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A B S T R A C T   

We examine students' ratings of task difficulty and associate these with self-efficacy and objective and subjective 
measures of task performance, within the context of learning from multiple texts. Participants were asked to 
report their self-efficacy for multiple text task completion and then to compose an argument about a contro-
versial topic (i.e., the U.S. adopting a universal basic income). Students were asked to rate and justify their 
perceptions of task difficulty following multiple text task completion. While self-efficacy was found to be asso-
ciated both with students' ratings of task difficulty and with measures of subjective task performance, objective 
task performance was found to only be associated with effort expenditure, as measured by the total time that 
students devoted to text access. Implications for future research are discussed.   

Across domains, students are commonly asked to compose written 
responses after conducting research using multiple academic texts. Re-
searchers examining students' multiple text use have found learners to 
experience a number of challenges when completing such demanding 
tasks. These challenges include evaluating texts and citing sources 
appropriately (Britt & Aglinskas, 2002; Kammerer & Gerjets, 2012), 
writing responses that conform to task-demands (e.g., composing two- 
sided arguments, Anmarkrud et al., 2014; Stadtler et al., 2014), and 
integrating information presented across multiple texts (List, Du, et al., 
2019; Wiley & Voss, 1999). Despite these challenges, less is known 
about students' own perceptions of task difficulty when asked to 
compose written responses based on multiple texts. Yet there is reason to 
believe that students' perceptions of task difficulty are a fruitful area for 
investigation. Such perceptions may be associated with goal setting 
prior to task completion, strategy engagement, and willingness to 
expend time and effort during task completion, and self-assessments of 
performance after a task is completed. Still, little is known about how 
easy or difficult students consider multiple text tasks to be and to which 
aspects of task completion students attribute such difficulty. 

In this study, we examine students' ratings of task difficulty and their 
justifications for such ratings when completing a multiple text task. 
Further, we examine the association among students' perceptions of task 
difficulty and two other individual difference factors: (a) self-efficacy, 
reported prior to task completion, and (b) calibration accuracy, 
defined as the difference between students' objective performance and 

subjective perception of task performance, rendered following task 
completion. Finally, we examine structural relations between self- 
efficacy beliefs, perceptions of task difficulty, and objective and sub-
jective perceptions of argumentative writing performance on a multiple 
text task. 

1.1. Learning from multiple texts 

Learning from multiple texts refers both to the processes that learners 
engage to construct a coherent mental representation of information 
presented across texts and to the qualities of the representations that are 
constructed (Britt et al., 1999; Perfetti et al., 1999; Rouet & Britt, 2011). 
One prominent theory of learning from multiple texts is the Multiple 
Documents Task-Based Relevance Assessment and Content Extraction model 
(MD-TRACE, Rouet, 2006; Rouet & Britt, 2011). The MD-TRACE con-
ceptualizes students' multiple text use as a series of behaviors and cog-
nitions, carried out over the course of five steps. In the first step of the 
MD-TRACE, when assigned a multiple text task, students start by 
developing a mental model of task demands (i.e., a task model). In Step 
2, students determine that they have an information need and decide 
whether multiple text use is necessary for task completion. In Step 3, 
students are expected to engage in three-sub processes: (a) text selection, 
(b) processing, and (c) integration. Text selection involves students' 
judgments of a text's relevance and usefulness relative to their task 
model. Text processing involves students' comprehension of texts 
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accessed. And text integration refers to students' construction of a ho-
listic mental representation of information presented across texts. Then, 
students compose a written response (i.e., Step 4) and determine 
whether their written response satisfies task demands (Step 5). 

The five steps of the MD-TRACE are considered to be guided by 
external and internal resources shaping task completion. External re-
sources are features of the task context that define the parameters of 
students' multiple text use. Internal resources are the individual differ-
ence factors that may help or hinder students' processing of multiple 
texts. While external resources are those provided in common to all 
learners completing a particular task, internal resources are unique to 
individual students, potentially explaining inter-individual differences 
in task completion. While some internal resources (e.g., prior knowl-
edge, Strømsø et al., 2010) have received considerable attention in the 
multiple text literature, other internal resources have been considered to 
a much more limited extent. Among the internal resources receiving 
more limited attention have been the motivational factors impacting 
learning from multiple texts (Grossnickle, 2014; List & Alexander, 2017, 
2018, 2019; Van Meter et al., 2020). 

Extending beyond the MD-TRACE, Rouet et al. (2017) (see also Britt 
et al. (2018)) introduced the RESOLV model (i.e., REading as problem 
SOLVing) to conceptualize the contextual factors guiding students' in-
teractions with multiple texts. According to the RESOLV model, when 
assigned a multiple text task, students develop a model of the reading 
context reflecting their physical and social setting. This context model 
includes five key components: (a) the request, (b) the requester, (c) the 
audience, (d) the obstacles and affordances in the task environment, and 
(e) students' competencies. In this study, we investigate students' con-
ceptions of their own competencies (i.e., self-efficacy) for multiple text 
completion, as well as examining the various contextual or task-related 
factors (i.e., obstacles and affordances) that students consider in justi-
fying ratings of task difficulty. 

Extending beyond the MD-TRACE and RESOLV models, a line of 
research examining the motivational factors involved in learning from 
multiple texts has also emerged (Bråten et al., 2014; Grossnickle, 2014; 
List, Stephens, & Alexander, 2019; Maier & Richter, 2014; Wigfield 
et al., 2016). Motivational factors examined include interest and curi-
osity (e.g., Bråten et al., 2014; Grossnickle, 2014; List, Stephens, & 
Alexander, 2019), effort expenditure (Bråten et al., 2014), and self- 
efficacy and goal orientation (Wigfield et al., 2016). For example, 
Bråten et al. (2014) examined the effects of individual and situational 
interest, as motivational factors, and effort, as measured by time on 
texts, on multiple text comprehension. In their study, neither individual 
interest nor situational interest were found to have a direct effect on 
multiple text comprehension; although, situational interest was found to 
indirectly predict multiple text comprehension, via students' reports of 
deep-level strategy use during multiple text task completion. Still, effort 
expenditure, as measured by time on texts, was found to directly predict 
multiple text comprehension. This effect is explainable using the 
construct of behavioral engagement (Bråten et al., 2018). Bråten et al. 
(2018) define behavioral engagement as students' observable actions 
aimed at multiple text task completion, including time devoted to 
multiple text reading and writing and response length. Behavioral 
engagement has been found to be a significant predictor of multiple text 
comprehension, even when motivational factors (i.e., topic interest) are 
controlled for (Bråten et al., 2018). 

In this study, we examine the role of a motivational factor (i.e., self- 
efficacy) and an indicator of behavioral engagement (i.e., time on texts) 
in students' objective and subjective perceptions of task performance, as 
well as in students' perceptions of task difficulty when asked to compose 
an argument based on multiple texts. Our analysis of self-efficacy and 
students' perceptions of task difficulty, as motivational factors contrib-
uting to multiple text task completion, is informed by Eccles and Wig-
field's Expectancy-Value Theory (Eccles et al., 1983; Wigfield & Eccles, 
2000). 

1.2. Self-efficacy and perceptions of task difficulty 

In Expectancy-Value Theory, Eccles and Wigfield (1995) conceptu-
alize students' achievement motivation (i.e., task selection, persistence, 
and performance) as the result of their subjective perceptions of task 
value, task difficulty, and their own abilities, referred to as expectancies 
for success. Task value includes students' intrinsic motivation for task 
completion (i.e., intrinsic value), their perceptions of the pragmatic 
benefits of task completion (i.e., extrinsic utility), and their identifica-
tion with a particular task and the tasks' importance to them (i.e., 
attainment value). Indeed, task value has been found to be a predictor of 
students' activity choices, the degree of engagement that students have 
with a particular task, and their persistence when trying to meet task 
demands (e.g., Liem et al., 2008; Wigfield & Eccles, 1992). Expectancy 
beliefs reflect students' self-efficacy or beliefs that they are skilled in and 
will be successful at task completion. Indeed, expectancy beliefs have 
been found to explain the amount of effort that students devote to task 
completion or task persistence as well as task performance (Schunk, 
2003). Moreover, an extensive body of work has looked jointly at the 
role of expectancy beliefs and beliefs about task value in successful ac-
ademic performance (Berndt & Miller, 1990; Jones et al., 2010). In this 
study, we examine a complementary belief construct, perceptions of task 
difficulty, to understand its association with two other self-beliefs (i.e., 
self-efficacy, calibration accuracy) and their role in learning from mul-
tiple texts. 

