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A B S T R A C T   

Studies of the mind often focus on general effects on cognitive processes, whereas influences of idiosyncratic 
interactions between participants and items evade experimental control or assessment. For instance, assessments 
of one's own learning and memory processes—metamemory judgments—are attributed to people's reliance on 
commonly shared characteristics of study materials (e.g., word frequency) or learning conditions (e.g., number of 
study opportunities). By contrast, few studies have investigated how idiosyncratic information such as the 
personal significance of items affects memory and metamemory. We propose that hitherto elusive idiosyncratic 
influences on metamemory can be measured by the C component of Egon Brunswik's (1952) lens model. In two 
experiments, we made randomly chosen items personally significant (Experiment 1) or assessed the personal 
significance of items (Experiment 2). Personal significance increased both metamemory judgments and memory 
performance. Including personal significance as a predictor in the lens model reduced C, whereas including 
familiarity from a previous encounter did not. Hence, at least part of the lens model's C parameter captures 
idiosyncratic influences on metamemory. The C parameter may serve as a useful tool for future research.   

1. Introduction 

In studies of the mind, interactions between items and participants 
are often treated as error variance (Hintzman, 1980; Raaijmakers, 2003; 
Rouder & Lu, 2005). This is not because participant-item interactions 
are theoretically uninteresting or minor sources of variability, but 
because they are extremely difficult to manipulate and assess (Curran & 
Hintzman, 1995; Flexser, 1981; Hintzman, 1980). In research on 
memory or metamemory—the ability to assess one's own learning and 
memory—participant-item interactions arise when the actual or 
perceived memorability of specific items vary across participants. This 
might be due to idiosyncratic encoding strategies, individual differences 
in pre-experimental familiarity, or personal significance of items 
(Hintzman, 1980). For instance, the study word knot might be personally 
significant and particularly memorable for an avid sailor but unre-
markable for other participants. 

2. The importance of idiosyncratic influences on memory and 
metamemory 

Researchers have long recognized the importance of idiosyncratic 

influences on memory (e.g., Brown, 1976; Brown, Lewis, & Monk, 1977; 
Flexser, 1981; Glanzer & Adams, 1990; Hintzman, 1980) and meta-
memory (e.g., Daniels, Toth, & Hertzog, 2009; Koriat, 1997; Koriat, 
Ma’ayan, & Nussinson, 2006; Koriat, Undorf, Newman, & Schwarz, 
2020; Murayama, Sakaki, Yan, & Smith, 2014; Nelson & Narens, 1990; 
Tullis & Fraundorf, 2017). For instance, in recognition memory tests, 
people are particularly confident in correct rejections of subjectively 
memorable distractor items such as their hometown or the first name of 
a close friend (Brown et al., 1977). Because of this, subjective memo-
rability has been proposed to underlie inverse relations of hits and false 
alarms in recognition memory (mirror effect, Glanzer & Adams, 1990; 
but see Wixted, 1992). Similarly, Wahlheim, Maddox, and Jacoby 
(2014) spaced item repetitions across two study lists and found that 
between-list repetitions improved memory performance only when the 
presentation of an item on the second study list reminded the specific 
learner of the item's presentation on the first study list (i.e., when the 
learner indicated that they had previously studied the item). In meta-
memory research, idiosyncratic influences on people's predictions of 
their future memory performance (judgments of learning, JOLs) are 
considered responsible for improved accuracy of JOLs with repeated 
study-test trials (Koriat, 1997). Also, idiosyncratic influences on 
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metamemory are assumed to underlie accuracy advantages of meta-
memory judgments for oneself over metamemory judgments for others 
(Koriat, 1993; Koriat & Ackerman, 2010; Nelson & Narens, 1990; Tullis 
& Fraundorf, 2017). As a final example, when responding to personality 
items (e.g., “I enjoy intellectual challenges”), idiosyncratic influences 
probably contribute to stronger relations between people's confidence in 
their responses and the consistency of their own responses across 
repeated item administrations than between people's confidence and the 
likelihood that others make the same response (Koriat et al., 2020). 

