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Abstract. Following an extended perspective of evidence-centered design, this study provides a methodological exemplar of the theory-based
construction of process indicators from log data. We investigated decision-making processes in web search as the target construct, assuming
that individuals follow a heuristic search (focusing on search results vs. websites as a primary information source) and stopping rule (following
a satisficing vs. sampling strategy). Drawing on these assumptions, we describe our reasoning for identifying the empirical evidence needed
and selecting an assessment to obtain this evidence to derive process indicators that represent groups differentiated by search and stopping
rule combinations. To evaluate our approach, we reanalyzed the processing behavior of 150 university students who were requested in four
tasks to select a specific website from a list of five search results. We determined the process indicators per item and conducted multiple
cluster analyses to investigate group recovery. For each item, we found three clusters, two of which matched our assumptions. Additionally, we
explored the consistency of students’ cluster membership across items and investigated their relationship with students’ skills in evaluating
online information. Based on the results, we discuss the tradeoff between construct breadth and process elaboration for deriving meaningful
process indicators.

Keywords: process indicator construction, evidence identification, web search, log data, feature selection

Process data, such as log data that record events of mouse
clicks and keystrokes with timestamps, can enrich assess-
ments in many ways (e.g., representing construct-related
processes such as planning, Eichmann et al., 2019; ensuring
data quality by detecting aberrant responses, van der Lin-
den & Guo, 2008). Nevertheless, deriving meaningful pro-
cess indicators from log data is challenging. It requires
integrating available log events with characteristics of the
respective task design and expectations about an individ-
ual’s behavior in the task situation (Goldhammer et al.,
2021). However, complex constructs tend to be underde-
fined in how exactly involved mental processes translate
into observable behaviors (cf. sourcing in multiple docu-
ment comprehension: Hahnel et al., 2019), or they are
too versatile to be described in terms of a single indicator
(cf. different patterns of exploration: Greiff et al., 2018).

Elaborate conceptual ideas about how a mental process
manifests in a particular task situation are crucial for task

design. They can motivate the derivation of process indica-
tors tailored to represent attributes of the mental process at
work. Uses for log data might also be discovered after the
design phase, requiring the identification of new arguments
that justify inferences about the mental process of interest
from process data. This study seeks to provide a method-
ological exemplar of such a theory-based construction of
process indicators from log data. For this purpose, we inves-
tigate the decision-making process of individuals in online
information searches. Using log data from the computer-
based test EVON (Evaluation of Online Information;
Hahnel et al., 2020), we intend to derive a set of process
indicators that maximize the differences between distinct
decision-making approaches to selecting online infor-
mation.

Reasoning From Evidence Provided by Log
Data

Based on the idea that the nature of the construct of inter-
est should guide the development or selection of tasks,
scoring methods, and statistical models, evidence-centered
design (ECD) suggests specifying the variables representing
the construct (student model), the situation used to obtain

�2023 The Author(s). Distributed as a Hogrefe OpenMind article European Journal of Psychological Assessment (2023), 39(4), 271–279
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evidence about them (task model), and the rules of using
the obtained evidence to draw inferences about character-
istics of the construct (evidence model; Mislevy et al.,
2003). Applying the ECD perspective to reason from the
evidence provided by log data, Goldhammer and colleagues
(2021) elaborate that a theory-driven construction of pro-
cess indicators focuses on the attributes of a work process
(student model). Accordingly, theoretical rationales about
these attributes provide information about the kind of evi-
dence needed for their identification (evidence model)
and about the task design to make this evidence observable
(task/activity model). By applying evidence identification
rules (“scoring the work process”), process indicators
can be derived, provided that the raw log events (e.g., a
LinkLogEntry event at time t) can be interpreted as low-
level features – that is meaningful process components
(e.g., the LinkLogEntry event can be interpreted as visiting
a specific page at time t). Several low-level features (e.g.,
multiple events indicating a page visit) can then be synthe-
sized into a more complex process indicator (e.g., adding
the event occurrences gives the number of page visits)
which is assumed to indicate the presence (or absence) of
the target attribute.

An assessment is ideally designed around a specific goal
of log data use (e.g., Hahnel et al., 2019). However, situa-
tions exist where uses for log data are discovered post
hoc. In this case, the validity argument that justifies infer-
ences about the target attribute from a process indicator
cannot rely on theoretical a priori arguments that drove
the task design (Goldhammer et al., 2021). Instead, based
on the theoretical rationales about the target attribute,
new evidence identification rules need to be established
that specify what kind of empirical evidence is required
and by what degree of low-level feature aggregation it is
obtained. Accordingly, the task/activity model of a selected
task must be evaluated in terms of whether it provides suf-
ficient interactivity to capture log data that allow the iden-
tification of the required low-level features. The present
study illustrates this reasoning by investigating the deci-
sion-making process in web search as the work process,
the use of certain heuristics shaping this process as the
target attributes, and the EVON instrument as the situa-
tion-providing assessment to obtain the required empirical
evidence to reason about the work process.

