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ABSTRACT 

Most metacognition research involves having participants study some information before  

making judgments of learning (JOLs) and taking a (recall or recognition) test covering 

the studied information. In many instances, little consideration is paid to the effect that 

soliciting JOLs might have. Relative accuracy during this type of learning task tends to 

be low and incredibly resistant to intervention (Saenz et al., 2019). I proposed that the 

traditional method of making item-by-item judgments of learning (JOLs) may hamper 

crucial reflective learning experiences which may cause updating of the weight assigned 

to the variety of cues used while monitoring one’s current state of their learning. Rather 

than engaging in true reflection on the learning experience, as the researcher likely 

intends for them to do, the respondent is likely to rely on mnemonic heuristics for 

informing metacognitive cues (Mitchum et al., 2016). This study attempted to override 

potential negative effects which may follow from making an initially inaccurate JOL by 

having learners engage with retrospective JOL tasks at various points in the experiment. 

Participants were randomly assigned to one of four conditions: (1) No JOL, (2) 

Traditional Only, (3) Traditional + Retrospective, and (4) Retrospective Only. The name 

of each condition refers to the manner in which participants do (or do not) make topic-

level JOLs. All participants studied key-term definitions from three topics (Atmospheric 

Science, Mathematics, Legal terminology) in each of two successive study-judge-test 

(SJT) rounds. The second SJT round also included half of the original items for restudy. 

Participants made item-by-item JOLs during study (“How likely do you feel you are to 

recall the key term from this fact on a test later this session?”). Topic-level JOLs were 

solicited before and halfway through the first test, depending on condition. I hypothesized 

that making retrospective JOLs would serve as a necessary experiential boost for cue 

updating to occur, leading those participants to show increases in JOL accuracy or study 

time allocation during the subsequent SJT round. Though the data suggests participants 

were fully engaged in the task, hypotheses were not supported; potential explanations for 

this and directions for future research are discussed.  
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CHAPTER 1 

INTRODUCTION 

Metamemory, a subfield within cognition, concerns itself with peoples’ 

knowledge, monitoring, and control of their learning and memory processes (Dunlosky & 

Bjork, 2013). As the efficiency of cognitive control is dependent upon accurate 

metacognitive monitoring, I proposed to apply a methodology from the program 

evaluation literature—retrospective pre-post designs—to improve the accuracy of 

metacognitive monitoring judgments. 

Metacognition Basics 

Nelson and Narens (1990) proposed a theoretical framework for metamemory that 

has become one of the most predominant in the field. This framework is based on three 

major principles: (1) cognitive processes can be divided into meta- and object-level 

processes. The object level is relatively straight forward, containing cognitive processes 

such as the allocation of study time and selection of study strategies. The meta-level 

contains “metacognitive” knowledge and may be engaged at any point in the learning 

process. Prior to beginning a task, the meta-level might draw on a person’s beliefs about 

how learning works, beliefs about successful approaches to a particular learning task, and 

feelings about one’s ability to successfully engage in a learning task. During acquisition 

and retention, the meta-level may be engaged in ongoing monitoring processes, including 

making judgments about the current state of learning (in comparison to a target goal). 

Lastly, during retrieval, the meta-level may produce feelings of confidence in the 

learner’s retrieved answers. (2) The meta-level contains a mental simulation of the 
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object-level, while the reverse is not necessarily true. (3) The flow of information 

between meta- and object-levels occurs via “control” and “monitoring” processes. In 

control processes, the information contained in the meta-level changes the object-level 

state and/or on-going processes. Alternately, monitoring processes are informed by 

object-level processes (however, object-level processes do not themselves necessarily 

include any representation of the meta-level information). Nelson and Narens use the 

analogy of a telephone headset to describe the relationship between control and 

monitoring with control being analogous to speaking into a telephone and monitoring 

representing listening to the message produced by the telephone.  

This framework can be applied to self-regulated learning in a straightforward 

manner. Metacognitive theories of self-regulated learning often focus on optimizing the 

link between metacognitive monitoring processes and the enactment of cognitive control 

strategies in efforts to promote desired learning outcomes (e.g., Dunlosky & Thiede, 

2013; Koriat, 2012; Son & Schwartz, 2002). For example, previous research has 

established that metacognitive monitoring accuracy affects how people allocate their 

study time: when people judge their learning of materials to be inadequate, they are likely 

to enact some form of metacognitive control to eliminate the perceived deficit (Metcalfe 

& Finn, 2008; Son & Schwartz, 2002; Thiede et al., 2003). 

Cue-Utilization Theory 

Empirical evidence indicates that people make metacognitive judgments, 

including JOLs, using inferential processes (Dunlosky & Tauber, 2014; Koriat, 1997). 

One of several frameworks for how metacognitive judgments are made, which has 
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garnered much support from research, is Cue-Utilization Theory (Koriat, 1997). This 

model includes three broad classes of cues which may be available for learners to use 

depending on elements of a given situation. Intrinsic cues are so named as they refer to 

features inherent to the to-be-learned information itself (e.g., the effect of information 

being more concrete or abstract). Extrinsic cues relate to conditions of learning (e.g., the 

effect of having more or less time available for study) and strategic learning operations 

performed by the learner (e.g., the relative utility of retrieval practice versus rereading). 

The final class, mnemonic cues, relate to more internal feelings than objective factors 

(e.g., the easily-learned, easily-remembered heuristic; Koriat, 2008; Miele et al., 2011). 

As such, intrinsic and extrinsic cues are relatively more theory-driven, while mnemonic 

cues are more akin to global heuristics about learning and learning processes than well-

planned deductive choices.  

This theory posits cue diagnosticity to be an important factor in the accuracy of 

JOLs – judgment accuracy is said to depend on the extent to which evaluated cues are 

predictive of test performance. Whereas using predictive cues can lead to accurate 

metacognitive monitoring, non-predictive cues can lead to biases and errors in monitoring 

(Serra & Metcalfe, 2009). It is important to note that Cue-Utilization Theory only 

suggests that these cues can be used to inform judgments of learning, not that these 

choices will be easily predictable or even appear logical in many cases; learners’ 

utilization of cues is said to be inferential in nature – judgments are reflective of 

individuals’ beliefs about how available cues relate to their specific situational goals 

(Koriat et al., 2006). In other words, there is room for individuals to interpret both the 
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information provided by cues and the utility of said information when making strategic 

behavioral choices. 

As a demonstration of the varying utility of cue information sources, we can look 

to a frequently researched set of mnemonic cues and focus on a few types of “fluency” 

which a person may experience while reading or studying materials. Perhaps the most 

directly relevant type of fluency for the proposed work is retrieval fluency, which 

involves the subjective ease with which information can be retrieved from memory 

(Benjamin et al., 1998; Bjork et al., 2013; Briñol et al., 2006; Matvey et al., 2001). In 

many cases, retrieval fluency can be an accurate source of information. Bjork et al. 

(2013) suggests that so long as retrieval fluency is not being influenced or manipulated 

by other known biasing factors, such as the use of priming (e.g., Kelley & Lindsay, 1993) 

or by requesting that JOLs be made immediately after study, it will be a relatively 

accurate cue for metacognitive judgments (e.g., Dunlosky et al., 2005; Nelson & 

Dunlosky, 1991; Rhodes & Tauber, 2011). 

Other forms of fluency information are much less predictive of learning. 

Encoding fluency is the subjective experience of ease or difficulty a learner associates 

with learning a new piece of information (Miele et al., 2011; Thomas et al., 2016). While 

intuitive, studies have shown recall is not correlated with objective measures of encoding 

fluency (e.g., time to encode in Castel et al., 2007). One potential reason for the null 

correlation should be how learners use this cue; when learners solely rely on encoding 

fluency, it can function as a heuristic about learning and memory, short-changing 

attention to other potentially informative cues (for example see Besken & Mulligan, 
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2013). Processing fluency is the ease with which stimuli are literally perceived (Kornell 

et al., 2011; Mueller et al., 2013). Though research shows stimulus clarity has no effect 

on actual memorability of stimuli, learners consistently judge perceptually fluent stimuli 

to be more memorable than perceptually disfluent stimuli. As processing fluency is not 

predictive of later performance, it is not an informative cue for JOLs and yet learners’ 

overreliance on this cue has been replicated using a wide range of fluency manipulations 

including font size (Rhodes & Castel, 2008; Undorf et al., 2017), typeface bolding 

(Diemand-Yauman et al., 2011), and presentation color (Mueller & Dunlosky, 2017). 

At any given time, some, all, or none of these cues may be present. As such, the 

learner’s ability to select an efficient study strategy based on available cue information 

requires (1) discounting relatively less informative cues, (2) identifying relatively more 

informative cues, (3) and correct interpretation of the cues in the given situation. 

JOLs and Self-Regulated Learning 

When metacognitive judgments are based on cues which are predictive of 

performance, information entering metacognitive monitoring about the relative efficacy 

of engaged study strategies should be relatively accurate. As learners gain knowledge 

about strategic efficacy through experience, they should get better at selecting effective 

study strategies, regularly monitoring their knowledge state, making appropriate changes 

to study techniques when necessary, and choosing to cease studying only once their 

learning goal is achieved (Dunlosky & Ariel, 2011; Metcalfe & Finn, 2008). However, 

the opposite of this is also true; when learners metacognitive monitoring leads them to 

believe inefficient strategies were efficient, the implications of the experience are not 
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singular; rather, they carry forward as part of the learner’s metacognitive knowledge 

(beliefs), negatively affecting the learner’s future study strategy selection ability 

(Jamieson-Noel & Winne, 2003; McCabe, 2011; Winne & Hadwin, 1998). As such, it is 

possible that the simple act of making inaccurate item-by-item JOLs (as is common for 

students) may hamper their future ability to effectively monitor their progress towards 

learning goals and select appropriate study behaviors. 

Learners often do not mindfully, or even rationally, regulate their study (Bjork et 

al., 2013; McCabe, 2011). Given the importance of grades for college students, one might 

expect that these individuals would be the most aware of the importance of efficient study 

strategies, yet a survey by Kornell & Bjork (2007) found four out of five respondents 

“improvised their methods of studying, presumably on the basis of intuition rather than 

research” (p. 215). 

Related work shows that JOL (in)accuracy tends to be stable across time and 

generally resistant to intervention (Foster et al., 2017; Saenz et al., 2019; Serra & 

DeMarree, 2016). For example, research has shown improved learning when to-be-

studied topics are interleaved (as opposed to studied one-at-a-time as in “blocked” 

practice). However, the vast majority of students report having a strong preference for 

blocked practice. In multiple studies, researchers attempted to demonstrate the benefit of 

interleaving to learners, only to have the learners time and again choose to go back to 

their preferred (inefficient) blocked practice study strategy (Tauber et al., 2013). 

While explanations for a variety of sources of JOL inaccuracy have been 

developed, including desirability biases such as “wishful thinking” (Serra & DeMarree, 
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2016) and cognitive consistency (Russo & Corbin, 2016), consensus on successful 

interventions are yet forthcoming. My interpretation of this type of seemingly irrational 

learner behavior is in line with cue-utilization theory: it may be that learners’ preferences 

for a given strategy (e.g., for massed practice) are maintained because information 

presented in the intervention or learning experience is not “enough” to outweigh other 

sources of bias (e.g., wishful thinking, cognitive consistency). Learners may understand 

that interleaved practice leads to better performance, but at the metacognitive level, the 

learners’ prior beliefs lead them to select their preferred study behavior, even when the 

new strategy is more appropriate. In such a case, for learners to voluntarily change their 

study strategy to a more efficient (but effortful) one, the learners may need a greater 

amount of personal experience with the new strategy before updating their interpretations 

of available cues to be in line with best study strategy practices. 

Traditional metacognition research frequently involves having participants study 

and make JOLs either immediately after studying or at some delay; often little 

consideration is paid to the effect that soliciting JOLs might have (but see Mitchum et al., 

2016). I proposed that the traditional method of making item-by-item judgments of 

learning (JOLs) may actually hamper crucial reflective learning experiences that 

normally cause updating of one’s monitoring and understanding of learning states and the 

relative effectiveness of the strategies on which they rely. Rather than engaging in true 

reflection on the learning experience (as the researcher likely intends for them to do), the 

respondent relies on mnemonic heuristics about the learning task (Ariel et al., 2014b; 

Mitchum et al., 2016). This work seeks to override some potential negative effects which 
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may follow from making an initially inaccurate JOL by having learners engage with 

retrospective JOL tasks at various points in the experiment in addition to having them 

make item-by-item JOLs during study. I propose that making retrospective JOLs during 

study could serve as the necessary experiential boost for cue updating to occur and lead 

to increases in either JOL accuracy or changes in study behavior (e.g., study time 

allocation) during subsequent study sessions. 

Traditional and Retrospective Pre-Post Designs 

Traditional pretest-posttest (TPP) designs involve collecting a single measure at 

multiple time points, usually before and after an experiment or intervention. Though 

often considered a gold standard in psychological research, these designs suffer some 

statistical and practical limitations. Retrospective pretest-posttest (RPP) designs collect 

both a retrospective rating (“then”) as well as a current-time rating (“now”) in sequential 

questions, at a single time point, after an experiment or intervention. For example, when 

evaluating the effectiveness of a parenting program, evaluators might use a single post-

program RPP survey to query how much participants had engaged in targeted parenting 

behaviors (e.g., hugging, yelling) prior to the start of and after having completed the 

program. 

Within the program evaluation literature, a primary advantage of RPP designs is 

that they can better account for participants’ so-called response-shift (Howard et al., 

1979). This phenomenon is thought to be result of unconscious shifting in the 

respondents’ understanding of the construct being measured (e.g., pain management, 

intervention effects, program evaluation measures). As the respondent gains knowledge 
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and awareness through experience/intervention, they interpret earlier behaviors 

differently than they would have at an earlier time. Response shift is often referred to of a 

source of bias in data as it cannot be partitioned out of true pretest-posttest data; the result 

being TPP designs cannot capture a true measure of change in respondents. RPP scales 

are well-validated to capture change in a variety of situations, including self-efficacy 

interventions (Farel et al., 2001; Little et al., 2020), educational program outcomes 

(Cohen, 2016; Drennan & Hyde, 2008; Little et al., 2020; Moore & Tananis, 2009), 

professional development evaluation (Allen & Nimon, 2007), and quality of life change 

(Blome & Augustin, 2015), but are rarely found in experimental literature (Hill & Betz, 

2005; Pratt et al., 2000). 

Moore and Tananis (2009) evaluated the relative use of RPP and TPP data 

collection formats for the assessment of students’ perceptions of their knowledge 

concerning core competencies presented during a summer program at The Pennsylvania 

Governor’s School for International Studies (PGSIS). The instrument used was an 11-

item questionnaire developed by the PGIS faculty (see Figure 1). They found a consistent 

pattern of results across three student cohorts: when solicited prior to the summer course, 

students’ self-evaluations were consistently overconfident. However, after completing the 

summer course, retrospective reports were lower (and thus more accurate) than their 

initial reports. This suggests that as the students gained knowledge and understanding of 

the core concepts of the program, they reflected on what they had learned and updated 

their [post-program] retrospective reports of their [pre-program] knowledge. That is, after 
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completing the summer course, students were able to identify that they actually knew 

much less about the topic than they thought they did when they entered the program. 

 

Figure 1. Exit questionnaire used by Moore and Tananis (2009). 

