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Theories of self-regulated learning assume that learners ﬂexibly adapt their learning process to external
task demands and that this is positively related to performance. In this study, university students
(n ¼ 119) solved three tasks that greatly differed in complexity. Their learning processes were captured in
detail by task-speciﬁc questionnaires and computer-generated log ﬁles. Results indicate that students
adapted almost all learning processes signiﬁcantly to task complexity. For example, students accessed
more hypertext pages for complex tasks than for simple tasks. However, this kind of adaptation was not
consistently related to performance. For variables capturing learners’ self-regulation, such as the number
of accessed hypertext pages, more pronounced adaptation was signiﬁcantly and positively related to
performance even when learners’ general processing depth was statistically controlled. Results were less
consistent for variables capturing learners’ self-monitoring, such as their judged task complexity.
Ó 2011 Elsevier Ltd. All rights reserved.
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1. Introduction
Adaptation is a central mechanism proposed by most theories of
self-regulated learning (Pintrich, 2004; Winne & Hadwin, 1998;
Zimmerman, 2002). Based on processes of self-monitoring and
self-control (Nelson & Narens, 1994), skillful self-regulated learners
are assumed to adapt to a multitude of internal and external cues to
optimize their learning processes (Hadwin, Winne, Stockley, Nesbit,
& Woszczyna, 2001). Accordingly, adaptation is also hypothesized
to be associated with superior performance. Given the pervasive
nature and importance of these basic assumptions, the lack of
studies explicitly investigating these issues is surprising, especially
studies conducted in relatively authentic learning settings. The
current study will explore these questions focusing on learners’
adaptation to task complexity as an illustrative example.

1.1. Metacognitive self-monitoring, self-regulation, and adaptation
Models of self-regulated learning conceptualize adaptation on
different levels of granularity. Fine-grained adaptation could refer
to adapting study strategies within the enactment stage of learning.
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Large-grain adaptation, on the other hand, could have a forward
reaching nature affecting learners’ more permanent trait-like
approaches to learning, such as their learning style. In this paper,
we focus exclusively on adaptation on a moderate level of granularity that is consistent with one speciﬁc kind of adaptation suggested by the COPES model of studying (Winne & Hadwin, 1998):
Adaptation that addresses coordinating activities across several
stages of studying and results in large scale adjustments of learning.
One example of this kind of adaptation is learners’ between-task
adaptation to task complexity. In the current study we investigate
this phenomenon by confronting learners with three tasks of
differing complexity and by investigating their between-task
changes in their learning processes.
Independent of the assumed level of granularity, all conceptualizations of adaptation propose that it is based on learners’ selfmonitoring and learners’ self-regulation. Metacognitive selfmonitoring implies bottom-up information processing; learners
monitor object-level information such as their own knowledge,
their cognitive operations, their learning processes, or their products of learning (Nelson & Narens, 1994). The COPES model posits
that during monitoring learners compare these perceptions with
their internal standards for learning and that this comparison
results in evaluations (Winne & Hadwin, 1998). Learners’ internal
standards can be inﬂuenced by monitoring processes: Within the
ﬁrst stages of learning, learners perceive potential constraints,
available resources, and the given goal of the task by monitoring
external conditions such as task complexity. As a result, learners
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generate a comprehensive task perception and subsequently select
or generate idiosyncratic goals which translate into internal standards for subsequent metacognitive self-monitoring. In the current
study, we use learners’ answers on task-speciﬁc questionnaires as
indicators of monitoring.
Metacognitive self-control or self-regulation, on the other hand,
implies that information ﬂows top-down. Based on metacognitive
monitoring and corresponding evaluations, learners actively regulate object-level activities such as their cognitive operations or
learning processes (Nelson & Narens, 1994). The COPES model
(Winne & Hadwin, 1998) suggests that if a signiﬁcant discrepancy is
detected between learners’ internal standards and their actual
learning process or product due to metacognitive monitoring, then
metacognitive control is exerted. According to the model, metacognitive self-control can take two forms: With toggling, a learner
turns cognitive operations on or off; editing, on the other hand,
implies a change of cognitive operations. In the current study, we
use learners’ task-speciﬁc actions within a hypertext learning
environment as indicators of their self-regulation.
1.2. Task complexity according to Bloom’s revised taxonomy
We use Bloom’s revised taxonomy of educational objectives
(Anderson et al., 2001) as a conceptual framework for task
complexity. This taxonomy proposes six levels of cognitive
processes of ascending complexity: (1) remember, (2) understand,
(3) apply, (4) analyze, (5) evaluate, and (6) create. Note that this
kind of task complexity is often confused with task difﬁculty even
though these dimensions are not necessarily related. In the current
study we focus exclusively on task complexity. Given that this study
is the ﬁrst exploratory study that assesses between-task adaptation
to task complexity, we intentionally selected only two types of
tasks that required participants to either remember or to evaluate
information. We deliberately excluded the most complex tasks
requiring the creation of innovative solutions, because we doubted
that laypersons in our study would be able to solve such tasks.
According to Bloom’s revised taxonomy, remembering involves
“retrieving relevant knowledge from long-term memory” (Mayer,
2002, p. 228). Corresponding simple tasks can either be recognition tasks for which learners must determine whether presented
material is consistent with the information stored in long-term
memory (e.g., multiple-choice questions) or free recall tasks (e.g.,
in an open-answer format). On the other hand, evaluating involves
“making judgments based on criteria and standards” (Mayer, 2002,
p. 230). These criteria could be externally provided or selfgenerated; most often they involve effectiveness or efﬁciency.
Corresponding complex tasks either involve checking, detecting
inconsistencies, or critiquing or judging based on a criterion. Most
often these tasks have an open-answer format.
To avoid two potential problems, we sequenced our three target
tasks as follows: a simple remember task in a multiple-choice
format (Task A), a complex evaluation task in an open-answer
format (Task B), and simple remember task in an open-answer
format (Task C). First, one could argue that learners automatically
enhance their processing depth as they become more familiar with
the learning setting, with the content matter, and with our hypertext learning environment. To anticipate this issue, we implemented a task sequence that required participants to increase their
processing depth (from Task A to Task B), as well as the reverse
process of decreasing their processing depth (from Task B to Task C).
Second, one could argue that task complexity and task format were
confounded and that learners adapted to the task format instead of
to task complexity. To anticipate this issue, we designed the simple
and complex tasks using the same format (i.e., Task B and Task C
have the same open-answer format). For reasons of ecological

