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Abstract
Background A priori assumptions about specific behavior in test items can be 
used to process log data in a rule-based fashion to identify the behavior of interest. 
In this study, we demonstrate such a top-down approach and created a process 
indicator to represent what type of information processing (flimsy, breadth-first, 
satisficing, sampling, laborious) adults exhibit when searching online for information. 
We examined how often the predefined patterns occurred for a particular task, how 
consistently they occurred within individuals, and whether they explained task success 
beyond individual background variables (age, educational attainment, gender) and 
information processing skills (reading and evaluation skills).

Methods We analyzed the result and log file data of ten countries that participated 
in the Programme for the International Assessment of Adult Competencies (PIAAC). The 
information processing behaviors were derived for two items that simulated a web 
search environment. Their explanatory value for task success was investigated with 
generalized linear mixed models.

Results The results showed item-specific differences in how frequently specific 
information processing patterns occurred, with a tendency of individuals not to settle 
on a single behavior across items. The patterns explained task success beyond reading 
and evaluation skills, with differences across items as to which patterns were most 
effective for solving a task correctly. The patterns even partially explained age-related 
differences.

Conclusions Rule-based process indicators have their strengths and weaknesses. 
Although dependent on the clarity and precision of a predefined rule, they allow for a 
targeted examination of behaviors of interest and can potentially support educational 
intervention during a test session. Concerning adults’ digital competencies, our 
study suggests that the effective use of online information is not inherently based on 
demographic factors but mediated by central skills of lifelong learning and information 
processing strategies.
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Introduction
The analysis of log data from computer-based assessments holds great potential for mea-
suring competencies. Among others, it provides information beyond item scores and 
allows inferences about the cognitive processes that took place during the completion 
of a task (e.g., Goldhammer et al., 2021; Keller et al., 2016). In the context of large-scale 
assessment, data-driven approaches of log data analysis helped to uncover specific solu-
tion strategies (e.g., Eichmann et al., 2020; Hahnel et al., 2022; He et al., 2019; He & von 
Davier, 2015; Tóth et al., 2017; Ulitzsch et al., 2021). However, such bottom-up methods 
require that the data contains more information that contributes to pattern detection 
than irrelevant information blurring it. Alternatively, process indicators and solution 
strategies may be identified a priori based on theoretical assumptions and previous 
research (e.g., Hahnel et al., 2019; Salles et al., 2020), allowing for a targeted examination 
of behaviors of interest without regard to their probability of occurrence or the applica-
tion of computationally intensive methods.

In the present study, we demonstrate a top-down approach that leverages previ-
ous research findings on information processing behaviors in web search tasks. Such 
research identified behavioral patterns by exploring log data (Jenkins et al., 2003; Juvina 
& Oostendorp, 2006; Reader & Payne, 2007). Following their descriptions, we con-
structed coding rules to derive a process indicator indicating specific information pro-
cessing patterns. We applied the rules to the log data of ten countries participating in 
the Programme for the International Assessment of Adult Competencies (PIAAC; OECD, 
2013; also Maehler & Rammstedt, 2020) and examined the resulting process indicator 
for differences between two tasks and for the extent to which it explains item success 
beyond variables of individual background (age, educational attainment, gender) and 
information processing skills (reading and evaluation skills).

Web search as solving information problems

Nowadays, people often use Internet search engines to find specific information. After 
entering a search query, search engines provide a result list of sources with potentially 
relevant information (e.g., Bendersky et al., 2012). Using short descriptions of each 
result, web users generate predictive judgments about what they will encounter on the 
upcoming website when clicking a link (Hilligoss & Rieh, 2008). However, the informa-
tion that has to be processed — on the result list and the following websites — is often 
diverse in quantity and quality (e.g., Flanagin & Metzger, 2007). Accordingly, web users 
need to filter, evaluate, and select information to fulfill their information needs while 
avoiding misinformation (e.g., Braasch & Graesser, 2020; Forzani et al., 2022; Hahnel et 
al., 2020; Leu et al., 2014; Molerov et al., 2020; Vakkari, 2016).

Finding information online that is suitable for one’s information needs is considered an 
information problem (Brand-Gruwel et al., 2005). Based on their current state of knowl-
edge, individuals acquire, evaluate, and integrate information in a goal-directed way to 
create a solution. Brand-Gruwel and colleagues (2009) summarize the required steps 
in their IPS-I (information problem solving with the Internet) model. Accordingly, web 
users (a) define the information problem, (b) select a search strategy and websites, (c) 
scan the encountered information to generate an initial evaluation of a website’s useful-
ness and, eventually, (d) thoroughly process the website for comprehension while inte-
grating the gathered information with their knowledge. Finally, they will (e) synthesize 
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a solution for their information problem. During this process, web users will try to find 
the desired information as quickly as possible with minimal effort (e.g., Blackmon, 2012; 
Pirolli & Card, 1999). Theories of dual-processing suggest that individuals do not sys-
tematically process all information in situations where a variety of information is avail-
able but apply heuristic strategies to deal with the amount and complexity of information 
and reduce cognitive efforts (Evans, 2008; Wirth et al., 2007). However, oversimplified 
strategies can result in inadequate outcomes (e.g., relying on self-confirmation heuristics 
may lead to dismissing credible sources as less trustworthy; Metzger & Flanagin, 2013).

Web search tasks in PIAAC

Given the importance of the Internet in information societies, it is not surprising that the 
appropriate use of online information is considered key to participate in societal activi-
ties and, therefore, is subject to international large-scale assessments (ILSAs; see Singer 
et al., 2018). The PIAAC study 2011–2012 (OECD, 2013; see also Maehler & Rammstedt, 
2020) was one of the first ILSAs that assessed not only the literacy and numeracy of 
adults but their skills in dealing with digital information as part of the domain problem 
solving in technology-rich environments (PSTRE; OECD, 2012). PSTRE problems por-
tray non-routine tasks involving problems of organizing digital folder structures, e-mail 
requests, calendar appointments, and tasks that require the evaluation of information 
from search engines. More specifically, there are three PSTRE items that simulate a web 
search environment1: u06a, u06b, and u07.

Item u06a (Sprained Ankle - Site Evaluation Table) is an evaluation task that requested 
test-takers to rate each entry of a search result page. The item displayed one page with 
a list of five search results about a medical treatment and asked test-takers to assign an 
attribute (useful, not authoritative, biased, not current) to each link that describes it 
best. Although the item looked like a search result page, the presented links were just 
decorative and did not allow navigation. Nevertheless, test-takers had to interact with 
the page by scrolling since it was partly covered by the area where they entered their 
responses via radio button clicks. Scroll events, though, were not logged.

Item u06b (Sprained Ankle - Reliable/Trustworthy Site) is a selection task that pro-
vided a list of clickable search result links and requested test-takers to select the search 
result with the most reliable and trustworthy information. The item presented a small 
hierarchical hypertext, including a parent node with five links (the search result page) 
and a total of eight child nodes, where five child nodes (main pages) could be directly 
accessed from the search result page and three child nodes (subpages) from a main page. 
Scrolling was not possible. A response was given by selecting an entry from a drop-
down combo box referring to one of the five search results. Note that item u06b is not 
an extension of item u06a. They share a common narrative (seeking information about 
a medical treatment) and display a prototypical list of search results, but they provide 
independent content. One item could be solved without knowledge of the other.