Decision-Making in Web Search

Web search is an information problem-solving process in
which individuals must make the best possible decision
under time constraints with limited cognitive resources
(Brand-Gruwel et al., 2009; Pirolli, 2005). To cope with
the abundance of available information efficiently, individ-
uals will apply heuristics (Metzger et al., 2010). Heuristics

are cognitive shortcuts meant to save mental effort. They
are considered to share a set of rules for search and stop-
ping as their common building blocks (e.g., Gigerenzer &
Gaissmaier, 2011). We applied the concept of this “adaptive
toolbox” to the context of web search and identified search
and stopping rules individuals might apply when making
web search decisions.

Search rules specify the direction inwhich a search extends.
According to the idea of information foraging (Pirolli, 2005),
individuals will engage in predicting the value of information
for a task at hand using proximal cues in the immediate task
environment. Consequently, individuals may focus predomi-
nantly on the information presented on a search result page
(SERP) and refrain from an inspection of website content that
did not pass their initial judgment (“SERP-focused” search
rule). Empirical results suggest a second search rule focused
on the evaluation of website content. Wirth and colleagues
(2007) found that many individuals, especially those with
above-average domain-specific knowledge, tended to visit a
larger number of websites briefly before focusing on a specific
website more thoroughly. Accordingly, these individuals
might base their decision for a particular website less on the
SERP information and more on skimming viable alternatives
(“website-focused” search rule).

Stopping rules define sufficiency thresholds and express
the moment at which individuals terminate their search
efforts (Browne et al., 2007). Reader and Payne (2007) dis-
cuss satisficing and sampling as two strategies for deciding
when to stop selecting texts for learning purposes. They
describe satisficing as sifting through the available options
until readers find the first option that exceeds their self-
set threshold of the desired outcome, while sampling is
characterized as going through and comparing the available
options until the best option is found. While a sampling-
based search will be more comprehensive, it also requires
more cognitive effort and time. Based on these descrip-
tions, we distinguish stopping rules that refer to the out-
comes of having applied a satisficing (“early stop”) or
sampling strategy (“late stop”).

Assuming that individuals follow a specific combination
of the above-described search and stopping rules, we distin-
guish four mutually exclusive groups that represent our tar-
get attributes:
– A “SERP-focused/early stop” (SE) group that focuses

predominantly on inspecting search results and ends
their search process as soon as a sufficient match
between task and information source has been found.

– A “SERP-focused/late stop” (SL) group that also uses
the SERP as the primary search space, but ends the
search after finding the supposedly best result.

– A “website-focused/early stop” (WE) group that
focuses on the evaluation of website content and stops
as soon as any matching website has been found.

European Journal of Psychological Assessment (2023), 39(4), 271–279 �2023 The Author(s). Distributed as a Hogrefe OpenMind article
under the license CC BY 4.0 (https://creativecommons.org/licenses/by/4.0)
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– A “website-focused/late stop” (WL) group that also
concentrates on website content but searches until
the best match to the information problem has been
identified.

Assessing Decision-Making Processes
With the EVON

An assessment that makes evidence of our target attributes
observable needs to provide individuals with situations
where they are invited to make a decision between multiple
available alternatives at their own pace with the option to
explore different search spaces autonomously. Such a
task/activity model is realized for the items of EVON (Hah-
nel et al., 2020). EVON was originally constructed to cap-
ture students’ skill in using semantic cues and structural,
message-based, and sponsor-based credibility features to
evaluate information online. The items request students
to identify the website with the most useful and trustworthy
information, providing them with an information problem,
a SERP, and websites (Figure 1). Low-level features that
can be extracted from log data include actions and states
that mark the beginning and end of item processing (item
start and end events), accessing and staying on a specific
page (SERP and websites), and submitting a response (radio
button selection).

So, how do we link the target attributes to observable
behavior within the EVON situations? We apply the theoret-
ical assumptions that motivated the distinction of the four

target attributes to the specific application context of the
activity space of the task environment. That means, based
on our specification of the distinguished search and stop-
ping rules, we portray how individuals who apply specific
rules should behave in the EVON items and what kind of
traces they are likely to leave behind that can be extracted
from the log data.

Concerning the search rules, individuals who apply a
SERP-focused rule should spend the majority of their time
on the search results and be less likely to inspect websites.
In contrast, individuals who apply a website-focused rule
will spend most of their time on one or more websites.
Accordingly, process indicators reflecting individuals’ time
investment on a particular page type (indicator 1: SERP-
to-website time ratio) and their access to different pages
(indicator 2: number of websites visited) should be suitable
to differentiate between different search rules.

Concerning the stopping rules, individuals who apply an
early-stop rule should be less likely to spend time working
on an information problem than those who look for the best
result. They should also be less inclined to revisit already
accessed websites, as these websites were considered insuf-
ficient if the search continues. Accordingly, individuals with
an early-stop rule should be likely to select their last
inspected option as their final response. In contrast, individ-
uals with a late-stop rule should take time to review all
available options and might even compare them multiple
times. Accordingly, process indicators reflecting individu-
als’ time investment for task processing (indicator 3: process-
ing time) and their behavior of deciding on the last

Figure 1. Example of an EVON item (from Hahnel et al., 2020).