Perceptions of task difficulty refer to students' beliefs about a 
particular task and the effort required to do well (Eccles & Wigfield, 
2002). Maynard and Hakel (1997), in a related literature addressing task 
complexity, rather than task difficulty, draw a distinction between 
objective and subjective facets of task complexity. In their study, while 
objective task complexity was experimentally manipulated, by asking 
individuals to prepare employee work schedules with no or many con-
straints, subjective task complexity was assessed via self-report. May-
nard and Hakel (1997) found task performance to be negatively 
associated with both objective and subjective task complexity, with 
subjective task complexity mediating the relation between objective 
task complexity and actual task performance. Moreover, Maynard and 
Hakel (1997) found students' subjective ratings of task complexity to be 
positively associated with a general measure of task motivation, with no 
correspondent association between task motivation and task perfor-
mance identified. Mangos and Steele-Johnson (2001) found subjective 
perceptions of task complexity to likewise be associated with poorer task 
performance; however, they found a negative association between self- 
efficacy and subjective perceptions of task complexity. Moreover, they 
found the relationship between students' perceptions of task complexity 
and task performance to be fully mediated by self-efficacy for task 
completion. Consistent with these latter findings (Mangos & Steele- 
Johnson, 2001), Li et al. (2007) found students' perceptions of a given 
task as more difficult to be associated with lower levels of perceived 
ability following task completion and with poorer performance, in the 
physics domain. Further, they found students' lower levels of perceived 
ability, rated prior to task completion, to explain students' later per-
ceptions of a given task as more difficult. As such, the associations 
among students' subjective perceptions of task difficulty, self-efficacy, 
and task performance require further examination to establish both 
the magnitude and directionality of effects. 

Although the construct of task difficulty has received compara-
tively little attention within the context of learning from multiple 
texts (e.g., Hahnel et al., 2019), this factor may, nevertheless, be ex-
pected to have a strong effect on students' interactions with multiple 
texts. For instance, we may expect that when interpreting task de-
mands, in Steps 1 and 2 of the MD-TRACE, students' perceptions of 
task difficulty are incorporated into the task models that they 
construct and influence their determinations of an information need. 
In Step 3 of the MD-TRACE, students' perceptions of task difficulty 
may dictate strategy deployment and effort expenditure during task 
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completion. Indeed, Hahnel et al. (2019) in the first study, to our 
knowledge, to examine students' perceptions of task difficulty within 
the context of learning from multiple texts, found students' ratings of 
task difficulty to be positively associated with time on texts and source 
information access during reading and to be negatively associated 
with task performance. Here, we further expand on the construct of 
task difficulty to examine its association with self-efficacy as a moti-
vational factor, time on texts, as a processing factor, and students' self- 
assessments of task performance, as well as objective performance on 
an argumentative writing task. Moreover, in this study, we examine 
how students justify their task difficulty ratings and the extent to 
which the justifications that students produce reflect the dimensions 
identified in Hahnel et al.'s (2019) work (i.e., difficulties associated 
with task-, learner-, and reading-related factors). 

1.3. Calibration accuracy and task performance 

In addition to examining the associations among self-efficacy, task 
difficulty, and subjective and objective task performance, we examine 
these constructs in association with students' calibration accuracy. 
Calibration is the accuracy of students' subjective self-evaluations, 
relative to objective task performance (Dinsmore & Parkinson, 2013). 
Prior work has reported on the critical role of calibration in improving 
learning outcomes (Bol et al., 2005; Lin & Zabrucky, 1998), with such 
improvement achieved via a variety of mechanisms. For one, Dinsmore 
and Parkinson (2013) found students, who were better calibrated, to 
demonstrate a better understanding of task demands, resulting in 
improved performance. For another, high-performing students may 
have improved monitoring, or better awareness of comprehension dur-
ing task completion, contributing to calibration accuracy. Finally, cali-
bration may be associated with task performance as students' self- 
evaluations may help them decide what strategies to use to achieve 
task goals. 

Indeed, prior work has found calibration to be strongly associated 
with achievement (Nietfeld et al., 2006; Pieschl, 2009), including within 
the context of learning from multiple texts (List & Alexander, 2015; 
Wang & List, 2019). At the same time, students have been found to 
demonstrate an overall low degree of calibration (Winne & Jamieson- 
Noel, 2002), with poorer performing students driving the association 
between miscalibration and lower achievement (Wang & List, 2019). In 
this study, we make the case that students' miscalibration is, potentially 
the result of individual difference factors, including self-efficacy and 
perceptions of task difficulty. More generally, we argue that self-beliefs 
in association with multiple text task completion, including self-efficacy, 
perceptions of task difficulty, and calibration, reflecting subjective as-
sessments of task performance, should be jointly examined in effecting 
the processes and outcomes of multiple text use. In this way, we examine 
theoretical assumptions about multiple text use, suggesting that this 
process is guided by a variety of individual difference factors and their 
inter-relations (List & Alexander, 2017, 2018, 2019; Rouet, 2006; Rouet 
et al., 2017). 

1.4. Present study 

In this study, we probe students' ratings of task difficulty and task 
difficulty justifications rendered following task completion. In partic-
ular, we seek to know the fundamental reasons why students consider a 
particular task (i.e., writing an argument based on multiple texts) to be 
easy or difficult in nature. Given the objective complexity associated 
with multiple text tasks (Britt et al., 2012), we expect students' per-
ceptions of task difficulty to stem from factors related to the individual 
(e.g., prior knowledge), the texts provided (e.g., text structure or read-
ability), the task itself (e.g., the need to provide evidence or elabora-
tion), or some combination of these (Hahnel et al., 2019). Indeed, in 
studies of single text comprehension, students have been found to 
attribute their performance to each of these factors to various extents 

(Dinsmore & Parkinson, 2013). Moreover, we focus on the relations 
among students' perceptions of task difficulty, self-efficacy, and objec-
tive and subjective assessments of task performance when learning from 
multiple texts. We have three research questions. 

First, we examine how students justify their perceptions of task dif-
ficulty when completing a multiple text task? (RQ1). 

Research Question 2 and 3 examine the associations among students' 
self-efficacy, perceptions of task difficulty, and objective writing per-
formance, as well as self-evaluations of writing performance (RQ2) 
and calibration accuracy (RQ3). Calibration accuracy is the absolute 
difference between students' objective writing performance and self- 
evaluations of writing task performance, with higher calibration 
scores reflecting a greater degree of inaccuracy in self-evaluations (i.e., 
miscalibration). Across Research Questions 2 and 3, we have the 
following hypotheses: 

Ratings of task difficulty. We expected self-efficacy to be negatively 
associated with perceptions of task difficulty (Li et al., 2007), such 
that students with higher self-efficacy would consider the task to be 
easier. Moreover, given that students' task-specific self-efficacy 
would affect their persistence/effort-expenditure during task 
completion (Schunk, 2003), we expected the effects of self-efficacy 
on ratings of task difficulty to be mediated by time on texts. See 
Figs. 1 and 2. 
Objective writing performance. We hypothesized that both self-efficacy 
(Schunk & Rice, 1989) and prior knowledge (Bråten et al., 2014) 
would be significant predictors of objective writing performance. 
Moreover, we expected objective writing performance to be pre-
dicted by self-efficacy and prior knowledge, mediated by time on 
texts. Finally, we expected that students' perceptions of task diffi-
culty would be negatively associated with their objective writing 
performance scores, such that students rating the multiple text task 
as more difficult would demonstrate lower ratings of task perfor-
mance. See Figs. 1 and 2. 
Self-evaluations of writing performance. We expected self-efficacy 
(Bouffard-Bouchard, 1994) and prior knowledge (Glenberg & 
Epstein, 1987) to be significant predictors of self-evaluations of 
writing performance. Moreover, we expected students' self- 
evaluations of writing performance to be predicted by self-efficacy 
and prior knowledge, mediated by time on texts. Furthermore, we 
expected self-evaluations of writing performance to be positively 
associated with objective writing performance. See Fig. 1. 
Calibration accuracy. We expected a negative association between 
self-efficacy and calibration accuracy, or that students with higher 
self-efficacy for multiple text task completion would be more accu-
rate in their self-evaluations of response quality (Zimmerman et al., 
1992). Moreover, we expected a positive association between per-
ceptions of task difficulty and calibration accuracy, with students 
rating the multiple text task as easier also reporting lower calibration 
scores (i.e., more accurate evaluations of writing quality). Consistent 
with prior work (Wang & List, 2019), we expected objective writing 
performance to be negatively associated with calibration accuracy, 
such that students who were more accurate in their self-evaluations 
would have higher levels of objective writing performance (Lin & 
Zabrucky, 1998). See Fig. 2. 