An even more direct application can be found in a quasi-experimental study 

focused on the application of RPP versus TPP measures in students’ perceptions of 

knowledge before and after watching a series of lectures on infectious disease 

epidemiology (Nakonezny & Rodgers, 2005). This research included a true control 

condition (no pre-lecture self-report of knowledge or objective pre-test) and experimental 

comparison groups (pre-self-report only; objective pre-test only). The findings of this 



Texas Tech University, Elizabeth A. Green, August 2021   

 

11 

study have important implications. First, this research confirmed students’ retrospective 

and post-instruction self-reported knowledge ratings aligned with an objective measure of 

knowledge. Second, they found that students’ retrospective self-reports of knowledge 

were significantly correlated with objective pre/post knowledge measures while the 

relationship between traditional self-reports and objective measures was weaker and not 

statistically significant. Lastly, and perhaps most critically, though this work replicated 

overconfidence in metacognitive judgments; in the initial self-reports of knowledge, 

researchers found that the retrospective self-reports were considerably less overconfident. 

The authors concluded that in terms of the setting and experimental design of their work, 

“retrospective pretest-posttest design provides a measure of change that is more in with 

the objective measure change than is the conventional pretest-posttest treatment design” 

(p. 240, italics not in original). 

Research from the field of program evaluation, clearly demonstrates, at least in 

certain contexts, RPP scales allow for respondents to incorporate newly-acquired 

knowledge to retrospective self-reports (Allen & Nimon, 2007; Cohen, 2016; Farel et al., 

2001; Gorrall et al., 2016; Howard et al., 1979; Moore & Tananis, 2009; Nakonezny & 

Rodgers, 2005; Rohs, 2002) and calls exist for research validating the use of RPP designs 

to aid recall and reduce recall/memory biases; however, this work has not yet begun 

(Chang & Little, 2018; Hill & Betz, 2005; Little et al., 2020). The current proposal seeks 

to determine whether learners can incorporate experiential knowledge by engaging with 

an RPP design when studying new materials and if so, whether this design can be used as 

an intervention to improve the accuracy of learners’ JOLs within a study session. 
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The Current Study 

The above literature review highlights several situations in which inaccurate 

metacognitive monitoring can have negative consequences for the processes involved in 

self-regulated learning. Unfortunately, there is little consensus about interventions which 

can reliably improve the predictive accuracy of JOLs. The current study involved the 

application of a retrospective (RPP) design within a traditional study-judge-test (SJT) 

metacognition paradigm. Differences in JOL magnitude, study time, and interactions 

between these factors predicting test performance were analyzed across four conditions: 

(1) No JOL, (2) Traditional Only, (3) Traditional + Retrospective, and (4) Retrospective 

Only across two SJT phases. The act of making retrospective topic-level JOLs served as 

the key manipulation in this research. In a selection of metacognition research studies, 

retrospective reflections have proven more accurate than prospective JOLs (Pierce & 

Smith, 2001; Siedlecka et al., 2016). As such, participants who make retrospective JOLs 

may be able to update meta-level monitoring of their progress and use this information to 

improve subsequent item-by-item JOL accuracy. 

The experimental design involved participants studying key-term definitions from 

three topics: (1) Atmospheric Science, (2) Legal terminology, and (3) Mathematics. 

While all participants made item-by-item JOLs during study (“How likely do you feel 

you are to recall the key term from this fact on a test later this session?”), some groups 

also made topic-level judgments before & halfway through each test (“Place the marker 

on (the/each) number line to indicate your prediction of how you will perform on a test 

covering the (Atmospheric Science/Mathematics/Legal) terminology you just studied.”).  



Texas Tech University, Elizabeth A. Green, August 2021   

 

13 

There were two primary research questions which this research may inform. First, 

does making a traditional versus retrospective topic-level JOL affect how well future 

item-by-item JOLs predict test performance. Cue-Utilization Theory posits that JOLs will 

be predictive of performance only when they are based on predictive performance cues. I 

propose participants who make topic-level retrospective JOLs after the first test 

(Traditional + Retrospective & Retrospective Only conditions) may have access to 

different, and importantly more informative cues when making item-by-item JOLs during 

the second SJT round. As such, I predicted that after the initial study-judge-test (SJT) 

phase, participants who made topic-level JOLs on retrospective scales would demonstrate 

greater JOL accuracy (i.e., item-by-item JOLs would be more predictive of test 

performance) in the second SJT phase than either participants in the No JOL condition 

(who do not make topic-level JOLs), or participants in traditional JOL condition (who 

only make traditional topic-level JOLs). This may be because retrospective scales, as 

opposed to traditional scales, make explicit the differences between one’s retrospective 

and current-time self-appraisals; this explicit differentiation may help highlight when 

previous judgments were based on inaccurate cues (e.g., due to response-shift, hindsight 

bias, wishful thinking, etc.) and allow a “second chance” at reappraisal of one’s internal 

knowledge representation with reduced influence from previously inaccurately cued 

JOLs during the second SJT phase. 

Second, this experiment extends previous JOL research by allowing participants 

self-paced study time, thus allowing investigation of study time differences amongst the 

conditions. When engaging in monitoring-based control, learners are thought to use 
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monitoring (of their effort) to inform their JOLs regardless of whether that effort is 

predictive of their upcoming performance – the greater the effort, the higher the reported 

JOL (Dunlosky & Hertzog, 1998; Koriat et al., 2006; Son & Schwartz, 2002). This type 

of monitoring is less effective and often leads to increasingly overconfident reports, 

especially when tasks are difficult. While interventions often fail to improve JOL 

accuracy, observing sometimes seemingly uncorrectable overconfidence in student JOLs 

(e.g., Foster et al., 2017), interventions may still be able to create important changes in 

study strategies which are not evidenced by JOL accuracy itself. It could be that 

participants are unable to resist reporting high JOLs due to some internal pressure 

(reactivity, cognitive consistency bias, stability bias, etc.). However, learners who engage 

with retrospective self-evaluation (compared to those who do not) may be able to better 

recognize previously overconfident reports; at which point they are much more likely to 

adjust study strategy (e.g., increase study time), judgment magnitudes (to more closely 

align with performance – closer JOLS would represent a more accurate self-appraisal of 

current learning state), or both. Using the No JOL condition as the reference category, I 

predicted these effects were most likely to be observed in the Retrospective Only 

condition and potentially in the Traditional + Retrospective condition, but were less 

likely to be observed in the Traditional Only condition. This would have suggested that 

participants in the Traditional Only and No JOL conditions (who do not make 

retrospective topic-level JOLs) remained in monitoring-based control mode as opposed to 

control-based monitoring (Koriat et al., 2006). 
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CHAPTER 2 

METHOD 

Materials 

Fact List 

To begin developing topic-specified, advanced vocabulary lists from which 

stimuli could be derived, I reached out to experts from each of three disciplines: 

Mathematics, Atmospheric Sciences, and Law. The experts and I collaboratively 

developed lists of 30 terms in each discipline. As the key manipulation of this experiment 

involves topic-level JOLs, it was crucial that participants not only encode key-terms and 

definitions but encode them as part of the correct topic. To help ensure our perceptions of 

these terms aligned with perceptions of potential participants, I collected data about the 

terms and definitions from 53 participants in the TTU Psychology participant pool. 

Participants were asked a series of questions about each term and definition: (1) Have 

you ever previously encountered the term? (2) Which category does the term best fit 

(atmospheric Science, literature, legal terminology, chemistry, mathematics, other)? (3) 

How well does the term fit the selected category (0; poor fit – 10; perfect fit)? (4) How 

difficult would it be to learn this term if you were (a) familiar with the topic-level (b) 

unfamiliar with the topic-level (0; not difficult – 100; very difficult). After rating all 

terms, participants reported demographic information, including familiarity with each 

topic, highest education, general language fluency, and given several terms have Latin 

roots, experience with Latin language. From this data, in each discipline, I selected 16 

terms with high category fit (Atmospheric Science M = 7.71, Legal M = 8.19, 
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Mathematics M = 7.79). The final term list for the proposed project included 48 terms: 16 

terms and definitions from each of three topics (see Appendix A). Terms and definitions 

were then re-formatted into key-term facts (term + definition in sentence structure) and 

cued-response prompts for this experiment.  

Visual Analog Scales 

All JOLs in this experiment were made on Visual Analog Scales (VASs; Hayes & 

Patterson, 1921). VASs present respondents with a continuous scale (line) between two, 

often descriptively anchored points. Unlike Likert scales (Likert, 1932) or Graphic 

Response scales (GRSs; Freyd, 1923), respondents are not presented with any visual or 

verbal marker lines along the continuum. The respondent indicates an answer by either 

marking a place along the line (in the case of a paper measure) or dragging a marker 

along a slider to indicate their response. Research from the visual consciousness field has 

demonstrated that VASs and discrete scales are able to capture similar levels of 

metacognitive sensitivity and encourage the use of VASs as they provide relatively more 

fine-grained information about participants’ judgments than discrete scales (Rausch & 

Zehetleitner, 2014; Wierzchoń et al., 2012). 

Response Scales 

During study portions of the experiment, participants made item-by-item JOLs. 

Participants reported each item-by-item JOL using a provided VAS. VAS response 

markers started at the midpoint of the line for each JOL. Numeric response values were 

not displayed to participants; however, each scale response was coded using whole 

numbers (0 – 100).  
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Each item-JOL screen displayed the definition from the last-studied key-term fact 

with the term removed. Participants were prompted to move the marker on the VAS to 

enter their JOL: “How likely do you feel you are to recall the key term from this fact on a 

test later this session?” Provided instructions and response scale anchors designated the 

far left-hand side of the VAS as “0% chance of correctly recalling” and the far right-hand 

side of the VAS as “100% certain I will recall” (see Figure 2).  

 

Figure 2. An example of an item-by-item JOL screen. 
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Participants in the Traditional Only, Traditional + Retrospective, and 

Retrospective Only conditions also make traditional and/or retrospective topic-level 

JOLs in this experiment. Participants reported each topic-level using a provided VAS. 

Again, response markers started at the midpoint of the line for each JOL; numeric 

response values were not displayed to participants though they were recorded in whole 

numbers (0 – 100). All topics-level JOLs were displayed one topic per screen 

Each traditional topic-level JOL prompted the participant to, “Place the marker on 

the number line to indicate your prediction of how you will perform on a test covering the 

(Atmospheric Science/ Legal/ Mathematics) terminology you just studied.” The provided 

VAS ranged from “will not recall any items” on the far left-hand side, to “will recall all 

items” on the far right-hand side (see Figure 3).  

 

Figure 3. An example of a traditional topic-level JOL. 
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Retrospective topic-level JOL screens contained the same prompt as the 

traditional topic-level JOLs: “Place the marker on each number line to indicate your 

prediction of how you will perform on a test covering the (Atmospheric 

Science/Mathematics/Legal) you just studied.” However, the retrospective topic-level 

JOL screens each contained a pair of (two) stacked VASs. To the left of each of the 

stacked VASs, participants were given the time frame for each topic-level judgment: 

“before taking the last portion of test” (top) and “at this time” (bottom). As with the 

traditional topic-level JOLs, retrospective VASs ranged from “will not recall any items” 

on the far left-hand side, to “will recall all items” on the far-right side (see Figure 4). 

Again, each topic-level JOL was displayed on a separate screen.  

 

Figure 4. An example of a retrospective topic-level JOL screen. 
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Given retrospective judgment making may be unfamiliar to many participants, 

they received explicit instructions about how to “think through” these responses prior to 

making the judgments. That is, it was made clear that the upper response scale line 

should be used to report a reflection about how they felt about the prompt prior to taking 

the first test and the lower line should be used for reporting a rating of their current 

feeling about the prompt. These instructions served to ensure that all participants are 

making their retrospective JOLs about the same period in time in the experiment.  

Participants 

A preliminary power analysis (number of predictors = 9, α = 0.05, power =0.8, 

specific effect size (𝑓𝑓2) = 0.124) indicated these analyses would require at least 125 

participants to be adequately powered, this translates to 32 participants per condition (n = 

128). Power analysis was performed using RStudio v1.2.55033 (RStudio, 2020) and the 

pwr package (v1.3-0; Champley, 2020). The 𝑓𝑓2 value was chosen based on pilot data 

collected at Texas Tech University. This experiment involved a similar design to serve as 

a basis for the power analysis, but (1) used different study materials, (2) used numeric 

entry for item-by-item JOLs, and (3) did not include re-study materials in the second test 

materials.  

Participants were recruited from Amazon Mechanical Turk (mTurk; 

https://mturk.com). The final sample (n = 128, 86 male) included only complete data 

from participants. All participants reported being fluent speakers and readers of English. 

Further demographic information can be found in Table 1. 

https://mturk.com/
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Table 1. 
 Demographic Information Summary (n = 128) 

  Familiarity Rating 

Highest Education  Age 

  
Atmo.  

Science 

 
Legal  
Terms 

 
Mathematics 

 M(SD) M(SD) M(SD) M(SD) 
1 
n 

2 
n 

3 
n 

4 
n 

5 
n 

6 
n 

7 
n 

8 
n 

Overall 
39.60 

(11.20) 
26.00 

(22.00) 
47.10  

(26.10) 
31.80  

(22.90) 1 1 18 21 12 60 13 2 

No JOL 
37.70  

(11.10) 
25.00  

(19.90) 
52.40  

(25.90) 
32.70  

(22.49) 1 0 5 4 3 14 4 1 

Traditional Only 
40.30  

(11.10) 
27.50  

(22.30) 
51.60  

(22.90) 
34.20  

(22.80) 0 0 4 7 2 16 2 1 
Traditional +  
Retrospective 

37.80  
(11.60) 

27.20  
(23.20) 

38.70  
(25.70) 

32.00  
(22.40) 0 0 4 5 4 15 4 0 

Retrospective Only  
42.40  
(11.0) 

24.10  
(23.10) 

45.80  
(28.40)  

28.50  
(22.30) 0 1 5 5 3 15 3 0 

Note: 1) Some high school. 2) GED. 3) High school diploma. 4) Some college. 5) Associate's degree. 6) 
Bachelor's Degree. 7) Master's Degree. 8) Doctoral Degree 
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While data collection using mTurk is capable of producing high quality data 

(Anson, 2018; Hauser & Schwarz, 2016), concerns are emerging about observations of 

increasing rates of poor quality responses (Berinsky et al., 2014; Oppenheimer et al., 

2009). It is common for researchers to use instructional manipulation checks as “attention 

checkers” in their research (Oppenheimer et al., 2009). However, for a variety of reasons 

(e.g., added mental workload, new technology which copes with the manipulation checks, 

workers learning to spot the manipulation checks) the utility of these measures has come 

into question (Kennedy et al., 2020). 

I followed a series of steps to, as best as possible, ensure the only verifiable data 

remained in my dataset. Kennedy et al. (2020) reviewed a body of research showing that 

a large amount of poor-quality data comes from international mTurk workers (who 

falsely represent themselves as being in the U.S.) using a virtual private server (VPS) or 

virtual private network (VPN) to mask their true location. They provide evidence 

supporting the use of a combination of front-end and back-end VPS/VPN detection (to 

limit VPS/VPN users) and a series of data quality check questions (for flagging 

potentially suspicious respondents) to limit the variety of reliability and validity threats to 

data collected on mTurk.  

Worker Pre-Screening 

Respondents were required to be in the U.S., have completed at least 25 HITs, and 

have an approval rate of 95% or higher. Prior to accepting the Human Intelligence Task 

(HIT) workers were given the following message: 
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Warning! This survey uses a protocol to check that you are responding from 

inside the USA and not using a Virtual Private Server (VPS), Virtual Private Network 

(VPN), or proxy to hide your country. Before attempting to take this survey, please turn 

off ad blocking applications, VPSs, VPNs, and/or proxies. Failure to do so may prevent 

you from completing the HIT. For more information on why we request this, please see 

this post on TurkPrime (https://goo.gl/WD6QD4). 