�2023 The Author(s). Distributed as a Hogrefe OpenMind article European Journal of Psychological Assessment (2023), 39(4), 271–279
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inspected material without revisiting websites (indicator 4:
satisficing) should be suitable to differentiate between dif-
ferent stopping rules.

Finally, we can represent our target attributes (SE, SL,
WE, WL) as a synthesis of four process indicators (SERP-
to-website time ratio, number of websites visited, process-
ing time, and satisficing). This synthesis may be accom-
plished by setting thresholds for the process indicators
that evaluate whether the displayed behavior indicates
the presence or absence of a particular attribute (e.g., Hah-
nel et al., 2019). However, due to a lack of sufficient infor-
mation about precise thresholds, we will aggregate them
using cluster analysis. This approach also allows us to
examine whether the theoretically expected groups can
be recovered empirically and to evaluate our approach of
deriving theory-informed process indicators from the large
pool of possible process indicators.

The Current Study

With the aim to provide a methodological exemplar of the
theory-based construction of process indicators from log
data, we introduced a theoretical rationale about the heuris-
tic use of search and stopping rules in web search and
derived, based on our assumptions, four process indicators
that should represent groups of different combinations of
those rules. We used log data from the EVON assessment
to create the process indicators and performed a cluster
analysis to investigate whether the assumed groups can
be empirically recovered. To interpret the empirical clus-
ters, we examined the characteristics of the found clusters
and compared them with theory-based expectations about
the relational orders between the mean values of the pro-
cess indicators (Table 1). Additionally, we explored the con-
sistency of cluster membership across different EVON
items and associated cluster membership with the skill of
evaluating online information.

Methods

Design and Sample

We reanalyzed the result and process data of Hahnel and
colleagues (2020) for four EVON items that presented stu-
dents with five clickable links and websites (the other items
showed only three links, reducing variation in the process
indicators). As part of a half-an-hour online assessment,
the items were administered in a fixed order (positions 2,
3, 5, 7). Notably, each item was of a different item type that
varied how immediately the target link/website (i.e., the

correct solution) was identifiable as the optimal choice in
terms of relevance and credibility compared to competing
non-targets. The first item (position 2) provided clear cred-
ibility cues on the target website that were not obvious from
the SERP information (Cold, type 3; Figure 1). The non-tar-
get websites of the second item displayed flaws not indi-
cated by the SERP (Paper, type 4). For the third item, the
SERP and website information matched completely (Diving,
type 2). These three items had in common that all their
search results were semantically related to a task at hand.
That was not the case for the last item (Email, type 1),
where the non-targets were only related to the task on a
surface level. Hahnel et al. (2020) showed that the item
type predicted item difficulty, with type 1 being the easiest
and type 3 the most difficult item type. Apart from this,
the EVON items are relatively uniform (e.g., they are of the
same structure and navigation complexity). Given that the
EVON addresses university students, the readability of pro-
vided texts is of low to moderate complexity (Table S1).

After excluding two cases with incomplete log data, we
analyzed the data of 150 students. The sample was on
average 23.2 years old (SD = 3.42), comprised 66.4%
female students, and was enrolled in different programs
(bachelor = 54.05%, master = 14.19%, German Staatsexa-
men [a degree earned after long-cycle programs, such as
law, medicine, teaching] = 31.76%).

Measures

The four process indicators were derived per item using the
R package LogFSM (Kroehne, 2019). Table S2 presents their
means, standard deviations, and intercorrelations. They
were operationalized as follows:
– The SERP–website time ratio is the time spent on the

SERP, over the total time on websites (plus a constant
of 1 ms). The ratio was log-transformed. Accordingly,
positive values indicate that students spent most of
their time on the search results; negative values indi-
cate higher time investment for websites.

– The number of websites visited is a count indicator of dif-
ferent websites accessed while students processed an
item (range: 0–5 websites).

– Processing time is the time interval from the item start event
to the event of students clicking the next-item button. The
indicator was log-transformed for the cluster analysis.

– Satisficing was represented as a dichotomous indicator
that marked students as showing satisficing behavior if
their behavior met the following criteria: They selected
the website they had visited last as their response
(independent of the response’s correctness); did not
visit websites multiple times; and did not visit any
websites after their response.

European Journal of Psychological Assessment (2023), 39(4), 271–279 �2023 The Author(s). Distributed as a Hogrefe OpenMind article
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For further exploratory analyses of the relationship between
the empirical groups of web search decision-making and
students’ skill to evaluate online information, we used the
EVON score estimated by Hahnel and colleagues (2020;
EAP reliability = .62, p. 10 in their paper).