2. Method 

2.1. Participants 

Participants were 215 undergraduate students enrolled in a univer-
sity located in the Mid-Western United States (age: M = 20.02, SD =
1.34). The majority of the sample was female (66.19%, n = 139, male: 
30.00%, n = 63). A large number of students (n = 52) elected not to 
report their race/ethnicity, as race/ethnicity was gathered via an open- 
ended question. Among students reporting race/ethnicity, the majority 
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of the sample was White (46.19%, n = 97); 17.62% (n = 37) of partic-
ipants were Black/African American; 6.19% (n = 13) reported Hispanic/ 
Latino ethnicity; 0.95% (n = 2) of participants were Asian; and 4.29% of 
participants reported their ethnicity as biracial or as other (n = 9). This 
study was approved by an IRB and informed consent was obtained from 
all participants. Participants received $10 for their participation. Seven 
participants did not provide any demographic information. Five par-
ticipants were excluded from all analyses due to missing data. 

2.2. Study context 

This study presents secondary analyses of an experiment that was 
originally designed to examine the effects of note-taking instructions 
and structured notes on multiple text task performance. Students were 
randomly assigned to one of four experimental conditions, differing in 
the note-taking instructions that students received and the note-taking 
format that students were asked to adopt (see Appendix A). We ran 
preliminary analyses to determine whether the experimental manipu-
lations affected outcomes of interest. See Appendix B for descriptives. 

Two-way ANOVAs found no significant differences in individual dif-
ference factors, ratings of task difficulty, and objective and subjective 
evaluations of argumentative writing task performance across the four 
conditions (ps > 0.26). This indicated that our note-taking manipulation 
was not successful. Although our target experimental manipulation did 
not work, we still considered the data collected to have merit. Therefore, 
we collapsed all four conditions for the analyses in this paper, examining 
the associations among self-efficacy, students' task difficulty ratings, and 
objective and subjective measures of writing task performance. 

2.3. Measures 

2.3.1. Individual difference measures 
Participants were first asked to complete measures of prior knowl-

edge, task-specific self-efficacy, and attitudes towards UBI. Prior 
knowledge and self-efficacy were examined in this study. 

2.3.1.1. Prior knowledge. Prior knowledge was assessed via a term- 
identification measure. Specifically, students were asked to define 

Fig. 1. Structural equation modeling with self-evaluations.  

Fig. 2. Structural equation modeling with calibration accuracy.  
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seven terms relevant to the topic of the task, the U.S. adopting a uni-
versal basic income. The second author chose the seven terms from the 
six texts used in this study. If participants did not know a term, they were 
asked to write N/A. Responses were scored as correct or incorrect, with 
total scores ranging from 0 to 7. Average prior knowledge scores were 
1.16 (SD = 1.29), indicating that students in this study constituted a low 
prior knowledge sample. Cohen's kappa inter-rater reliability was 0.83, 
indicating high agreement, based on two raters' scoring 210 student 
responses (exact agreement: 87.62%). 

2.3.1.2. Self-efficacy. Researchers developed a self-efficacy measure to 
capture students' confidence in multiple text task completion, reflecting 
students' beliefs regarding both their reading (e.g., I am confident that I 
can understand main arguments in texts) and writing (e.g., I am sure I can 
write arguments based on information in texts) capabilities when learning 
from multiple texts. Similar self-efficacy questionnaires for learning 
with ICTs were reviewed prior to measure construction (Bråten et al., 
2005). Cronbach's alpha reliability for the scale was 0.94 (see Table 1). A 
confirmatory factor analysis confirmed the single factor structure of this 
measure (X2 (27) = 74.55 (p < .001), RMSEA = 0.09 (90% CI: 0.07, 
0.12), CFI = 0.97, and SRMR = 0.02). Students rated their average de-
gree of self-efficacy for multiple text task completion as 5.48 (SD = 1.07) 
on a seven-point scale. 

2.3.2. Multiple text task 
Participants were then asked to complete a multiple text task. This 

involved researching and composing a written response on the topic of 
the U.S. adopting a universal basic income (UBI). Students were pre-
sented with a library of six digital texts that they could use to aid them in 
writing. 

2.3.2.1. Texts. All participants were provided with a library of six 
digital texts presenting two conflicting positions on whether or not the 
U.S. should adopt a UBI. While three of the texts supported the adoption 
of a UBI, the other three texts opposed UBI adoption. Texts were 
developed based on analyses of the benefits and drawbacks of UBI 
published in the popular press (e.g., New York Times) and modified for 
inclusion in this study. Texts were introduced by title in the digital li-
brary (e.g., No UBI, Humans Need Work). Texts were created to appear 
trustworthy to students. That is, they were attributed to expert authors 
and reputable publishers and identified as representing high- 
trustworthiness document types (e.g., policy memos, analysis essays). 
For example, for the text titled UBI is a Right, the following document 
information was provided: (a) document type: research report, (b) 

publisher: World Bank, (c) author: Shanta Devarajan, and (d) credentials: 
Shanta Devarajan is the Chief Economist for the Middle East and North 
African Region for the World Bank. All texts were relevant to the target 
task and could be used by students for argument composition. 

Each argument text introduced a central claim, followed by at least 
two pieces of supporting statistical evidence. Each article also included 
two embedded references to further indicate trustworthiness. Texts 
were, on average, 322 words in length and had a Flesch-Kincaid Grade 
Level ranging from 14.1 to 15.4, indicating that these were of an 
appropriate, if challenging, readability level for undergraduates. Texts 
were displayed in random order in the digital library. Students could 
access none, some, or all of the texts available in the digital library. We 
ran a series of independent samples t-tests to examine whether outcome 
variables of interest differed between participants reading all six library 
texts and not. See Appendix C. 

2.3.2.2. Log data. A variety of log data were collected. These included: 
the number of texts that students accessed, order of access, and whether 
or not students accessed document information (i.e., author credentials) 
in association with each text. Only the amount of time that students 
devoted to text access is analyzed in this study as this has been used in 
prior work as a measure of task persistence (Bråten et al., 2014; List, 
Stephens, & Alexander, 2019). 

2.3.3. Post-task measures 
After accessing texts, students were asked to write an argument in 

support of or in opposition to the United States adopting a UBI. Students 
were then asked to rate task difficulty (two items), self-evaluate the 
quality of their argumentative writing (two items), report UBI attitudes 
at post-test (five items), describe how they reasoned about conflicting 
information about UBI (one open-ended question), rate task engagement 
(four items), and provide demographic information. See Appendix D for 
correlations among post-task measures. 

2.3.3.1. Ratings of task difficulty. Students were asked to rate two items 
capturing perceptions of task difficulty (e.g., How difficult was this task? 
How challenging was this task?). Students endorsed each statement on a 
100-point scale, ranging from not at all (0) to very (100). Average scores 
were 44.25 (SD = 18.41). This average rating corresponded to students 
generally considering the multiple text task they completed to be 
moderately easy, rather than difficult. 

Students were further asked to explain what made the task easy or 
challenging for them to complete. Students' open-ended responses were 
first coded independently by two raters, using a bottom-up coding 
approach. After raters independently identified coding categories, the-
ses were corroborated across raters, with categories added, collapsed, or 
removed, based on discussion. After a final coding scheme was estab-
lished, the two raters then recoded all responses and ensured that a 
significant degree of inter-rater agreement was achieved. 

Twenty-four categories of task difficulty justifications, correspond-
ing to four broad dimensions, were identified. These four broad di-
mensions corresponded to justifications for task difficulty ratings 
rendered based on (a) individual or learner factors, (b) task features, (c) 
characteristics of the texts provided, and (d) writing-related dimensions. 
The four dimensions identified corresponded to those taxonomized by 
Dinsmore and Parkinson (2013). Table 2 includes examples of the 24 
sub-category justifications. Task difficulty justifications reflecting a 
consideration of learner characteristics included justifications based on 
students' beliefs about their abilities, personal interest in the task, and 
prior knowledge. Task difficulty justifications reflecting a consideration 
of the task dimension included undergraduates' identifying the task as 
providing clear guidelines, appreciating the opportunity to take notes, 
or considering any time limitations associated with task completion. 
Third, justifications for task difficulty reflecting the text characteristics 
dimension addressed the relevance, informativeness, and 

Table 1 
Item statistics for self-efficacy.  

Item M SD Cronbach's α if item 
deleted 

I am sure I can find academic sources 
effectively.  

5.18  1.03  0.94 

I am certain I can evaluate source 
trustworthiness.  

5.22  0.96  0.94 

I am sure I can understand information in 
texts.  