validity, we also included a multiple-choice remember task (Task
A); we predicted no signiﬁcant learning process differences
between the simple remember Tasks A and C.
1.3. Empirical evidence of between-task adaptation to task
complexity
Empirical studies often do not make a clear distinction between
task complexity and task difﬁculty. Moreover, operational deﬁnitions of task complexity vary, often by only calculating the number
of steps involved to solve a task and not taking into account the
complexity of the required cognitive operations (Anderson et al.,
2001). Despite these shortcomings, some ﬁndings are noteworthy.
Empirical studies from diverse contexts demonstrate that
learners, in fact, adapt their learning process to task complexity in
line with theoretical assumptions. For example, learners plan
superﬁcial strategies for simple tasks, and they plan deep elaborative strategies for complex tasks (Stahl, Pieschl, & Bromme, 2006).
Learners also access fewer hypertext pages to solve simple tasks
than to solve complex tasks (Pieschl, Bromme, Porsch, & Stahl,
2008), request less information to solve simple decision tasks
than to solve complex decision tasks (Klayman, 1985), display less
and shorter episodes of socially shared metacognition regarding
easy problems than regarding difﬁcult problems (Iiskala, Vauras,
Lehtinen, & Salonen, 2011), show less metacognition while
studying easy texts than while studying difﬁcult texts (Veenman &
Beishuizen, 2004), and acquire more factual and conceptual
knowledge when solving complex tasks than when solving simple
tasks (Gall, 2006).
Notwithstanding, evidence suggests that these adaptations may
be insufﬁcient for the learner. That is, learners might not execute
sufﬁciently deep learning strategies regarding very complex tasks
(Bromme, Pieschl, & Stahl, 2010). While learners display good
metacognition (Boekaerts & Rozendaal, 2010; Veenman & Elshout,
1999) and good learning processes (Klayman, 1985; Winne &
Jamieson-Noel, 2003) for relatively simple tasks, for more
complex tasks, learners display inadequate metacognitive skills
(Boekaerts & Rozendaal, 2010; Veenman & Elshout, 1999), enact
fewer learning strategies (Winne & Jamieson-Noel, 2003), and do
not request enough information (Klayman, 1985).
Additionally, only relations between the execution of learning
strategies or general processing depth and performance have been
demonstrated empirically (e.g., Gall, 2006), whereas no consistently positive relation between learners’ adaptation and their
performance has been reported to date (Pieschl et al., 2008).
1.4. Research questions
In the current study, we confronted learners with three
consecutive tasks of different complexity: A simple remember Task
A, a complex evaluation Task B, and another simple remember Task
C. They were asked to solve these tasks with the help of a hypertext
learning environment. To capture their between-task adaptation to
task complexity, we investigated their learning processes in detail.
We administered task-speciﬁc post-hoc questionnaires as indicators of learners’ monitoring and we collected task-speciﬁc log ﬁles
about their actions in the hypertext learning environment as indicators of their self-regulation. We investigated the following two
research questions:
Do learners adapt their learning to task complexity (Research
Question 1)? We hypothesized that learners will demonstrate
signiﬁcant between-task adaptation to task complexity by
systematically varying their learning processes between tasks.
More speciﬁcally, we assume that they would demonstrate significantly enhanced processing depth for the complex Task B in
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comparison with the simple Tasks A and C. We predicted this effect
for indicators of their monitoring (questionnaire) as well as for
indicators of their self-regulation (log ﬁles). To test this effect, we
employed two methods: First, we tested whether there are significant effects of the within-subject variable task complexity in
repeated-measure analyses for the learning process variables.
Second, we computed adaptation scores that represent the
magnitude of between-task differences in values for each learning
process variable and determined the signiﬁcance of these scores.
Is adaptation to task complexity beneﬁcial for task performance
(Research Question 2)? We hypothesized that more pronounced
between-task adaptation to task complexity is positively related to
superior performance. In this study, we operationalized students’
performance in two ways: Correctness indicates how many of the
three target tasks were solved correctly, whereas the performance
score incorporates qualitative scores regarding the open answers of
tasks B and C. To test the relation between learners’ adaptation and
these two scores, we employed two methods: First, we correlated
students’ adaptation scores of each learning process variable (see
research question 1) with the correctness and performance scores.
Second, as a more rigorous test, we additionally controlled for
learners’ general processing depth by computing partial correlation
coefﬁcients.
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Table 1
Tasks A, B, and C; correct answers in italics.
Title