Data Analysis

For synthesizing the process indicators, we performed sev-
eral cluster analyses per item (R package cluster; Maechler
et al., 2021). Note that we deviate from the typical applica-
tion of cluster analysis since we do not primarily focus on
detecting unknown patterns but rather demonstrate the
results of a particular feature selection strategy. We first
determined a dissimilarity matrix using Gower’s distance
that handles mixed data types. It computes a similarity
value between individuals by variable type (continuous vs.
categorical) and averages the partial dissimilarities across
individuals (Everitt et al., 2001). Afterward, we used a par-
titioning around medoids (PAM) algorithm. PAM clustering
determines a set of objects within a cluster (medoids) and
calculates other cases’ dissimilarities. The process is itera-
tive, which means any case that reduces the average dis-
similarity is used as a new cluster medoid until new
medoids cannot be found anymore. The final medoids rep-
resent the most centrally located objects in the clusters.

PAM clustering requires predefining the number of clus-
ters. Although we expected 4 groups, we ran the algorithm
multiple times for each items to produce partitions into
2–10 groups to evaluate alternative clustering. We deter-
mined the average silhouette width as a coherence measure
for each run. Silhouette widths close to 1 indicate a high
within-group homogeneity and a low overlap with other
groups. A justifiable cluster structure is characterized by an
average silhouettewidth larger than0.5 (Everitt et al., 2001).

Finally, we investigated students’ cluster membership
across the items based on the identified clusters. With four
clusters within four items, we expected 256 unique combi-
nations to recode according to how many behaviors stu-
dents showed across the items (e.g., various combinations
of SE and SL behaviors would be summarized as “SE/SL
behaviors”). Using regression analysis, we used this new
membership indicator to predict students’ performance in
evaluating online information.

Results

Clustering

We decided on the three-cluster solutions, as their average
silhouette widths were the highest (average values between
.70 and .79; Figure S1). Table 2 shows the descriptive statis-
tics of the process indicators and the cluster size per cluster
(also Table S3). The identified clusters were highly similar
across the items. Therefore, we assigned the same label
to similar clusters.

In line with the evidence identification rules for assigning
the attribute labels (Table 1), two cluster sets matched the
attributes of SE and WL. SE students spent most of their
time on the SERP (high positive SERP–website time ratios),
visited hardly any websites, and completed the items rather
quickly (on average, about 22 s). In contrast, WL students
spent most of their time on the websites (negative SERP–
website time ratios), visited almost all of them (4–5 pages),
and showed the most extended processing times.

The remaining cluster set revealed characteristics of both
SL and WE. These students tended to spend more time on
the SERP than on the websites (low but positive SERP–
website time ratios), favoring the SL interpretation, but pre-
dominantly displayed satisficing behavior compared to the
students of the other clusters, favoring the WE interpreta-
tion. In line with both interpretations, these students
included website information in their decision-making
process (on average, 2–4 websites visited), and invested a
moderate amount of time in item processing compared to
the SE and WL clusters. Accordingly, we assigned a new
label to this mixed cluster (MX).

Exploratory Analyses

First, we inspected the item success rates and the average
EVON score for the identified clusters (Table 2). The item
success rates for the SE clusters did not considerably deviate
from the chance level (at .20) for two items but were lower
for the item Paper and higher for the item Email. The SE
attribute was descriptively associated with a below-average
EVON score. The MX clusters were fairly successful in item
processing, while their behavior seemed less suitable for
solving the item Paper. Their average EVON score, though,
varied considerably between items (averages between 0.08

Table 1. Evidence identification rules that assign the attribute labels according to relational orders of the process indicators’ mean values

Group SERP–websites time ratio Number of websites visited Processing time Satisficing

SE MSE > MSL > 0 MSE < MSL/WE/WL MSE < MSL/WE/WL MSE < MWE

SL MSL > 0 MSE < MSL < MWL MSE < MSL < MWL MSL < MWE

WE MWE < 0 MSE < MWE < MWL MSE < MWE < MWL MWE > MSE/SL/WL

WL MWL < MWE < 0 MWL > MSE/SL/WE MWL > MSE/SL/WE MWL < MWE

Note. SE = SERP-focused/early stop; SL = SERP-focused/late stop; WE = website-focused/early stop; WL = website-focused/late stop.

�2023 The Author(s). Distributed as a Hogrefe OpenMind article European Journal of Psychological Assessment (2023), 39(4), 271–279
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and 0.32) indicating different group compositions (i.e., stu-
dents seemed to exhibit MX behavior under specific circum-
stances rather than consistently across items). The WL
clusters showed high item success rates (except for the item
Cold) and the highest average EVON scores.

Next, we inspected students’ cluster membership across
items. Figure 2 shows that most students who exhibited SE
behavior in the first item also showed this behavior in other
items. Transitions to other clusters occurred but were less
likely. For WL behavior, we also found that a considerable
proportion of students stuck exclusively to WL behavior,
but it was lower than for SE behavior. There were compar-
atively few students who adhered exclusively to MX behav-
iors. Instead, students exhibiting MX behavior at some
point tended to demonstrate a mix of different behaviors
across items. Notably, the least transitions occurred
between the SE and WL behaviors, the two most distinct
behaviors given their assumed search and stopping rules.

Finally, we recorded the behavior sequences into a cate-
gorical variable distinguishing between which and how
many different behaviors were exhibited during item pro-
cessing (reference category “SE behavior only”; Table S4).
The variable was used to predict the EVON score. The
results in Table 3 show that 49.7% of the variability in the
EVON score was explained. Students who displayed MX
or WL behaviors, or a combination of both, demonstrated
higher skill in evaluating online information than students
who did not exhibit these behaviors.