Despite the hypothesized or empirically demonstrated importance of 
idiosyncratic processes, the vast majority of metamemory research has 
left these processes unaddressed. This is probably due to the lack of a 
method for assessing idiosyncratic influences on metamemory judg-
ments in standard metamemory paradigms (i.e., without repeated study- 
test phases or item administrations; without metamemory judgments for 
self and others). Unfortunately, failing to take idiosyncratic participant- 
item interactions into account may produce invalid conclusions con-
cerning the basis and accuracy of metamemory. 

People are known to base metamemory judgments such as JOLs on 
commonly shared intrinsic or extrinsic cues pertaining to the stimuli and 
to the learning conditions (Koriat, 1997; for a review, see Rhodes, 2016). 
Examples include word frequency, valence, arousal, font size, and the 
number of study opportunities (e.g., Undorf, Söllner, & Bröder, 2018). 
Such cues can affect JOLs through theory-based and experience-based 
processes. Theory-based processes involve deliberate applications of 
beliefs about memory (Koriat, 1997). For instance, learners may become 
aware of differences in word frequency and draw explicitly on their 
belief that high frequency words are more memorable than low fre-
quency words (Mendes, Luna, & Albuquerque, 2019). In contrast, 
experience-based processes rely on mnemonic cues such as the fluency 
of processing items during study (Koriat, 1997). Experience-based pro-
cesses have the phenomenal quality of direct and unexplained intuitions 
without awareness of their basis. We propose that idiosyncratic infor-
mation, such as, for example, the personal significance of specific 
stimuli, might affect JOLs through theory-based processes, experience- 
based processes, or both. 

Addressing the contribution of idiosyncratic information to meta-
memory may extend our understanding of the basis of metamemory and 
qualify conclusions concerning its accuracy. For instance, someone who 
assigns high JOLs to beetroot, rake, and stewpot might not fail to rely on 
the valid commonly shared cues word frequency, arousal, and valence, 
but might supplement these cues by idiosyncratic information: her late 
aunt who was a passionate gardener and enjoyed beetroot casserole. 
Considering idiosyncratic information may therefore help to explain 
why JOLs reveal above-chance resolution (i.e., distinguish between 
items people will and will not remember) even when people fail to base 
their JOLs on valid commonly shared cues or base their JOLs on invalid 
commonly shared cues (for metamemory illusions, see Bjork, Dunlosky, 
& Kornell, 2013; Undorf, 2020). For instance, in a study by Undorf and 
Zimdahl (2019), JOLs dramatically overestimated the beneficial effects 
of large font sizes for memory but revealed reliable resolution; mean 
gamma correlation between JOLs and recall of 0.24, t(234) = 13.96, p <
.001, d = 0.91. 

3. Measuring idiosyncratic influences on memory and 
metamemory 

In experiments on memory and metamemory, researchers often 
aggregate dependent variables across items, participants, or both to 
derive summary measures such as recall probabilities or mean JOLs 
(Murayama et al., 2014; Rouder, Lu, Morey, Sun, & Speckman, 2008). 
Aggregation, however, makes it impossible to examine idiosyncratic 
influences on memory and metamemory, because these are bound to 
average out (see, e.g., Nelson, Leonesio, Landwehr, & Narens, 1986). 
Consequently, mixed-effects models might appear as an ideal tool for 
examining idiosyncratic influences on memory and metamemory. While 

it is true that mixed-effects models do not require aggregation, are run 
on unaveraged data, and can simultaneously assess variation at the level 
of items and participants (Baayen, Davidson, & Bates, 2008; Barr, Levy, 
Scheepers, & Tily, 2013; Murayama et al., 2014), there is often no 
straightforward way for assessing idiosyncratic influences on memory 
and metamemory. The reason for this is that mixed-effects models need 
two or more responses from a participant to an item in order to distin-
guish variability in the reactions of specific participants to specific items 
from residual error (Baayen et al., 2008; Barr et al., 2013).1 Taken 
together, assessing idiosyncratic influences on memory and meta-
memory in standard designs requires a novel approach, because statis-
tical techniques previously used in the literature are incapable of 
assessing idiosyncratic influences. 