Task

Task A Which steps are not parts of the mtDNA analysis?
B
B
B
B
B

Determining the exact sequence of the hypervariable regions.
Visual/microscopic analysis of the material.
Determining a band pattern with gel electrophoresis.
Extraction and puriﬁcation of mtDNA.
Multiplication of mtDNA via PCR.

Task B

Imagine that you study biology. Your professor also handles
consultation about genetic ﬁngerprinting. In this role he often
receives requests about the suitability of DNA analysis methods
for paternity testing. He reports that many laypersons ask for
Y-STR or STR analysis. As part of your scientiﬁc term paper it is
your task to discuss these two DNA analysis methods in writing
regarding their suitability for paternity testing and regarding
the certainty and informative value of their results. One result
of this discussion should be the recommendation of one method.
Correct recommendation: STR analysis.

Task C

Imagine your family is into genealogy. For this purpose they had
mtDNA proﬁles of all family members made. The molecular biology
institute that did these analyses also sent a report. Within this
report, the experts refer to “matches” between many family
members. You don’t know what this technical term means. Therefore,
you investigate this issue. Subsequently, you explain the term
“match” to your family as follows:
Correct answer: “Match” refers to the same mtDNA sequence.

2. Method
2.1. Participants
Participants of this study were 129 university students. For the
purpose of this paper, we only analyzed the data of those students
who answered all three target tasks (n ¼ 119; 33 males, 86 females).
These students had a mean age of 23.91 years (SD ¼ 4.51) and, on
average, studied in the 5th semester (M ¼ 5.08, SD ¼ 3.24)
psychology (n ¼ 47), other humanities (n ¼ 34), sciences (n ¼ 17), or
other majors (n ¼ 21). Students from different majors did not differ
signiﬁcantly in age, semester, (self-rated) prior knowledge, and
computer and internet use. Therefore, all subsequent results will be
reported for the whole sample. These students were representative
in their knowledge about the topic of our study, genetic ﬁngerprinting, and in their computer and internet use which is relevant
because we used a hypertext learning environment. More speciﬁcally, they rated their prior domain knowledge in molecular biology
to be low (M ¼ 2.16, SD ¼ .88, on a 5-point scale from 1 ¼ very low
to 5 ¼ very high), and this was conﬁrmed by their results of a short
knowledge test about molecular biology (M ¼ 3.09, SD ¼ 1.75; with
scores between 0 and 8 items correct). Furthermore, students used
computers (M ¼ 17:37 h/week, SD ¼ 14:91) and the internet
(M ¼ 12:87 h/week, SD ¼ 12:02) extensively.
2.2. Materials
2.2.1. Three target tasks and measures of performance
On average, students completed M ¼ 5.87 (SD ¼ 1.86) tasks. In
our analyses, we focused exclusively on the three consecutive target
tasks. As can be seen in Table 1, Task A was a simple remember task
with a multiple-choice format, task B was a complex evaluation task
in an open-answer format, and Task C was another simple
remember task in an open-answer format.
We analyzed two indicators of performance on different levels
of granularity: Students’ answers on all three target tasks were
scored as either correct or incorrect (0e1 point). For example, in
Task B the method of STR analysis is the only method suitable for
paternity testing and therefore this recommendation was categorized as correct (see Table 1). These three scores were summed for
a score of overall correctness. Additionally, we evaluated all open