Discussion

Our study demonstrates how theoretical expectations about
a mental process, such as decision-making in web search,
contribute to drawing inferences from process data

produced by assessments like the EVON, which assesses
students’ skills in evaluating online information. The results
illustrate the strengths and challenges of this approach.
Following Goldhammer and colleagues (2021), we were
able to derive new process indicators (SERP-to-website
time ratio, satisficing) and improve the informational value
of other more generic ones (number of pages visited, pro-
cessing time). Developing evidence identification rules
was particularly valuable, as it allowed us to investigate
log data for uses that were not considered during the design
of the EVON items, demonstrating the potential of reusing
existing computer-based test instruments. Although we did
not find all anticipated groups, we were able to assign
meaningful interpretations to the emerged groups with
ease, guided by our evidence identification rules and
theoretical assumptions about search and stopping rules
(see Gigerenzer & Gaissmaier, 2011). Having found the
expected SE and WL attributes supports the plausibility of
the validity argument for the derived process indicators,
despite a lack of evidence for separable SL and WE attri-
butes (i.e., finding of the MX group). Still, the appropriate-
ness of our preferred interpretation needs to be carefully
evaluated against alternative interpretations and limitations
of this study.

Alternative interpretations of the SE and WL cluster
could result from construct-irrelevant influences. For exam-
ple, some SE students showed very low processing times,
suggesting that their observed behavior might be due to
rapid guessing or test disengagement. However, this inter-
pretation is opposed by the comparatively high solution rate
in the item Email (the target link stood out in relevance)
and the solution rate below the chance level in the item
Paper (the non-target websites displayed deficiencies but
not their links). Another example is that many of the WL
students visited all available websites. Although this

Table 2. Results from partitioning around medoids clustering (means and standard deviations of the process indicators) and average item and
test performance per cluster and item

Item
Chosen
label n

Log time ratio
SERP–websites

Number of
websites visited

Processing time
(seconds) Satisficing* Item score* EVON score

2: Cold SE 46 9.99 (0.72) 0.00 (0.00) 27.47 (17.60) 0.00 0.24 �0.76 (0.63)
MX 35 0.69 (0.76) 2.14 (1.35) 61.15 (37.78) 1.00 0.70 0.17 (0.61)

WL 69 �0.14 (0.65) 4.25 (1.13) 109.47 (45.88) 0.00 0.58 0.42 (0.72)

3: Paper SE 52 9.82 (0.61) 0.00 (0.00) 22.27 (14.09) 0.00 0.13 �0.73 (0.64)
MX 39 0.30 (0.62) 2.56 (1.25) 58.91 (21.16) 0.74 0.63 0.08 (0.71)

WL 59 �0.51 (0.48) 4.71 (0.53) 104.14 (40.03) 0.02 0.76 0.58 (0.56)

5: Diving SE 53 9.28 (2.03) 0.06 (0.23) 21.56 (11.99) 0.00 0.23 �0.77 (0.59)
MX 34 0.19 (0.72) 2.82 (1.47) 56.10 (29.32) 1.00 0.73 0.32 (0.71)

WL 63 �0.37 (0.58) 4.59 (0.75) 88.90 (39.25) 0.00 0.73 0.47 (0.59)

7: Email SE 63 9.51 (1.26) 0.02 (0.13) 18.26 (10.48) 0.00 0.45 �0.63 (0.69)
MX 39 0.42 (0.73) 2.03 (1.18) 52.75 (24.15) 1.00 0.82 0.30 (0.62)

WL 48 �0.20 (0.69) 4.10 (1.12) 87.07 (40.04) 0.00 0.89 0.58 (0.60)

Note. *The relative frequency of category “1” (dichotomous variable). Performance measures were not included in the clustering. SE = SERP-focused/early
stop; MX = mixed behaviors; WL = website-focused/late stop.

European Journal of Psychological Assessment (2023), 39(4), 271–279 �2023 The Author(s). Distributed as a Hogrefe OpenMind article
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behavior is consistent with the definition of sampling
(Reader & Payne, 2007), it also marks an effective test-tak-
ing strategy in items asking for an optimal choice. The pro-
portion of WL students in the item Email could be taken as
evidence for this interpretation. However, this cluster was
descriptively smaller than the WL clusters in the other
items. Accordingly, serious attempts to challenge the SE/
WL interpretations of the clusters could be to provide stu-
dents with experimentally varied additional instructions
that request them to focus on a specific aspect (e.g., decide
as fast as possible vs. consider all available information).

