present an approach to identify navigation patterns and apply this 

approach to illustrate its potential to characterize how 15-year-old students approach reading 

tasks and inequalities in emerging reading skills. Detailed analyses of heterogeneities across 

countries and reasons that could explain such differences are both relevant and important but 

were beyond the scope of this work. Exploring differences in the navigation behaviors of 

students in different countries, differences in how navigation behavior relates to reading 

proficiency in different countries, and between-country differences in gender and socio-
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economic disparities in navigation should be explored in further research. Such work could shed 

light on the role of language in shaping between country differences as well as the different way 

in which students in different countries are socialized and taught to approach digital reading 

texts. The length of the same text differs in languages: for example, character-based languages 

often produce shorter text length than alphabetic languages (Yamamoto et al., 2018) and typing 

speed in character-based language with phonetic scripts such as Korean could be faster than 

other languages in completing open-ended questions (Ercikan et al., 2021). There is also 

evidence that collectivistic cultures promote contextual understanding of situations and think 

more holistically, directing attention to all the elements they are presented with in a given 

situation and to relationships between items (Nisbett, et al., 2001). By contrast, in Western 

cultures, personal autonomy and formal logic are emphasized and individuals operating in these 

cultures are more likely to process information analytically, directing attention to particular 

items, objects and categories (Chua et al., 2005).  

Our study focuses on exploring different patterns of navigation behaviors among those 

students who engaged in navigation behavior when they were presented with the reading task 

used in this study. As indicated, around a third of students internationally engaged in navigation, 

46.2% of students skipped the task without engaging with the material, and 20.1% didn’t execute 

any form of navigation.  It is impossible to know with precision the reasons why some students 

failed to engage with the assessment task and, therefore, excluded from this study. However, it is 

not rare that some students may lack motivation or feel disengaged when taking low-stakes 

assessments with no consequences for them (Goldhammer et al., 2014; Goldhammer et al., 2017; 

Lundgren & Eklöf, 2020; Borgonovi et al., 2021). Furthermore, test engagement tends to decline 

as the test progresses, tends to be lower among boys, and differs across countries (Balart & 
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Oosterveen, 2019; Borgonovi & Biecek, 2016).  We suggest future studies expand the findings 

of the present research to develop comprehensive models of test-taking behaviors across all 

competency levels. 

The research potential of process data in reading tasks can be maximized if efforts could 

be made to design items that allow for clear identification of different solution and navigation 

strategies (He et al., 2021); ideally, these different strategies would be mapped to cognitive 

theories that researchers might be interested to test with the aid of process data, thus better 

supporting students’ learning and assessments.   
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Figure 1 

Screenshots of CR551Q11 homepage (Blog page), Book Review page and Science News pages 

 

 

 

  

Note. Only the right part of screenshots on the Book Review page and the Science News page are shown, given 

the space limitation. The left side of the screen keeps the same as the homepage. 

Resource: https://pisa2018-questions.oecd.org/platform/index.html?user=&domain=REA&unit=R551-

RapaNui&lang=eng-ZZZ  

Book Review Page  Science News Page 

Homepage (Blog Page) 

https://pisa2018-questions.oecd.org/platform/index.html?user=&domain=REA&unit=R551-RapaNui&lang=eng-ZZZ
https://pisa2018-questions.oecd.org/platform/index.html?user=&domain=REA&unit=R551-RapaNui&lang=eng-ZZZ
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Figure 2 

An example of distance matrix computed by dynamic timing warping method 

 

Note. This example is to compute the distance similarity measure between two sequences: 𝐴 =

{1,2,3,4,5} and 𝐵 = {1,2,3,4,3,2,5}. The highlighted yellow path is the shortest path starting from 

the upper right diagonal corner to the lower left diagonal corner. The sum of value along the 

highlighted cells is the similarity score between sequences A and B. 
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Figure 3 

Silhouette index in DTW sequence clustering for page transition and time on page sequences 
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Figure 4 

Four typical navigation page transit patterns derived from clustering analysis based on dynamic 

time warping distance similarity measure 

 

Note. Circles represent the transition pages. Arrows represent the direction of transition. The 

numbers on each arrow represent the order of transition. B=Blog, BR=Book Review, SN=Science 

News. 