answers with qualitative task-speciﬁc rubrics. Answers regarding
Task B received a maximum of 13 points for mentioning and
describing different DNA analysis methods (0e4 points), for putting
forth pro and contra arguments for these methods (0e6 points), for
drawing a comprehensive conclusion (0e2 points), and for giving
the correct recommendation (0e1 points). Open answers regarding
Task C received a maximum of 5 points for a thorough description
(0e2 points), for putting forth critique (0e2 points), and for giving
the correct deﬁnition (0e1 points). These two qualitative scores,
and the correctness of Task A, were summed for an overall
performance score.
2.2.2. Hypertext about genetic ﬁngerprinting and log ﬁle variables
Tasks were solved with a hypertext about genetic ﬁngerprinting
that was created with MetaLinks (Murray, 2003) and comprised
106 pages of content. This content was mainly structured in three
chapters describing different DNA analysis methods (mtDNA
analysis, STR analysis, and Y-STR analysis; see Fig. 1). All pages
contained written text and most included pictures or tables (see
Fig. 2). These hypertext nodes were primarily linked in a hierarchical structure offering learning material on different levels of
complexity. Hierarchical navigation in this hypertext structure was
facilitated by a family tree metaphor: More detailed information
could be accessed via the “child” command, simpler content could
be accessed via the “parent” command, and subsequent or previous
pages on the same hierarchical level could be accessed via the
commands “next sibling” or “previous sibling.” Additionally, users
could jump from any hypertext page to any other hypertext page by
using a number of advanced navigational features: For example,
users could search for any term and directly access any page by
clicking on the result list, or users could use the hypertexts’ table of
content (TOC) to access any page directly.
Time-stamped log ﬁles of all student actions were automatically
collected as indicators of their task-speciﬁc self-regulation of their
learning process. We analyzed students’ Time for Task Completion
(TTC) and their Number of Accessed Nodes (NAN; see “hypertext
pages accessed by this student” in Fig. 1) as indices of their processing depth with the caveat that we could not clearly distinguish
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Fig. 1. Visualization of the hierarchical structure of the hypertext learning environment on genetic ﬁngerprinting and visualization of hierarchical (HC) and jump command (JC)
navigation of a ﬁctitious student.

between processing depth and being “lost in hyperspace” or
potential other time-consuming phenomena. We analyzed their
use of Hierarchical Commands (HC; see Fig. 1 top half) as an indicator of how much students follow the given structure of the
hypertext, which might also be closely related to their processing
depth given that the use of such hierarchical commands often
indicates the use of more detailed information. Additionally, we
analyzed their use of Jump Commands (JC; see Fig. 1 bottom half) as
an indicator of how much students purposefully select content,
a variable that might be indicative of their orientation within the
hypertext.
2.2.3. Task-speciﬁc questionnaire
After the task solution phase, students answered task-speciﬁc
questionnaires (TSQ) about each of the three target Tasks A, B,
and C. The TSQ consists of 36 items of different formats and
primarily captures students’ monitoring. For the purpose of this
paper, we will exclusively report the results of three sub-scales. All
of the corresponding items had 7-point response scales from
1 ¼ low to 7 ¼ high. Judged Task Complexity measured students’
subjective judgments about the complexity of the target tasks with
9 items (e.g., “This task was simple (¼ 1) e complex (¼ 7)”; Cronbach’s a ¼ .81e.86 for Tasks A e C). This scale indicates students’
monitoring of task complexity and most likely represents their
corresponding internal standards. Processing Efﬁciency measured,
for example, students’ subjective opinion about their own efﬁciency, their task satisfaction, and their conﬁdence in their own
task solution with 5 items (e.g., “My strategies were inefﬁcient (¼1)
e efﬁcient (¼ 7)”; Cronbach’s a ¼ .77e.85 for Tasks A e C). This scale
indicates students’ self-monitoring and evaluation of their own

learning process. Depth of Processing measured students’ judgments
about goals of deep processing and task-appropriate strategies for
the target tasks with 10 items (e.g., “The strategy of integrating
information across multiple hypertext pages was unimportant
(¼ 1) e important (¼ 7) for this task”; Cronbach’s a ¼ .69e.87 for
Tasks A e C). This scale also indicates students’ monitoring of task
complexity and most likely represents their corresponding internal
standards.
2.3. Procedure
Students were recruited by a posting at a German university and
received 18 V or a certiﬁcate of participation as compensation
(students of psychology are required to participate in empirical
studies at German universities). Data was collected in group
sessions with 2e6 students that lasted about 2.5 h. In the ﬁrst part
of this session, students completed a questionnaire about their
prior domain knowledge in molecular biology. In the main part of
the study, students watched a short standardized video explaining
navigation in the hypertext learning environment about genetic
ﬁngerprinting. After the video, students solved tasks of different
complexity as they interacted with this hypertext. During this task
solution process, computer-generated log ﬁles were automatically
collected. At ﬁrst, they received a booklet with ﬁve tasks that
contained the three consecutive target Tasks A, B, and C. Booklets
with additional tasks were handed out upon request. This part of
the study was self-paced to enhance ecological validity. Students
were instructed to solve these tasks “as well as possible.” The task
solution phase lasted 1 h. Afterward, all students answered the TSQ
about the target Tasks A, B, and C. At the end of the study, students
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Fig. 2. Part of a page of the hypertext learning environment on genetic ﬁngerprinting with moderately complex content about Y-STR analysis. The navigation bar can be seen in the
top of each page; in this sample page further links to subordinate pages are cut off.