Front- and Back-End VPS/VPN Detection Using IPHub  

Before completing any part of the experiment, participants had to pass through a 

filter block for VPN/VPS users. This filter was a freely available API from IPHub 

(https://iphub.info). If participants triggered this block, they were given the following 

message and dismissed from the HIT: 

Our system has detected that you are using a Virtual Private Server (VPS) or 

proxy to mask your country location. This has caused a number of problems for 

researchers seeking to use mTurk Data (https://goo.gl/WD6QD4). Because of this, we 

cannot let you participate in this study. If you are located outside of the U.S., we 

apologize, but this study is directed only towards participants in the U.S. Thank-you for 

your interest in our study. 

If you believe you have received this message in error, please report it to the 

requestor for this study. To best enable us to identify track the source of any error, please 

include the below code in your message.  

https://goo.gl/WD6QD4
https://iphub.info/
https://goo.gl/WD6QD4
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Participants with “unverifiable” IP information (i.e., the API is unable to succeed 

in lookup – as was the case in about 1.6% of cases in Kennedy et al., 2020), were shown 

the following message and allowed to proceed: 

For some reason we are unable to verify your country location. By clicking next, 

you are certifying that you are taking this survey from the U.S. and not using a VPS. We 

will check locations manually for those who reach this point – you may be contacted if 

the check identifies you as violating the requirements of the HIT.  Please assist us in 

getting this protocol correct by reporting this problem to the researcher. Be sure to 

include this code: ______ in the subject line of your email. 

After passing IPHub filter, participants completed a reCAPTCHA question. If a 

respondent failed the reCAPTCHA, they received the following message:  

Your response in the reCAPTCHA verification was not accepted. This session will 

now be terminated. Thank-you for your interest in our study. If you believe you have 

received this message in error, please report it to the requestor for this study. To best 

enable us to track the source of any error, please include the below code in your 

message.  

Other Data Quality Checks  

Immediately following completing the informed consent screens participants were 

be asked a series of questions. The responses to these questions were checked against a 

second set of questions embedded within the demographic’s questionnaire (at the end of 

the experiment), see Table 2. If original answer not chosen, the response was flagged as 

likely low-quality.  
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Additionally, as a part of the demographics survey, participants were asked 

volunteer information about cognitive impairments and/or neuroatypicalities including, 

Specific Language Impairment (including Developmental Language Disorder; Oral 

Language Learning Disability), Traumatic Brain Injury (TBI), ADD/ADHD, Reading 

disorder (including Dyslexia, Dysgraphia, Written Language Learning Disability, 

Specific Reading Comprehension Deficit, Other Reading Comprehension Disorder), 

Dyscalculia, Hearing Loss, Dementia or Mild Cognitive Impairment, Autism Spectrum 

Disorder, Specific Learning Disorder, and Other (given response entry blank). 

 Participants were told that selecting “yes” to any condition would not necessarily 

exclude them from the experiment and asked to volunteer further information about any 

“yes” responses (e.g., year of diagnosis, whether currently experiencing impaired 

cognitive functioning).  Participants who respond “yes” to one or more of these items 

were flagged for further investigation, but not automatically rejected from the experiment 

nor excluded from analysis. 

Data Handling for Exclusions and Quality Check Failure  

Using IPHub allowed me to do much of my participant screening prior to 

accepting HIT work from a given participant. Participants who proceeded through all 

filters and had complete data files, but were also flagged as likely low-quality were 

investigated further. Full or partial data from responses with more than one quality check 

flag was rejected and re-released.  Partial experimental data was not retained for analysis. 
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Table 2.  
Pre- and Post-Experiment Attention Verification Questions 

Pre-Experiment Questions Post-Experiment Match 

Select the year in which you were born. Enter your age (in years). 
Select your state (from a drop-down 
menu)  

Choose your location from the list. This 
list included their initial response from the 
beginning of the survey, along with 9 
other options (9 of the least populated 
cities in the USA). 

Report your current city of residence (fill-
in-the-blank). 

Design 

The design was a 2 (study phase: List 1, List 2) by 4 (condition: No JOL, 

Traditional Only, Traditional + Retrospective, Retrospective Only) mixed design, with 

response scale type being manipulated between-subjects and study phase (and its 

associated measures) treated as a within-subjects factor. 

Procedure 

Participants were able to access the link to the experiment from mTurk only after 

accepting the HIT. Workers were only then able to access the experiment, which was 

built and hosted using Qualtrics (https://qualtrics.com). All participants first completed an 

informed consent protocol during which they read general instructions about the 

judgments and tasks that they would be asked to make and complete. These initial 

instructions were the same for all participants and did not differentiate the scale types. 

Screenshots of all instruction screens can be found in Appendix B. Participants were then 

randomly assigned to one of four conditions (No JOL, Traditional Only, Traditional + 

Retrospective, and Retrospective Only) and asked to rank order their familiarity with 

each of the (three) topics. 

https://qualtrics.com/
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Prior to the beginning of the first study phase, the program randomized the entire 

set of 48 facts and assigned 24 facts (eight facts per topic), to each of two study phase 

lists. At this point, presentation order of the three topics (Atmospheric Science, Legal 

terms, Mathematics) was also randomized. In other words, during study phases, item 

presentation was randomized within each (blocked presentation) topic.  

During each study phase, facts were displayed on-screen one at a time (see Figure 

5); key-terms were presented in bold and underlined within the fact. Topic labels were 

provided immediately underneath each fact. Study time was measured but not restricted. 

Items from each topic were studied as a block. 

 

Figure 5. Example of a study screen. 

Immediately after studying each fact, participants moved to an item JOL screen. 

Item JOL screens displayed the definition from the last-studied fact but not the associated 

key-term and asked participants to make a JOL for the related key term on the provided 

VAS (“How likely do you feel you are to recall the key term from this fact on a test later 
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this session?”). Time to make each JOL was measured but not be restricted. Each JOL 

screen required participants to respond before proceeding. The study and judgment of 

facts proceeded until participants had studied all 24 items from the first list. 

After studying the first set of facts, participants in the Traditional Only and 

Traditional + Retrospective conditions made traditional topic-level JOLs for each topic 

(“Place the marker on the number line to indicate your prediction of how you will 

perform on a test covering the (Atmospheric Science/Mathematics/Legal) terminology 

you just studied.”). As was the case with item-level JOLs, time to make each JOL was 

measured but not restricted and each topic JOL screen required participants to respond 

before proceeding. After completing topic-level JOLs, participants in these conditions 

proceeded to the first recall test. All instruction screens for topic-level JOLs can be found 

in Appendix B.  

Participants in the No JOL and Retrospective Only conditions did not make topic-

level JOLs at this time; rather, they completed a brief anagram task as a filler task before 

proceeding to their first recall test. Participants were not told how tests would be scored 

to taking the tests – only to “answer every question to the best of your ability,” See 

Appendix B for specific instructions provided to participants prior to the tests.  

The first recall test was split in half, with 12 terms being tested on each half. 

Recall test screens provided each definition with the key-term removed; definitions were 

displayed one per screen, see Figure 6. Each screen included a response blank and the 

prompt, “What key-term is missing from the above definition?” 
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Figure 6. Screenshot of an example of a test question screen. 

 This test was also blocked by topic, though item presentation within each topic 

block was randomized. Participants were allowed to spend as much time as needed on 

each cued-recall screen and were required to respond on each screen by either typing the 

term or the word “SKIP” into the provided space. Participants were not allowed to return 

to test questions once they had clicked off of a screen. 

Immediately after completing the first half of the test, participants in the No JOL 

condition completed a second filler task, then the test over the remaining facts from the 

first study set. Participants in the Traditional + Retrospective and Retrospective Only 

condition completed the first half of the test, made retrospective topic-level JOLs, then 

completed the test over the remaining facts. Participants in the Traditional Only condition 
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completed the test over the first half of the study set facts, made a second set of 

traditional topic-level JOLs, then completed the test over the remaining facts.  

All participants then repeated the same study and judge procedure as above for a 

set of 12 restudy facts (four from each topic) and then a set of 24 new facts (eight from 

each topic); restudy and new study presentation order was counterbalanced between 

participants. During the second study set, items from each topic were presented in a 

blocked fashion (and randomized within each block). After studying and judging the 

second set of facts, participants completed a test of over the entire (48 fact) set. The items 

on the final test were fully randomized. Lastly, all participants completed a demographic 

questionnaire, were debriefed, and compensated. 
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CHAPTER 3 

RESULTS 

Test responses were scored for correctness by the author and an additional 

research assistant using a pre-defined key and set of rules (see Table 3). There were very 

few disagreements between raters and all were able to be resolved through re-scoring (in 

cases where disagreement stemmed from an accidental miscoding of a response) and 

discussion. 

Table 3.  
Scoring rules used by raters. 

Correct Incorrect 
Fully correct response (including spelling) “Skip” 
Correct word; incorrect tense Partial term 
Phonetically correct word; incorrect 
spelling  

Incorrect spelling leading to response 
being a different word 

Analysis Set 1 

First, to compare the predictiveness of JOLs for test scores at Test 1 and Test, 2 in 

each condition separate regressions were run on mean data from each of the two test 

sessions. As some continuous variables were measured using different scales, data for 

continuous predictors was standardized prior to analysis. The following regressions 

predict test performance at each test respectively. The independent variables in each 

regression include condition, entered as a dummy-coded categorical variable with the No 

JOL condition as the reference category, mean study time (average time spent studying 

each term), mean JOL, and mean familiarity (average self-reported familiarity across 

topics). As there are theoretical reason to believe these variables might interact, all two-

way interactions with condition were included in the model. Means and standard 
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deviations for all variables involved in this analysis are in Table 4. Summary statistics for 

all predictors and interactions (including marginal and non-significant results) and can be 

found in Table 5. 

As is common in social sciences, these analyses are primarily exploratory in 

nature (rather than purely predictive). Thus, rather than proceeding through model 

selection, I have chosen to retain and interpret the maximally complex, flexible, 

theoretically plausible model for each regression (Fox, 2008). The regression model at 

Test 1 predicted 15% of variability in Test 1 performance, R2 = .23, adjusted R2 = .15, 

F(12,115) = 2.84, p = .002. As predicted, there were no significant differences between 

the slopes of lines predicting group performance at this point.  
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Table 4.  
Overall means and standard deviations for study, judgment, and test measures at each phase of the experiment. 

  Phase 1  
Restudy  
Phase  

Phase 2 
All Items  

Phase 2 
New Items  

Phase 2 
Not Restudied  

    M(SD)   M(SD)   M(SD)   M(SD)   M(SD) 
Study Time         -- 
 No Topic JOL 12.56 (9.46)  5.11 (3.08)  --  7.72 (5.45)  -- 
 Traditional Only 9.52 (7.57)  4.62 (2.79)  --  6.25 (4.35)  -- 
 Traditional + Retrospective 12.34 (10.07)  6.02 (8.08)  --  8.46 (5.57)  -- 
 Retrospective Only 12.52 (10.39)  5.74 (3.58)  --  8.49 (5.05)   
JOL           
 No Topic JOL 49.75 (14.26)  55.8 (14.75)  --  46.3 (12.77)  -- 
 Traditional Only 47.88 (14.45)  55.32 (21.47)  --  44.44 (16.38)  -- 
 Traditional + Retrospective 49.61 (15)  53.25 (24.58)  --  42.66 (18.58)  -- 
 Retrospective Only 50.04 (17.48)  58.66 (21.53)  --  47.06 (18.61)  -- 
Test Score          
 No Topic JOL 42.32 (23.17)  53.39 (26.93)  39.91 (22.24)  36.2 (22.68)  33.85 (27.51) 
 Traditional Only 40.89 (17.69)  47.14 (21.65)  35.94 (17.61)  31.9 (19.76)  32.81 (19.96) 
 Traditional + Retrospective 43.1 (19.73)  49.48 (26.6)  38.93 (20.68)  35.81 (21.32)  34.64 (23.29) 
  Retrospective Only 47.27 (22.84)   54.43 (23.85)   44.4 (20.8)   41.02 (22.58)   41.15 (21.89) 
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Table 5.  
Model Statistics: Regression Analysis Summary for Study Phase 1 and Familiarity 
Predicting Recall Percentage on Test 1 

    95% CI   

  
 
β SE LL UL t p 

Intercept 42.49 3.42 35.71 49.27 12.41 <.001*** 
Mean Study Time -1.64 3.46 -1.57 13.75 -0.48 .635 
Mean JOL 6.09 3.87 -8.49 5.20 1.58 .118 
Mean Familiarity (all topics) -2.14 1.95 -6.01 1.72 -1.10 .275 
Condition       

 Traditional Only  0.81 4.98 -9.05 10.67 0.16 .871 

 Traditional + Retrospective 0.08 4.85 -9.52 9.68 0.02 .986 

 Retrospective Only 3.65 4.85 -5.97 13.26 0.75 .454 
Condition * Study Time       

 Traditional Only  4.37 5.38 -6.28 15.02 0.81 .418 

 Traditional + Retrospective 5.76 5.11 -4.36 15.88 1.13 .262 

 Retrospective Only 4.00 4.78 -5.47 13.47 0.84 .405 
Condition * Mean JOL       

 Traditional Only  6.29 5.75 -5.10 17.69 1.09 .276 

 Traditional + Retrospective 2.14 4.75 -7.28 11.56 0.45 .654 

 Retrospective Only 6.40 4.66 -2.84 15.64 1.37 .173 
Note: ***p < .001 

The regression model at Test 2 predicted 34% of variability in Test 2 

performance, R2 = .40, adjusted R2 = .34, F(12,115) = 6.44, p < .001. Mean time spent 

studying each term was a significant predictor in this model (β  = 7.66, p = .008); 

participants who spent more time studying each term during study phase 2 tended to 

perform better on the second test, see Figure 7. As a reminder, this regression included 

overall performance (percent correct out of 48 cued-recall items) as the dependent 

variable, later analyses will break this test into component parts (restudy vs. new study).  
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Figure 7. Graph of the relationship between mean time spent studying each term during 
the second set of (24) studied terms, in seconds, and subsequent Test 2 overall score (out 
of 48; this analysis included all items on Test 2). Number of items correctly recalled is 
expressed as a percentage. Grey region represents standard error. 
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No other predictors or interactions, including condition, were significant in this 

analysis. Summary statistics for all predictors and interactions (including marginal and 

non-significant results) and can be found in Table 6; means and standard deviations for 

all variables involved in this analysis can be found in Table 4. 

Table 6.  
Model Statistics: Regression Analysis Summary for Study Phase 1 and Familiarity 
Predicting Percent Recall (All Items) on Test 2 

    95% CI   

  
 
β SE LL UL t p 

Intercept 39.63 2.94 33.80 45.46 13.46 <.001*** 
Mean Study Time 7.66 2.82 2.08 13.24 2.72 .008** 
Mean JOL 6.02 4.01 -1.91 13.96 1.50 .135 
Mean Topic Familiarity -1.51 1.68 -4.84 1.82 -0.90 .372 
Condition       

 Traditional Only  -2.20 4.28 -10.67 6.27 -0.51 .608 

 Traditional + Retrospective 0.98 4.19 -7.32 9.28 0.24 .815 

 Retrospective Only 2.21 4.19 -6.09 10.51 0.53 .598 
Condition * Study Time       

 Traditional Only  3.01 4.95 -6.80 12.82 0.61 .544 

 Traditional + Retrospective 7.73 4.71 -1.61 17.06 1.64 .104 

 Retrospective Only 5.45 4.80 -4.06 14.96 1.14 .258 
Condition * JOL       

 Traditional Only  -4.53 4.52 -13.49 4.43 -1.00 .319 

 Traditional + Retrospective -6.57 3.94 -14.38 1.23 -1.67 .098 

 Retrospective Only -0.61 4.28 -9.10 7.88 -0.14 .887 
Note: ** p <.01.  ***p < .001 
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Analysis Set 2 

To further investigate, data from Study Phase 2 was decomposed, separating out 

new study from restudy items. Separate regressions on each (restudy, new study) were 

performed. The independent variables in each regression included condition, again 

entered as a dummy-coded categorical variable with the No JOL condition as the 

reference category, mean study time (time spent studying each new study/restudy term), 

mean new study/restudy JOL, and the interactions between condition and each 

continuous independent variable. Mean topic familiarity (across topics) was included as a 

covariate. As before, independent variables were standardized for ease of interpretation. 