  



56 

 

Figure 5 

Four typical sequences of time spent on transition pages derived from clustering analysis based on 

dynamic time warping distance similarity measure 

 

Note. Each colored block represents the average amount of time spent on that page. 
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Figure 6 

Association between reading performance and navigation patterns with joint membership in page 

and transition time clusters 
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Figure 7 

Gender disparities in reading score by navigation patterns 
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Table 1. Descriptive statistics of reading proficiency score, gender and socio-economic index by navigation patterns 

Clusters 
Sample 

Size 
Percentage 

Reading Proficiency Score Gender Socio-Economic Index 

Mean S.D. S.E. Girl (%) Boy (%) Mean S.D. S.E. 

P1 11091 65.4% 574.13 82.05 0.78 65.2% 66% 0.22 0.94 0.01 

P2 1952 11.5% 599.06 76.97 1.74 11.4% 12% 0.29 0.90 0.02 

P3 3438 20.8% 585.07 72.38 1.23 20.8% 20% 0.28 0.92 0.02 

P4 476 2.6% 587.75 85.03 3.90 2.6% 3% 0.28 0.92 0.04 

T1 4651 27.4% 582.72 78.12 1.15 28.1% 27% 0.27 0.93 0.01 

T2 2385 13.6% 583.75 79.43 1.63 13.6% 15% 0.33 0.92 0.02 

T3 3675 23.5% 598.36 77.17 1.27 23.5% 19% 0.31 0.91 0.02 

T4 6246 34.8% 564.66 80.83 1.02 34.8% 39% 0.16 0.94 0.01 

PT11 3065 18.1% 578.31 79.53 1.44 18.3% 18% 0.24 0.95 0.02 

PT12 1610 9.5% 579.26 80.29 2.00 9.1% 10.0% 0.31 0.93 0.02 

PT13 2335 13.8% 595.14 79.78 1.65 14.7% 12.6% 0.30 0.91 0.02 

PT14 4081 24.1% 556.94 82.43 1.29 23.1% 25.3% 0.14 0.95 0.01 

PT21 610 3.6% 599.73 74.19 3.00 3.8% 3.4% 0.35 0.87 0.04 

PT22 196 1.2% 608.99 78.95 5.64 1.1% 1.3% 0.37 0.86 0.06 

PT23 405 2.4% 607.44 75.69 3.76 2.6% 2.1% 0.33 0.88 0.04 

PT24 741 4.4% 591.30 78.72 2.89 4.0% 4.9% 0.19 0.93 0.03 

PT31 819 4.8% 585.57 72.62 2.54 5.1% 4.4% 0.31 0.88 0.03 

PT32 526 3.1% 588.07 73.78 3.22 3.2% 3.0% 0.35 0.92 0.04 

PT33 855 5.0% 601.53 69.67 2.38 5.7% 4.1% 0.31 0.93 0.03 

PT34 1238 7.3% 572.10 71.06 2.02 6.7% 8.1% 0.22 0.93 0.03 

PT41 157 0.9% 587.75 83.43 6.66 0.9% 1.0% 0.32 0.97 0.08 

PT42 53 0.3% 583.81 90.80 12.47 0.3% 0.4% 0.39 0.75 0.10 

PT43 80 0.5% 612.28 78.20 8.74 0.5% 0.5% 0.50 0.82 0.09 

PT44 186 1.1% 578.32 86.09 6.31 1.0% 1.2% 0.12 0.93 0.07 

Total 16957 100.0% 579.60 80.13 0.62 100% 100% 0.25 0.93 0.01 

Note. S.E. refers to standard error. S.D. refers to standard deviation. 

 