5.28  0.95  0.94 

I am confident that I can understand main 
arguments in texts.  

5.37  0.91  0.93 

I am sure I can evaluate evidence in texts.  5.26  0.94  0.93 
I am confident that I can narrow down 

sources to the ones I need.  
5.17  1.04  0.94 

I am sure I can write arguments based on 
information in texts.  

5.27  1.03  0.93 

I am sure I can write quality academic 
essays.  

5.21  1.07  0.94 

I know that I can identify relationships 
between texts.  

5.21  0.98  0.94 

Note: Cronbach's α for nine-items = 0.94. 
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Table 2 
Components of four dimension of task difficulty justification.   

Easy % 
(n) 

Difficult 
% (n) 

Description Example ([E] – 
Easy, [D] – 
Difficult) 

Individual-related dimension (n = 72) 
Prior 

knowledge 
1.33% 
(n = 5) 

6.10% 
(n = 23) 

Justifications based 
on individuals' 
topic-related prior 
knowledge 

[D] To those 
unfamiliar with 
UBI, it could be 
a challenge 
learning some of 
these new 
concepts 

Interest 1.59% 
(n = 6) 

0.80% 
(n = 3) 

Justifications based 
on students' interest 
in the topic 

[E] My favorite 
topic is 
economics, so 
government 
policies that 
involve 
economics 
intrigue me 
greatly. 

Task interest/ 
experience 

2.92% 
(n =
11) 

0.80% 
(n = 3) 

Justifications based 
on students' 
enjoyment of 
completing research 
tasks or experience 
completing similar 
tasks 

[E] I have been 
doing small 
research and 
response things 
like this all my 
life. 

Attitudes 1.33% 
(n = 5) 

0.27% 
(n = 1) 

Justifications based 
on individuals' 
attitudes towards 
the topic of the task 

[E] It is one that 
I have thought 
about in the past 
before and I had 
already heard 
both side of the 
argument and 
had already 
formulated an 
opinion about it. 

Affect during 
processing 

1.33% 
(n = 5) 

1.59% 
(n = 6) 

Justifications based 
on individuals' 
affective 
experiences during 
task completion 

[D] It was nice 
topics just lost of 
interest and 
fatigue after 
reading a 
numerous 
amount of 
articles. 

Individual- 
other 

1.06% (n = 4) Justifications based 
on individual- 
related factors, not 
captured in the 
above sub- 
categories 

This task was 
quite easy for 
the reason of my 
capability to 
capture 
information that 
may be useful 
when providing 
opinions or 
assignments 
based off the 
facts that I took 
to mind.  

Task-related dimension (n = 101) 
Guideline 2.12% 

(n = 8) 
1.06% 
(n = 4) 

Justifications based 
on clear and well- 
explained task 
guidelines 

[E] The task was 
easy because the 
directions were 
straightforward 
and clear. 

Note-taking 2.12% 
(n = 8) 

1.06% 
(n = 4) 

Justifications based 
on the note-taking 
format provided 

[E] This task 
was fairly easy 
since it was very 
straightforward 
on what the 
assignment was 
and that we 
were to take 
notes 

Task definition 0.00% 
(n = 0) 

Justifications based 
on perceptions of 

[E] This task 
was easy  

Table 2 (continued )  

Easy % 
(n) 

Difficult 
% (n) 

Description Example ([E] – 
Easy, [D] – 
Difficult) 

4.77% 
(n =
18) 

the given task 
assignment 

because the 
information was 
given to you. 
You just had to 
read the articles 
and form an 
opinion 

Time 0.00% 
(n = 0) 

2.12% 
(n = 8) 

Justifications based 
on the amount of 
time required to 
complete to given 
task 

[D] Writing a 
research paper 
usually takes 
days, there is 
only an hour 
allotted. 

Interface design 
(context) 

0.80% 
(n = 3) 

2.92% 
(n = 11) 

Justifications based 
on the design of the 
web interface 
created to access 
texts 

[D] Especially 
since I couldn't 
go back and 
review the 
research for fear 
my work would 
not be saved. 

Topic 6.10% 
(n =
23) 

1.06% 
(n = 4) 

Justifications based 
on featuers of the 
topic-related, not 
related to students' 
prior knowledge 

[E] the topic 
was easy to 
write about 
because there 
were two 
distinct sides. 
[E] This refers to 
real lives so we 
should be well 
aware what are 
we supporting 
or opposing. 

Task other 10 (2.65%) Justifications based 
on task-related 
factors, not 
mentioned in the 
above sub- 
categories 

The directions 
were confusing 
and it seemed as 
though the 
questions 
repeated 
themselves.  

Texts-related dimension (n = 161) 
Useful for task 1.06% 

(n = 4) 
0.53% 
(n = 2) 

Justifications based 
on texts' usefulness 
for task completion 

[D] it was more 
tedious to read 
all of the sources 
when some of 
them were not 
as relevant to 
my argument. 

Informativeness 5.31% 
(n =
20) 

6.10% 
(n = 23) 

Justifications based 
on texts' 
informativeness or 
the ability to 
corroborate 
information across 
texts 

[E] Some of 
them [the 
sources] also 
provided a lot of 
information that 
was helpful in 
composing my 
argument. 
[D] And often 
directly 
contradicted 
each other 

Texts 
availability 

8.22% 
(n =
31) 

2.39% 
(n = 9) 

Justifications based 
on texts' availability 

[E] All the 
needed 
information was 
provided in one 
space, I was 
given materials 
needed to 
further assist me 
in writing my 
thoughts and 
observations 
[D] Weighing 
every authors 
opinions and 

(continued on next page) 
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comprehensibility of texts. Finally, justifications for task difficulty 
reflecting the writing-related dimension included students describing the 
ease/difficulty with which they adopted a position for essay writing or 
elaborated such writing. 

Students' reports of task difficulty justifications were coded in a bi-
nary fashion. Cohen's kappa inter-rater agreement was 0.69 (exact 
agreement = 73.90%) for two raters coding all task difficulty justifica-
tions. All disagreements were resolved through discussion. 

2.3.3.2. Argumentative writing task performance. Students were asked to 
write an argumentative essay in support of or in opposition of the United 
States adopting a UBI. Students' argumentative writing was both: (a) 
assessed via a rubric (i.e., objective writing performance) and (b) 
assessed by students themselves (i.e., self-evaluations of writing 
performance). 

2.3.3.2.1. Objective writing performance. Argumentative writing was 
componentially scored based on five dimensions of response quality. 
These components included: (a) argument formation, in support of or in 
opposition to the U.S. adopting a UBI; (b) two-sided reasoning, reflecting 
the extent to which students considered UBI-related arguments that 
conflicted with their chosen point of view; (c) evidence use and (d) 
elaboration, reflecting the extent to which students used specific infor-
mation from texts to explain claims introduced; and (e) integration, 
corresponding to the extent to which students connected or linked in-
formation presented across texts. 

Argument formation was scored on a three-point scale: students 
received a 0 when their argumentative writing included only claims; a 
one for the provision of a single argument; and a two for the provision of 
multiple arguments. Two-sided reasoning in writing was scored using a 
four-point scale. A 0 was assigned when students ignored the opposing 
position in their writing, a one was assigned when students acknowl-
edged the opposite position, without further elaboration; a two was 
assigned when students both acknowledged and forwarded an argument 
from the opposing position; finally, a three was assigned when students 
acknowledged the opposing position and stated and refuted opposing 
arguments. Evidence use was scored using a three-point scale. Responses 
not including any evidence were given a score of 0; responses including 
evidence with no citation information received a 1, while responses 
including evidence and citations received a 2. Evidence elaboration was 
scored using a three-point scale. Students not including any elaborative 
statement received a score of 0; students received a score of 1 if a single 
piece of evidence was elaborated and a score of two if multiple pieces of 
evidence were elaborated. Finally, integration was scored in a binary 
fashion, as present or absent. 

Overall response scores were generated by adding up sub-scores on 
each of these five dimensions. Table 3 includes the detailed rubric used 
to score students' writing and sample responses. Two raters coded all 
student responses, with exact agreement across raters ranging from 
79.33% for the identification of two-sided reasoning to 95.19% for the 
inclusion of integration. Disagreements were resolved through discus-
sion. Students' argumentative written responses received an average 
score of 5.99 (SD = 2.76) out of a possible 10 points. 

2.3.3.2.2. Self-evaluations of writing performance. Students were 

Table 2 (continued )  

Easy % 
(n) 

Difficult 
% (n) 

Description Example ([E] – 
Easy, [D] – 
Difficult) 

trying to figure 
out the facts 
without using 
any other 
resources other 
than the ones 
provided was 
difficult. 