Summary statistics for all predictors and interactions in these regressions can be found in 

Table 7 and Table 8 respectively.  

The regression predicting Test 2 recall of restudied items predicted roughly 42% 

of variability in Test 2 restudied item recall, R2 = .48, adjusted R2 = .42, F(12,115) = 

8.70, p < .001. Mean time spent restudying each term was again a significant predictor in 

this model (β  = 13.79, p = .011). Participants who, on average, restudied items for more 

time, recalled more of those restudied items at Test 2; see Figure 8. 
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Figure 8. Graph of the relationship between mean time spent restudying each term and 
subsequent restudy item test scores. Number of correctly recalled restudied items at Test 
2 (out of 12) is expressed as a percentage. 

Restudy JOL magnitude was also a significant predictor for Test 2 recall (β  = 

22.32, p < .001). Participants who made higher JOLs during restudy, recalled more items 
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on Test 2; see Figure 9. In other words, across all conditions, absolute accuracy of 

participants’ judgments was relatively well-calibrated for restudied items.  

 
 

 
Figure 9. Graph of the relationship between JOL magnitude for restudied items and 
subsequent test score for restudied items. Number of items correctly (restudied) recalled 
at Test 2 (out of 12) is expressed as a percentage. 
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The mean of self-reported familiarity with the topics was also a significant 

predictor for Test 2 restudy item recall (β  = -5.17, p = .006). However this effect was 

quite in the opposite direction of what one might expect; the negative slope on the 

relationship between self-reported familiarity and test performance (at least during the 

restudy phase) suggests that lower familiarity reports were associated with higher test 

performance. This surprising effect is addressed further in the discussion of this 

manuscript. 

The interaction between mean time spent restudying each item and condition 

revealed significant differences in the relationship between restudy time and subsequent 

recall of restudied items in the Traditional + Retrospective condition (β  = -15.48, p = 

.008) and Retrospective Only condition (β  = -15.13, p = .034), relative to the No JOL 

condition; see Figure 10. The slopes for the Traditional + Retrospective Condition and 

Retrospective Only condition were positive; their negative coefficients suggest that the 

slope of each is “less positive,” or weaker, than that of the No JOL condition (reference 

category). This observation is in the opposite direction of what would be predicted based 

on my hypotheses. While difficult to come up with theoretically relevant explanations for 

the direction of this effect, situational factors (e.g., lack of control given data collection 

on mTurk) could lead to spurious time-related effects; we simply cannot know whether or 

not participants were all equally consistently attending to this task. This could reasonably 

lead to unexpected distributions in study time.    



Texas Tech University, Elizabeth A. Green, August 2021   

 

41 

 
 

Figure 10. Graph of the relationship between mean time spent restudying each item (in 
seconds) and recall for restudied items at Test 2. Number of (restudied) items correctly 
recalled at Test 2 (out of 12) is expressed as a percentage. The scale on this x-axis is 
extended (relative to other study time figures in the document) due to expanded range in 
the study time means involved in this analysis.  
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Table 7.  
Model Statistics: Regression Analysis Summary for Restudy Phase and Familiarity 
Predicting Restudied Item Percent Recalled on Test 2 

    95% CI   
  β SE LL UL t p 

Intercept 54.58 3.34 47.54 60.82 16.33 < .001*** 
Restudy Time 13.79 5.36 3.85 25.24 2.57 .011* 
Restudy JOL 22.32 4.78 11.84 31.09 4.67 < .001*** 
Mean Familiarity -5.17 1.86 -8.83 -1.52 -2.78 .006** 
Condition       

 Traditional Only  -5.22 4.81 -13.85 5.49 -1.09 .280 

 Traditional + Retrospective -3.29 4.74 -12.69 6.20 -0.69 .489 

 Retrospective Only -3.18 4.76 -12.05 6.77 -0.67 .506 
Condition * Restudy Time       

 Traditional Only  -6.04 8.00 -21.65 11.41 -0.76 .451 

 Traditional + Retrospective -15.48 5.73 -27.64 -4.82 -2.70 .008** 

 Retrospective Only -15.13 7.05 -35.95 -6.32 -2.15 .034* 
Condition * Restudy JOL       

 Traditional Only  -10.90 5.79 -22.74 0.94 -1.88 .062 

 Traditional + Retrospective -3.86 5.60 -14.06 8.41 -0.69 .492 
  Retrospective Only -4.32 5.77 -16.09 7.08 -0.75 .456 
Note: *p < .05.  ** p <.01.  ***p < .001 

  
 

The regression predicting newly studied item recall on Test 2 predicted roughly 

38% of variability recall of newly studied items at Test 2, R2 = .44 adjusted R2 = .38, 

F(12,115) = 7.49, p < .001. Mean time spent studying each term was again a significant 

predictor in this model (β  = 7.89, p = .007). Across all conditions, participants who 

studied new items for more time recalled more of those items on Test 2; see Figure 11. 
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Figure 11. Graph of the relationship between mean time spent studying each new term 
during the second study phase and subsequent new study item test scores. Number of 
correctly recalled items at Test 2 (out of 24) is expressed as a percentage.  

JOL magnitude also again significantly predicted recall for newly studied items 

on Test 2; indicating reasonably calibrated absolute accuracy in (mean) JOLs for newly 

studied items during Phase 2 (β  = 9.03, p = .030); see Figure 12. 
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Figure 12. Graph of the relationship between the mean magnitude of JOLs for new items 
studied during the second study phase and subsequent new study item test score. Number 
of items correctly recalled at Test 2 (out of 24) is expressed as a percentage.  
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Table 8.  
Model Statistics: Regression Analysis Summary for Study Phase 2 and Familiarity 
Predicting Newly Studied Item Percent Recalled on Test 2 

     95% CI   
  β  SE LL UL t p 

Intercept 35.68 3.02 29.69 41.67 11.806 <.001*** 
New Item Study Time 7.89 2.89 2.16 13.62 2.728 .007** 
New Item JOL 9.03 4.11 0.89 17.18 2.197 .030* 
Mean Familiarity -1.25 1.73 -4.67 2.17 -0.722 .472 
Condition       

 Traditional Only  -3.02 4.39 -11.71 5.67 -0.688 .493 

 Traditional + Retrospective 1.71 4.30 -6.81 10.23 0.397 .692 

 Retrospective Only 2.52 4.30 -6.00 11.04 0.586 .559 
Condition * New Item Study 
Time       

 Traditional Only  2.25 5.08 -7.82 12.32 0.442 .659 

 Traditional + Retrospective 5.04 4.84 -4.54 14.63 1.042 .299 

 Retrospective Only 3.69 4.93 -6.08 13.45 0.748 .456 
Condition * New Item JOL       

 Traditional Only  -7.49 4.64 -16.69 1.70 -1.614 .109 

 Traditional + Retrospective -5.52 4.05 -13.53 2.50 -1.364 .175 

 Retrospective Only 0.12 4.40 -8.59 8.83 0.027 .979 
Note: *p < .05.  ** p <.01.  ***p < .001 

 
Proposed Analysis Set 3 – Problems and Resolutions 

The next proposed analysis involved calculating Goodman and Kruskal’s Gamma 

(γ) statistic as a measure of topic-level relative accuracy and submitting these values to a 

repeated measures mixed multivariate analysis of covariance (MANCOVA). Goodman 

and Kruskal’s Gamma (γ) statistic is a nonparametric measure which indicates the 

direction and strength of the relationship between ordinal variables. In metacognition 
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research, researchers commonly compute this statistic for JOLs and subsequent retrieval 

to indicate participant relative accuracy.  

While this statistic is commonly relied upon in metacognition research, the 

current research presents a good example of a case when reliance on this technique has 

significant limitations. Only participants with complete γ statistic data were retained for 

this analysis (i.e., those for which gamma was calculable for all three topics on both 

tests). As a result, 57 participants were dropped from this analysis (n = 71) leaving small, 

unequal sample sizes in each condition: No JOL (n = 19), Traditional Only (n = 15), 

Traditional + Retrospective (n = 17), Retrospective Only (n = 20) and inadequate power 

for the analysis. More concerningly, a Box’s M test on the repeated measures 

MANCOVA suggested heterogeneity in the covariance matrices of the DVs (Box’s M = 

618.08, p < .001). Given the level of severity of the violation and the small cell sizes 

available, the robustness of this method is at best, highly questionable. The use of 

Goodman-Kruskal γ in this project was primarily motivated by its widespread 

prominence in metacognition research, but it is clearly inappropriate for this data. As 

such, no further work on this analysis was performed. 

Given the indications of absolute accuracy in JOLs in the above regression 

analyses at Test 2, variance in participants reported familiarity with each topic, and the 

fact that topic-level analyses were included in the proposal for this project, it was of 

interest to see whether any potential effects differed by topic. I had planned to run 

multiple regressions predicting topic-level test performance at Test 2. Additionally, to 

respect the repeated measures in this experimental design, I intended to control for Study 
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Phase 1 and Restudy Phase JOL magnitude and performance by including them in each 

regression as covariates. The independent variables in each regression would have 

included condition (entered as a dummy-coded categorical variable with the No JOL 

condition as the reference category), mean study time, mean JOL, and self-reported topic 

familiarity.  

Unfortunately, performance and judgment data from Study Phase 1 and the 

Restudy Phase were highly correlated with Test 2 performance and judgment data in all 

three topics, leading to suppressor effects in the regressions. A table of the 

intercorrelations for the Atmospheric Science regression predictor variables can be found 

in Table 9, for the Legal Term regression predictor variables in Table 10, and for the 

Mathematics Terms regression predictor variables in Table 11.  

 
Table 9.  
Intercorrelations for Independent Variables in Atmospheric Science Term Regression 

  1 2 3 4 5 6 7 
Study Phase 2 JOL 1.00       
Study Phase 2 Study Time 0.12 1.00      
Self-Reported Familiarity 0.28 -0.09 1.00     
Restudy Phase JOL 0.58 0.16 0.35 1.00    
Restudy Recall 0.30 0.28 0.06 0.54 1.00   
Study Phase 1 JOL 0.53 0.22 0.31 0.58 0.28 1.00  
Study Phase 1 Recall 0.36 0.29 0.13 0.59 0.61 0.31 1.00 
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Table 10. 
 Intercorrelations for Independent Variables in Legal Term Regression 

  1 2 3 4 5 6 7 
Study Phase 2 JOL 1.00       
Study Phase 2 Study Time -0.05 1.00      
Self-Reported Familiarity 0.20 -0.18 1.00     
Restudy Phase JOL 0.64 -0.04 0.18 1.00    
Restudy Recall 0.31 -0.03 -0.01 0.61 1.00   
Study Phase 1 JOL 0.67 0.04 0.16 0.75 0.36 1.00  
Study Phase 1 Recall 0.45 0.17 -0.03 0.69 0.72 0.56 1.00 

 

 

Table 11.  
Intercorrelations for Independent Variables in Mathematics Term Regression 

  1 2 3 4 5 6 7 
Study Phase 2 JOL 1.00       
Study Phase 2 Study Time 0.16 1.00      
Self-Reported Familiarity 0.19 -0.06 1.00     
Restudy Phase JOL 0.73 0.15 0.05 1.00    
Restudy Recall 0.34 0.22 -0.13 0.61 1.00   
Study Phase 1 JOL 0.61 0.00 0.22 0.58 0.18 1.00  
Study Phase 1 Recall 0.56 0.29 -0.12 0.60 0.61 0.39 1.00 

Analysis Set 3 

The multicollinearity issues between Test 2, Test 1, and restudy predictors in the 

above-described analysis were severe enough to switch the coefficient signs for multiple 

predictors in each model (i.e., there were predictors with positive slopes showing 

negative regression coefficients); this meant that any interpretation of those model 

statistics were quite literally useless. Given there was reason to believe some effects may 

selectively present in certain topics, reduced topic-level regressions were run for each of 

the three studied topics.  
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Each of the three following regressions predicts Test 2, new study, topic-level 

performance. The independent variables in each regression include condition (entered as 

a dummy-coded categorical variable with the No JOL condition as the reference 

category), mean topic-level study time (time spent studying each term in a given topic), 

mean topic-level JOL, and mean self-reported topic-level familiarity. Given theoretical 

interest, two-way interactions between condition and study time and condition and JOL 

were included each regression model. To aid in interpretability, continuous independent 

variables were standardized. Topic-level means and standard deviations for study, 

judgment, and test performance measures at each phase and decomposition can be found 

in Table 15. 

Analysis of Atmospheric Science Terms 

The regression predicting newly studied Atmospheric Science term recall on Test 

2 predicted roughly 29% of variability recall of newly studied items at Test 2, R2 = .35, 

adjusted R2 = .29, F(12,115) = 5.27, p < .001. Summary statistics for all predictors and 

interactions (including marginal and non-significant results) for this regression can be 

found in Table 12. The condition manipulation did not lead to interactions with study 

time or JOL magnitude. 

Mean study time for newly studied Atmospheric Science terms was a significant 

predictor in this model such that those who spent longer studying each term also recalled 

more of those terms on Test 2 (β  = 7.30, p = .046); see Figure 13.  
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Figure 13. Graph of the relationship between mean time spent studying each 
Atmospheric Science term during the second study phase (in seconds) and subsequent 
Test 2 new study Atmospheric Science term recall score (out of eight). Number of items 
correctly recalled is expressed as a percentage. Grey region represents standard error. 

Mean JOL magnitude for newly studied Atmospheric Science terms was a 

significant predictor in this model such that those who made generally higher JOLs also 

remembered more of those terms on Test 2 (β  = 16.04, p = .002); see Figure 14.  
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Figure 14. Graph of the relationship between mean JOL for Atmospheric Science terms 
during the second study phase (in seconds) and subsequent Test 2 new study 
Atmospheric Science term recall score (out of eight). Number of items correctly recalled 
is expressed as a percentage. Grey region represents standard error. 
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Table 12.  
Model Statistics: Regression Analysis on Atmospheric Science Topic Performance at Test 
2 

     95% CI   
   β SE LL UL t p 

Intercept 33.74 4.12 25.58 41.89 8.20 <.001*** 
Study Time 7.30 3.62 0.12 14.48 2.01 .046* 
JOL 16.04 5.16 5.81 26.27 3.11 .002** 
Topic Familiarity 1.18 2.28 -3.33 5.69 0.52 .606 
Condition       

 Traditional Only  -0.77 5.68 -12.02 10.48 -0.14 .892 

 Traditional + Retrospective 0.36 5.76 -11.04 11.76 0.06 .950 

 Retrospective Only 6.01 5.63 -5.15 17.17 1.07 .288 
Condition * Study Time       

 Traditional Only  -9.38 6.20 -21.66 2.90 -1.51 .132 

 Traditional + Retrospective -6.20 6.58 -19.22 6.83 -0.94 .348 

 Retrospective Only -2.50 5.94 -14.26 9.27 -0.42 .675 
Condition * Mean JOL       

 Traditional Only  -1.90 7.28 -16.33 12.53 -0.26 .794 

 Traditional + Retrospective -2.37 6.29 -14.82 10.09 -0.38 .708 

 Retrospective Only -0.39 6.48 -13.22 12.45 -0.06 .953 
Note:  ** p <.01.  ***p < .001 

Analysis of Legal Terms 

The regression predicting newly studied Legal term recall on Test 2 predicted 

roughly 44% of variability recall of newly studied items at Test 2, R2 = .49, adjusted R2 = 

.44, F(12,115) = 9.15, p < .001. Summary statistics for predictors and interactions 

(including marginal and non-significant results) for this regression and can be found in 

Table 13. 