completed another battery of questionnaires, for example about
their demographics.
3. Results
3.1. Do learners adapt their learning to task complexity?
To answer the ﬁrst research question (Research Question 1) we
employed two methods. First, we tested whether there are

signiﬁcant effects of task complexity by computing repeatedmeasure MANOVAs across the three target Tasks A, B, and C, one
for the three TSQ scales and one for the four log ﬁle variables. We
hypothesized signiﬁcant effects of the within-subject variable task
complexity and we predicted signiﬁcant pairwise differences
between Tasks A and B and between Tasks B and C, but no signiﬁcant difference between Tasks A and C. For Task B, students should
report greater Judged Task Complexity, report less Processing Efﬁciency, report greater Depth of Processing, take more time (TTC) and
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Table 2
Descriptives of variables by Tasks and pairwise comparisons.
Variable
Judged Task Complexity
Processing Efﬁciencya
Depth of Processinga
TTC
NAN
HC
JC

a

correctness
performance score

Task A

Task B

Task C

Pairwise Comparisons

3.40
5.30
3.29
05:18
6.76
4.45
.64

5.19
4.36
4.73
25:28
24.75
14.99
1.96

3.09
5.22
3.05
07:37
7.37
3.84
1.08

A
A
A
A
A
A
A

(1.01)
(1.18)
(1.10)
(02:47)
(5.71)
(4.64)
(.97)

.88 (.32)
.88 (.32)

(.78)
(1.08)
(.93)
(08:37)
(12.58)
(8.98)
(2.38)

.50 (.50)
7.05 (2.14)

(.96)
(1.14)
(1.42)
(04:56)
(6.62)
(5.01)
(1.32)

.98 (.13)
2.41 (1.06)

e
e

<
>
<
<
<
<
<

B***,
B***,
B***,
B***,
B***,
B***,
B***,

B
B
B
B
B
B
B

>
<
>
>
>
>
>

C***,
C***,
C***,
C***,
C***,
C***,
C***,

A
A
A
A
A
A
A

>
¼
>
<
¼
¼
<

C**
C ns.
C*
C***
C ns.
C ns.
C**

Sum Score

Adaptation Scoreb

11.68
14.89
11.06
38:18
39.03
23.28
3.72

3.89
.33
3.12
37:35
35.29
21.48
2.21

(1.76)
(2.56)
(2.82)
(08:45)
(17.80)
(13.75)
(3.60)

2.37 (.70)
10.34 (2.65)

(2.24)***
(2.40)
(1.97)***
(19:41)***
(24.61)***
(17.14)***
(4.26)***

e
e

Values in columns e except “pairwise comparisons” e represent means; standard deviations are shown in brackets. The sum score was computed as follows: A þ B þ C. The
adaptation score was computed as follows: (B  A) þ (B  C). Abbreviations: TTC ¼ Time for Task Completion; NAN ¼ Number of Accessed Nodes; HC ¼ (number of) Hierarchical
Commands; JC ¼ (number of) Jump Commands; ns. ¼ not signiﬁcant.
*p < .010, **p < .005, ***p < .001.
a
Rated on scales from 1 ¼ low to 7 ¼ high.
b
We tested if these scores systematically differed from 0.

access more hypertext pages (NAN), and use more Hierarchical (HC)
and Jump Commands (JC) than for the simple Tasks A and C. The
task-speciﬁc descriptive statistics of all variables are presented in
Table 2. The correlations between all variables are presented in the
upper half of Table 3.
The MANOVA results for the TSQ scales indicated a signiﬁcant
multivariate main effect of the repeated-measure factor task
complexity (F(6, 470) ¼ 40.76, p < .001, h2p ¼ .34) that was replicated
on all sub-scales: We found signiﬁcant effects of task complexity for
Judged Task Complexity (F(2, 236) ¼ 201.13, p < .001, h2p ¼ .63),
Processing Efﬁciency (F(2, 236) ¼ 38.17, p < .001, h2p ¼ .24), and Depth
of Processing (F(2, 236) ¼ 138.02, p < .001, h2p ¼ .54). The results of
the more detailed pairwise comparisons are provided in Table 2.
The MANOVA results for the log ﬁle variables indicated
a signiﬁcant multivariate main effect of the repeated-measure
factor task complexity (F(8, 456) ¼ 38.62, p < .001, h2p ¼ .40) that
was replicated on all sub-scales. Because the assumption of sphericity was violated we applied the GreenhouseeGeisser correction.
We found signiﬁcant effects of task complexity for TTC (F(1.40,
160.72) ¼ 344.11, p < .001, h2p ¼ .75), NAN (F(1.53, 175.54) ¼ 184.77,
p < .001, h2p ¼ .62), HC (F(1.55, 177.82) ¼ 139.46, p < .001, h2p ¼ .55),
and JC (F(1.65, 189.23) ¼ 25.63, p < .001, h2p ¼ .18). The results of the
more detailed pairwise comparisons are displayed in Table 2.

Table 3
Correlations between adaptation scores (top) and with performance scores
(bottom).