Credibility 0.80% 
(n = 3) 

0.80% 
(n = 3) 

Justifications based 
on texts providing 
credible 
information 

[D] It was 
difficult to write 
off of each 
article because 
they were all 
heavily bias, 

Easy to 
understand 

6.90% 
(n =
26) 

1.86% 
(n = 7) 

Justifications based 
on the 
comprehensiveness 
of the texts provided 

[E] The material 
was not too 
heavy or in 
depth, so it was 
easy to read. 
[D] As stated 
before, some of 
the arguments 
were hard to 
understand 
because they 
didn't show the 
needed evidence 
to back their 
claims. 

Higher order 
cognitive 
process 

3.18% 
(n =
12) 

3.45% 
(n = 13) 

Justifications based 
on the higher order 
cognitive processes 
required for task 
completion 

[D] but it was 
still challenging 
to develop a 
viewpoint given 
each source was 
convincing. 

Other in texts 2.12% (n = 8) Justifications based 
on texts-related 
factors, not 
mentioned in the 
above sub- 
categories 

My final 
decision had to 
be solely on 
what I believed 
to be right based 
off of my 
readings. No 
passage was 
able to fully 
sway me either 
way  

Writing-related dimension (n = 43) 
Pick a side 3.45% 

(n =
13) 

2.12% 
(n = 8) 

Justifications based 
on selecting a 
position on the 
controversy 

[D] It was only 
challenging 
because I had to 
choose a side 
and later 
support it with 
evidence 
provided. 

Higher order 
cognitive 
process in 
writing 

0.53% 
(n = 2) 

1.33% 
(n = 5) 

Justifications based 
on the higher order 
cognitive processes 
needed to compose 
a written response 
(e.g., organization) 

[D] it was 
challenging to 
put all my ideas 
together well 
after only 
reading a short 
summary on 
several articles. 

Elaboration in 
writing 

1.59% 
(n = 6) 

0.53% 
(n = 2) 

Justifications based 
on the need to 
include elaborations 
or evidence and 
claims in written 
responses 

[D] Having to 
form an opinion 
without control 
over where my 
information 
comes from and 
having to write 
an argument 
effectively was 
difficult.  

Table 2 (continued )  

Easy % 
(n) 

Difficult 
% (n) 

Description Example ([E] – 
Easy, [D] – 
Difficult) 

Other in writing 1.86% (n = 7) Justifications based 
on writing-related 
factors, not 
mentioned in the 
above sub- 
categories (e.g., 
length, writing 
quality) 

I also challenged 
my opinions by 
offering an 
options and then 
refuting it.  
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asked to self-evaluate the written responses they composed, using the 
prompt: how well do you think you did on this assignment (i.e., researching 
and writing about UBI). Average scores for students' self-evaluations of 
writing performance were 57.08 (SD = 21.91), on a 100-point scale. 

2.3.3.3. Calibration accuracy. We computed calibration accuracy, as the 
absolute difference between students' subjective self-evaluations of task 
performance and objective task performance. Both subjective and 
objective task performance were standardized before calibration accu-
racy was computed. That is, calibration accuracy reflected the degree of 
students' inaccurate self-evaluations, with higher scores reflecting a 
greater degree of self-evaluations inaccuracy. 

2.4. Procedures 

This study consisted of three main parts. First, participants 

Table 3 
Rubric to score students' written responses.  

Dimension Score and description Sample responses 

Argument 
formation 

0 Only claims included in a 
written response 
1 One single argument 
included in a written response 
2 Multiple arguments included 
in a written response 

[Score 2] First, evidence seems to 
be contradictory in terms of 
assistance to the poor [← 
argument]. Some believe that 
providing a UBI and removing 
current welfare programs will be 
the inevitable death-sentence for 
the poor…Secondly, the 
affordability of a UBI is extremely 
questionable [← argument]. 
Simple napkin math with a guess 
of $10,000/year/person shows 
that. 

Two-sided 
reasoning 

0 Ignore the opposing position 
1 Acknowledge the opposing 
position 
2 Acknowledge the opposing 
position and state a relevant 
claim 
3 Acknowledge the opposing 
position, state and refute the 
relevant claims for the 
opposing position 

[Score 3] The U.S. should not 
adopt a universal basic income 
because it will only create worse 
problems for the economy. One 
source stated plainly that 
adopting a UBI would be an 
“inefficient and ineffective” use 
of the country's resources. With 
the social service system 
currently in place, the 
government's monetary 
resources are targeting those 
individuals who need it most. 
The adoption of a UBI would 
prevent the recognition of 
different need levels that the 
current social services program 
incorporates. For example, those 
below the poverty line are more 
readily supplied with financial 
need than they would be if a UBI 
was to be adopted. This is 
because these individuals who 
clearly are in greater need for 
assistance than others would 
simply be given equal assistance 
as all others if a UBI was 
adopted. Additionally workplace 
conditions the recognition of 
rights in the workplace would be 
altered, especially for those in 
greatest need of jobs, as this need 
for any income at all (which is so 
commonplace for those living 
below the poverty line) would 
become more neglected. While 
the theme of equality that a UBI 
presents is good in theory, adopting 
a UBI would harm those who need 
financial assistance the most and 
likely widen the wealth gap that 
exists in the U.S. currently as 
opposed to diminishing it. [← 
Acknowledge the opposite 
position, state and refute the 
relevant claim] 

Evidence use 0 No evidence from texts 
included 
1 Evidence is included without 
citation 
2 Evidence is included with 
citation 

[Score 3] First adopting a 
universal basic income policy 
would severely increase taxes. 
According to a research report 
written by Lawrence Katz, “the 
government would be forced to 
increase taxes in order to equally 
pay every citizen in the United 
States.” [← Evidence use with 
citation] Many citizens already 
struggle with the high cost of 
taxes on both the state and 
federal level, and increasing 
them would only add stress to 
our economy.  

Table 3 (continued ) 

Dimension Score and description Sample responses 

Elaboration 0 No elaborative statements 
1 Single elaborative statement 
2 Multiple elaborative 
statements 

[Score 2] First, the author Shanta 
Devarajan stated that individuals 
are entitled to a universal basic 
income as a right of citizenship. 
Citizens have ownership over the 
physical territory of their 
country and its natural 
resources. The universal income 
is fully obtainable through 
taxation towards the natural 
extraction of resources… Second, 
the utilization of the earning 
income tax credit helps income- 
below-average citizens to pay 
less tax. Although the system 
now is not that developed to 
fairly treat all the scenarios for 
poor citizens, it is fully 
manageable towards the future 
that the tax system will create 
more benefit to citizens using the 
tax credit rules. The author 
Robert Greenstein points out 
that if that is the case, citizens 
will rely less on the service 
programs. [← Multiple 
elaborative statements] 

Integration 0 No integration in students' 
written responses 
1 Integration in students' 
written responses 

It is said best in A Universal Basic 
Income Erodes Jobs and the Will to 
Work, “A universal basic income 
will destroy the American 
Workforce by eliminating any 
incentive that individuals have 
to work” (Stern). With a UBI 
America will have difficult of 
non-ideal jobs left vacant. We 
will decrease our socio- 
economic progress by 
discouraging people to strive for 
a higher education and 
professional advancement. 
Though Greenstein agrees with a 
UBI he said, [←integrative 
statement] (Free to work (or not) 
without fear of poverty.) His 
article A Universal Basic Income 
Means an End to Poverty is 
exactly the point that all should 
focus on. With the 
implementation of a UBI 
Americans will feel that is it not 
necessary that they work. This is 
not advancement for our 
country, but rather a step back in 
the wrong direction.  
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completed a variety of individual difference measures. Second, students 
were asked to research UBI using a digital library and to compose an 
argument in support of or in opposition to the U.S. adopting a UBI. 
Third, students were asked to complete various post-task measures 
including rating task difficulty, providing a justification of their task 
difficulty ratings, and self-assessing their argumentative writing 
performance. 

3. Results 

3.1. Research question 1. Justifications of task difficulty 

The first research question examined students' justifications for their 
ratings of task difficulty. See Table 4 for descriptives. Based on a total of 
377 justifications cited overall, most task difficulty justifications re-
flected the text dimension (n = 159, 42.71%), with students generally 
identifying features of the texts as making the task easy to complete. 
Considerations of task features were reflected in 26.79% (n = 101) of 
task difficulty justifications; 19.10% of task difficulty justifications re-
ported (n = 72) concerned individual-related factors. Finally, only 
11.41% of task difficulty justifications were writing-related (n = 43). 
Table 2 includes definitions, percentages, and examples of students' 
task-difficulty justifications. 