Similar to the previous analysis of Atmospheric Science terms, mean study time 

(β  = 10.38, p = .020) and JOL (β  = 18.26, p = .003) were both significant predictors for 
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Test 2 recall of newly studied Legal Terminology. Simple slopes show positive 

relationships with test performance; increases in study time and increases in JOL were 

associated with better recall on Test 2. Visualizations of these effects can be found in 

Figure 15 and Figure 16 respectively.  

The interaction between study time and condition revealed significant differences 

in the relationship between study time and subsequent recall of restudied items in the 

Traditional + Retrospective condition relative to the No JOL condition (β  = -10.65, p = 

.030); see Figure 17. As was mentioned in the above analysis of (overall) restudy means, 

this unexpected effect could be due inconsistent attention across the span of the 

experiment, though it is impossible to know with any real certainty given this data was 

collected on mTurk.   

Analysis of Mathematics Terms 

The regression predicting newly studied Mathematics term recall on Test 2 

predicted roughly 52% of variability recall of newly studied items at Test 2, R2 = .57, 

adjusted R2 = .52, F(12,115) = 12.66, p < .001. Summary statistics for all predictors and 

interactions (including marginal and non-significant results) for this regression can be 

found in Table 14.  

Unlike the previous two topics, study time was not a significant predictor in this 

model (β  = 0.43, p = .907). However, JOL magnitude remained a significant predictor in 

the same direction; simple slopes suggest as JOLs increase, so too does recall (β  = 22.59, 

p < .001); see Figure 18. 
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Figure 15. Graph of the relationship between mean time spent studying each Legal term 
during the second study phase (in seconds) and subsequent Test 2 new study Legal term 
recall score (out of eight). Number of items correctly recalled is expressed as a 
percentage. Grey region represents standard error. 
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Figure 16. Graph of the relationship between mean JOL for Legal terms during the 
second study phase (in seconds) and subsequent Test 2 new study Legal term recall score 
(out of eight). Number of items correctly recalled is expressed as a percentage. Grey 
region represents standard error. 
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Figure 17. Graph of the relationship between mean time spent studying Legal terms (in 
seconds) and subsequent Test 2 new study Legal terms. Number of items correctly 
recalled at Test 2 (out of eight) is expressed as a percentage. 
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Table 13.  
Model Statistics: Regression Analysis on Legal Term Topic Performance at Test 2 

    95% CI   
  β SE LL UL t p 

Intercept 41.90 4.22 33.54 50.26 9.93 <.001*** 
Study Time 10.38 4.41 1.64 19.11 2.35 .020* 
JOL 18.26 5.91 6.55 29.96 3.09 .003** 
Topic Familiarity -1.94 1.88 -5.68 1.79 -1.03 .305 
Condition       

 Traditional Only  -6.52 5.85 -18.11 5.06 -1.12 .267 

 Traditional + Retrospective -0.53 5.73 -11.88 10.82 -0.09 .926 

 Retrospective Only -1.27 5.98 -13.11 10.57 -0.21 .832 
Condition * Study Time       

 Traditional Only  -8.46 6.91 -22.14 5.23 -1.22 .223 

 Traditional + Retrospective -10.65 4.82 -20.20 -1.11 -2.21 .030* 

 Retrospective Only -7.77 6.62 -20.89 5.35 -1.17 .243 
Condition * Mean JOL       

 Traditional Only  -0.78 6.91 -14.47 12.91 -0.11 .910 

 Traditional + Retrospective -0.08 6.71 -13.37 13.20 -0.01 .990 

 Retrospective Only 0.47 6.79 -12.99 13.93 0.07 .945 
Note: *p < .05.  ** p <.01.  ***p < .001 
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Figure 18. Graph of the relationship between mean JOL for Mathematics terms during 
the second study phase (in seconds) and subsequent Test 2 new study Mathematics term 
recall score (out of eight). Number of items correctly recalled is expressed as a 
percentage. Grey region represents standard error. 

 Familiarity was also a significant predictor in this regression model (β  = -5.17, p 

= .005). Similar to the above regression on (overall) restudy mean data, the simple slope 

suggests that lower self-reported familiarity with Mathematics was associated with higher 



Texas Tech University, Elizabeth A. Green, August 2021   

 

59 

recall of newly studied Mathematics terms in Phase 2. As the current data does not allow 

for anything more than speculation on this topic, I will discuss hypotheses as to the root 

of each of these effects in the discussion.  

Lastly, a significant interaction between condition and study time was again 

observed, this time between the Retrospective Only condition relative to the No JOL 

condition (β  = 11.43, p = .027), see Figure 19. Interpretation of this interaction is 

relatively in line with the hypotheses for this experiment, the slope of the line for study 

time predicting test performance (recall of newly studied Mathematics terms) is much 

steeper for the Retrospective Only condition relative to the No JOL condition. This is 

what I would expect if participants were more accurately calibrating the effort (i.e., study 

time) each Mathematics term required to learn. However, again, given the inconsistencies 

in study time analyses, I think it likely that this significant interaction is spurious. 
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Figure 19. Graph of the relationship between mean time spent studying Mathematics 
terms (in seconds) and subsequent Test 2 new study Mathematics terms. Number of items 
correctly recalled at Test 2 (out of eight) is expressed as a percentage. 
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Table 14.  
Model Statistics: Regression Analysis on Mathematics Topic Performance at Test 2 

    95% CI   
  β SE LL UL t p 

Intercept 34.31 3.15 28.07 40.55 10.89 <.001*** 
Study Time 0.43 3.68 -6.87 7.73 0.12 .907 
JOL 22.59 4.28 14.12 31.06 5.28 <.001*** 
Topic Familiarity -5.17 1.80 -8.73 -1.61 -2.87 .005** 
Condition       

 Traditional Only  -6.15 4.50 -15.05 2.76 -1.37 .174 

 Traditional + Retrospective 2.35 4.62 -6.79 11.50 0.51 .611 

 Retrospective Only -3.69 4.54 -12.69 5.31 -0.81 .419 
Condition * Study Time       

 Traditional Only  -1.81 5.42 -12.55 8.93 -0.33 .738 

 Traditional + Retrospective 3.11 4.56 -5.93 12.16 0.68 .496 

 Retrospective Only 11.43 5.09 1.35 21.51 2.25 .027* 
Condition * Mean JOL       

 Traditional Only  -5.13 5.55 -16.13 5.86 -0.93 .357 

 Traditional + Retrospective -6.54 5.10 -16.64 3.56 -1.28 .201 

 Retrospective Only -5.92 5.20 -16.22 4.38 -1.14 .257 
Note: *p < .05.  ** p <.01.  ***p < .001 

 

 
 
 
 



Texas Tech University, Elizabeth A. Green, August 2021   

 

62 

Table 15.  
Topic-Level Means and Standard Deviations for Study, Judgment, and Test Performance Measures at Phase 2 and Topic-Level 
Judgment and Performance Means from Earlier Phases. 

  Phase 2 - New Items  Restudy Phase  Phase 1 

  
Atmo. 

Science 
Legal  
Terms 

Math 
Terms  

Atmo. 
Science 

Legal  
Terms 

Math 
Terms  

Atmo. 
Science 

Legal  
Terms 

Math 
Terms 

    M(SD) M(SD) M(SD)   M(SD) M(SD) M(SD)  M(SD) M(SD) M(SD) 
Study Time            

 No Topic JOL 7.82 (6.73) 6.88 (5.19) 8.46 (5.75)  -- -- --  -- -- -- 

 Traditional Only 6.36 (4.82) 5.62 (4.33) 6.76 (5.13)  -- -- --  -- -- -- 

 
Traditional +  
Retrospective 7.22 (4.48) 9.35 (12.19) 8.8 (7.65)  -- -- --  -- -- -- 

 
Retrospective  
Only 8.72 (5.27) 7.36 (4.90) 9.38 (6.03)  -- -- --  -- -- -- 

JOL Time            

 No Topic JOL 3.73 (2.98) 3.11 (1.04) 3.14 (1.20)  -- -- --  -- -- -- 

 Traditional Only 3.65 (15.81) 4.12 (3.99) 3.99 (3.37)  -- -- --  -- -- -- 

 
Traditional +  
Retrospective 3.71 (2.78) 3.6 (2.40) 4.28 (3.65)  -- -- --  -- -- -- 

 
Retrospective  
Only 3.25 (1.10) 3.13 (1.04) 3.33 (1.01)  -- -- --  -- -- -- 
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Table 15. Continued     
 Phase 2 - New Items  Restudy Phase  Phase 1 

 
Atmo. 

Science 
Legal  
Terms 

Math 
Terms  

Atmo. 
Science 

Legal  
Terms 

Math 
Terms  

Atmo. 
Science 

Legal  
Terms 

Math 
Terms 

  M(SD) M(SD) M(SD)  M(SD) M(SD) M(SD)  M(SD) M(SD) M(SD) 

JOL             

 
No Topic 
JOL 

36.89 
(15.86) 

51.05 
(13.26) 

42.96 
(16.70)  

50.01 
(21.11) 

63.22 
(18.45) 

54.17 
(23.20)  

42.42 
(15.21) 

56.02 
(16.93) 

50.81 
(17.49) 

 
Traditional 
Only 

39.45 
(15.81) 

50.27 
(21.21) 

40.48 
(19.15)  

53.04 
(22.34) 

63.20 
(26.48) 

49.73 
(24.08)  

43.48 
(16.43) 

56.54 
(16.80) 

43.61 
(20.93) 

 

Traditional 
+  
Retrospecti
ve 

33.48 
(22.98) 

52.62 
(23.87) 

34.54 
(24.38)  

49.43 
(25.22) 

63.07 
(31.04) 

47.25 
(26.45)  

47.17 
(17.12) 

59.77 
(18.02) 

41.88 
(18.74) 

 

Retrospecti
ve  
Only 

45.72 
(19.34) 

60.08 
(18.95) 

44.31 
(22.00)  

52.18 
(25.58) 

67.62 
(26.50) 

56.19 
(28.04)  

45.72 
(19.34) 

60.08 
(18.95) 

44.31 
(22.00) 

Test Score            

 
No Topic 
JOL 

28.52 
(26.23) 

45.70 
(24.51) 

34.38 
(27.31)  

50.00 
(34.20) 

60.16 
(32.91) 

50.00 
(32.38)  

36.72 
(23.53) 

51.17 
(27.01) 

39.06 
(29.06) 

 
Traditional 
Only 

30.47 
(23.10) 

39.06 
(26.33) 

26.17 
(21.62)  

42.19 
(30.08) 

58.59 
(28.83) 

40.62 
(29.61)  

39.84 
(20.68) 

50.78 
(25.59) 

32.03 
(24.58) 

 

Traditional 
+ 
Retrospecti
ve 

27.34 
(24.89) 

48.83 
(26.82) 

31.25 
(25.99)  

46.09 
(28.48) 

59.38 
(30.95) 

42.97 
(36.05)  

39.06 
(23.49) 

57.42 
(27.84) 

32.81 
(21.48) 

  

Retrospecti
ve  
Only 

43.36 
(23.54) 

56.64 
(28.04) 

41.80 
(29.89)   

49.22 
(31.42) 

67.19 
(28.71) 

46.88 
(32.84)  

43.36 
(23.54) 

56.64 
(28.04) 

41.8 
(29.89) 
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Exploratory Analyses on Topic-Level JOLs 

As topic-level JOLs were intended to be an experiential manipulation (rather than 

an outcome themselves), they were not included in the proposed-analyses for this project. 

However, given the failure to find support for my hypotheses, a probe of the content of 

these judgments was of interest to ensure participants at least engaged with the scales in 

the manner intended (regardless of whether the experience transferred to new JOLs – as 

was expected). To do so, topic-level JOLs were coded in respect to the time at which they 

were made. These analyses regress JOL magnitude, temporal reference of the JOL, and 

the interaction of these two terms on test performance at Test 1 and Test 2 respectively. 

As they did not make topic-level JOLs, participant data from the No JOL condition was 

not included in these analyses. Descriptive statistics for the data involved in these 

analyses can be found in Table 16.  

Table 16. 
Regression of Each Type of Topic-level JOL on Test 1 Performance. 

  Topic JOLs 

Test 1 
Score 

Topic JOLs 

Test 2 
Score  

Trad. 
1 

Retro- 
Then 

Trad. 
2 

Retro- 
Now 

  M(SD) M(SD) M(SD) M(SD) M(SD) M(SD) 

No Topic JOL -- -- 
42.3 

(23.2) -- -- 
39.9 

(22.2) 

Traditional Only 
42.8 

(17.0) -- 
40.9 

(17.7) 
35.7 

(20.4) -- 
35.9 

(17.6) 

Traditional +  
Retrospective 

41.7 
(18.5) 

38.1 
(19.8) 

43.1 
(19.7) -- 

32.9 
(23.3) 

38.9 
(20.7) 

Retrospective 
Only -- 

38.8 
(23.6) 

47.3 
(22.8) -- 

31.1 
(26.1) 

44.4 
(20.8) 
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The first of these analyses involved all topic-level JOLs (performance predictions) 

referencing “prior to beginning Test 1.” In other words, Traditional Only condition first 

topic-level JOLs, Traditional + Retrospective condition first traditional topic-level JOLs, 

Traditional + Retrospective condition retrospective “then” topic-level JOLs, and 

Retrospective Only condition retrospective “then” topic-level JOLs were each coded as a 

categorical variable and entered into the regression as a dummy coded variable with the 

Traditional Only condition first topic-level JOLs as the reference category. Only JOL 

(magnitude) was a significant predictor of Test 1 performance (β  = 0.34, p = .002). 