Like u06b, item u07 (Digital Photography Book Purchase) is a selection task. It pro-
vided a list of six clickable search results and a total of eleven websites (6 main pages and 
5 subpages) without scrolling requirements. In contrast to u06b, adults were requested 
to find and order a product that matches a list of specific criteria (price, shipping dates, 

1  The items are not publicly released. However, an interactive example of a comparable design is available here: 
https://piaac-logdata.tba-hosting.de/public/problemsolving/JobSearchPart1/pages/jsp1-home.html.

https://piaac-logdata.tba-hosting.de/public/problemsolving/JobSearchPart1/pages/jsp1-home.html
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book for beginners). A response was given by visiting one of the main pages and clicking 
the Buy button displayed on that page.

The two selection tasks, u06b and u07, were of particular interest for the present study. 
They provided individuals with navigation options and invited them to explore avail-
able alternatives autonomously. Therefore, the log data from these items could be used 
to derive a process indicator that reflects different information processing behaviors 
when evaluating online information. Possible person-task interactions included item-
specific response events (u06b: COMBOBOX and GLOBAL_VAR, u07: BUYBOOK) and 
navigation-related events that were triggered by clicking on text links (event type TEX-
TLINK) and back, forward, home, and website-embedded buttons (corresponding event 
types HISTORY_BACK, HISTORY_NEXT, HISTORY_ADD, and BUTTON). Based on 
the structure of the PIAAC items, the raw log events (e.g., an event of the type TEXT-
LINK with the attribute unit06bpage1 at time t) can be interpreted as meaningful pro-
cess components, so-called low-level features (e.g., visiting the first website of item u06b 
at time t). A comprehensive description of the structure of the PIAAC log data and their 
transformation into low-level features can be found in Goldhammer et al. (2020, 2021).

Information processing behaviors in the PIAAC web search tasks

A recent study by Gao et al. (2022) identified several patterns of web navigation for the 
items u06b and u07 using the log data of the US-American and British/Northern-Irish 
PIAAC samples. The authors performed a series of latent class analyses on variables 
indicating how often and when a particular page was visited. They found five patterns 
and described them as Flimsy, Breadth-first, Satisficing, Sampling, and Laborious by 
matching representative navigation sequences of the identified classes with descriptions 
from previous studies (e.g., Jenkins et al., 2003; Juvina & Oostendorp, 2006; Reader & 
Payne, 2007). While Gao and colleagues detected all five patterns in the item u06b, only 
four (US sample) and three (UK sample) emerged in item u07.

With the present study, we pick up on the patterns recovered by Gao et al. (2022). 
We determined coding rules for them based on their description and supposed function 
(Table 1). Although these patterns primarily refer to web navigation, they nevertheless 
provide insight to adults’ approach of information processing. For instance, the flimsy 
pattern summarizes a parsimonious navigation style in which most time is spent dwell-
ing on the search results or a single website rather than exploring the hypertext structure 
(Juvina & Oostendorp, 2006). Such a pattern may indicate that web users prefer to fin-
ish a search task quickly and invest as little effort as possible (see Pirolli & Card, 1999). 
Given the constrained information space in the PIAAC web search tasks (i.e., total of 8 
or 11 websites) and the fact that PIAAC items were not time restricted (see Sect. 2.1), we 
assigned the label Flimsy when individuals visited no more than a single source. Other 
patterns express an information processing behavior that is focused on browsing the 
surface of the available options (breadth-first), finishing the search task as soon as one’s 
subjective information need has been satisfied (satisficing), inspecting all information 
options to identify the best option (sampling), or making an effort to build up a good 
representation of the information and hypertext structure (laborious). However, our 
derived coding rules of Satisficing and Breadth-first, as well as Satisficing and Sampling, 
could not be formulated to be mutually exclusive since the underlying descriptions do 
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not provide sufficient evidence for further distinction. In this case, we assigned the label 
Multiple. If none of these patterns applied, we labelled the behavior as Unassigned.

Three points should be noted. First, the exact coding rules slightly differ between 
items, as they are adjusted to the item-specific structures (number of websites) and 
response formats (drop-down combo box selection without explicit navigation require-
ments vs. clicking a button on a main page). Second, the Laborious category did not 
exclude breadth-first or sampling behavior. We still distinguished this category because 
it highlights the behavior of extensive hypertext use. Third, the behaviors should not be 
ranked in terms of effectiveness, as their effectiveness is likely to depend on multiple 
factors with respect to the task (e.g., personal value of a task; Rouet et al., 2017), the text 
(e.g., availability of relevance and credibility cues; Hahnel et al., 2020), and the reader 
(e.g., individual standards of coherence; van den Broek et al., 2011).

Table 1 Overview of the investigated behaviors
Pattern Description Operationalization
(1) Flimsy Individuals primarily focus on the infor-

mation provided on the search results 
page and visit only a few websites, if any 
(see Juvina & Oostendorp, 2006).

Number of main pages visited <= 1 (for item 
u07, this number is always 1 when a response 
is given)

(2) Breadth-first Individuals browse the surface of the 
available options. They visit only the 
main pages from the search results 
page and do not go deeper to explore 
their content (see Jenkins et al., 2003).

Number of main pages visited > 1¹, number of 
nested subpages visited = 0, and the condi-
tions (5) Laborious² and (6) Multiple are not 
met

(3) Satisficing Individuals browse the available options 
until they find the website that matches 
their subjective level of aspiration for 
solving the search problem (see Reader 
& Payne, 2007).

Number of main pages visited > 1¹, number of 
page revisits = 0, and the condition (6) Multiple 
is not met. Item u06b: Last visited website 
was chosen as response, participants did 
not change their response, and they did not 
engage in navigation activities afterward

(4) Sampling Individuals go through the available 
options and explore and compare them 
until a website has been inspected to 
their satisfaction. They then decide on 
the subjectively best solution for the 
search problem (see Reader & Payne, 
2007).

Item u06b: Number of main pages visited = 5, 
number of nested subpages visited > 0, and 
the conditions (5) Laborious² and (6) Multiple 
are not met
Item u07: Number of main pages visited = 6, 
number of nested subpages visited > 0, and 
the conditions (5) Laborious² and (6) Multiple 
are not met

(5) Laborious Individuals visit a large number of 
websites and make extensive use of 
the infrastructure ensuring to create a 
good representation of the provided 
information and its structure (see Juvina 
& Oostendorp, 2006).

Number of website visits reaches or exceeds 
the sum of the number of unique (back and 
forth) navigation steps and the number of navi-
gation steps required to revisit the main pages. 
Item u06b: Number of website visits ≥ 26; Item 
u07: Number of website visits ≥ 34

(6) Multiple As the above descriptions of the behav-
iors (2) and (3) as well as (3) and (4) are 
not mutually exclusive, individuals can 
demonstrate behavior that is in line with 
both descriptions.

Participants’ behavior fits multiple patterns (e.g., 
satisficing and sampling: participants visit all 
main pages and at least some subpages before 
selecting the last visited page as their response) 
and the condition (5) Laborious is not met

(7) Unassigned None of the above described behaviors 
were observed.