3.1. Brunswik's lens model as a potential measurement tool 

Bröder and Undorf (2019) hypothesized that the C component of 
Egon Brunswik's (1952) lens model might be a potential indicator of 
idiosyncratic influences on metamemory judgments. This speculation 
was based on the authors' accidental finding that a lens model analysis of 
JOL data yielded high values of the C component that exceeded those 
usually found in judgment studies (see below for more information). 

The lens model is a classical analysis tool in judgment research and 
can be applied to any task in which people predict a distal variable in the 
environment (a criterion) on the basis of probabilistic cues (Hammond, 
1955; Karelaia & Hogarth, 2008). When applied to JOLs (see Fig. 1), 
people predict their memory performance (the criterion) using cues that 
are available at study (Dunlosky & Tauber, 2014; Koriat et al., 2006; 
Robey, Dougherty, & Buttaccio, 2017). As mentioned above, the notion 
that JOLs are based on probabilistic cues is generally agreed on by 
metamemory researchers (Dunlosky & Metcalfe, 2009; Koriat, 1997; 
Rhodes, 2016). For example, in a study by Undorf et al. (2018), study 
words varied in emotionality, concreteness, font size, and frequency of 
study presentations. These attributes of the stimuli and the learning 
conditions may affect the to-be-predicted criterion (memory perfor-
mance) and may inform people's JOLs. Brunswik's (1952) lens model 
methodology jointly analyses the weighting of cues by the judge (in JOL 
studies: the learner) in their judgments (in JOL studies: JOLs) as well as 
the objective weights with which the cues actually affect the criterion (in 
JOL studies: memory performance). 

A lens model analysis consists of computing two multiple linear re-
gressions for each judge across a set of items. One regression analysis is 
used to determine optimal regression weights of cues for predicting the 
participant's memory performance (cue validities). The second regression 
analysis determines cue utilization, that is, the weight the participant 
gives to each cue in their JOLs. In addition, the Pearson correlation ra 
between JOLs and recall is computed as a measure of accuracy. It is 
typically referred to as achievement in judgment studies and is concep-
tually equivalent to the resolution of JOLs. 

A statistical framework developed by Hammond, Hursch, and Todd 
(1964) and Tucker (1964) allows decomposing the achievement ra into 
four components: (1) the linear predictability of each participant's 
memory performance on the basis of cues (RREC), (2) the consistency 
with which the participant weighs the cues when making JOLs (RJOL), 
(3) the matching index G reflecting how closely the participant's cue 
weights correspond to the cues' effects on memory, and, finally, (4) the C 
component indicating systematic covariation between judgments and 
recall that cannot be attributed to a linear combination of the cues 
included in the lens model. RREC and RJOL are the multiple correlation 
coefficients for the regression predicting recall and the regression 

1 Notably, replicating item-participant combinations is often impossible in 
studies on memory and metamemory because actual and perceived memora-
bility of study materials increase with repeated presentations, confounding 
residual error with learning effects. 
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predicting JOLs, respectively. The matching parameter G, which mea-
sures the appropriate weighting of cues by the judge, is technically given 
by the correlation between the predicted values of the regression 
models. The C component is the correlation between the regression re-
siduals. Hence, C reflects the portion of achievement ra that is not pre-
dictable from the cues but nevertheless systematic. Tucker's (1964) 
famous lens model equation (Eq. (1)) formulated the decomposition of 
achievement into the lens model parameters, adapted here to JOL data: 

ra = GRRECRJOL + C
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅(
1 − R2

REC

)(
1 − R2

JOL

)√

(1) 

Hence, a lens model analysis of a participant's JOLs and memory 
performance provides four parameters that characterize their achieve-
ment or, put differently, the accuracy of their JOLs. 