Adaptation Scores
1 Judged Task Complexity
2 Processing Efﬁciency
3 Depth of Processing
4 TTC
5 NAN
6 HC
7 JC
Performance Scores
correctness
correctness partiala
performance score
performance score partiala

1

2

e

.19* .55** .43** .25**
e
.02 .11 .12
e
.42** .25**
e
.56**
e

.18* .12
.14
.01
.22* .01
.18 .12

3

4

.12
.18
.17
.25**

5

.15
.11
.28**
.07

.32**
.32***
.28**
.20*

6

7

.28**
.14
.27**
.47**
.87**
e

.12
.19*
.09
.20*
.14
.01
e

.32**
.06
.34*** .07
.30** .01
.24* .05

Abbreviations: TTC ¼ Time for Task Completion; NAN ¼ Number of Accessed Nodes;
HC ¼ (number of) Hierarchical Commands; JC ¼ (number of) Jump Commands.
*p < .010, **p < .005, ***p < .001.
a
We computed partial correlation coefﬁcients controlling for the effects of the
respective sum scores, for example for the correlation between TTC and the
performance score we partialed out the TTC sum score.

Second, we computed adaptation scores for each learning
process variable. These scores indicate the magnitude of the predicted between-task differences and are computed as follows:
adaptation score ¼ ((B  A) þ (B  C)) (with the letters representing
the task-speciﬁc values). Therefore, high positive values indicate
markedly higher values on the complex target Task B than on the
simple target Tasks A and C. The descriptive statistics of these
adaptation scores are reported in Table 2. We determined signiﬁcance by testing the sample means of these scores against zero,
because zero would indicate no between-task adaptation to task
complexity. Except for Processing Efﬁciency (t(119) ¼ 1.52, ns.),
signiﬁcant values were found for adaptation scores on all process
variables, Judged Task Complexity (t(118) ¼ 18.93, p < .001), Depth of
Processing (t(118) ¼ 17.31, p < .001), TTC (t(115) ¼ 20.57, p < .001),
NAN (t(115) ¼ 15.45, p < .001), HC (t(115) ¼ 13.50, p < .001), and JC
(t(115) ¼ 5.58, p < .001).
3.2. Is adaptation to task complexity beneﬁcial for task
performance?
To answer the second research question (Research Question 2)
we also employed two methods: First, we correlated students’
adaptation scores for all learning process variables with the
correctness and performance scores. The descriptives of these
scores are provided in Table 2. On average, students answered
M ¼ 2.37 (SD ¼ .70) tasks correctly out of a maximum of 3, and they
achieved an average performance score of M ¼ 10.34 (SD ¼ 2.65)
out of a maximum of 19. Overall, correctness and performance
scores were signiﬁcantly related (r ¼ .48, p < .001).
Note that in the upper part of Table 3 the correlations between
all learning process variables are displayed, whereas the lower part
of Table 3 presents the correlations with the correctness and
performance scores. These results indicate that adaptation scores
regarding Judged Task Complexity, NAN, and HC are signiﬁcantly and
positively correlated with students’ correctness. Furthermore, the
adaptation scores regarding Judged Task Complexity, TTC, NAN, and
HC are signiﬁcantly and positively correlated with students’
performance score. All signiﬁcant correlations are of small to
moderate effect size.
Second, as a more rigorous test, we veriﬁed these results by
additionally controlling for learners’ general processing depth
regarding the respective variable. For this analysis we computed
partial correlation coefﬁcients. For each learning process variable
we controlled for students’ general processing depth regarding that
speciﬁc variable, measured by the corresponding sum score. All
sum scores are also reported in Table 2 and were computed as
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follows: sum score ¼ (A þ B þ C) (with the letters representing the
task-speciﬁc values).
The results presented in the lower part of Table 3 show that after
controlling for the respective general processing depth, the adaptation scores regarding NAN and HC are signiﬁcantly and positively
correlated with students’ correctness. Furthermore, after controlling for the respective general processing depth, the adaptation
scores regarding Depth of Processing, NAN, and HC are signiﬁcantly
and positively correlated with students’ performance score. All
signiﬁcant correlations are of small to moderate effect size.
4. Discussion
4.1. Do learners adapt to task complexity?
Students demonstrated signiﬁcant between-task adaptation to
task complexity regarding nearly all learning process variables. We
found signiﬁcant effects of the factor task complexity in all
repeated-measure analyses and almost all adaptation scores were
statistically signiﬁcant. Therefore, these ﬁndings conﬁrm our ﬁrst
research question (Research Question 1).
Regarding the questionnaire scales, the results were most
consistent for the scales Judged Task Complexity and Depth of Processing: The repeated-measure analyses showed signiﬁcant effects
of task complexity, pairwise comparisons showed that students
had signiﬁcantly higher values regarding the complex evaluation
Task B compared to each of the simple remember Tasks A and C,
and the mean adaptation scores were signiﬁcant. We conclude that
students successfully monitored task complexity and presumably
translated these perceptions into adequate internal standards for
further self-monitoring and self-regulation of their learning
process. Students also displayed signiﬁcantly higher values on the
multiple-choice remember Task A than on the open-answer
remember Task C e an effect we did not predict. We can only
speculate that the content of Task A might have appeared more
complex to participants. To answer Task A correctly, participants
needed to read about the process of conducting an mtDNA analysis
in the lab, a highly technical content. To answer Task C correctly,
participants read about matching of mtDNA sequences. Although
this content is also technical, it was framed in an everyday experience. The results regarding the third scale, Processing Efﬁciency,
were less consistent. The repeated-measure analysis showed
a signiﬁcant effect of task complexity, pairwise comparisons
showed that students had signiﬁcantly lower values regarding the
complex evaluation Task B compared to each of the simple