Participants gave a response but their behavior 
could not be assigned to the categories above

Note. ¹Adults might follow a breadth-first or satisficing strategy while leaving little traces of navigation. This is the case 
when the first available option is already considered sufficient. Therefore, to distinguish flimsy behavior from breadth-first 
and satisficing behavior, we made it a condition that at least two main pages were visited to assign the category breadth-
first or satisficing. ²Eight cases across all three subsamples showed a laborious pattern without also demonstrating a 
breadth-first or sampling pattern.
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Interindividual differences in web search

Process indicators are useful when they explain variation in performance and shed light 
on the role of individual differences. Therefore, the second objective of our study was 
to investigate whether the derived process indicator explains item success beyond vari-
ables of individual background (age, educational attainment, gender) and information 
processing skills (reading and evaluation skills). The PIAAC study 2011–2012 provides a 
unique database for this objective, as participants come from different backgrounds and 
cover a wide range of ages (16–65 years).

Although there are many factors associated with adults’ web search performance (e.g., 
prior knowledge: Lucassen et al., 2013; Monchaux et al., 2015; Rouet, 2003; web expe-
riences: Hölscher & Strube, 2000; epistemic beliefs: Kammerer et al., 2013, 2015), age 
stands out as a background factor. Information processing skills tend to decline through-
out life (e.g., Bryan et al., 1997; Warrington et al., 2018). This trend is reflected in the 
PIAAC data, which shows a curvilinear decline in problem solving performance with 
increasing age (OECD, 2013, p. 191). More specifically, empirical research indicates that, 
compared to young adults, older adults have difficulties in finding targets in navigation-
oriented tasks (Etcheverry et al., 2012), frequently fail to recognize the primary interests 
of websites (Morrison, 2015), are more susceptible to online fraud (Grimes et al., 2010), 
and judge web information less accurately (Chevalier et al., 2015; Kubeck et al., 1999). 
However, such comparisons often neglect middle-aged groups and progression across 
adulthood, and do not consider the contribution of acquired information processing 
skills, such as reading skills.

Moreover, age-related effects do not necessarily occur from aging but can arise from 
being born in a particular cohort with its respective learning opportunities (e.g., higher 
education access in the 60s vs. the 90s; van der Kamp & Boudard, 2003). Such cohort 
effects, as well as adults without a university degree as a target population (Kammerer 
et al., 2015), are often neglected in small-scale studies on web search. Studies associ-
ating web search skills with different educational backgrounds are rare, although com-
petencies and the acquisition of educational qualifications are highly related (Massing 
& Schneider, 2017; OECD, 2013). A higher level of education was positively associated 
with a higher awareness of security hazards (Grimes et al., 2010) and with self-reported 
knowledge of computer and Internet-related terms (e.g., “PDF”, “newsgroup”; Hargittai 
& Hinnant, 2008). Other studies use the level of education as an indicator of expected 
skill level (e.g., information skills in Lucassen et al., 2013).

Considering gender as a third background variable, the evidence of differences in web 
search activities seems inconclusive. Although studies, such as ICILS 2018 (Fraillon et 
al., 2020), indicate an overall gender effect in computer and information literacy (CIL) 
across countries in favor of girls, gender effects in studies of digital reading were mixed, 
varying in favor of girls (Naumann & Sälzer, 2017) or boys (Rasmusson & Åberg-Bengts-
son, 2015). Other studies found no gender effects in the credibility evaluation of online 
information (Hämäläinen et al., 2020). Still, the search efficiency seems to differ between 
genders (Zhou, 2014), with males being more active in formulating and updating search 
queries than females.

Regarding cognitive skills, the IPS-I model identifies reading, evaluation, and com-
puter skills as conditional skills that create the basis for solving information problems 
(Brand-Gruwel et al., 2009). Since web users actively “create” their own text base by 
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selecting information pieces, reading skills are indispensable to make sense of the infor-
mation encountered and to form an integrated mental representation of what was read 
(for an overview, see Salmerón et al., 2018). Evaluation skills support this process, as they 
enable web users to make predictive judgments about the content and trustworthiness of 
available websites (Hahnel et al., 2020; Hilligoss & Rieh, 2008; Kiili et al., 2018). Accord-
ingly, reading and evaluation skills can also affect navigation decisions (Goldman et al., 
2012; Hahnel et al., 2018). As for computer skills, it is reasonable to assume that they are 
required to access and manage digital information within a hypertext. This assumption 
is reflected in the design of the PIAAC study, as participants were required to demon-
strate a minimum level of computer proficiency before participating in the computer-
based assessment (Kirsch et al., 2016).

The present study

The present study demonstrates a top-down approach to defining process indicators 
based on theoretical considerations. We leveraged evidence from previous research (e.g., 
Gao et al., 2022) to recover different types of information processing in adults searching 
the web. In this regard, our approach agrees with the classic paradigm of evidence-cen-
tered design (Mislevy et al., 2003; adapted to reason from log data, see Goldhammer et 
al., 2021): We apply evidence identification rules to summarize adults’ behavior within a 
task to an observable variable (evidence model) representing a process-related construct 
of interest (student model). Based on the PIAAC log file data, we derived an indicator 
representing different behaviors expected to emerge when adults work on web search 
tasks (Table 1). We examined how often and consistently these patterns occurred across 
the two tasks and explored the success of adults who showed a specific pattern. Spe-
cifically, we investigated the unique contribution of these behaviors to predicting task 
success beyond variables of individual background (age, educational attainment, gender) 
and information processing skills (reading and evaluation skills). Since time allocation 
affects item success (e.g., Goldhammer et al., 2014) and substantial time differences can 
be expected between patterns (e.g., flimsy vs. laborious), we also included time on task 
as a control variable in our analysis of task success.

Materials and methods
Design of the PIAAC study

Mainly administered as a computer-based assessment (CBA), the PIAAC study 2011–
2012 included several components (Kirsch et al., 2016). As shown in Fig. 1, background 
information about the participants was first collected through a computer-assisted 
personal interview. Supervised by an interviewer, the participants worked afterwards 
directly and autonomously on test items (“direct assessment”) to assess their competen-
cies in literacy, numeracy and, eventually, problem solving in technology-rich environ-
ments (PSTRE). The administration of the direct assessment was highly standardized. 
Interviewers were supposed to read standardized instructions and interact with par-
ticipants as little as possible during the cognitive assessment. The PIAAC Consortium 
provided detailed training materials for interviewers and encouraged the participating 
countries to implement multiple measures of quality assurance and control (e.g., men-
toring of data collection, feedback). Still, countries were allowed to adjust the measures 
to the needs of their interviewers (Montalvan et al., 2016). There was no global time 
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limit, but the competence assessment was designed to take about an hour. If participants 
reported no computer experience, failed the basic computer tasks of the CBA Core 
Assessment, or refused to take the CBA option, participants were routed to a paper-
based assessment of literacy and numeracy. However, most participants took the CBA, 
in which their click behavior was recorded with time stamps in log files (OECD, 2019). 
The entries in those log files (events) reflect that items have been started or completed 
and that participants have accessed different stimulus pages (navigation events, such as 
clicks on links, buttons, and menu entries) or processed the items (response events, such 
as clicks on radio buttons, checkboxes, or combo boxes; for detailed information, see 
Goldhammer et al., 2020).