3.2. Idiosyncratic influences and the lens model's C component 

For typical applications in judgment research, the lens model's C 
component is often small and not reliably different from zero. For 
instance, a meta-analysis of 204 lens model studies revealed a mean C 
parameter of 0.04 (Karelaia & Hogarth, 2008). Consequently, C is 
typically ignored, and judgments are characterized as following from 
linear cue combinations (Brehmer, 1994). Surprisingly, when applying 
the lens model to data from metamemory experiments, Bröder and 
Undorf (2019) found that C had a mean of 0.19 and was significantly 
different from zero in each experiment and condition (for similar find-
ings, see Mendes & Undorf, 2021). This difference between meta-
memory studies and typical judgment studies requires explanation. 

In standard lens model studies, participants predict a criterion, such 
as a diagnosis, on the basis of presented cue profiles, such as vignettes 
(see Karelaia & Hogarth, 2008, for examples). In these studies, all 
relevant information is coded in the cues and no additional information 
is available. In contrast, the way in which participants process the nat-
ural stimuli in studies on memory and metamemory may depend on 
their autobiographical or semantic memories and personalities. Bröder 
and Undorf (2019) therefore conjectured that the relatively high C 
parameter in metamemory experiments might reflect idiosyncratic in-
fluences. These idiosyncratic influences do not depend on commonly 
shared item characteristics (like concreteness or emotionality) but 

represent the meaning of a specific item for a specific person. Consistent 
with this interpretation, pre-study JOLs made on the basis of explicit 
information about concreteness and emotionality before studying the 
respective item exhibited a C parameter near zero (see Bröder & Undorf, 
2019, Fig. 6). It is important to note that this was an accidental finding 
from a study focusing on a different research question (see Undorf & 
Bröder, 2020). Moreover, because soliciting pre-study JOLs deprived 
people not only of idiosyncratic information but also of all commonly 
shared cues except for concreteness and emotionality, this preliminary 
finding is no more than suggestive. Thus, the proposal that the lens 
model's C parameter measures idiosyncratic influences on metamemory 
judgments so far is post hoc and speculative. 

The current study directly tested the hypothesis that the lens model's 
C parameter measures idiosyncratic influences on metamemory judg-
ments. In two experiments, participants studied, judged, and were tested 
on words, some of which we knew to be personally significant. In 
Experiment 1, we induced personal significance by having participants 
write a story using synonyms of some study words prior to the JOL 
experiment. In Experiment 2, personally significant study words 
matched pictures that participants had previously selected as charac-
teristic of themselves. We expected that personal significance would 
increase JOLs and recall, consistent with research showing superior 
memory and higher metamemory judgments for information related to 
the self (self-reference effect; Boduroglu, Pehlivanoglu, Tekcan, & 
Kapucu, 2015; Rogers, Kuiper, & Kirker, 1977; Symons & Johnson, 
1997). Based on our hypothesis that the lens model's C parameter 
measures idiosyncratic influences, we predicted that including 
experimentally-controlled personal significance as a predictor in the 
lens model would reduce the C parameter. 

4. Experiment 1 

In Experiment 1, we made a subset of study words personally sig-
nificant by having participants write a story about synonyms of these 
words. 