remember Tasks A and C, but the mean adaptation scores were
non-signiﬁcant. Conservatively, we conclude that students did not
consistently adapt their Processing Efﬁciency to task complexity,
probably because this scale is not systematically related to processing depth (see upper part of Table 3).
Regarding the log ﬁle variables almost all results are consistent
for all variables, namely students’ Time for Task Completion (TTC),
Number of Accessed Nodes (NAN), number of Hierarchical Commands
(HC) and number of Jump Commands (JC): The repeated-measure
analyses showed signiﬁcant effects of task complexity, pairwise
comparisons showed that students had signiﬁcantly higher values
regarding the complex evaluation Task B compared to each of the
simple remember Tasks A and C, and the mean adaptation scores
were also signiﬁcant. We conclude that students successfully selfregulated their learning process, presumably based on their
perception of task complexity and their self-monitoring of their
own learning process. For TTC and JC, students also displayed
signiﬁcantly lower values on the multiple-choice remember Task A
than on the open-answer remember task C e an effect we did not
predict. At ﬁrst glance, these effects seem to contradict those of the
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questionnaire scales that indicated that students perceived Task A
to be more complex. However, we speculate that these behavioral
effects are not due to the tasks’ content but due to the task format. A
hand-written recalled answer (Task C: open-answer, free recall)
might have taken students longer (TTC) than to recognize and
check an option in a multiple-choice task (Task A, recognition). Due
to the growing familiarity with the hypertext and the task order,
students might have also become more courageous to use advanced
navigational features such as Jump Commands (JC) later in the study
(Task C) in comparison with earlier in the study (Task A).
Even though prior empirical research about solving tasks of
differing complexity exists, the results of this study can contribute to
the literature. These ﬁndings replicate results from strictly
controlled experimental research (Luwel, Verschaffel, Onghena, &
De Corte, 2003) within a more ecologically valid learning setting
and they expand results from the preparatory planning stages of
self-regulated learning (Stahl et al., 2006) to the whole learning
process. On a more fundamental level, this study tested one of the
most basic assumptions of models of self-regulated learning, namely
learners’ adaptation based on their monitoring and regulation.
4.2. Is adaptation to task complexity beneﬁcial for task
performance?
Students’ between-task adaptation to task complexity was not
consistently and positively associated with their performance. We
found signiﬁcant (partial) correlations between adaptation scores
of selected learning process variables and performance. However,
for other variables these correlations were inconsistent, and for
another group of variables we found no signiﬁcant associations
with performance. Therefore, these ﬁndings only partly conﬁrm
our second research question (Research Question 2).
Regarding the variables of Processing Efﬁciency and Jump
Commands (JC), we found no signiﬁcant correlations between the
corresponding adaptation scores and performance. We conclude
that between-task adaptation of these self-monitoring and selfregulating variables is unrelated to learners’ performance. We
assume that this lack of correlation is due to the facts that Processing Efﬁciency is probably not systematically related to processing depth and that the use of Jump Commands (JC) might instead
represent a growing familiarity with the hypertext navigation (see
research question 1).
For the variables of Judged Task Complexity, Depth of Processing
and Time for Task Completion (TTC), we found consistently positive
but inconsistently signiﬁcant correlations between the corresponding adaptation scores and performance that seemed to
depend on the rigor of the hypothesis testing (correlations vs. partial
correlations) and on the performance measure (correctness vs.
performance score). We conclude that between-task adaptation of
these variables might be beneﬁcial for performance. We assume that
these variables are closely related to self-monitoring and selfregulation of processing depth but that these variables might be
strongly inﬂuenced by other variables such as general processing
depth. For example, if the more rigorous partial correlation coefﬁcients are considered, only the adaptation score of Depth of Processing would be signiﬁcantly related to a higher performance score.
We found consistently positive and signiﬁcant correlations
between the corresponding adaptation scores and performance for
the variables Number of Accessed Nodes (NAN) and the use of
Hierarchical Commands (HC). We conclude that between-task
adaptation of these self-regulation variables is deﬁnitely beneﬁcial for performance. The overt action of accessing more information within the hypertext learning environment and of using more
hierarchical navigation for more complex tasks than for simpler
tasks manifests in superior performance.
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Most models of self-regulated learning propose adaptation
fueled by metacognitive self-monitoring and self-regulation as
a central mechanism of learning that, in turn, should be associated
with superior performance. Given the pervasive nature and importance of these basic assumptions, the lack of empirical research
regarding these issues is surprising. This study, to our knowledge, is
a ﬁrst exploration of the complex relationship between adaptation
and performance in a moderately authentic learning setting. Our
results show that a relation between adaptation and performance is
not a desirable ideal that is only attainable by the most skillful selfregulated learners but that it is a real-life phenomenon that can be
found in authentic settings and with average learners, at least
regarding variables that directly capture self-regulation.