Aiming at an efficient estimation of skills, PIAAC employed an adaptive design in 
which each participant received two so-called modules in the direct assessment. Fig-
ure 1 shows the possible combinations of modules. For reading literacy (and numeracy), 
a module consisted of two adaptively assigned testlets (stage 1 and stage 2) with a total of 
20 items. The PSTRE assessment was not adaptive and included two modules (PS1 and 
PS2) consisting of seven items each.2 The order of the items and modules was fixed (i.e., 
PS1 was always administered in the first module slot). It was possible to receive both 
PSTRE modules (without assessing reading literacy), whereas only one of the PSTRE 
modules could be assigned with a reading literacy module.

The PSTRE items u06a and u06b were included in the first module PS1, whereas the 
PSTRE item u07 was part of the second module PS2. An indicator of adults’ information 
processing (Table 1) could only be derived for the items u06b and u07. However, we also 
derived indicators based on participants’ performance in item u06a that served as mea-
sures of their evaluation skill (see Sect. 2.3.3).

Samples

The study of Gao et al. (2022) provided insights into different information processing 
behaviors based on the US and UK data of PIAAC 2011–2012. We applied this knowl-
edge to an independent sample and investigated the PIAAC result and log file data of 

2  Further details on the items, modules, and testlets can be retrieved from the Online PIAAC Item and Log Data 
Documentation. https://piaac-logdata.tba-hosting.de.

Fig. 1 Illustration of the PIAAC study design (adapted from OECD, 2013, p.62) and the composition of the sub-
samples S1, S2, and S3

 

https://piaac-logdata.tba-hosting.de
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ten other countries that released their data for public use (OECD, 2017a, 2017b, 2017c, 
2017d, 2017e, 2017f, 2017g, 2017h, 2017i, 2017j). These countries participated in the 
optional PSTRE assessment and released their participants’ exact age (variable AGE_R 
in the PIAAC Public Use Files), education level (variable EDLEVEL3: low = adults who 
have not attained upper secondary education; medium = adults who have attained upper 
secondary education; high = adults who have attained tertiary education), and gender 
(variable GENDER_R: 1 = male; 2 = female).

To pursue our research objectives, we drew three independent subsamples from the 
total data set (Fig. 1). For examining intraindividual differences in adults’ behavior and 
performance on both items (u06b and u07), we selected participants who completed 
both PSTRE modules as subsample S1 (n = 5921). We needed another sample of adults 
who had participated in the PIAAC literacy assessment to explain task success beyond 
individual background and information processing skills. Accordingly, we constructed 
the S2 subsample (n = 3103), in which participants received the PS1 and a literacy mod-
ule, and the S3 subsample (n = 3278), in which participants received a literacy module 
and the PS2 module. Cases with missing log data or missing responses to the web search 
tasks were not considered.

Table 2 provides details on the subsamples’ composition compared to the total sample. 
It is noteworthy that the participants in the subsamples were on average three to five 
years younger than the participants in the overall sample. They were also less likely to 
have a low education level and more likely to have a high education level. These findings 
correspond with previous results showing that older participants and participants with 
a low education level were less likely to participate in the PSTRE assessment (OECD, 
2013, p.92; see also Goldhammer et al., 2016). Further country-specific information 
about the samples can be found in the supplementary material Description by Country.

Measures

Product and process measures of the items u06b and u07

As described in Sect. 1.2, the interactive PSTRE items u06b and u07 requested the par-
ticipants to choose an option from several search results. During the tasks, the par-
ticipants could click on the links and navigate the corresponding websites and their 
subpages. Participants’ item responses were scored dichotomously according to whether 
they made the objectively best choice or not (0 = incorrect, 1 = correct). The item scores 

Table 2 Sample description of the total PIAAC sample and the subsamples S1, S2, and S3
Total S1 S2 S3

n 63,924 5,921 3,103 3,278

Gender % female 51.47 51.11 51.14 51.04

Age (in years) M 39.68 35.31 35.91 36.72

SD 14.61 13.57 13.90 13.79

Education level % low 21.53 15.54 16.27 14.55

% medium 46.82 44.18 44.89 45.18

% high 31.66 40.28 38.83 40.27

Reading skill (literacy) M 0.00 - 0.13 0.16

Evaluation skill (item u06a) M Determining usefulness 3.92 4.10 4.05 -

M Identifying deficiencies 1.65 1.76 1.74 -

Item success rate u06b 0.55 0.57 0.54 -

u07 0.52 0.58 - 0.50
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showed that both items were of moderate difficulty, with item success rates between 50 
and 58% in the subsamples (Table 2).

Using the R package LogFSM (Kroehne, 2019; Kroehne & Goldhammer, 2018), we 
translated the log events in the PIAAC logfile data into item-specific low-level features 
(Goldhammer et al., 2021; e.g., actions of accessing main and subpages) and summarized 
them into several process indicators (i.e., number of total page visits; number of main 
pages visited; number of subpages visited; number of revisits; last website visited; num-
ber of changes in the item response; occurrence of navigation activities after a response 
was given). We further contextualized these process indicators according to our coding 
rules (Table 1, column Operationalization). As a result, we created a process indicator 
representing adults’ information processing pattern (flimsy, breadth-first, satisficing, 
sampling, laborious). Note that we also derived a time on task indicator for each item as 
a control variable for predicting item success. Details about the specific raw log events 
and transformations can be found in the supplementary material.

Reading skill

The PIAAC literacy items assessed reading skills with a variety of text formats (e.g., con-
tinuous, non-continuous texts), text types (e.g., narrations, argumentations, instruc-
tions), cognitive operations (access and identify, integrate and interpret, evaluate and 
reflect), and social contexts in which reading takes place (e.g., work and occupation, per-
sonal uses; OECD, 2012). The items also differentiated the medium in which reading is 
situated (i.e., digital vs. print context). Although the “digital” literacy items looked simi-
lar to the PSTRE items u06b and u07 (e.g., displaying a browser and navigation buttons), 
they focused on assessing how adults construct meaning from text (e.g., locating explic-
itly stated information, identifying evidence supporting or disproving a given claim, 
reflecting on meta-information). Accordingly, they only provided a few pages, with 
one to three content pages and eventually some non-content pages that were accessed 
when participants clicked on decorative links. Some items allowed for basic interactions, 
where participants could scroll or click on links, buttons, and menu entries. However, 
their instructions were strongly guided, specifying where to find requested information 
(e.g., “Look at page x”). The item response formats of the literacy items included mainly 
highlighting text passages but also clicking on links, radio buttons, or checkboxes.