Fig. 1. Schematic representation of the lens 
model. 
Note. Recall is modeled as a linear combi-
nation of the cues whose weights are called 
cue validities. JOLs are modeled as a linear 
combination of the cues, with weights called 
cue utilizations. The correlation ra between 
JOLs and recall, called achievement, is a 
function of the match between cue weights 
(G), linear predictability of the environment 
(RRec), consistency of the JOLs (RJOL), and a 
nonlinear component C.   
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4.1. Method 

4.1.1. Design and materials 
The study list consisted of 50 German 5–9 letter nouns. Words were 

chosen on the basis of Võ et al. (2009) and were of neutral valence (M =
0.43, SD = 1.04), moderate arousal (M = 2.74, SD = 0.55), and moderate 
concreteness (M = 4.19, SD = 2.23). Four additional words served as 
primacy buffers and were not included in the analysis. We divided the 
study list into five sublists of ten study words. Sublists were comparable 
with respect to means and variance of valence, arousal, and concrete-
ness. For each sublist, we created a synonym list that comprised syno-
nyms of all ten words. Synonyms rather than the target words were used 
in the story-writing task to prevent that potential effects of personal 
significance were due to increased familiarity. 

4.1.2. Participants 
We aimed at N = 50 for counterbalancing of the five synonym lists. 

This sample size provides a statistical power of (1 - β) = 0.93 to detect 
medium-sized main effects (f = 0.25, d = 0.50) with α = 0.05 in 
repeated-measures ANOVAs and t-tests for dependent samples (Faul, 
Erdfelder, Lang, & Buchner, 2007). Participants were 50 University of 
Mannheim undergraduates. 

4.1.3. Procedure 
The experiment consisted of a story-writing task, a study phase, and a 

free recall test. Participants learned that the study consisted of two un-
related tasks. The first task supposedly addressed creativity. Participants 
had 10 min to write a creative story that had to include all ten words 
from one synonym list. Synonym lists were counterbalanced such that 
all words were made personally significant equally often. After the story- 
writing task, participants studied 54 words for a memory test and esti-
mated the probability of recalling each word at test. At study, words 
were presented for 3 s each and in a new random order for each 
participant. Immediately after each word, the JOL prompt “Chance of 
recall (0%-100%)?” appeared, and participants typed in any whole 
number from 0 to 100 (self-paced). A 100-ms blank screen preceded the 
next study trial. Following a 3-min numerical filler task, participants had 
5 min to write down as many studied words as they could remember. 

4.2. Results 

The mean number of intrusions in the recall test was 1.10 (SD = 1.43) 
and the mean number of story word intrusions was 0.26 (SD = 0.53, 
16.33% of intrusions). Fig. 2 presents mean JOLs and mean recall per-
formance for items with and without personal significance. JOLs were 
submitted to a one-way ANOVA with item type (personal significance: 
yes vs. no) as the within-subjects factor. A significant main effect 
revealed higher JOLs for personally significant items, F(1, 49) = 33.30, 
p < .001, ηp

2 = 0.40. A similar ANOVA on recall performance revealed 
better memory performance for personally significant items, F(1, 49) =
29.38, p < .001, ηp

2 = 0.37. 
As can be seen in Table 1, JOL resolution (as measured by gamma 

correlations) was reliable and did not vary with item type, t(49) = 1.92, 
p = .061, d = 0.27. JOLs overestimated memory performance for control 
items but not for personally significant items, resulting in better cali-
bration for personally significant items, t(49) = 3.04, p = .004, d = 0.43. 

We applied two lens models to each participant's data. The basic 
model included the item characteristics valence, arousal, concreteness, 
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Fig. 2. Mean Judgments of Learning (JOL) and Percentage of Correctly Recalled Words (Recall) in Experiment 1. 
Note. Error bars represent one standard error of the mean. 

Table 1 
Means (and Standard Deviations) of resolution (Gamma) and calibration (Bias) 
in experiments 1 and 2.  