The question remains of why we did not find evidence
for the assumed SL and WE attributes. Instead, we repeat-
edly observed the MX cluster, which appears to combine
characteristics of both attributes. A reasonable explanation

could be that the activity space of the items was too limited
to separate the assumed attributes empirically. The EVON
items present only five link-website pairs without further
website navigation options. Therefore, a suitable validation
approach could be to attempt to identify the clusters when
students work on web search tasks under more natural con-
ditions (i.e., in a large enclosed or open information space).
Alternatively, the MX group might also point out that our
theoretical assumptions oversimplify possible search and
stopping rules and combinations of those. Currently, our
theoretical assumptions speak for mutually exclusive
attributes, not covering phenomena such as switching
heuristics or following multiple searches and stopping rules.
It is reasonable to assume that advancing the differentiation
of our theoretical assumptions about different rules could

Figure 2. Flow chart of students’ cluster membership across items. Box sizes are proportional to cluster sizes; colors represent students’
membership in the first item; line thickness indicates the sample size of students in boxes connected by the line.

Table 3. Results of the exploratory regression analysis to predict the EVON score (reference category “SE behavior only”)

Predictor b p b 95% CI [LL, UL] Fit

(Intercept) �0.84*** < .001 [�1.03, �0.65]

MX behavior only 1.30*** < .001 [0.81, 1.79]

WL behavior only 1.54*** < .001 [1.24, 1.84]

SE/MX behaviors 0.51** .010 [0.13, 0.90]

SE/WL behaviors 0.34 .243 [�0.23, 0.91]

MX/WL behaviors 1.23*** < .001 [0.97, 1.49]

Mix of all behaviors 0.84*** < .001 [0.44, 1.23]

R2 = .497**

95% CI [.36, .57]

Note. b = unstandardized regression weights; LL = lower limits of a confidence interval; UL = upper limits of a confidence interval; SE = SERP-focused/early
stop; MX = mixed behaviors; WL = website-focused/late stop. **p < .01; ***p < .001.

�2023 The Author(s). Distributed as a Hogrefe OpenMind article European Journal of Psychological Assessment (2023), 39(4), 271–279
under the license CC BY 4.0 (https://creativecommons.org/licenses/by/4.0)
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lead to more differentiated attributes and, consequently,
process indicators. Finally, the absence of separate SL and
WE clusters might also be due to the small sample of uni-
versity students who are comparably homogenous regard-
ing their cognitive abilities or the high correlations
between the continuous process indicators (Table S2). Espe-
cially the latter marks a challenging issue as it can influence
cluster formation. It might be overcome by providing a lar-
ger activity space, eventually affecting the variation of the
process indicators.

The presence of the MX cluster also raises the question
of whether uninterpretable behavioral patterns could exist.
Such patterns could reflect construct-irrelevant behavior,
such as patterns with long times of inactivity (e.g., respond-
ing after several minutes without any website visit) or short
times of activity (e.g., visiting all websites in a short period).
In fact, observing new clusters would be highly informative,
as they can indicate flawed evidence identification rules or
the need to adapt and extend the underlying theoretical
assumptions. Additionally, the cluster-analytical approach
could contribute to masking the occurrence of certain
groups. Although we see strength in synthesizing multiple
process indicators to indicate the presence or absence of
a target attribute, unpredicted behavior might get grouped
with somewhat similar behavior if it is inconspicuous
enough in the data. If such cases are not revealed, the deci-
sion-making process of these students will be misclassified.
With a larger sample, information on the individual fit to a
class can be obtained by using a model-based approach
such as latent class analysis (see Greiff et al., 2018). Pro-
vided that it is reasonable that the theoretical groups exist,
it is also possible to use fuzzy clustering, a technique that
specifies the strength of a case’s membership in each
assumed cluster without an underlying probabilistic model.
For our study, we can at least note that the substantial aver-
age silhouette widths indicate well-separated and coherent
clusters.

Finally, the exploratory analyses indicated individual and
task-specific differences, providing interesting directions for
future validation efforts. The results show that the clusters
could be consistently identified for all four items, albeit in
varying proportions across items. This variability hints at
students’ capability to switch their behavior between items
to adapt to the current task requirements. Accordingly,
some pattern combinations across items might be more
likely than others, assuming that students with high web
search abilities are able to choose context-appropriate
search and stopping rules. This adaptivity is particularly evi-
dent in students who exhibit WL and MX behaviors across
items. They differed little in their EVON scores from stu-
dents who only engaged in WL behaviors, which are more
demanding in their completion (i.e., higher time and
effort investment due to exposure to more information).

However, the direction and implications of these results
must be considered with utmost care since our analyses
only included one item per item type. Accordingly, any
effect of cluster membership is potentially confounded with
individual factors (e.g., skill, interest, motivation) or item
and test characteristics (e.g., item position within the test,
the position of the target link within an item) and requires
attention in future research.

Despite its limitations, our study holds value in demon-
strating how theoretical assumptions can guide the selec-
tion and construction of meaningful process indicators. It
also illustrates a tradeoff between a construct’s breadth
and its theoretical elaboration on processes. The broader
the construct of interest, the more difficult it is to break
down its complexity in terms of observable behavior on a
micro-level. In contrast, overly specified assumptions might
not be generalizable to observations in other contexts any-
more (see also the discussion of generic vs. task-specific
process indicators in Goldhammer et al., 2021). The theo-
retical assumptions in our study were specific enough to
guide the identification of evidence for the assumed cogni-
tive processes to derive meaningful process indicators.
However, this came at the cost of simplifying possible
search and stopping rules into dichotomous heuristics. In
summary, it is challenging to formulate specific theoretical
assumptions about processes that cover a construct appro-
priately andmotivate process indicators with a clear, prefer-
ably unambiguous interpretation. Nevertheless, our study
suggests that even the attempt contributes to clarifying
what evidence from log data is needed and how it can be
identified as process indicators to represent the construct
of interest.