Based on the dichotomous scores of 49 items (OECD, 2016), we determined factor 
scores to represent reading skill. Scores of zero indicate average reading skills; higher 
values represent higher skill levels (min = -3.04; max = 2.26). For the score estimation, 
we considered the country, the final sampling weights, the hierarchical data structure, 
and the complex sampling design (type = complex in Mplus 7.4; Muthén & Muthén, 
1998–2012). Item parameters were estimated using the maximum likelihood procedure 
with robust standard errors (MLR) and a logit link (nscaling = 44,076). Since the likeli-
hood of receiving a particular testlet was affected by some variables (i.e., level of edu-
cation, test language, score in the CBA Core Assessment, score in the stage-1 testlet; 
see Kirsch et al., 2016), correlations of the latent reading factor with these variables 
were included in the measurement model to avoid a violation of the missing at random 
(MAR) assumption.
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Evaluation skills

The PSTRE item u06a was used to represent evaluation skills. Based on the PIAAC log 
file data, we rescored participants’ performance to derive indicators of how well adults 
determine whether an information source provides useful information (“determin-
ing usefulness”) and how accurately they identify why an information source is flawed 
(“identifying deficiencies”). Like in other PIAAC web search items, participants received 
five search results. In this task, they could not interact with the links and were asked to 
assign an attribute to each link describing the link best. The possible attributes and short 
descriptions were displayed while participants worked on the task. The links could be 
assigned to be useful (i.e., the website appears to have reliable and trustworthy infor-
mation), not authoritative (the website author appears not to be an expert), biased (the 
website author appears to seek influence over the audience), or not current (the website 
appears to be out of date). The measure for evaluating usefulness was created as the sum 
of links correctly assigned to be useful (ranging from 0 to 5). The indicator for identify-
ing deficiencies was created as the sum of links correctly assigned as not authoritative, 
biased, or not current (ranging from 0 to 3). Both indicators were highly but not per-
fectly correlated (r = .68, p < .001).

Data analysis

For the examination of item success, we conducted a series of generalized linear mixed 
models (GLMM; De Boeck et al., 2011) to predict the probability of correctly solving a 
web search item for each subsample using the R package lme4 (Bates et al., 2015). For 
this purpose, we first specified a baseline model with an intercept and random intercepts 
for the countries (models A0-C0). In the case of subsample S1, a fixed effect for items 
and random person intercepts were also added (A0). We then successively extended the 
baseline models with additional predictors. First, fixed effects were added for the vari-
ables age, education level, and gender (A1-C1). Then, depending on availability, fixed 
effects were added for reading skills (B2-C2), evaluation skills (A2-B2), and, as a control 
variable, time on task (A2-C2). Finally, fixed effects were added for the behavioral pat-
terns of information processing (A3-C3) to investigate their unique contribution to pre-
dicting task success. We choose the flimsy pattern as reference category, as this behavior 
was expected to be the least successful one of all investigated behaviors. The reference 
category for level of education was set to ‘medium’ (upper secondary education) and for 
gender to ‘male’. All continuous predictor variables were z-standardized. The time on 
task indicator was additionally log-transformed before standardization.

Results
Occurrence, description, and consistency across tasks

We examined how often the distinguished information processing patterns occurred 
per item and subsample (Table 3). Information about the occurrence of the information 
processing patterns by country can be found in the supplementary material Descrip-
tion by Country. We also compared our results with those of Gao et al. (2022), although 
the pattern frequencies are not absolutely comparable due to different operationaliza-
tions (rule-based coding vs. assignment of the most likely latent class). Nevertheless, 
with some exceptions, the frequencies appeared to be highly similar. The most notice-
able exceptions are that the US sample showed the sampling pattern more often than the 
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breadth-first pattern in item u06b compared to our and the UK-specific results, and that 
participants of S3 showed very different frequencies for some patterns compared to the 
other samples. This last finding is particularly interesting: While the frequencies for S1 
and S2 in item u06b did not differ greatly, there were clear differences in the occurrence 
of the flimsy, satisficing, and sampling patterns between S1 and S3 for item u07. These 
differences may suggest context effects that could result from S1 participants having pre-
viously completed other PSTRE tasks (S1) instead of a different module (S3). Accord-
ingly, S1 participants might have had a better idea of what the PSTRE tasks required 
from them. Like Gao and colleagues, we also observed item-specific differences in the 
frequency of each pattern (e.g., the satisficing pattern occurred more often in u07 than 
in u06b). Finally, our results showed that the behavior of a few participants could not be 
assigned to only one pattern (Multiple category) or classified according to our coding 
approach (Unassigned category). This was especially evident for item u07. Although the 
results suggest good coverage of the specific behaviors (i.e., 1−5 in Table  1), they also 
indicate that some participants process the information in the web search items in ways 
not clearly captured by the investigated patterns or their current operationalization.

The descriptive statistics presented in Table 4 provide further insight into adults who 
exhibited specific information processing patterns. Given its operationalization, it is 
unsurprising that participants showing a flimsy pattern finished each item the fastest 
(on average, it took them about a minute) and hardly ever visited a website. They also 
had the lowest average scores for reading and evaluation skills compared to other par-
ticipants. In contrast, adults with the sampling and laborious patterns had the highest 
average scores for reading and evaluation skills. Both groups showed high website cov-
erage (i.e., they tended to visit all the main pages and most subpages). Also, unsurpris-
ing, the adults with the laborious pattern were the ones who spent the longest time with 
the items (about a minute longer on average than the adults with the sample pattern). 

Table 3 Occurrence of the information processing patterns in the subsamples and in the study of 
Gao et al. (2022; Appendix D)
Item Pattern Frequencies in Present 

Study 
Class Frequen-
cies in Gao et al. 
(2022)

S1 S2/S3 US UK
u06b 
(Sprained 
Ankle)

Flimsy 23.1 24.3 22.7 18.7

Breadth-first 55.2 55.3 10.7 68.9

Satisficing 0.7 0.5 - -

Sampling 14.1 12.6 65.6 12.4

Laborious 1.2 1.1 2.0 -

Multiple 4.3 4.5 - -

(Multiple: Satisficing & Breadth-first /
Satisficing & Sampling)

(4.2 / 0.1) (4.5 / 0.0) - -

Unassigned 1.4 1.6 - -

u07 (Book 
purchase)

Flimsy 17.5 30.8 23.7 23.5

Breadth-first 0.4 1.2 7.5 10.5

Satisficing 15.7 22.8 15.4 10.2

Sampling 45.4 24.3 51.6 53.3

Laborious 7.5 4.1 1.8 2.5

Multiple 5.9 6.6 - -

(Multiple: Satisficing & Breadth-first /
Satisficing & Sampling)

(1.8 / 4.2) (3.7 / 2.9) - -

Unassigned 7.6 10.2 - -
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Notably, adults showing a mixed pattern of searching broadly but stopping as soon as 
something suitable has been found (Multiple category) tended to have moderate or low 
reading and evaluation scores compared to the other groups.

For subsample S1, we also inspected how consistently adults stick to certain infor-
mation processing behaviors across the two tasks. Figure 2 confirms what the pattern 
frequencies suggest across items: Most participants (79.5% of S1) switched their infor-
mation processing pattern in the second PIAAC web search task. Notably, participants 
who showed a similar behavior in both items were likely to display either a flimsy or 
a sampling pattern. When switching, participants were most likely to switch from a 
breadth-first to a satisficing or sampling pattern, which might be explained by the design 
of item u07 that specifically required to pay attention to shipping dates often displayed 
on subpages.