Experiment and item type Gamma Bias 

Experiment 1 
No personal significance 0.38*** (0.34) 8.94*** (15.18) 
Personal significance 0.54*** (0.44) 1.40 (17.88) 
Overall 0.47*** (0.24) 7.43*** (14.11)  

Experiment 2 
Not previously encountered 0.23*** (0.43) 4.27 (18.91) 
Previously encountered 0.32*** (0.53) − 6.12 (24.55) 
Personal significance 0.12 (0.48) − 10.22** (23.97) 
Overall 0.31*** (0.30) − 0.71 (18.82) 

Note. Gamma = Gamma correlation between JOLs and recall; bias = signed 
difference between mean JOLs and mean recall performance. 
Asterisks refer to one-sample t-tests against 0. 

** p < .010. 
*** p < .001. 
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frequency, and number of letters as predictors. The full model addi-
tionally included a dummy variable coding whether items had 
experimentally-controlled personal significance (1 = yes, 0 = no). 
Table 2 presents descriptive statistics for all parameters from both lens 
models. Both models yielded significantly positive C parameters, t ≥
10.36, p < .001, d ≥ 1.48. Most importantly, a paired t-test showed that 
including personal significance in the lens model reliably reduced C, t 
(49) = 3.24, p = .001, d = 0.46 (see Fig. 3). We also found that including 
personal significance in the lens model increased the linear predict-
ability of memory performance (RREC) and the consistency of cue use in 
JOLs (RJOL). The matching index G was numerically but not reliably 
higher when the lens model included personal significance. 

4.3. Discussion 

Making words personally significant increased JOLs and memory 
performance. Including experimentally-controlled personal significance 
as a predictor in the lens model reduced the C parameter, suggesting that 
this parameter reflects idiosyncratic influences on JOLs. However, 
although participants wrote stories about synonyms rather than the study 
words, one objection might be that some of the variance reflected in C is 
due to increased familiarity. We addressed this issue in Experiment 2. 
Another objection might be that C was still substantial when including 
personal significance in the lens model. We do not, however, claim that 
idiosyncratic influences on JOLs are restricted to experimentally- 
controlled personal significance. Rather, we suspect that various idio-
syncratic features affect JOLs and memory and therefore contribute to C 
in addition to experimentally-controlled personal significance. At the 
same time, part of C may reflect influences other than idiosyncratic 
processes (see also General Discussion). 

In the lens models used in Experiment 1, we included the item 
characteristics valence, arousal, concreteness, word frequency, and 
number of letters as predictors of JOLs and memory performance. We 
did so to minimize the chances that the lens model's C parameter re-
flected contributions of omitted item characteristics to JOLs and mem-
ory performance. We do not mean to suggest, however, that participants 
used each of these characteristics when making JOLs. Based on prior 
research, it is plausible that valence, arousal, concreteness, and word 
frequency affected JOLs and memory performance, even though not 
necessarily to the same degree or in the same direction (Fiacconi & 
Dollois, 2020; Hourihan, Fraundorf, & Benjamin, 2017; Mendes & 
Undorf, 2021; Undorf et al., 2018; Undorf & Bröder, 2020; Witherby & 
Tauber, 2017). In contrast, there is no reason to expect that JOLs and 
memory performance depended on the number of letters. 

5. Experiment 2 

Experiment 2 aimed to disentangle personal significance and 
increased familiarity due to a recent encounter. Prior to the JOL 
experiment, participants selected images that characterized themselves 

in an allegedly unrelated personality study (e.g., a hardworking 
participant might select a bee, an athletic participant might select a 
sneaker). We expected that study words matching selected images were 
personally significant, whereas words that matched images participants 
had seen but not selected were only familiar. Also, including whether 
items were familiarized in the lens model should reduce C not at all or 
not as much as including experimentally-controlled personal 
significance. 

5.1. Method 

5.1.1. Design and materials 
Stimuli were 80 German 4–8 letter nouns and 80 images that 

matched these words. Words were of neutral valence (M = 0.75, SD =
0.58), moderate arousal (M = 2.21, SD = 0.35), and high concreteness 
(M = 5.80, SD = 0.38; normed values taken from Võ et al., 2009). Four 
additional words served as primacy buffers and were not included in the 
analysis. To ensure that words with and without experimentally- 
controlled personal significance were similar in valence, arousal, and 
concreteness, we constructed ten sublists of eight items that were similar 
in these characteristics. 