Summary statistics for all predictors and interactions (including marginal and non-

significant results) for this regression can be found in Table 17; a figure showing the non-

significant group differences in this regression can be found in Figure 20. 
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Table 17.  
Model Statistics: Regression Analysis on Topic-Level Judgments by Type of Judgment 
Predicting Test 1 Performance 

      95% CI     
   β SE LL UL t p 

Intercept 26.30 5.29 15.89 36.71 4.968 <.001*** 
JOL 0.34 0.11 0.13 0.56 3.12 .002** 
Condition       

 

Traditional + Time-
Differentiated 
Traditional Topic-Level JOL -3.61 7.25 -17.86 10.64 -0.498 .619 

 

Traditional + Time-
Differentiated 
Retrospective “Then” Topic-
Level JOL 1.83 6.97 -11.88 15.55 0.263 .793 

 

Time-Differentiated Only 
Retrospective “Then” Topic-
Level JOL 5.37 6.86 -8.12 18.85 0.782 .434 

Condition * JOL       

 

Traditional + Time-
Differentiated 
Traditional Topic-Level JOL 0.15 0.15 -0.15 0.44 0.993 .322 

 

Traditional + Time-
Differentiated  
Retrospective "Then" Topic-
Level JOL 0.05 0.15 -0.24 0.34 0.353 .724 

 

Time-Differentiated Only   
Retrospective "Then" Topic-
Level JOL 0.06 0.14 -0.22 0.34 0.426 .671 

Note:  ** p <.01.  ***p < .001 
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The second analysis involved all topic-level JOLs (performance predictions) 

referencing feelings at the second topic-level JOL collection time. In other words, 

Traditional Only condition second topic-level JOLs, Traditional + Retrospective 

condition “now” topic-level JOLs, and Retrospective Only condition retrospective “now” 

topic-level JOLs were each coded as a categorical variable and entered into the regression 

as a dummy coded variable with the Traditional Only second topic-level JOLs as the 

reference category. Summary statistics for all predictors and interactions (including 

Figure 20. Regression of each type of topic-level JOL on Test 1 performance. 
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marginal and non-significant results) for this regression can be found in Table 18. JOL 

(magnitude) was a significant predictor for Test 2 performance (β  = 0.22, p < .002). 

More interestingly, the slopes for the interaction with both the Retrospective + 

Traditional condition (β  = 0.13, p = .020) and Retrospective Only condition (β  = 0.15, p 

= .009)  were significantly difference than the reference category. Specifically, this shows 

that the topic-level judgments in both of these groups were better calibrated to Test 2 

performance than were the topic-level judgments made by the Traditional Only condition, 

see Figure 21. I interpret this to suggest that participants who had the opportunity to 

engage in retrospective judgments did so as expected. However, this experience did not 

transfer over to item-level JOLs in the manner I would have predicted.  
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Table 18.  
Model Statistics: Regression Analysis on Topic-Level Judgments by Type of Judgment 
Predicting Test 2 Performance 

      95% CI     
  β  SE LL UL t p 

Intercept 12.72 1.81 9.16 16.29 7.03 <.001*** 
JOL 0.22 0.04 0.13 0.30 5.16 <.001*** 
Condition       

 

Traditional + Time-Differentiated 
Retrospective "Now" Topic-Level 
JOL -2.60 2.41 -7.35 2.15 -1.08 .282 

 

Time-Differentiated Only 
Retrospective "Now" Topic-Level 
JOL -0.39 2.37 -5.04 4.27 -0.16 .871 

Condition * JOL       

 

Traditional + Time-Differentiated 
Retrospective "Now" Topic-Level 
JOL 0.13 0.06 0.02 0.24 2.34 .020* 

 

Time-Differentiated Only 
Retrospective "Now" Topic-Level 
JOL 0.15 0.06 0.04 0.26 2.65 .009** 

Note: *p < .05.  ** p <.01.  ***p < .001 
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Figure 21. Regression of each type of topic-level JOL on Test 2 performance. 



Texas Tech University, Elizabeth A. Green, August 2021   
 
 

 
 

71 

CHAPTER 4 

DISCUSSION 

The current study tested the use of a retrospective pre-post judgment reporting 

design as an intervention for improving JOL accuracy across study-judge-test rounds. 

This research was motivated in part by previous metacognition research showing 

retrospective reflections are sometimes more accurate than prospective JOLs (e.g., Pierce 

& Smith, 2001; Siedlecka et al., 2016) and research from the field of program evaluation 

citing increased accuracy (Allen & Nimon, 2007; Moore & Tananis, 2009; Nakonezny & 

Rodgers, 2005) and decreased workload (Chang & Little, 2018; Gorrall et al., 2016; 

Little et al., 2020) when using retrospective pre-post designs for self-report measures.  

The current study had two main research aims. One of the two primary research 

questions aimed to investigate whether making retrospective topic-level JOLs would 

affect study behaviors (i.e., time spent studying each term). Analyses involving study 

time in this experiment revealed unexpected and sometimes difficult to interpret patterns. 

This data was collected in the winter of 2020, during the COVID-19 pandemic and a 

mandatory shut down of our research laboratory. As such, the data had to be collected 

online. Every effort was taken to ensure that the data retained came from participants 

who were attending to the task. Unfortunately, without the benefit of control provided by 

laboratory research, it is impossible to know whether unusual patterns in study time were 

due to changes in actual study time or because participants briefly disengaging from the 

task due to some “real-life” distraction (e.g., crying children or a knock at the door).  
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Only one analysis involving data from a single topic (study time by condition 

interaction for Mathematics terms in the Retrospective Only condition) supported the 

hypothesis that engaging with the retrospective judgment task would improve subsequent 

JOL accuracy or study time allocation. Given the above notes about uncertainty 

surrounding interpretation of participant study time (due to online data collection) and the 

fact that a large number of analyses were required to detect this effect leads me to suggest 

interpreting this finding with caution.  

The other primary research question asked whether or not making traditional, 

retrospective, or no topic-level JOL would affect the predictiveness of subsequent item-

by-item JOLs.  The overwhelming bulk of the analyses demonstrated that the 

retrospective pre-post design intervention did affect future JOL accuracy as predicted. 

Though the condition manipulation of interest did not affect participants’ JOL accuracy 

and study time measures may not have been perfectly valid in this data; it does appear as 

though participants were engaging with the tasks. The observed simple effects of JOLs 

predicting test performance, both overall and within topic, as well as between tests, were 

in line with expectations. JOL was not predictive of test performance at Test 1, but was at 

restudy and Test 2, suggesting that, at least as a whole, participants engaged with and 

resultingly improved at the task of judging their learning across the phases of the 

experiment.  

Failure to support hypotheses is always a bit concerning, if not disappointing for a 

researcher. However, this outcome is not uncommon in the field of metacognition. 

Multiple well-developed and conducted studies have found JOL accuracy (or inaccuracy) 
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to be generally stable and resistant to interventions taking a variety of forms (Foster et al., 

2017; Hartwig & Dunlosky, 2017; Rivers et al., 2019; Saenz et al., 2019; Serra & 

DeMarree, 2016). Foster et al. (2017) provided a particularly impressive feedback-based 

intervention which consisted of 13 cycles of test feedback and still failed to observe 

improvement in students’ JOL calibration across the course of the intervention. So, while 

we were hopeful and had good theoretical reasons to believe the current intervention 

could perform better, it is not uncommon for learner behavior to surprise researchers. To 

follow is a brief discussion of particularly curious results, a larger section considering a 

few plausible explanations for the failure to detect condition differences, and directions 

for future research.   

Proposed Explanations, Limitations, and Future Directions 

Many people would think that humans are quite good at judging, reporting, and 

efficiently making use of their expertise, but this is not always the case. Several 

researchers have shown experts in a particular field will overestimate or over-rely on 

their expertise when making judgments (Glenberg & Epstein, 1987; Griffin et al., 2009; 

Shanks & Serra, 2013). The observed negative slope on the relationship between self-

reported familiarity and test performance found in the analyses of Test 2 - restudy and 

Test 2 – new study items in the Mathematics topic may be due largely to similar 

processes.  

Further, while these two familiarity-related findings are statistically similar, plots 

of the effects suggest that they may actually be due to different underlying processes. 

First, the negative slope on restudy items, when plotted, appears more flat than negative, 
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see Figure 22. This could suggest that extremes of the score have more variability; in 

such a case, a low value or a high value would be expected to be predictive, but reports in 

the middle of the scale would be relatively meaningless. The only way to test for this in 

the current data would be to dichotomize familiarity re-investigate the effect. However, 

given this variable was already an average of three self-reported scores, it was concerning 

that, due to the relatively random nature how one performs a dichotomization, the 

resulting measure would be not at all representative of the information we were trying to 

capture by collecting these reports.  
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Figure 22. Plot of the relationship between self-reported familiarity (average of three 
topic reports) and restudied item recall at Test 2. 

On the other hand, the plot of the relationship between self-reported Mathematics 

familiarity and Test 2 Mathematics performance does appear to be a “true,” albeit weak, 

negative relationship, see Figure 23. To venture a guess at where this relationship comes 

from, I’d mention some trends in the purely qualitative (anecdotal), information from 

participants reports of “special familiarity” for topics. In both Atmospheric Science and 

Legal terminology, when participants reported having experience with these topics (e.g., 
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“I watch a lot of court shows so I'm somewhat familiar with Legal terms” or “I’m an 

attorney.”), their familiarity ratings tended to increase. However, for Mathematics, those 

who reported special familiarity (e.g., “I taught algebra I and II at a community 

college.”), tended to report surprisingly low familiarity with Mathematics. For example, 

the participant who reported familiarity based on watching television gave a familiarity 

rating of 48 and the attorney reported a familiarity of 98 for Legal terms. However, the 

participant who was a math professor gave a familiarity rating of only 18.  

Participants volunteering “special familiarity” information was relatively rare in 

this data set, so formal analyses are not possible. However, given familiarity ratings were 

reported only at the end of the experiment (whereas familiarity rankings were collected 

prior to seeing the terms), it seems plausible that familiarity ratings were impacted by the 

experiment itself. Future research should look into how these familiarity ratings vary 

based on when they are collected.  
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Figure 23. Plot of the relationship between self-reported familiarity with Mathematics 
and Mathematics item recall at Test 2. 

Unexpected Motivational Influences Biasing Judgments   

The type of task involved in the current study most directly corresponds to the 

type of study and retrieval which would happen in a traditional classroom, wherein a 

learners’ motivation likely balances their desire to perform at a particular level (i.e., earn 

a given grade), their willingness to spend time to achieve this goal, and an array of other 

factors. Research has empirically shown motivation to influence pre- and post-diction 
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judgments. For example, students’ desire or “wishful thinking” for/about a particular 

grade has been shown to bias test score predictions and post-dictions, even across a 

semester’s worth of exams (Serra & DeMarree, 2016).  

This data was collected on mTurk; as such it is to be expected that motivation for 

workers would be different from that of students in a classroom. Amongst mTurk 

workers, the desire for the offered monetary compensation is likely to be the primary 

motivator to select any given HIT. Beyond this, it is possible that the instructions 

provided to participants (in an effort to dissuade cheating) shifted workers’ motivation 

even further from performance. Specifically, at multiple times in the experiment, 

participants were told: 

As this is a test of your memory, please do NOT write down or copy any of the 

information. Try to remember the facts as best you can simply by studying them. You will 

be compensated for completing the task, NOT based on your test performance.  

 It is possible that this instruction influenced participants to change their 

motivational locus from maximizing performance to making sure their attempts were 

“complete.” The key to the designed intervention is the idea that participants in the 

retrospective conditions will engage in meaningful reflection during topic-level JOLs. If 

participants were thinking about making sure responses “appeared complete” rather than 

deeply engaging with this intervention, it would make sense for the intervention to be 

ineffective. This hypothesis could be tested either by collecting comparison samples 

either (1) in a more controlled environment, such as the lab or (2) by changing the 

instructions within the HIT and testing on a new sample of participants.   
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Lack of Feedback 

The current study did not include explicit test performance feedback. Prior 

research conducted in preparation for this project suggested participants do not need 

explicit performance feedback to be left with an impression of how they performed on a 

key-term cued-recall task; the test experience itself was found to produce “enough” 

passive feedback for learners to adjust JOLs such that they were better calibrated to 

future performance, both in terms of relative and absolute accuracy. In other words, even 

without being given explicit feedback (e.g., overall score or item-by-item correctness), 

the test experience produced feedback participants sufficient for participants to 

recalibrate JOLs in subsequent rounds(Green & Serra, 2015, 2018). Adding to our 

justification for not including feedback, researchers have repeatedly failed to find effects 

of feedback-based interventions on JOL accuracy (Foster et al., 2017).  

However, given the difficulty of these items and the potential that workers were 

motivated to appear as though they were working hard at the task (rather than to actually 

do so) it is possible that explicit feedback would have helped somewhat weakly self-

motivated learners better calibrate their predictions. The provision of evidence that 

performance is not at a given level might prompt workers to redouble their efforts to 

engage with each phase of the experiment (including the making of item- and topic-level 

JOLs).  

Potential Consequences of Blocked Learning  

Due to a limitation in the Qualtrics survey platform, item-level randomization was 

not possible during study. Interleaving versus blocking of items during learning has been 
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shown to have positive and negative effects on judgment magnitude and accuracy as well 

as study and test performance (Carvalho & Goldstone, 2019). The increased difficulty 

resulting from interleaving items during study leads to decreased performance during 

learning (i.e., learning takes longer), but increased performance on delayed tests – as 

such, interleaved ordering of items has been classified as a “desirable difficulty,” that is, 

a technique which is beneficial for  learning outcomes because of additional workload 

inherent to the strategy (Bjork, 1994). There is also a large body of research suggesting, 

in some situations, blocked practice leads to better judgment and learning outcomes 

(Carvalho et al., 2016). In relation to the above discussion of the currently observed 

familiarity findings, the blocked presentation may have heightened participants’ over-

reliance on familiarity during the Restudy phase generally and during Study Phase 2 

when studying Mathematics terms.  

Some research suggests the complexity of to-be-learned material as being of 

critical importance in the choice of blocking versus interleaving of items such that when 

task demands themselves are low, learning will benefit from the added difficulty 

introduced by the interleaving of items; but, when task demands are high, performance 

benefits will result from the reduction of load, as would be expected from the blocking of 

items (Wulf & Shea, 2002). Others specify the benefits of blocking versus interleaving 

items as being related to individual differences in working memory span (a measure of 

working memory capacity, WMC) such that those with low WMC benefit more from the 

additional cognitive load associated with interleaved learning, presumably these 

individuals are less able to maintain and manipulate multiple pieces of information in 
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memory at any time, and thus benefit more from the switching of topics as this highlights 

features which might otherwise not be held in memory between learning blocks (Sana et 

al., 2017). Given the range of findings associated with the costs and benefits of 

interleaving items (versus blocking them), it may be informative to directly compare 

judgment and learning outcomes for blocked versus interleaved conditions in a follow-up 

study.  

Other Methodological Considerations  

It is possible that, despite being given explicit instructions as to how the 

retrospective judgments should be made (i.e., the top line should be used to report a 

previous performance prediction (prior to beginning the test) and the lower line should be 

used to report a current performance prediction), it is possible that the specific wording of 

the label for the top number line (“Before taking the last portion of the test”) was 

confusing to participants.  However, given I used this precise label in the pilot study for 

this project and found transfer from the topic-level JOL experience, I think this unlikely 

to the cause of lack of experience effects in the current  study (Green & Serra, 2018).  

It is also possible that the time elapsed between the first and second SJT rounds 

was insufficient for participants reflections to fully incorporate the difference between 

their current and previous judgment states. For example, when program evaluators use 

RPP designs, the course being evaluated is often weeks or months in length (e.g.,Moore 

& Tananis, 2009). In such a case, it would make sense that participants would find it 

relatively easy to think of many examples of differences in who they were and what they 

were capable of at the beginning of the course or intervention versus after its completion. 
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The current data cannot speak to this question; however future research may benefit from 

looking specifically at how changing the time course of this paradigm affects outcomes 

(e.g., by adding “gaps” of varying lengths between SJT rounds, including more SJT 

rounds).  