Explaining item success

Table 5 presents the results for the subsample S1 (models A0-A3). The results of model 
A1 showed a decrease in the probability of task success by age (b = -0.15) and by a lower 
than medium level of education (b = -0.26) and an increase by a higher than medium 
level of education (b = 0.39). Apart from this, task success did not significantly differ by 
gender. The background variables explained about 18% of the interindividual variation 
observed in the baseline model. Adding the two evaluation skill variables and time on 
task increased the explained interindividual variance by another 58%, with the effects of 
age and education level remaining statistically significant. Remarkably, the two evalu-
ation variables, determining usefulness (b = 0.13) and identifying deficiencies (b = 0.18), 
each made an independent explanatory contribution to task success, also lowering the 
effects of having a lower (b = -0.17) or higher education level (b = 0.20). Adding the infor-
mation processing patterns led to a point where specifying interindividual random inter-
cepts overfitted the data. That means interindividual differences in task performance 
were attributed entirely to variables of individual background, skill, and behavior, pos-
sibly because interindividual differences are estimated based on only two items. Com-
pared to the flimsy behavior, all behaviors were associated with a higher probability of 
successfully solving the web search tasks, except for the Multiple category, which showed 
a significantly lower chance (b = -0.57). Across the items, the satisficing (b = 2.08), sam-
pling (b = 2.03), and laborious patterns (b = 2.35) were particularly effective. The effect of 
age was also no longer statistically significant, suggesting that the information process-
ing patterns could explain parts of age-related differences in the web search tasks.

Tables 6 and 7 present the results of the item-specific analyses for subsamples S2 and 
S3. Concerning item u06b (models B0-B3), task success was initially significantly pre-
dicted only by having a lower level of education (b = -0.30). However, this effect van-
ished after adding the reading and evaluation skills and time on task, with only reading 
(b = 0.28) and the aspect of determining the usefulness of online information (b = 0.17) 
significantly contributing to the prediction of task success. Adding the information pro-
cessing patterns then revealed that adults with the satisficing pattern (b = 1.26), sam-
pling pattern (b = 0.92) and, interestingly, the Unassigned category (b = 0.87) were more 
successful in selecting relevant and trustworthy information than adults exhibiting any 
other pattern. For item u07 (models C0-C3), we observed significant effects of age (b = 
-0.28) and having a lower (b = -0.37) or higher level of education (b = 0.68). The effects 
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of the education level disappeared after including reading skills (b = 0.86) and time on 
task (b = 1.23), while the effect of age remained statistically significant (b = -0.17). Like 
in subsample S1, the effect of age was no longer statistically significant after including 
information processing behavior. The most successful patterns for purchasing a particu-
lar product online were satisficing (b = 2.46), sampling (b = 2.41), laborious (b = 2.85), and 
the Unassigned category (b = 2.46).

Discussion
The present study focused on the theory-based creation and investigation of a process 
indicator representing different information processing patterns of adults searching 
for information online. We examined how often and consistently PIAAC participants 
exhibited these patterns and how likely they solved the corresponding web search task, 
controlling for age, educational background, gender, reading and evaluation skills, and 

Fig. 2 Flow diagram of behavior categories across web search items (subsample S1). Box sizes are proportional to 
the category sizes. Line thickness represents the number of individuals within connected boxes. Colors indicate 
the category in the item u06b
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Table 5 GLMM results of predicting adults’ success in web search tasks (subsample S1)
Model A0 A1 A2 A3
Intercept 0.23 (0.09) ** 0.10 (0.10) 0.09 (0.10) 0.87 (0.13) ***

Item u07 0.04 (0.04) 0.04 (0.04) 0.00 (0.04) -1.07 (0.07) ***

Background variables
Age (linear) - -0.15 (0.02) *** -0.14 (0.02) *** -0.02 (0.03)

Age (quadratic) - -0.01 (0.03) -0.02 (0.03) -0.04 (0.03)

Education level (low) - -0.26 (0.06) *** -0.17 (0.06) ** -0.13 (0.06) *

Education level (high) - 0.39 (0.05) *** 0.20 (0.05) *** 0.10 (0.05) *

Gender (female) -0.04 (0.04) -0.02 (0.04) 0.03 (0.04)

Skill variables
Determining usefulness (u06a) - - 0.13 (0.03) *** 0.11 (0.03) ***

Identifying deficiencies (u06a) - - 0.18 (0.03) *** 0.13 (0.03) ***

Behavioral variables
Time on task - - 0.48 (0.03) *** 0.02 (0.04)

Behavior: Breadth-first - - - 0.33 (0.08) ***

Behavior: Satisficing - - - 2.08 (0.10) ***

Behavior: Sampling - - - 2.03 (0.09) ***

Behavior: Laborious - - - 2.35 (0.15) ***

Behavior: Multiple - - - -0.57 (0.12) ***

Behavior: Unassigned - - - 1.73 (0.12) ***

SD random country intercepts 0.20 0.22 0.20 0.19

SD random person intercepts 0.39 0.35 0.19 0.00¹

Interindividual variance explained - 0.18 0.76 1.00¹
Notes. The reference categories of the categorical variables are “item u06b”, “medium education level”, “male”, and “flimsy”. 
¹The model revealed a singular fit, indicating overfit. That means that the specified random effect structure (here random 
intercept for person) is overly complex. There is not systematic effect coming from person

Table 6 GLMM results of predicting success in selecting a reliable information source (Item u06b 
Sprained ankle; subsample S2)
Model B0 B1 B2 B3
Intercept 0.18 (0.07) * 0.17 (0.10) 0.17 (0.10) -0.01 (0.13)

Background variables
Age (linear) - -0.03 (0.04) 0.05 (0.05) 0.09 (0.05)

Age (quadratic) - 0.01 (0.05) 0.02 (0.05) 0.01 (0.05)

Education level (low) - -0.30 (0.11) ** -0.16 (0.12) -0.18 (0.12)

Education level (high) - 0.13 (0.08) -0.09 (0.09) -0.12 (0.09)

Gender (female) - -0.02 (0.07) -0.01 (0.07) 0.01 (0.08)

Skill variables
Reading skill - - 0.28 (0.05) *** 0.23 (0.05) ***

Determining usefulness (u06a) - - 0.17 (0.06) ** 0.17 (0.06) **

Identifying deficiencies (u06a) - - 0.06 (0.05) 0.06 (0.05)

Behavioral variables
Time on task - - 0.05 (0.05) -0.07 (0.06)

Behavior: Breadth-first - - - 0.18 (0.12)

Behavior: Satisficing - - - 1.26 (0.59) *

Behavior: Sampling - - - 0.92 (0.17) ***

Behavior: Laborious - - - 0.22 (0.38)

Behavior: Multiple - - - -0.05 (0.19)

Behavior: Unassigned - - - 0.87 (0.33) **

SD random country intercepts 0.19 0.19 0.19 0.21
Notes. The reference categories of the categorical variables are “medium education level”, “male”, and “flimsy”



Page 17 of 25Hahnel et al. Large-scale Assessments in Education           (2023) 11:16 

differences in the amount of time spent on the task. In summary, we found item-specific 
differences in how frequently the behavioral patterns of interest occurred in the data, 
with a tendency of individuals not to settle on a single behavior across items. The pat-
terns explained task success beyond reading and evaluation skills, with the satisficing 
and sampling patterns and the Unassigned category being consistently among the most 
effective patterns for solving a task correctly across items. In the following, we discuss 
implications for using and interpreting rule-based process indicators and reflect on the 
results in light of interindividual differences in web search.