References

Brand-Gruwel, S., Wopereis, I., & Walraven, A. (2009). A descriptive
model of information problem solving while using internet.
Computers & Education, 53(4), 1207–1217. https://doi.org/
10.1016/j.compedu.2009.06.004

Browne, G. J., Pitts, M. G., & Wetherbe, J. C. (2007). Cognitive
stopping rules for terminating information search in online
tasks. MIS Quarterly, 31(1), 89–104. https://doi.org/10.2307/
25148782

Eichmann, B., Goldhammer, F., Greiff, S., Pucite, L., & Naumann, J.
(2019). The role of planning in complex problem solving.
Computers & Education, 128, 1–12. https://doi.org/10.1016/
j.compedu.2018.08.004

Everitt, B., Landau, S., & Leese, M. (2001). Cluster analysis (4th
ed.). Oxford University Press.

Gigerenzer, G., & Gaissmaier, W. (2011). Heuristic Decision
Making. Annual Review of Psychology, 62(1), 451–482. https://
doi.org/10.1146/annurev-psych-120709-145346

Goldhammer, F., Hahnel, C., Kroehne, U., & Zehner, F. (2021).
From byproduct to design factor: On validating the interpreta-
tion of process indicators based on log data. Large-Scale
Assessments in Education, 9(1), 1–25. https://doi.org/10.1186/
s40536-021-00113-5

European Journal of Psychological Assessment (2023), 39(4), 271–279 �2023 The Author(s). Distributed as a Hogrefe OpenMind article
under the license CC BY 4.0 (https://creativecommons.org/licenses/by/4.0)

278 C. Hahnel et al., Theory-Based Contruction of Process Indicators From Log Data

 h
ttp

s:
//e

co
nt

en
t.h

og
re

fe
.c

om
/d

oi
/p

df
/1

0.
10

27
/1

01
5-

57
59

/a
00

07
76

 -
 T

hu
rs

da
y,

 O
ct

ob
er

 2
4,

 2
02

4 
1:

28
:2

2 
A

M
 -

 L
ei

bn
iz

-I
ns

tit
ut

 f
ür

 B
ild

un
gs

fo
rs

ch
un

g 
un

d 
B

ild
un

gs
in

fo
rm

at
io

n 
D

IP
F 

IP
 A

dd
re

ss
:1

95
.3

7.
18

9.
82

 

https://doi.org/10.1016/j.compedu.2009.06.004
https://doi.org/10.1016/j.compedu.2009.06.004
https://doi.org/10.2307/25148782
https://doi.org/10.2307/25148782
https://doi.org/10.1016/j.compedu.2018.08.004
https://doi.org/10.1016/j.compedu.2018.08.004
https://doi.org/10.1146/annurev-psych-120709-145346
https://doi.org/10.1146/annurev-psych-120709-145346
https://doi.org/10.1186/s40536-021-00113-5
https://doi.org/10.1186/s40536-021-00113-5


Greiff, S., Molnár, G., Martin, R., Zimmermann, J., & Csapó, B. (2018).
Students’ exploration strategies in computer-simulated complex
problem environments: A latent class approach. Computers &
Education, 126, 248–263. https://doi.org/10.1016/j.compedu.
2018.07.013

Hahnel, C., Eichmann, B., & Goldhammer, F. (2020). Evaluation
of online information in university students: Development
and scaling of the screening instrument EVON. Frontiers in
Psychology, 11, 1–16. https://doi.org/10.3389/fpsyg.2020.
562128

Hahnel, C., Jung, A. J., & Goldhammer, F. (2023, April 22). Data
and supplementary materials for “Theory matters: An example
of deriving process indicators from log data to assess decision-
making processes in web search tasks”. https://osf.io/5vpmn

Hahnel, C., Kroehne, U., Goldhammer, F., Schoor, C., Mahlow, N., &
Artelt, C. (2019). Validating process variables of sourcing in an
assessment of multiple document comprehension. British
Journal of Educational Psychology, 89, 524–537. https://doi.
org/10.1111/bjep.12278

Kroehne, U. (2019). LogFSM: Analyzing log data from educational
assessments using finite state machines (LogFSM). http://www.
logfsm.com

Maechler, M., Rousseeuw, P., Struyf, A., Hubert, M., & Hornik, K.
(2021). cluster: Cluster analysis basics and extensions. https://
CRAN.R-project.org/package=cluster

Metzger, M. J., Flanagin, A. J., & Medders, R. B. (2010). Social
and heuristic approaches to credibility evaluation online.
Journal of Communication, 60(3), 413–439. https://doi.org/
10.1111/j.1460-2466.2010.01488.x