We ran a series of point-biserial correlations to investigate the as-
sociations between whether or not students considered each task diffi-
culty justification and each outcome variable of interest in the study. 
However, no significant associations were found (ps > 0.09). 

3.2. Research questions 2 and 3. Structural equation modeling 

3.2.1. Overview 
We estimated two structural equation models examining whether 

self-efficacy beliefs predicted ratings of task difficulty, objective and 
subjective measures of writing performance, and calibration accuracy 
(see Figs. 1 and 2). Moreover, consistent with prior work (Bråten et al., 
2014; List, Stephens, & Alexander, 2019), we included time on texts as a 
mediator. Table 5 includes descriptive statistics of variables included in 
this study. 

Initially, we ran a multigroup structural equation model to evaluate 
each of the two models, separately, for each of four experimental con-
ditions (see Appendix E). Multigroup structural equation modeling is a 
technique used for investigating the commonalities and differences in 
path loadings and model fit across groups (Cole & Maxwell, 1985; Deng 
& Yuan, 2015). However, we found the structural equation model 
including the entire sample to fit better than the multigroup analysis. As 
such, we present the structural equation models, including the full 
sample, in all analyses. 

3.2.2. Overall model fit 
Both models were found to have strong data fit. See Table 6 for 

correlation results and Table 7 for model fit information. Fit statistics 
were evaluated using guidelines from Hooper et al. (2008). Mplus 8.3 
was used to estimate the two models (Muthén & Muthén, 2019). The two 

dependent variables (i.e., ratings of task difficulty and objective writing 
performance) were the same across two SEMs, with Model 1 including 
students' self-evaluations of writing performance and Model 2 including 
calibration accuracy. Therefore, results are presented by outcome 
measure of interest. All information about direct and indirect paths was 
presented in Tables 8 and 9 (see Figs. 3 and 4). 

3.3. Ratings of task difficulty (models 1 & 2) 

3.3.1. Direct effects 
Ratings of task difficulty were significantly predicted by self-efficacy 

(β = − 0.37, p < .001), but not by prior knowledge (p = .27). 

3.3.2. Indirect effects 
Neither of the indirect effects predicting students' ratings of task 

difficulty as mediated by time on texts were significant (ps > 0.49). 

3.3.3. Variance explained 
Overall, 15.00% of the variance in ratings of task difficulty was 

explained by the model. 

3.4. Objective writing performance (models 1 &2) 

3.4.1. Direct effects 
Neither self-efficacy nor prior knowledge had a significant direct 

effect on objective writing performance (ps > 0.18). There was a sig-
nificant direct path from the time that students devoted to text access to 
objective writing performance (β = 0.38, p < .001). 

3.4.2. Indirect effects 
None of the indirect paths evaluated were significant (ps > 0.38), 

indicating a lack of mediation, across the two models. 

3.4.3. Variance explained 
Overall, objective writing performance was only explained by the 

total time that students devoted to accessing texts, with 15.30% of 
variance explained in the first SEM model (see Fig. 3) and with 15.40% 
of variance explained in the second SEM model (see Fig. 4). 

3.5. Self-evaluations of writing performance. (Model 1) 

3.5.1. Direct effects 
Self-evaluations of writing performance were significantly predicted 

by self-efficacy (β = 0.39, p < .001), but not by prior knowledge (p =
.80). There was also a significant direct path between time on texts and 

Table 4 
Justification of ratings of task difficulty.  

Justifications Dimensions Total 

Learner Task Texts Writing 

Made the task 
easy 

32 
(8.49%) 

60 
(15.92%) 

96 
(25.46%) 

21 
(5.57%) 

209 
(55.44%) 

Made the task 
difficult 

36 
(9.55%) 

31 
(8.22%) 

57 
(15.12%) 

15 
(3.98%) 

139 
(36.87%) 

Other 4 
(1.06%) 

10 
(2.65%) 

8 (2.12%) 7 
(1.86%) 

29 (7.69%) 

Total 72 
(19.10%) 

101 
(26.79%) 

161 
(42.71%) 

43 
(11.41%) 

377 
(100.00%)  

Table 5 
Descriptive statistics.  

Variables M (SD) Range Skewness Kurtosis 

Statistic SE Statistic SE 

Prior knowledge 1.16 
(1.29) 

0–7  1.96  0.17  5.45  0.33 

Self-efficacy 5.48 
(1.07) 

1–7  − 0.43  0.17  − 0.40  0.33 

Total time on texts 14.22 
(9.13) 

N/A  0.79  0.17  0.73  0.34 

Ratings of task 
difficulty 

44.25 
(18.41) 

0–100  − 0.19  0.17  0.50  0.34 

Argumentative 
writing task 
performance       
Objective 
evaluations 

5.99 
(2.76) 

0–10  − 0.48  0.17  − 0.63  0.34 

Self-evaluations 57.08 
(21.91) 

0–100  − 0.39  0.17  0.05  0.34 

Calibration accuracy 1.01 
(0.75) 

0~  0.89  0.17  0.37  0.34  
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students' self-evaluations of writing performance (β = 0.16, p < .05). 

3.5.2. Indirect effects 
None of the indirect effects evaluated in the model were significant 

(ps > 0.40). 

3.5.3. Variance explained 
Overall, 18.10% of variance in students' self-evaluations of writing 

task performance was explained by the model. 

3.5.4. Covariances 
There were no significant associations among ratings of task diffi-

culty, objective writing performance, and self-evaluations of writing 
performance (ps > 0.08). 

3.6. Calibration accuracy. (Model 2) 

3.6.1. Direct effects 
Calibration accuracy was significantly predicted by self-efficacy (β =

− 0.15, p < .05), but not by prior knowledge (p = .37). 

Table 6 
Correlation results.   

1. 2. 3. 4. 5. 6. 7. 8. 9. 

1. Note-taking instruction provided (Y, N)  1         
2. Structured-note sheet provided (Y, N)  − 0.02a  1        
3. Four Task conditions  0.43b,***  0.90b,***  1       
4. Prior knowledge  0.07c  − 0.04c  − 0.00  1      
5. Self-efficacy  0.04c  − 0.02c  0.00  0.06  1     
6. Time on texts  0.05c  − 0.01c  0.02  − 0.06  0.03  1    
7. Ratings of task difficulty  − 0.03c  − 0.03c  − 0.04  0.06  − 0.36***  − 0.09  1   
8. Objective performance  − 0.02c  − 0.05c  − 0.05  0.05  0.10  0.37***  − 0.01  1  
9. Self-evaluations  − 0.03c  − 0.06c  − 0.07  − 0.01  0.39***  0.17*  − 0.26***  0.18*  1 
10. Calibration accuracy  0.05c  − 0.05c  − 0.02  0.06  − 0.15*  − 0.04  0.12  − 0.20**  − 0.16* 

Note: 
a Phi coefficient. 
b Spearman correlation. 
c Point-biserial correlation. 
* p < .05. 
** p < .01. 
*** p < .001. 

Table 7 
Model fit information for all two structural equation modeling.  

Model fit for Chi-square RMSEA (90% CI) CFI SRMR 

Self-evaluations χ2(68) = 125.46*** 0.06 (0.05, 0.08)  0.97  0.03 
Calibration accuracy χ2(68) = 130.55*** 0.07 (0.05, 0.08)  0.96  0.03  

*** p < .001. 

Table 8 
Structural equation model with self-evaluation scores.  