Conclusions 

If one spends much time reading metacognition intervention literature, they are 

likely to quickly form the impression that the processes involved in judgment-making are 

incredibly complex, highly sensitive, and likely dynamic across topics and time. As such, 

it is expected that the design of effective interventions will require quite bit of testing and 

refinement. The current study provides an important first step in empirically validating 

retrospective pre-post designs as a tool for improving JOL accuracy. Despite the lack of 

support for my hypotheses, this work is none-the-less informative; it provides an example 

of when this intervention does not yield improvements and demonstrates that the 

intervention at least did not lead to any decreases in JOL accuracy. Next steps in this line 

of research should involve testing of small changes to instruction wording, JOL prompt 

framing, and study design (e.g., blocking versus interleaving, provision of performance 

feedback, testing with delayed item-level JOLs) in an effort to further refine the protocols 

for using these scales as an intervention.  
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APPENDICES 

APPENDIX A 

STIMULI 

Atmospheric Science Key-Terms (in bold underlined) Within Definitions 

A cirrocumulus cloud is a high cloud composed of ice and generally layered with 
pockets of vertical development. 

The mesocyclone is the rotating region within a cumulonimbus cloud where tornadoes 
often form. 

Laminar is a descriptive term meaning smooth or non-turbulent; often used to describe 
cloud formations which appear to be shaped by a smooth flow of air traveling in 
parallel layers. 

A radiosonde is a balloon-born instrument for the simultaneous measurement and 
transmission of meteorological data. 

Adfreezing is the by which one object becomes adhered to another by the binding 
action of ice. 

Albedo is the ratio of the amount of electromagnetic radiation reflected by a body to 
the amount incident upon it. 

A headwind is a wind blowing opposite to the direction of a moving object, thus 
opposing the object’s intended progress. 

A homobront is a line drawn through geographical points at which a given phase of 
thunderstorm activity can be simultaneously observed. 

Deliquescence is the process which occurs when the vapor pressure of a saturated 
aqueous solution is less than the vapor pressure of water in the ambient air. 

An arcus is a low, horizontal cloud formation most often associated with the leading 
edge of thunderstorm outflow. 
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Atmospheric Science Key-Terms (in bold underlined) Within Definitions 

An isodrosotherm is a line on a graph connecting points of equal dew point 
temperature. 

A derecho is a widespread and usually fast-moving windstorm associated with 
convection. 

A disdrometer is a piece of equipment that measures and records the size distribution 
of raindrops. 

A seiche is a standing wave oscillation of water in large lakes; it is usually created by 
strong winds or a large barometric pressure gradient. 

Sastrugi are ridges of snow formed on a snow field by the action of the wind. 

Solstice is the name for either of the two times per year when the sun is at its greatest 
angular distance from the celestial equator. 

 
 

Legal Key-Terms (in bold underlined) Within Definitions 
A certiorari is a discretionary decision by a higher court to review the decision of a 
lower court.  

Interrogatories are series of written questions sent during the discovery phase of a 
case to a party, witness, or other person having information or interest in the case. 

A tort is a wrongful act or an infringement of a right leading to civil legal liability. 

A writ is a judicial order directing a person to do something. 

An additur is an increase by a judge in the amount of damages awarded by a jury. 



Texas Tech University, Elizabeth A. Green, August 2021   
 
 

 
 

95 

Legal Key-Terms (in bold underlined) Within Definitions 
Interlocutory is a descriptive term meaning provisional or not final. 

Jurisprudence is the study of law and the structure of the legal system. 
 
 
  
Libel is published or spoken words or pictures that falsely or maliciously defame a 
person. 

A lien is a legal claim against another person’s property as security for a debt. 

A statute is a law passed by a legislative body declaring rights and duties, or 
commanding or prohibiting certain conduct. 

Usury is the action or practice of charging a higher interest rate or higher fees than the 
law allows.  
A mandamus is a mandate which orders a public agency or governmental body to 
perform an act required by law when it has neglected or refused to do so.  

Extradition is the official process whereby one nation or state requests and obtains 
from another nation or state the surrender of a suspected or convicted criminal.  

Voir Dire is the jury selection process which includes questioning prospective jurors to 
ascertain their qualifications and determine any bases for challenges. 

The movant is the party in a lawsuit or other legal proceeding who makes an 
application for a court order or judgment. 

Ex parte is a descriptive term for motions, hearings or orders granted on the request of 
and for the benefit of one party only. 
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Mathematics Key-Terms (in bold underlined) Within Definitions 
A bijection is a one-to-one comparison or correspondence of the members of two sets 
where each element of one set is paired with exactly one element of the other set, and 
each element of the other set is paired with exactly one element of the first set. 

Exponentiation is the mathematical operation wherein a base (number) is multiplied 
by itself a specified number of times. 

Factorial is the term for the product of all the consecutive natural numbers up to a 
given number 

A fractal is a self-similar geometric shape produced by an equation which undergoes 
repeated iterative steps. 

A parabola is a type of conic section curve wherein any point is equally distant from 
a fixed focus point and a fixed straight line. 

A polyabolo is a polyform made by joining right isosceles triangles edge to edge in 
various arrangements 

Googol is the term representing the number 10 to the power of 100.  

A torus is a surface of revolution obtained by revolving a circle about a line which 
does not intersect the circle 

The annulus is the region between two concentric circles with different radii. 

An apothem is a line from the center of a regular polygon at right angles to any of its 
side. 

A cardioid is a heart-shaped curve traced by a point on the circumference of a circle 
as it rolls around another identical circle. 

A hyperparameter is a configuration external to a machine learning model  whose 
value cannot be estimated from data. 

A polyhedron is a 3 dimensional solid with flat faces, straight edges, and vertices.  
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Mathematics Key-Terms (in bold underlined) Within Definitions 
Homotopy is a relationship between functions in topological space which occurs 
when one function can be continuously transformed into another function.  

Unimodal is a descriptive property of a set or distribution which contains a single 
most commonly occurring value.   

A repunit is a number consisting of copies of the single digit "1." 
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APPENDIX B 

INSTRUCTION SCREENS 

 
Figure 24. Screenshot of first instruction screen for first study phase. 
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Figure 25. Screenshot of second instruction screen for first phase. 
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Figure 26. Screenshot of third instruction screen for the first study phase. 
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Figure 27. Screenshot of fourth instruction screen for the first study phase. 
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Figure 28. Screenshot of fifth instruction screen for the first study phase. 
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Figure 29. Screenshot of sixth and final instruction screen for the first study phase. 
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Figure 30. First instruction screen for first set of topic-level JOLs. These JOLs were 
made by participants in the Traditional Only and Traditional + Retrospective conditions. 
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Figure 31. Second instruction screen for first set of topic-level JOLs. These JOLs were 
made by participants in the Traditional Only and Traditional + Retrospective conditions. 
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Figure 32. Third instruction screen for first set of topic-level JOLs. These JOLs were 
made by participants in the Traditional Only and Traditional + Retrospective conditions. 
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Figure 33. Introduction screen for the second set of topic-level JOLs. This screen was 
displayed to participants in the Traditional Only, Traditional + Retrospective, and 
Retrospective Only conditions. 
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Figure 34. Screenshot of the instruction screen displayed to participants in the Traditional 
Only condition prior to making their second set of traditional topic-level JOLs. 
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Figure 35. Screenshot of the instruction screen displayed to participants in the Traditional 
+ Retrospective and Retrospective Only conditions prior to making the second set of 
topic-level JOLs. 
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Figure 36. Final topic-level JOL instruction screen. Introduction screen for the second set 
of topic-level JOLs. This screen was displayed to participants in the Traditional Only, 
Traditional + Retrospective, and Retrospective Only conditions. 
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Figure 37. Screenshot of the instruction screen for the anagram filler task. 
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Figure 38. Screenshot of Test instructions. The same instructions were displayed prior to 
Test 1 and Test 2. 
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Figure 39. Screenshot of first instruction screen for second study set. 

 
Figure 40. Screenshot of second instruction screen for second study set. 
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Figure 41. Screenshot of third instruction screen for second study set. 
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Figure 42. Screenshot of fourth and final instruction screen for second study set. 

 
  



Texas Tech University, Elizabeth A. Green, August 2021   
 
 

 
 

116 

APPENDIX C 

EXTENDED LITERATURE REVIEW  

Metacognition Basics 

Nelson and Narens (1990) proposed a theoretical framework for metamemory that 

has become one of the most predominant in the field. This framework is based on three 

major principles: (1) cognitive processes can be divided into meta- and object-level 

processes. The object level is relatively straight forward, containing cognitive processes 

such as the allocation of study time and selection of study strategies. The meta-level 

contains metacognitive knowledge and may be engaged at all points in the learning 

process. (2) The meta-level contains a mental simulation of the object-level, while the 

reverse is not necessarily true. (3) The flow of information between meta- and object-

levels occurs via “control” and “monitoring” processes.  

Nelson and Narens used the analogy of a telephone headset to describe the 

relationship between control and monitoring, with control being analogous to speaking 

into a telephone and monitoring representing listening to the message produced by the 

telephone. In control processes, the information contained in the meta-level changes the 

object-level state or processes. Alternately, monitoring processes are informed by object-

level processes (however, object-level processes do not themselves necessarily include 

any representation of the meta-level information). 
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Applying Nelson and Narens’ Metamemory Framework to Self-Regulated Learning 

(SRL) 

Metacognitive components of theories of SRL often focus on optimizing the link 

between metacognitive monitoring processes and the enactment of cognitive control 

strategies in efforts to promote desired learning outcomes (e.g., Dunlosky & Thiede, 

2013; Koriat, 2012; Son & Schwartz, 2002). While the proposal document briefly cites a 

few relevant findings from the literature, I believe it informative to expand this discussion 

to the specificities of the framework at each phase of the learning process. Figure 43 

presents a further adaptation of the Nelson and Narens (1990) Metamemory Framework 

(cf. by Dunlosky et al., 2007), highlighting meta- and control-level processes which are 

most relevant to the proposed work.   

 

Figure 43. Adaptation of Nelson and Narens (1990) Metamemory Framework applied to 
self-regulated learning stages. 
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Prior to Acquisition. Before even beginning a task, the meta-level can be 

engaged when making several decisions, the outcomes of which have implications 

throughout the learning process. During this phase, learners will often set a personal 

norm of study, which includes goals for the level of mastery (acquisition) needed during 

study to achieve their desired learning outcome.  Norms of study may include 

consideration for any ease of learning (EOL) judgments made by the learner prior to 

beginning to study. EOLs are judgments about which items/topics will be easy or difficult 

to learn; as with many other metacognitive judgments, they can be informed by intrinsic, 

extrinsic, or mnemonic cues. Research has shown EOLs can influence learners’ a priori 

choice of processing strategies and allocation of study time (Koriat et al., 2006; Thiede & 

Anderson, 2003; Van Overschelde, 2013). For example, if a student sitting down to 

prepare themself for a test (simplistically) thinks to themself, “To study for this type of 

test, I normally (re)read the textbook. So, I’ll do that,” This student is choosing a 

relatively passive study strategy (e.g., rereading the textbook) rather than active one (e.g., 

retrieval practice) simply because it is their norm for the given activity. Another student 

may sit down to the same material and think, “These materials seem easy to get 

confused.” Given the enhanced reflection about the material, this student is more likely to 

engage relatively more effortful, and thus productive study strategies. Indeed, research 

has shown study strategy selection is often driven by a variety of “habits,” rather than in 

the interest of learning itself (Bjork et al., 2013; Koriat et al., 2006). 
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Acquisition. Nelson and Narens’ (1990) framework also provided a basic model 

of hypothetical causal relationships between metacognitive components during learning 

(acquisition). They suggest  two broad types of judgment will be most relied upon at the 

meta-level: Feeling-of-knowing judgments (FOKs) and JOLs. FOKs are said to follow 

unsuccessful attempts to learn an item in cases of both omission and commission error. 

FOKs were initially proposed to be positively correlated with study time allocation, 

however this has since been proven a much more complex issue than initially thought 

(see Koriat, 1994 for a review). JOLs are said to follow successful learning attempts and 

reflect the learners’ impression of the quality of learning that has taken place. Stated 

otherwise, JOLs involve learners self-assessing how well they’ve learned a given piece of 

information (compared to a personal, often a priori, mastery target). Using the Nelson and 

Narens (1990) framework researchers have conducted a large body of metacognition 

research into identifying inaccurate patterns in learners’ JOLs, their sources, and ways in 

which inaccurate JOLs can be improved.  

Koriat’s Cue-Utilization Theory (Koriat, 1997), proposes that the plethora of 

informational cues currently under discussion are inferentially interpreted by learners 

prior to and during knowledge acquisition, retention, and retrieval. This theory 

acknowledges and is flexible enough to handle cues being differentially informative - in 

terms of how predictive they are of later learning - and in the rate at which they are relied 

upon by learners. To follow, this literature review provides a more expanded review of 

related findings related to “what we know” about how learners make JOLs. 
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While fluency is discussed at some length in the proposal, this is certainly not the 

only mnemonic cue which may influence learners JOLs. Domain familiarity is shown to 

play a large role in JOLs (Maki & Serra, 1992; Shanks & Serra, 2013). So called 

“framing effects”  demonstrate the large impact that slight changes in prompt wording 

can on JOLs (Ariel et al., 2014a; England et al., 2017; Finn, 2008). Other well-

documented cues which influence JOLs include item-relatedness (Dunlosky & Matvey, 

2001; Mueller et al., 2013; Undorf & Erdfelder, 2015), expectation for a particular type 

of test (e.g., recognition versus recall, Thiede, 1996; Thiede et al., 2011) or activity (e.g., 

teach vs. test expectancy; Nestojko et al., 2014; Thiede et al., 2011).  

Clearly the effort to identify patterns of inaccuracy and proposing sources that 

might drive them has been a fruitful one, but relatively less success has been had in 

designing successful interventions for improving JOL accuracy.  

Retention and Retrieval. During retention period, learners may choose to engage 

in learning activities (e.g., retrieval practice) which themselves produce informative 

metacognitive feedback. This element was not included in Nelson and Narens’ (1990) 

Framework, but was added by Bjork et al. (2013) to reflect that “sophisticated learners,” 

demonstrate their knowledge of the necessity of engaging such strategies which keep 

information accessible in memory until a later criterion test or activity (p. 422).  

For the purposes of this review, I define the “retrieval” stage as the time following 

a participants’ decision to either omit an answer (fail to retrieve) or output a particular 

response. During retrieval, the meta-level may produce feelings of confidence in the 

learner’s retrieved answers. The finding that learners judgments are generally 
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overconfident in both relative and absolute accuracy remains a major theme in 

metacognition research to this day (Dunlosky & Rawson, 2012; Hacker et al., 2000).  

Nelson and Narens (1990) suggest that interpretation of these judgments is 

interesting, but difficult given that the judgments are produced retrospectively. I disagree 

judgments are uninterpretable simply because they are made retrospectively and would 

instead suggest that consideration of these judgments should be of critical importance to 

researchers: should learners not identify that the answers they’ve produced are incorrect, 

or the ramifications of omission errors, not only will they fail to learn the correct 

information, but there is little hope that they will reflectively realize the previously 

enacted study strategies were ineffective. Even retrospectively, this type of reflection is 

surely meaningful to research.  

Persistent patterns in metacognitive judgments, such as the “unskilled and 

unaware phenomenon” wherein judgment overconfidence tends to be greatest for people 

whose performance is below average as compared to average or above average 

performers could directly stem from situations like the above hypothetical (Kruger & 

Dunning, 1999). Interpretations of the source of the unskilled and unaware phenomenon 

has been somewhat controversial. Some suggest that the exaggerated overconfidence is 

the result of measurement artifact (Krueger & Mueller, 2002), while others suggest that 

low performers are overconfident because of a “double curse,” such that they not only 

lack knowledge about the material, but they also lack awareness of the knowledge that 

they have not yet mastered the to-be-learned material (Ehrlinger, Johnson, Banner, 

Dunning, & Kruger, 2008). Still other interpretations suggest that while low (unskilled) 



Texas Tech University, Elizabeth A. Green, August 2021   
 
 

 
 

122 

performers appear unaware, once an individual’s confidence in their judgments is 

accounted for, the pattern of data in the confidence judgments indicates that they are 

aware of the likely outcome of underperforming as they report lower confidence in their 

judgments (Miller & Geraci, 2011b). Yet they all agree that the pattern is a troubling one 

worth contributing considerable research effort.  