Pros and cons of rule-based process indicators

Informed by previous research and theoretical concepts of why specific behavior occurs, 
assumptions about behavior in test situations can guide the creation of process indica-
tors (see Hahnel et al., 2019; Salles et al., 2020). Our results stress this reasoning for web 
search tasks. Instead of using simple process indicators, such as the number of website 
visits, we depicted specific behavioral patterns by contextualizing multiple process indi-
cators in a rule-based way. This approach enabled us to obtain results largely similar 
to those of Gao et al. (2022), who used a data-driven approach with a PIAAC dataset 
independent of the dataset used in our study. Our results do not imply that rule-based 
process indicators should be preferred over data-driven ones. They rather demonstrate 
how the rule-based approach can support the construction of process indicators with an 
interpretation (e.g., solution strategy) comparable across tasks but regarding the under-
lying task-specific low-level features. We discuss some of the advantages and limitations 
of the rule-based approach in detail below.

Manually constructed rule-based indicators are strict in terms of the behavior they 
capture, reducing interpretative ambiguity at the cost of flexibility. Gaps or alternative 
interpretations within a category are rather a consequence of incomplete and imprecise 
rules. For example, according to our operationalization of the sampling pattern, we know 

Table 7 GLMM results of predicting success in buying a product that matches a list of specified 
criteria (Item u07 Book Purchase; subsample S3)
Model C0 C1 C2 C3
Intercept -0.00 (0.08) -0.23 (0.12) -0.48 (0.15) ** -1.88 (0.18) ***

Background variables
Age (linear) - -0.28 (0.04) *** -0.17 (0.05) ** 0.01 (0.06)

Age (quadratic) - -0.06 (0.05) -0.04 (0.06) -0.07 (0.06)

Education level (low) - -0.37 (0.12) ** -0.04 (0.13) 0.07 (0.15)

Education level (high) - 0.68 (0.08) *** 0.10 (0.10) 0.14 (0.11)

Gender (female) - 0.00 (0.07) 0.08 (0.08) 0.11 (0.09)

Skill variables
Reading skill - - 0.86 (0.06) *** 0.73 (0.07) ***

Behavioral variables
Time on task - - 1.23 (0.07) *** 0.27 (0.10) **

Behavior: Breadth-first - - - -0.64 (0.55)

Behavior: Satisficing - - - 2.46 (0.15) ***

Behavior: Sampling - - - 2.41 (0.18) ***

Behavior: Laborious - - - 2.85 (0.32) ***

Behavior: Multiple - - - 0.01 (0.23)

Behavior: Unassigned - - - 2.46 (0.19) ***

SD random country intercepts 0.23 0.27 0.36 0.36
Notes. The reference categories of the categorical variables are “medium education level”, “male”, and “flimsy”
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that adults who showed it have visited all main pages and at least one subpage. How-
ever, one might wonder whether the rule should include individuals who did not access 
a website that could be identified as inappropriate by its link information on the search 
result page or whether the sampling label should apply exclusively to adults who visited 
all available websites (including all subpages). These are questions that are ideally consid-
ered during the design of a task. Knowing up front what behavior should be considered, 
rule-based process indicators can then even be created and analyzed in real time, mak-
ing data preparation and analysis steps more efficient. As intermediate products within 
an ongoing assessment, they could be used predict how a test session progresses (e.g., 
Ulitzsch et al., 2022) and whether or not corrective measures are required. For example, 
due to its low activity profile, the flimsy pattern might indicate that a person is having 
difficulties completing the task. Accordingly, the pattern’s observation could be incorpo-
rated into feedback to teachers or trainers during a test session.

The clarity and precision of the behavior descriptions are central to deriving operation-
alization rules and may be the most troublesome element in creating rule-based process 
indicators. Deriving the rule of the laborious pattern, for example, was problematic since 
there was no clear idea of what an “extensive use of the infrastructure” is. We decided 
on a rule that considers the item’s hypertext structure but, despite being our best guess, 
the resulting thresholds are still arbitrary. Similarly, we did not integrate time on task 
in our rule definition because we did not have informed assumptions to set appropriate 
thresholds, which ideally should consider individual processing speed. Alternatives that 
circumvent the problem of setting thresholds a priori could be approaches that combine 
rule specification with data-driven learning, such as first-order inductive learner (FOIL). 
FOIL is a rule-based machine learning algorithm that determines rules bottom-up while 
top-down constraints can be applied. Such an algorithm can also be used to determine 
which rule is most important (or has the greatest discriminative power) for classifying a 
given case with respect to a particular information processing pattern. Provided training 
data is available, FOIL could be a promising method for studies seeking to evaluate and 
improve the accuracy of pattern classifications.

With the description of expected behavior, new or unexpected patterns can also 
become visible. Adults in the Unassigned category were surprisingly among the best per-
formers. Inspecting their descriptive statistics (Table 4), one could speculate that these 
adults singled out a small set of information options and systematically compared them. 
For both items, u06b and u07, they visited more main pages and subpages than the satis-
ficing group but less than the sampling group and seemingly revisited some pages. Such 
a pattern might represent an adaptive combination of satisficing and sampling strate-
gies (i.e., making a preselection of pages that look “good enough” and then inspecting 
and comparing them to find “the best one”). In this case, the order of actions would be 
particularly important, which could be further investigated by sequence mining tech-
niques (e.g., He et al., 2019). Moreover, the Unassigned category could be a more suitable 
representation of actual web search behavior than, for example, sampling or laborious 
patterns that make sense in closed information spaces with preselected content. In this 
respect, research aiming at cross-validation and investigating differences in information 
processing behaviors for tasks in closed (e.g., PIAAC web search tasks) and open infor-
mation spaces (tasks involving the Internet) would be of great value.
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Interpreting process indicators as strategy use

Interpreting the occurrence of behavioral patterns in terms of strategy use is a strong 
inference. Following a strategy is a conscious and deliberate act of systematically con-
trolling and modifying one’s efforts to work toward a self-set goal (see Afflerbach et al., 
2008). Accordingly, strategies are the products of intentions, but with log data, we can 
only observe the aftermath of how both intentions and chosen strategies played out. It 
becomes clear that inferring strategy use from the patterns requires validation.

For the satisficing and sampling patterns, there is a theory-based plausibility to the 
argument that they result from the application of satisficing and sampling strategies, 
motivated by the goal to perform well (in the case of satisficing with the secondary goal 
of saving time and effort; Reader & Payne, 2007). In contrast, the line of argument is less 
clear for the flimsy and the breadth-first patterns. On the one side, adults with these 
patterns might have also followed the goal of performing well but lacked the means to 
choose appropriate actions or the metacognitive skill to monitor and adjust their behav-
ior according to the task demands. On the other side, these adults might have been 
instead motivated by finishing up as fast as possible, resulting in superficial test-taking. 
For the flimsy pattern, the result that adults tend to stick to the flimsy pattern across 
tasks speaks for the latter. Accordingly, it may indicate test-taking disengagement (see 
Goldhammer et al., 2016; OECD, 2019). Another validation strategy for such an interpre-
tation might involve a microanalytic look at talk and gesture data (e.g., Maddox, 2017). 
Such fine-grained observations, obtained during test situations, could offer insights into 
how tests are received and administered in different socioeconomic and cultural settings 
(e.g., how interviewers deal with fatigued participants or participants seeking support).