DVs IVs B SE B β pa 95% CIb 

Direct effect 
Task difficulty Self-efficacy  − 6.91  1.31  − 0.37***  0.00 (− 0.49, − 0.25) 

Prior knowledge  1.08  0.97  0.08  0.27 (− 0.06, 0.21) 
Time on texts  − 0.15  0.13  − 0.07  0.25 (− 0.20, 0.05) 

Objective performance Self-efficacy  0.25  0.18  0.09  0.18 (− 0.04, 0.22) 
Prior knowledge  0.15  0.14  0.07  0.28 (− 0.06, 0.20) 
Time on texts  0.11  0.02  0.38***  0.00 (0.26, 0.50) 

Self-evaluations Self-efficacy  8.67  1.54  0.39***  0.00 (0.27, 0.51) 
Prior knowledge  − 0.29  1.14  − 0.02**  0.80 (− 0.15, 0.11) 
Time on texts  0.38  0.16  0.16*  0.01 (0.03, 0.28) 

Time on texts Self-efficacy  0.28  0.66  0.03  0.67 (− 0.11, 0.17) 
Prior knowledge  − 0.46  0.52  − 0.07  0.37 (− 0.21, 0.08)  

Indirect effect (mediated by time on texts) 
Task difficulty Self-efficacy  − 0.04  0.11  − 0.002  0.69 (− 0.01, 0.01) 

Prior knowledge  0.07  0.10  0.01  0.49 (− 0.01, 0.02) 
Objective performance Self-efficacy  0.03  0.08  0.01  0.67 (− 0.04, 0.06) 

Prior knowledge  − 0.05  0.06  − 0.02  0.38 (− 0.08, 0.03) 
Self-evaluations Self-efficacy  0.11  0.25  0.01  0.67 (− 0.02, 0.03) 

Prior knowledge  − 0.17  0.21  − 0.01  0.40 (− 0.03, 0.01)  

Covariances 
Task difficulty ~ objective performance  3.18  3.09  0.07  0.30 (− 0.07, 0.21) 
Objective performance ~ self-evaluations  4.07  3.70  0.08  0.27 (− 0.06, 0.22) 
Self-evaluations ~ task difficulty  − 40.93  23.84  − 0.12  0.08 (− 0.26, 0.01) 

Note. Model Fit: χ2(68) = 125.46***, CFI = 0.97, RMSEA = 0.06, 90% CI for RMSEA = (0.05, 0.08), SRMR = 0.03. 
a p-Value for standardized coefficients. 
b Confidence intervals of standardized model results. 
* p < .05. 
** p < .01. 
*** p < .001. 
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3.6.2. Indirect effects 
None of the indirect paths evaluated were significant (ps > 0.65). 

3.6.3. Variance explained 
Overall, only 2.80% of variance in calibration accuracy was 

explained by the model. 

3.6.4. Covariances 
A significant association between objective writing performance and 

calibration accuracy was found (σ = − 0.19, p < .01). However, ratings 
of task difficulty were not significantly related to objective writing 

performance (p = .29) nor to calibration accuracy (p = .36). 

4. Discussion 

4.1. RQ1. Task difficulty justifications 

We found students to look to learner-, task-, text- and writing-related 
dimensions in justifying their ratings of task difficulty, consistent with 
prior work (Dinsmore & Parkinson, 2013; Hahnel et al., 2019; Lin & 
Zabrucky, 1998; Wang & List, 2019). When students considered the task 
to be easy, they tended to focus on task- and text- related dimensions. 

Table 9 
Structural equation model with calibration accuracy.  

DVs IVs B SE B β pa 95% CIb 

Direct effect 
Ratings of task difficulty Self-efficacy  − 6.91  1.31  − 0.37***  0.00 (− 0.49, − 0.25) 

Prior knowledge  1.08  0.97  0.08  0.27 (− 0.06, 0.21) 
Time on texts  − 0.15  0.13  − 0.07  0.26 (− 0.20, 0.05) 

Objective performance Self-efficacy  0.25  0.18  0.09  0.18 (− 0.04, 0.22) 
Prior knowledge  0.15  0.14  0.07  0.27 (− 0.06, 0.20) 
Time on texts  0.11  0.02  0.38***  0.00 (0.26, 0.50) 

Calibration accuracy Self-efficacy  − 0.11  0.05  − 0.15*  0.04 (− 0.29, − 0.01) 
Prior knowledge  0.04  0.04  0.07  0.37 (− 0.08, 0.21) 
Time on texts  − 0.003  0.01  − 0.04  0.59 (− 0.18, 0.10) 

Time on texts Self-efficacy  0.26  0.66  0.03  0.70 (− 0.11, 0.17) 
Prior knowledge  − 0.46  0.52  − 0.07  0.37 (− 0.21, 0.08)  

Total indirect effect (mediated by time on texts) 
Task difficulty Self-efficacy  − 0.04  0.10  − 0.002  0.71 (− 0.01, 0.01) 

Prior knowledge  0.07  0.10  0.01  0.49 (− 0.01, 0.02) 
Objective performance Self-efficacy  0.03  0.08  0.01  0.70 (− 0.04, 0.06) 

Prior knowledge  − 0.05  0.06  − 0.02  0.38 (− 0.08, 0.03) 
Calibration accuracy Self-efficacy  − 0.001  0.003  − 0.001  0.75 (− 0.01, 0.01) 

Prior knowledge  0.001  0.003  0.003  0.65 (− 0.01, 0.01)  

Covariances 
Task difficulty ~ objective performance  3.25  3.09  0.08  0.29 (− 0.06, 0.22) 
Objective performance ~ calibration accuracy  − 0.35  0.14  − 0.19**  0.01 (− 0.33, − 0.05) 
Calibration accuracy ~ task difficulty  0.80  0.88  0.06  0.36 (− 0.07, 0.20) 

Note. Model Fit: χ2(68) = 130.55***, CFI = 0.96, RMSEA = 0.07, 90% CI for RMSEA = (0.05, 0.08), SRMR = 0.03. 
a p-Value for standardized coefficients. 
b Confidence intervals of standardized model results. 
* p < .05. 
** p < .01. 
*** p < .001. 

Fig. 3. SEM with self-evaluations (significant standardized coefficients).  
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This was reflected in responses such as: because all of the information was 
already given to us. We did not have to go out and find our own credible 
sources or cite anything. We just had to read the information given to us and 
form an opinion based on the information read. On the contrary, when 
students considered the task to be difficult, students focused on learner- 
and text-related dimensions. This was reflected in responses such as: 
because it wasn't a topic I had heard before so I had no prior basis knowledge. 
It was also challenging because the articles were also very short, which limited 
the research provided within the articles. In this way, rather than relying on 
a single dimension to determine task difficulty, students conceptualized 
task difficulty in a fairly complex and multi-dimensional fashion. 

Moreover, we found task difficulty justifications not to be associated 
with outcome variables of interest. This may be because students were 
generally poorly calibrated or unfamiliar with rendering justification for 
an open-ended, rather than discreet, task (e.g., multiple-choice ques-
tions) (Dinsmore & Parkinson, 2013; Wang & List, 2019). 

4.2. RQs 2 & 3. Structural equation modeling 

Across Research Questions 2 and 3, we discuss findings regarding 
each outcome measure of interest, in turn. 

4.2.1. Ratings of task difficulty 
Across two models, ratings of task difficulty were only (negatively) 

predicted by self-efficacy. This association is logical as students 
considering themselves to be more competent at multiple text task 
completion may also have perceived the target task to be easier for them 
to complete. Indeed, similar associations have been found in prior work 
(Li et al., 2007) and indicate that students' task perceptions should al-
ways be viewed as an interaction between students' judgments of their 
capabilities and parameters of the task (Eccles & Wigfield, 2002; Rouet 
et al., 2017). Interestingly, time on texts did not predict students' ratings 
of task difficulty. This may indicate that even when perceiving a task to 
be challenging, students do not necessarily seek to overcome this chal-
lenge by devoting more time to task completion. At the same time, this 
explanation requires additional metrics, capturing strategy use, to be 
analyzed – an important direction for future work. 

4.2.2. Objective writing performance 
In Models 1 and 2, objective writing performance was predicted only 

by the amount of time that students devoted to task completion. On the 
one hand, the association between time on texts and performance is a 
link that has been found in prior work (Bråten et al., 2014; List, 2020) 
and that provides support for the construct of behavioral engagement 

(Bråten et al., 2018). That is, students willing to spend more time on 
library text access (i.e., a greater degree of behavioral engagement), 
likely gathered more information from texts, that they were then able to 
include in writing. More generally, more time devoted to text access may 
signal students' great effort expenditure and deeper-level strategy use, a 
link likewise made in prior work (Bråten et al., 2014; List, 2020). 

On the other hand, we were surprised to find that self-efficacy was 
not associated with objective writing performance, inconsistent with 
prior work (Bouffard-Bouchard, 1990; Pajares & Miller, 1994). Although 
it is difficult to say why this was, this lack of an association may be 
attributable to the particular level of task difficulty presented by 
learning from multiple texts. That is, students may have more difficulties 
predicting their objective writing performance when completing a 
complex task like learning from multiple texts (Wang & List, 2019). This 
may be because such tasks are evaluated using a variety of ill-defined 
criteria or because students have less experience completing such 
tasks and reflecting on their task performance. 

4.2.3. Self-evaluations of writing performance 
Students' self-evaluations of writing performance were predicted 

both by self-efficacy and by the time that students were willing to devote 
to text access. These findings suggest a-priori and in-situ contributors to 
students' self-perceptions. In other words, students' self-evaluations of 
writing performance seemed to be informed both by their general self- 
assessment of their capabilities (i.e., self-efficacy) and by their specific 
degree of engagement and effort expenditure during task completion (i. 
e., as assessed by time on text). 