Mislevy, R. J., Almond, R. G., & Lukas, J. F. (2003). A brief introduc-
tion to evidence-centered design. ETS Research Report Series, 1,
1–29. https://doi.org/10.1002/j.2333-8504.2003.tb01908.x

Pirolli, P. (2005). Rational analyses of information foraging on the
web. Cognitive Science, 29(3), 343–373. https://doi.org/10.1207/
s15516709cog0000_20

Reader, W. R., & Payne, S. J. (2007). Allocating time across multiple
texts: Sampling and satisficing. Human-Computer Interaction,
22(3), 263–298. https://doi.org/10.1080/07370020701493376

van der Linden, W. J., & Guo, F. (2008). Bayesian procedures for
identifying aberrant response-time patterns in adaptive test-
ing. Psychometrika, 73(3), 365–384. https://doi.org/10.1007/
s11336-007-9046-8

Wirth, W., Böcking, T., Karnowski, V., & von Pape, T. (2007).
Heuristic and systematic use of search engines. Journal of
Computer-Mediated Communication, 12(3), 778–800. https://
doi.org/10.1111/j.1083-6101.2007.00350.x

History
Received March 3, 2022
Revision received March 7, 2023
Accepted April 12, 2023
Published online August 9, 2023
EJPA Section / Category Methodological topics in assessment

Open Science
We report how we determined our sample size, all data exclu-
sions, all data inclusion/exclusion criteria, whether inclusion/
exclusion criteria were established prior to data analysis, all
measures in the study, and all analyses including all tested
models. If we use inferential tests, we report exact p values, effect
sizes, and 95% confidence or credible intervals.
Open Data: The information needed to reproduce all of the
reported results are not openly accessible. The data is available
on request from the authors of Hahnel et al. (2020).
Open Materials: We confirm that there is sufficient information for
an independent researcher to reproduce all of the reported
methodology. The materials and the supplementary materials
(Table S1–S4 and Figure S1) are available under https://osf.io/
5vpmn/ (Hahnel et al., 2023).
Preregistration of Studies and Analysis Plans: This study was not
preregistered.

Funding
This work was supported by the Centre of International Student
Assessment (ZIB). Open access publication enabled by DIPF |
Leibniz Institute for Research and Information in Education.

ORCID
Carolin Hahnel

https://orcid.org/0000-0003-2394-3944
Alexander J. Jung

https://orcid.org/0000-0003-3699-9066
Frank Goldhammer

https://orcid.org/0000-0003-0289-9534

Carolin Hahnel
DIPF | Leibniz Institute for Research and Information in Education
Rostocker Strasse 6
60323 Frankfurt
Germany
hahnel@dipf.de

�2023 The Author(s). Distributed as a Hogrefe OpenMind article European Journal of Psychological Assessment (2023), 39(4), 271–279
under the license CC BY 4.0 (https://creativecommons.org/licenses/by/4.0)

C. Hahnel et al., Theory-Based Contruction of Process Indicators From Log Data 279

 h
ttp

s:
//e

co
nt

en
t.h

og
re

fe
.c

om
/d

oi
/p

df
/1

0.
10

27
/1

01
5-

57
59

/a
00

07
76

 -
 T

hu
rs

da
y,

 O
ct

ob
er

 2
4,

 2
02

4 
1:

28
:2

2 
A

M
 -

 L
ei

bn
iz

-I
ns

tit
ut

 f
ür

 B
ild

un
gs

fo
rs

ch
un

g 
un

d 
B

ild
un

gs
in

fo
rm

at
io

n 
D

IP
F 

IP
 A

dd
re

ss
:1

95
.3

7.
18

9.
82

 

https://doi.org/10.1016/j.compedu.2018.07.013
https://doi.org/10.1016/j.compedu.2018.07.013
https://doi.org/10.3389/fpsyg.2020.562128
https://doi.org/10.3389/fpsyg.2020.562128
https://osf.io/5vpmn
https://doi.org/10.1111/bjep.12278
https://doi.org/10.1111/bjep.12278
http://www.logfsm.com
http://www.logfsm.com
https://CRAN.R-project.org/package=cluster
https://CRAN.R-project.org/package=cluster
https://doi.org/10.1111/j.1460-2466.2010.01488.x
https://doi.org/10.1111/j.1460-2466.2010.01488.x
https://doi.org/10.1002/j.2333-8504.2003.tb01908.x
https://doi.org/10.1207/s15516709cog0000_20
https://doi.org/10.1207/s15516709cog0000_20
https://doi.org/10.1080/07370020701493376
https://doi.org/10.1007/s11336-007-9046-8
https://doi.org/10.1007/s11336-007-9046-8
https://doi.org/10.1111/j.1083-6101.2007.00350.x
https://doi.org/10.1111/j.1083-6101.2007.00350.x
https://osf.io/5vpmn/
https://osf.io/5vpmn/
https://orcid.org/0000-0003-2394-3944
https://orcid.org/0000-0003-3699-9066
https://orcid.org/0000-0003-0289-9534


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2540 2540]
  /PageSize [612.000 792.000]
>> setpagedevice