One particular proposal for a mechanism driving the unskilled-and-unaware 

phenomenon which is particularly informative for this review is “wishful thinking” (Serra 

& DeMarree, 2016).  Study 1 aimed to provide initial evidence that students’ grade 

predictions were affected by their desired grades by having students report their desired 

grades for both the final exam and the overall course and found that course grades 

demonstrated the unskilled-and-unaware phenomenon. To address the possibility that 

students’ end-of-course predictions might be particularly “overly optimistic,” (p. 1132), 

Study 2 tied the students’ judgments to a single exam in the course. Students were asked 

to report their desired grade prior to beginning the exam and their predicted grade 

immediately after completing the exam. Students postdictions were, perhaps not 

surprisingly, strong predictors of exam performance. However - more interestingly for 

the current research, student’s desired exam grades were also related to their predicted 

exam grades. In other words, despite presumably having highly salient information about 

the experience of the exam they have just taken, students desired grades are still 

predictive of their predicted grades. Study 3 sought to replicate and extend the findings of 

the previous two studies by having students report their desired/predicted grades for each 

of four consecutive exams in a course and replicated the findings of Study 2. The 
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researchers also analyzed the data to determine whether students varied the weight placed 

on each cue (predicted grade, desired grade) across the semester. Interestingly, while 

students grade predictions were relatively stable across the semester, their reported 

desired grades decreased across time.  

Regardless of one’s hypothesis about the source of this phenomenon, it’s effect on 

learners’ ability to succeed on learning tasks is dramatic and it’s persistence in the face of 

even well-designed interventions is dogged (for a review see Saenz et al., 2019). I 

propose that desired grades might be functioning as a mnemonic cue for performance 

predictions in the unskilled-and-unaware phenomenon. Unfortunately for those who are 

low-performing, and presumably rely on less effective study strategies, desired grade is 

only predictive of performance if you have put in the “right kind” of work to earn that 

grade.  

For decades, researchers have (for good reason) thought of metacognitive 

monitoring as informing or leading to later behavior: to the degree that cues used for 

metacognitive monitoring were predictive of behavior, the metacognitive monitoring 

should be accurate. As such, it is natural to assume that subjective experience (e.g., with a 

given learning task) would inform, or cause, behavior. However, recent research suggests 

the opposite causal link, from control to monitoring, may be equally likely in certain 

learning situations. Koriat et al., (2006) propose a thinking exercise which I believe 

highly relevant to the current work. They ask, “Do we run away because we are 

frightened, or are we frightened because we run away?” (p. 36) and extend the question 

to re-framing and renewing calls for research into metacognitive monitoring and control 
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processes. To reframe this question another way, which might shed light on why JOLs 

are so persistent, researchers may benefit by asking the question, “Do students study 

because they want to perform at a high level, or do they want to perform at a high level 

because they have studied?” The latter situation might explain previously observed 

stability in highly inaccurate JOLs. To foreshadow, I believe the reason for this might 

have been foreshadowed in Nelson and Narens’ original work: the role of motivation. 

However, I propose that the key motivational element may not be motivation for studying 

itself (e.g., motivation to allocate study time as was first suggested), but in the motivation 

to accurately reflect on one’s (poor) learning performance in making their judgments.  

Retrospective Pre-Post Designs  

Traditional pretest-posttest (TPP) designs involve collecting a single measure at 

multiple time points, usually before and after an experiment or intervention. Though 

often considered a gold standard in psychological research, these designs suffer some 

statistical and practical limitations. Unlike TPP designs, retrospective pretest-posttest 

(RPP) designs collect both a retrospective rating (“then”) as well as a current-time rating 

(“now”) in sequential questions at a single time point after an experiment or intervention. 

For example, when evaluating the effectiveness of a parenting program, evaluators might 

use a single post-program RPP survey to query how much participants had engaged in 

targeted parenting behaviors (e.g., hugging, yelling) prior to the start of and after having 

completed the program.  

Within the program evaluation literature, a primary advantage of RPP designs is 

that they can better account for participants’ response-shift (Howard et al., 1979). This 
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phenomenon is thought to be result of unconscious shifting in the respondents’ 

understanding of the construct being measured (e.g., pain management, intervention 

effects, program evaluation measures). As the respondent gains knowledge and 

awareness through experience/intervention, they interpret earlier behaviors differently 

than they would have at an earlier time. Response shift is often referred to of a source of 

bias in data as it cannot be partitioned out of true pretest-posttest data; the result being 

TPP designs cannot capture a true measure of change for in respondents.  

RPP Research Examples from Program Evaluation 

Rohs (2002), in a partnership with The Cooperative Extension Service, sought to 

design an experiment which would both (1) collect self-report data measuring the 

effectiveness of a training program and (2) capture the effects of response shift bias in the 

data. Participants, 147 County Extension Agents participating in the Southern Extension 

Leadership Development program, were randomly assigned to three groups: two 

treatment (pretest-posttest, thentest-posttest) and one control. The prettest-posttest 

condition self-reports were collected using a TPP design, querying participants behaviors 

related to and understanding of the training material prior to and after training. The 

thentest-posttest condition participants self-report measures were collected 

retrospectively; the measure asked participants to report (1) their behavior/understanding 

as a result of the training [at this time, post-training] and (2) a retrospective rating of their 

(current) perception of their behavior prior to the training. In line with predictions, the 

thentest-posttest condition measure indicated greater change in participants behavior and 

understanding of training content than did the prettest-posttest condition. Rohs’ 
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interpretation of this finding was that educational benefits of trainings might be 

underestimated using TPP designs. However, as a metacognition researcher, I have a 

different take-away from this work – retrospective reports of behavior and understanding 

pre-training were lower in magnitude than reports which were actually made prior to 

training – that is the retrospective reports were less overconfident.  

Little et al. (2020) evaluated the use of RPP designs in assessing changes in 

students’ “learning mindsets” and math strategies during one of two, multisite, yearlong 

academic intervention programs: (1) School-Year Academic Youth Development (AYD - 

a general learning intervention) and (2) Intensified Algebra; self-report measures targeted 

the students’ mindset (incremental/entity) and math study-strategy usage respectively. 

The two programs targeted different aged students; no students were involved in both 

programs. Students completed a battery of self-report measures prior to the beginning of 

the yearlong intervention and again, this time with the inclusion of retrospective reports 

(of the same items) at 6- and 12-months after post-intervention. See Figure 44 for an 

example of the formatting of the retrospective report scales in this study.  

 
Figure 44. An example of a RPP self-report question presented on a VAS (Little et al., 
2020). 
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Analyses of retrospective reports lent strong support to the effectiveness of both 

of the academic interventions. More importantly for the purposes of the review, prior to 

intervention, students’ self-reports of the target measures were significantly higher [in 

magnitude] than in any retrospective self-report data collections. While the researchers 

were happy to interpret this statistic as a reduction of response bias, which it likely is, I 

focus on the reduction in overconfidence within the retrospective reports. Further, 

retrospective responses remained stable at both 6- and 12-month follow-up reports, 

suggesting that, at least retrospectively, students maintained their more accurate self-

reflections for quite some time.  

Response shift, while statistically tricky to manage, could in theory, be thought of 

as a positive indicator as its presence in the data suggests the respondent has grown, 

learned, or improved. I propose that the traditional method of making item-by-item JOLs 

may actually hamper the crucial reflective learning experiences that normally causes 

response shift to occur. Rather than engaging in true reflection on the learning 

experience, the respondent relies mnemonic heuristics for the learning task.  

RPP Metacognition Research Examples  

A potentially related effect from the metacognition is the postdictive superiority 

effect, which describes the observation of postdictive performance judgments being 

relatively more accurate than those made before a test has been started (Pierce & Smith, 

2001). Several researchers have replicated this effect both inside and out of classroom 

settings for global JOLs (Hacker et al., 2000, 2008).   
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When thinking of current-time versus retrospective JOLs with cue-utilization 

theory in mind, one answer to why postdictive (i.e., retrospective) JOLs tend to be more 

accurate and performance predictions might be that there are different cues available to 

the learner before and after taking a test – specifically, that cues available to the learner 

after taking a test are more predictive of future test performance than the cues available 

prior to the test. For example, it is only after taking a test that students reflect and 

remember experiences during the test – their level of confidence when answering 

questions, how difficult the alternates on a multiple-choice exam were, etc. – predictions 

of test performance can only include hypotheticals for this type of information.  

Thomas et al. (2016) designed a series of experiments in order to extend research 

on category learning judgments (CLJs; Jacoby et al., 2010), which had most frequently 

involved learning classifications of organism by some feature (birds by their beaks, rocks 

composition) to materials which were more similar to those students might engage with 

inside a classroom environment by using categories general knowledge questions. Similar 

to the current study, researchers designed those experiments with cue-utilization theory in 

mind and sought to clarify potential intrinsic and extrinsic cue bases for CLJs; namely 

category difficulty (an intrinsic cue) and study vs. test experience (an extrinsic cue). One 

of two experiments in Thomas et al. (2016) asked participants to make retrospective 

CLJs. In this experiment, participants either studied or were tested on facts from several 

nine general knowledge categories (e.g., Astronomy, Shakespeare) before estimating the 

likelihood they could answer new questions from those categories on a later test. After 

completing two study-judge-test rounds, participants made two retrospective CLJs for 
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each category: (1) how well they had performed overall on questions for the given 

category, and (2) to make a CLJ about their performance on only the new items from that 

particular category. Unfortunately, as these judgments were only solicited at the end of 

the experiment, we cannot know what, if any effect making them would have had on 

subsequent JOLs or study behaviors.   

There are important differences in both the design and research focus of 

Experiment 2 in Thomas et al. (2016) and the currently proposed work. First, this 

experiment framed JOLs specifically in terms of the participants ability to answer new 

questions in a particular category. The current study is interested in the learners’ 

judgments of their ability to retrieve a given key-term on a future test and topic-level 

judgments are being used to encourage retrospective reflection on prior JOLs. Second, 

the research questions addressed by this experiment were focused on the effect of topic 

difficulty on JOLs/CLJs and on the accuracy of CLJs themselves rather than on the use of 

CLJs to improve subsequent item by item JOLs. Given the involvement of a type of 

retrospective JOL (CLJs), is informative; yet differences in the design and analytic plan 

would suggest caution in over-application of these finding to the current research 

questions.  

In two classroom studies, Rivers et al. (2019) explored whether making predictive 

and postdictive CLJs could improve students’ exam score performance across a semester. 

During Study 1, students made category-based predictions (prior to taking the exam) and 

postdictions (after completing the exam) for each of four exams (the lowest exam score 

for each student was to be dropped from final grades - each students’ lowest exam score 
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was dropped from analysis) and found that students’ postdictions were more accurate 

than predictive CLJs. The second experiment was designed to determine why 

postdictions were not more accurate; specifically, the authors were interested in (1) 

whether students could accurately monitor at the question level and (2) whether students 

could accurately classify each question into the correct category. The postdictive 

superiority effect was not replicated in the second study. Differences in groups were 

statistically significant in Study 1, however the observed improvements in absolute 

accuracy across exams was moderate and improvements in relative accuracy were low 

and the effect did not replicate in Study 2. As such, this study gives hope for the prospect 

of learners gaining metacognitive knowledge during the process of making CLJs, it also 

suggests that the methodologies in this experiment may need refinement.  

The current proposal seeks to determine whether learners can incorporate 

experiential knowledge by engaging with an RPP design when studying new materials 

and if so, whether this design can be used as an intervention to improve the accuracy of 

learners’ JOLs within and across study-judge-test rounds. The design seeks to optimize 

the informational cues available to learners when making retrospective JOLs by placing 

them at some delay after study. This should lead to a well-documented pattern in JOLs, 

the delayed JOL effect (Nelson & Dunlosky, 1991; for a meta-analysis see Rhodes & 

Tauber, 2011). As the name suggests, this effect refers to the fact that JOLs are more 

accurate when solicited at some delay after learning.  

 Further, I hypothesized hosting this research outside of the classroom might 

reduce motivational pressures shown to affect JOLs towards inaccuracy. One reason why 
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classroom-based JOL research (Bol et al., 2005; Foster et al., 2017; Hartwig & Dunlosky, 

2017; Rivers et al., 2019; Serra & DeMarree, 2016) might not have found consistent 

intervention effects is the mentally-taxing external pressures inherent in many classes 

(e.g., desire to perform for a professor, desired grades, social pressures, etc.). The high-

pressure, high-workload nature of a classroom may leave little attentional resource for 

fully engaging with a given JOL accuracy intervention. If so, it is possible that this 

laboratory-based research can provide useful information for teachers to give to students 

to implement outside of class (as opposed to during a class test or activity).  

Visual Analog Scales 

 A final relatively somewhat unique element in this proposal is the use of Visual 

Analog Scales (VASs; Hayes & Patterson, 1921). VASs present respondents with a 

continuous scale (line) between two, often descriptively anchored points. Unlike Likert 

(Likert, 1932) or Graphic Response Scales (GRSs; Freyd, 1923), respondents are not 

presented with any visual or verbal marker lines along the continuum. The respondent 

indicates an answer by either marking a place along the line (in the case of a paper 

measure) or dragging a marker along a slider to indicate their response.  

Couper, Tourangeau, and Conrad (2006) conducted a thorough exploration of the 

use of three response scale types in web survey collecting respondents attributions of 

genetic versus environmental contributions to a series of descriptive vignettes. Their 

design allowed for direct, between groups comparisons of VAS, Likert, and numeric 

input response scales as well as for comparison of additional factors such as whether or 

not response scales included midpoints (radio buttons, numeric input), feedback was 
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given (VAS), and lines were numbered (radio buttons). While respondents took longer to 

provide self-report measures using the VAS (largely due to technological issues), the 

response distributions for the three response scale types were comparable. This study 

provides evidence for the usability (in terms of human factors) of these scales. 

A selection of research examples investigating the appropriateness of applying the 

VAS to visual awareness research exist (Rausch & Zehetleitner, 2014; Wierzchoń et al., 

2012). Of particular note is work by Rausch and Zehetleitner (2014) directly comparing 

the use of a VAS versus a 4-point discrete response scale for reporting the experience of 

stimulus motion coherence (“How clearly did you see the coherent motion?”). The 4-

point response scale included descriptive labels for each of the points (not at all, weak, 

almost clear, clear); the VAS included endpoint anchors (not at all, clear) and a response 

marker starting at the midpoint of the response line. The researchers found both scales to 

be internally consistent and that the VAS and discrete scales were able to capture similar 

levels of metacognitive similarity.  This led them to conclude that, once validated for the 

specific application, researchers may benefit from the use of VASs, which provide 

relatively more (fine-grained) information than discrete scales.   

In the metacognition literature, use of VASs is rarely reported. In one example, 

Ariel, Hines, and Herzog (2015) had participants make predictions of learning (POLs) on 

VASs. It is implied that these scales were used in this design so that participants would 

be able to “draw” their predicted learning curve after one, two, three, or four practice 

sessions. The use of a VAS for responses was not the key manipulation of this work and 

as such, the information provided about the use of VASs is limited, however, it still 
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serves as supporting evidence that learners can make metacognitive judgments using this 

type of scale.  
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