4.2.4. Calibration accuracy 
Two important findings regarding predictors of calibration accuracy 

emerged in Model 2. First, self-efficacy was negatively associated with 
calibration accuracy. That is, students who perceived themselves to be 
more capable at multiple text task completion were also more accurate 
in their self-assessments of writing performance. Similar findings, 
regarding the predictive power of self-efficacy have also been docu-
mented in prior work (Zimmerman et al., 1992). 

Second, calibration was negatively associated with objective task 
performance. Prior work has also found high performing students to 
have more accurate evaluations of their task performance than their low 
performing counterparts (Hacker et al., 2000; Snyder et al., 2011; Wang 
& List, 2019). To speak to this prior work, we conducted a follow-up 
analysis to compare the calibration accuracy between high vis-à-vis 
low performing students. We first split students into two groups based on 
median objective writing performance scores. We then ran an 

Fig. 4. SEM with calibration accuracy (significant standardized coefficients).  
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independent samples t-test to compare calibration accuracy across these 
two groups. There was a significant difference in calibration accuracy 
between the two groups, t(202) = 2.41, p < .05, Cohen's d = 0.34. 
Specifically, high-performing students were found to be more accurate 
in their self-evaluations of writing performance (M = 0.91, SD = 0.72) 
than low performing students (M = 1.16, SD = 0.77). See Table 10 for 
descriptives of variables of interest across high and low performing 
students. 

These two sets of findings can be linked to one another. On the one 
hand, students with higher abilities (as determined via objective task 
performance) and higher self-efficacy, are more accurate in their self- 
evaluations of task performance. On the other hand, students with 
lower objective task performance are also more inaccurate in their self- 
evaluations. As suggested by Wang and List (2019), this differential 
pattern of findings may result from higher performing students having 
more robust task conceptions vis-à-vis their lower performing counter-
parts, allowing them to more accurately estimate both their own self- 
efficacy and their task performance; or low performing students over- 
estimating their capabilities and failing to deploy facilitative strategies 
appropriately. More generally, these findings suggest that students 
performing relatively successfully or poorly on tasks may approach self- 
evaluations of task performance in somewhat different ways. 

4.3. Paths predicted but not found in the models 

4.3.1. Lack of an association between task difficulty ratings and objective 
and subjective measures of task performance 

We found task difficulty ratings to be neither associated with 
objective nor with subjective measures of task performance. While we 
were surprised by this finding, this may be explained by students' ratings 
of task difficulty and objective and subjective assessments of perfor-
mance not entirely coinciding with one another. That is, students were 
asked to rate task difficulty in association with multiple text reading and 
writing; however, students' objective and subjective writing perfor-
mance primarily reflected students' actual and perceived writing qual-
ity. Collecting more fine-grained data on students' difficulty ratings in 
association with various aspects of task completion remains an impor-
tant area for future work. 

4.4. Implications 

Based on these interesting yet unexpected findings, this study con-
tributes to the literature on learning from multiple texts in three primary 
ways. First, it is among the first to examine the role of individual dif-
ference factors, including self-efficacy, in learning from multiple texts. 
Second, it uniquely examines the role of perceptions of task difficulty as 
a motivational construct contributing to students' multiple text use. In 
examining not only how students rate their perceived degree of task 
difficulty but also how they justify such perceptions (see Table 2), this 
study is among the first (see also Hahnel et al., 2019) to robustly 
examine the nature of this construct as it manifests in learning from 
multiple texts. These findings suggest the importance of considering task 

difficulty multidimensionally, in helping students analyze multiple text 
task demands and render associated self-efficacy judgments. 

Third, a contribution of this study is in moving beyond associating 
self-efficacy with task-performance; rather self-efficacy and students' 
perceptions of task difficulty were further examined in association with 
students' self-beliefs regarding response quality (i.e., self-evaluations 
and calibration accuracy). Such performance-related self-beliefs have 
been found to be important across tasks and have only recently begun to 
be explored in association with multiple text use (List & Alexander, 
2017; Wang & List, 2019). As such, given the variety of constructs 
examined in this study and the complex associations identified among 
these, we, at the least, provide empirical support for the conclusions that 
the complexity and challenge typically ascribed to students' learning 
from multiple texts are both real and require that various constructs, 
examined in prior reading research, be looked at anew within the 
context of students' learning from multiple texts. 

4.5. Limitations 

Despite these contributions to the literature, some limitations must 
be acknowledged. First, students' ratings of task difficulty and task dif-
ficulty justifications were only collected following multiple text task 
completion. A direction for future work may be to collect students' 
perceptions of task difficulty as soon as a particular multiple text task is 
assigned and to examine how these perceptions change once students 
actually complete the assigned multiple text task. 

A second limitation is associated with the texts that students were 
allowed to access during the course of task completion. In this study, 
students were both provided with a limited set of trustworthy and 
relevant texts and prevented from accessing additional texts, on their 
own. As reflected in the justifications for ratings of task difficulty that 
students provided (see Table 2), this both made the multiple text task 
that students were assigned easier (i.e., because texts were provided and 
more readily available) and more difficult (i.e., because students were 
restricted from accessing additional information for task completion). As 
such, students' perceptions of task difficulty may be expected to drasti-
cally change if, rather than being provided with a set of sources, students 
are asked to look for texts on their own. 

Third, another limitation is associated with the manipulations 
initially undertaken in this study. Although we did not find any signif-
icant, direct effects of the manipulations on multiple text task perfor-
mances (see Appendix B), there may have been associations between the 
note-taking manipulation and variables included in the structural 
models that we were unable to identify and account for. For example, 
prior work has found note-taking to be associated with self-efficacy 
(Byrne et al., 2014), perceived task difficulty (Hahnel et al., 2019), 
and calibration accuracy (Emory & Luo, 2020). This limits the gener-
alizability of results. 

Fourth, another limitation comes from the particular measures used 
in the study. The items included on the prior knowledge measure were 
not validated by an external expert. Additionally, the self-efficacy 
measure was researcher-created, rather than one found in prior work. 
In both cases, not using previously established measures may have 
compromised the external validity of findings. Further, another limita-
tion is associated with the rubric used to assess objective writing task 
performance. Despite componential scoring, some components (e.g., 
argument formation and integration) may have overlapped, at least to 
some degree. 

Last but not least, there is a limitation associated with the mediator 
used in this study. We only used a single log-data indicator of students' 
task persistence, measured by time on texts; however, additional me-
diators or moderators, corresponding to students' degree of cognitive 
engagement during task completion, could play a role in multiple text 
task performance and perceptions of task difficulty. Additional media-
tors and moderators should be examined as data sources in future work. 

Table 10 
Descriptive statistics by low- and high-performing students (M, SD).  

Variables Low-performing 
students 

High-performing 
students 

Prior knowledge 1.13 (1.44) 1.18 (1.18) 
Self-efficacy 5.48 (1.10) 5.48 (1.06) 
Total time on texts 11.01 (8.98) 16.36 (8.63) 
Ratings of task difficulty 42.71 (19.00) 45.13 (18.07) 
Argumentative writing task 

performance   
Objective evaluations 3.27 (1.78) 7.91 (1.37) 
Self-evaluations 56.98 (21.25) 57.95 (21.74) 

Calibration accuracy 1.16 (0.77) 0.91 (0.72)  
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5. Conclusion 

In examining the construct of task difficulty, previously under- 
considered in studies of learning from multiple texts, this study con-
tributes to the emergent literature on the role of motivational factors in 
multiple text use in at least three ways. First, by explicitly asking stu-
dents to rate and justify their perceptions of task difficulty, this study 
documents both that, in contrast to researchers in this field, students 
consider multiple text tasks to be moderately easy to complete and that 
students draw on a myriad of factors in determining how difficult or easy 
they consider multiple text tasks to be. Second, findings documenting 
students' relatively low perceptions of task difficulty in association with 
multiple text task completion are echoed in students' comparatively high 
ratings of self-efficacy for multiple text use. Finally, this study demon-
strates that self-belief-related constructs (i.e., self-efficacy), gathered 
prior to task completion, are associated with task-related (i.e., percep-
tions of task difficulty) and performance-related (i.e., calibration accu-
racy) beliefs, once students have completed a multiple text task. As such, 
these findings point to the further need to consider the role of individual 
difference factors and motivational constructs, in particular, in learning 
from multiple texts. 

Appendices A-E. Supplemental Material 

Supplementary data to this article can be found online at https://doi. 
org/10.1016/j.lindif.2021.102052. 
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