4.3. Limitations and implications
The generalizability of our ﬁndings is limited in several ways.
First, we do not know if similar effects would have been found with
other groups of learners (vs. university students), for learning in
one’s own ﬁeld of expertise (vs. in a new ﬁeld), for solving tasks
related to other categories of Bloom’s revised taxonomy (vs.
remember and evaluate) or with different formats (vs. multiplechoice and open-answer), for solving the tasks in a different
order (vs. simple e complex e simple), and with adaptation to
other external demands (vs. task complexity). For example, Hadwin
et al. (2001) found that students signiﬁcantly adapted their learning
tactics to different learning contexts, indicating that not only task
complexity is a relevant external demand for adaptation. Second,
the COPES model posits that learners derive idiosyncratic goals and
plans in the ﬁrst stage of studying that might not match objective
task demands. Therefore, we do not know exactly how students
perceived task complexity, how they interpreted the instruction to
solve the tasks as well as possible, and which goals and plans they
adopted. Related to this issue, students may not have perceived all
their options within the complex hypertext learning environment
but might have felt hindered by the experimental setting, for
example, by the time constraints or by the limited content and
options within the learning environment. Because of these issues,
students might have enacted less between-task adaptation than
they were capable of or than they would have enacted in their
natural learning environment. Third, we deliberately decided to
create at least a moderately authentic setting without invasive
measures to capture students’ online cognitive processes. To
compensate, we administered post-hoc questionnaires where
students’ answers might have been inﬂuenced by the whole
experience. That is, they might not have been able to answer the
task-speciﬁc questionnaires (TSQ) for Tasks A, B, and C independently. Therefore, the validity of the questionnaire data can be
doubted. To counteract this problem, we collected online behavioral data via log ﬁles and systematically compared our results from
questionnaire and log ﬁle data.
Despite these limitations, several theoretical as well as practical
implications of the results of this study are noteworthy. On a theoretical level, these results imply that the hypothesized all-pervasive
mechanism of adaptation can be found in relatively authentic
learning settings, but that learners do not adapt all aspects of their
learning processes equally. We assume that for the illustrative case
of between-task adaptation to task complexity all learning process
variables related to processing depth are systematically adapted e
based on accurate self-monitoring and skillful self-regulation e
while other variables such as Processing Efﬁciency in this case are not
systematically adapted. A similar conclusion can be drawn regarding
the relevance of adaptation to performance: We only detected this
relationship for few variables representing processing depth.

These results can be generalized to educational practice, but the
conclusions are less straightforward as they might appear at ﬁrst
glance. One could conclude that students simply needed to strongly
adapt their processing depth to task complexity, which would, for
example, imply that they needed to spend signiﬁcant effort and
cognitive resources on complex tasks. Notwithstanding, this type of
processing is clearly advocated: Modern instructional design
theories revolve around learning with authentic and complex reallife tasks and advocate variable practice to achieve long-term
retention and transfer (Van Merrienboer, Kester, & Paas, 2006). In
this context, a certain level of task complexity might constitute
a beneﬁcial and “desirable difﬁculty” for learning (Bjork & Linn,
2006). This line of argumentation is also supported by empirical
research where students solving tasks from multiple content areas
and tasks that required most effort performed best on a transfer
test (Eisenberger, 1992). Therefore, we recommend that schools
and universities should use a variety of tasks, especially more
complex ones (see also Anderson et al., 2001; Lodewyk & Winne,
2005; Perry, Philips, & Dowler, 2004).
We would like to point out, however, a potential caveat of this
approach. Authentic and complex real-life tasks might slow down
the learning process and might even exceed learners’ capacity.
Within a cognitive load approach, for example, a complex task’s
intrinsic load even under ideal instructional conditions (based on an
interaction between task complexity and the learners’ expertise)
might exceed the learners’ cognitive capacity and thus result in
cognitive overload (Van Merrienboer et al., 2006). Even the concept
of “desirable difﬁculty” implies that task complexity should not
exceed a “desirable” level (Bjork & Linn, 2006). In this study, for
example, there is some tentative evidence that the complex evaluation Task B might have exceeded the capacity of our layperson
participants. Speciﬁcally, students showed signiﬁcantly less
Processing Efﬁciency for this task than for the simple tasks and their
performance showed that only 50% of them were able to provide the
correct recommendation (see Table 2). We have no ﬁnal solution for
this problem but encourage educators to heed the following advice,
especially when encountering complex tasks: Students might proﬁt
from scaffolding with regard to adequately monitoring task
demands, adequately self-monitoring their learning processes, and
adequately self-regulating their corresponding learning tactics and
strategies (Kramarski & Michalsky, 2010; Nückles, Hübner, & Renkl,
2009). Moreover, educators should clearly communicate task
demands to all students. Given that students still might interpret
these task demands differently, monitoring students’ task understanding on a very speciﬁc level is necessary, as well as making sure
their understanding matches the educators’ understanding. Asking
students about their task-speciﬁc goals and about the concrete
tactics and strategies they plan to execute might also be helpful.
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