Another example that highlights the necessity of validation concerns the interpre-
tation of the laborious pattern. Juvina and Oostendorp (2006) argued that individuals 
exhibit this pattern to ensure a good representation of the information structure. In 
line with this reasoning, they showed that the pattern was correlated with high episodic 
memory and low spatial ability. Our results contribute to their idea by indicating that the 
laborious pattern was associated with item success, especially in the Book Purchase task 
(u07). Speaking against it, though, participants with the laborious pattern in the study of 
Gao et al. (2022) showed only moderate task success (60–78% success rates across items 
and samples). The authors argued that adults might get lost in the information space 
because they fail to interpret and integrate ideas across sources due to low reading skills. 
We controlled in our analyses for information processing skills, such as reading, and the 
adults with the laborious pattern in our samples were descriptively among the better 
readers. In this respect, the interpretation of Gao and colleagues might not represent a 
contradiction but demonstrates the need to examine the contexts in which specific pat-
terns occur closely.

Revisiting interindividual differences in web search

There are implications that our study can contribute to the body of research on indi-
vidual differences in web search. First, we showed that specific patterns associated with 
a systematic way of information processing explain web search performance, indepen-
dent of distal variables of individual background and proximal variables of information 
processing skills. This is good news for educators, as this result suggests that individuals 
can improve their use of online information despite unfavorable preconditions. Potential 
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strategy instructions should consider task-specific needs, as our results, like those of 
Gao et al. (2022), indicate differences in the appropriateness and effectiveness of cer-
tain behaviors for tasks focusing on information location versus information evaluation. 
Directions of future research could address changes in information processing patterns 
across tasks, examining individuals’ repertoires of strategies and their ability to adapt to 
changing conditions in the information landscape.

Furthermore, our results align with findings from small-scale research on age differ-
ences (e.g., Chevalier et al., 2015; Morrison, 2015), extending them to a broad interna-
tional sample of different ages in adulthood. We found age differences in two of our three 
subsamples: Adults were less likely to solve the PIAAC web search tasks with increasing 
age correctly. This was especially pronounced in the Book Purchase task (u07), which 
corresponds with the finding that older adults experience more difficulty locating spe-
cific targets on the web than younger adults (Etcheverry et al., 2012). After accounting 
for educational background, gender, and information processing skills, the remaining 
age differences could be explained in terms of the information processing behaviors, 
suggesting that older adults can overcome difficulties in finding information by adopt-
ing appropriate information processing strategies. Although encouraging, these results 
should nevertheless be viewed with caution, as older adults were also more likely to not 
participate in the computer-based assessment of PIAAC (OECD, 2013).

The missing age-related difference in the reliability judgment task (u06b) might result 
from including educational attainment in our analyses, which we partly did to bet-
ter separate cohort from age effects. Cohort effects could also explain why we did not 
observe a quadratic effect of age at all (see OECD, 2013, p. 191). Notably, the effects 
of the educational level disappeared after reading skills were included as a predictor. 
Accordingly, good web search decisions do not depend directly on a person’s formal 
education. Instead, adults with higher educational qualifications are more likely to pos-
sess proficient reading skills, which are a crucial resource for solving information prob-
lems and lifelong learning.

Regarding gender differences and in line with the work of Hämäläinen et al. (2020), we 
could not find any differences in web search performance between females and males 
that were not already explained by age and educational background. In terms of behav-
ioral differences (Table 4), notable descriptive differences only occurred for exhibiting 
the satisficing pattern in the reliability judgment task (u06b), where females seemed less 
likely to show this pattern. However, the satisficing pattern was rarely observed in the 
reliability judgment task (Table 3).

Finally, our study underlines the role of reading and evaluation skills as essential pre-
requisites for solving information problems (Brand-Gruwel et al., 2009; Hahnel et al., 
2018; Salmerón et al., 2018). The indicator on determining the usefulness of an infor-
mation source based on link information contributed to item success beyond read-
ing skill in sample S2 (Table 6), adding support to the assumption that individuals use 
link information to make predictive judgments to anticipate a website’s value for a task 
(Hilligoss & Rieh, 2008). Moreover, the two evaluation skill indicators independently 
predicted item success in sample S1 (Table 5), suggesting separable aspects of link evalu-
ation. This result is consistent with the idea that web users who are able to identify useful 
content may still fall for deception or misinformation if they fail to perceive and inter-
pret link features that indicate limitations in the credibility of an information source (see 
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George et al., 2016). For example, suppose a web user believes they read independently 
researched information, not noticing features that identify this information as sponsored 
content. In that case, there is little incentive for that web user to investigate further the 
intention of the source (see Wineburg et al., 2018). Further research in this direction is 
needed, especially as our results rely only on two indicators from a single task not explic-
itly designed to measure different aspects in link evaluation.

Limitations

The PIAAC study was not designed to generate generalizable results about information 
processing behaviors in web search. Accordingly, we could only use two items address-
ing a web search problem and one item tapping on evaluation skills in the context of web 
search. This situation raises questions on the stability of the observed effects, especially 
concerning different requirements in web search tasks (locating information vs. evaluat-
ing information). Our predictor selection was also restricted to available variables, there-
fore failing to consider the effects of other skills and experiences critical in web search 
(e.g., prior knowledge, topic interest, attitudes and beliefs). Furthermore, to investigate 
the predictive contribution of different information processing patterns beyond read-
ing and evaluation skills, we had to split the PIAAC data into three independent datas-
ets, ignoring participants who worked on PSTRE and numeracy tasks and reducing the 
test power of our analyses. As a cross-sectional study, PIAAC provides a snapshot of the 
individual skills at a particular point in time. Accordingly, any directed interpretations 
of the observed effects are not supported by the study design or our correlation-based 
analytical approach but are only motivated by the theoretical background and previous 
research. However, a major strength of the PIAAC data is its cross-national representa-
tive sample, covering a wide range of age and educational backgrounds. As our analyses 
show, there is still much to learn from this unique database.

Conclusions
Our study highlights the strengths and pitfalls of creating rule-based process indicators 
informed by previous research and assumptions about information processing behavior. 
Rather than using simple process indicators of test-taking behavior (e.g., number of page 
visits), we reviewed strategies that are supposed to be behind the specific patterns and 
portrayed how applying a specific strategy would result in item interactions, leading to 
rules on how to transform low-level features into a meaningful process indicator. This 
top-down approach has strengths in reducing interpretative ambiguities and pointing 
out patterns that might be overlooked, but also has the downside of requiring precise a 
priori rule specifications. Nevertheless, it allows for a targeted examination of behaviors 
of interest and can potentially support educational intervention during a test session. 
Beyond indicator construction and validation, our study also contributes by shedding 
light on the role that individual background, information processing skills and behavior 
play when dealing with online information. A highlight is that information processing 
skills and behavior explained large parts of the effects of individual background, sug-
gesting that adults can overcome shortcomings in web search performance by learnable 
skills and strategies. In other words, they can improve their use of online information by 
adopting malleable information processing strategies despite unfavorable preconditions.
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