5.1.2. Participants 
Power calculations were identical to those reported in Experiment 1. 

Participants were 50 University of Mannheim undergraduates. 

5.1.3. Procedure 
The procedure was identical to that of Experiment 1 with the 

following exceptions. The story-writing task was replaced with a per-
sonality questionnaire (BFI-10, Rammstedt & John, 2007) and an image- 
selection task presented as an image-based personality test. The image- 
selection task consisted of ten trials (order randomly determined for 
each participant). On each trial, participants saw five randomly chosen 
images from one sublist and selected the image that best characterized 
themselves. Each participant's study list included 10 words with per-
sonal significance (matching selected images) and 40 words without 
personal significance, 10 of which were previously encountered 
(matching images that were presented but not selected) and 30 of which 
were not previously encountered (matching images that were not 
presented). 

5.2. Results 

The mean number of intrusions in the recall test was 1.40 (SD = 1.77) 
and the mean number of intrusions that matched images from the image- 
selection task was 0.56 (SD = 0.73, 48.88% of intrusions). Fig. 4 presents 
mean JOLs and mean recall performance for not previously encoun-
tered, previously encountered, and personally significant items. A one- 
way ANOVA on JOLs with item type (not previously encountered, pre-
viously encountered, personally significant) as within-subjects factor 

Table 2 
Means and medians of lens model parameters in experiments 1 and 2.  

Experiment and model Predictors Lens model parameters 

Achievement ra Matching G RJOL RREC C 

Experiment 1 
Basic Item characteristics 0.35/0.35 0.53/0.60 0.21a/0.19 0.16a/0.15 0.31a /0.31 
Full + Personal significance (y/n) 0.35/0.35 0.56/0.69 0.26b/0.25 0.21b /0.20 0.28b /0.28  

Experiment 2 
Basic Item characteristics 0.25/0.26 0.13a/0.12 0.14a/0.14 0.10a/0.09 0.25a/0.24 
Familiarity + Previously encountered (y/n) 0.25/0.26 0.16a/0.10 0.15a/0.16 0.14b/0.11 0.25a/0.25 
Full + Personal significance (y/n) 0.25/0.26 0.37b/0.46 0.27b/0.24 0.21c/0.18 0.20b/0.20 

Note. Achievement ra = Pearson correlation between JOLs and recall; matching G = matching index; RJOL and RREC = multiple correlations between cues and JOLs or 
recall, respectively; C = nonlinear parameter. Within each experiment and column, means with different subscripts are different at p < .05 (Experiment 1: t-tests, 
Experiment 2: Tukey's HSD tests). 
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revealed that JOLs varied with item type, F(1.48, 72.34) = 41.92, p <
.001, ηp

2 = 0.46 (Greenhouse-Geisser corrected). Pairwise comparisons 
showed significant differences among all three item types, t ≥ 4.63, p <
.001, d ≥ 0.66. A similar ANOVA on recall performance indicated that 
memory performance varied with item type, F(1.57, 76.80) = 40.99, p <
.001, ηp

2 = 0.46. Pairwise comparisons showed significant differences 
among all three item types, t ≥ 3.32, p ≤ 0.002, d ≥ 0.47. 

JOL resolution (see Table 1) was reliable (except for personally sig-
nificant items) and did not vary with item type, F(2.10, 49.14) = 2.10, p 
= .131, ηp

2 = 0.04. JOLs underestimated memory performance for 
personally significant items but were well-calibrated for the other item 
types. Calibration varied with item type, F(1.55, 76.05) = 13.78, p < 
.001, ηp

2 = 0.22, with significant differences between not previously 

encountered items and the other item types, t ≥ 4.20, p < .001, d ≥ 0.60, 
but no differences between previously encountered and personally sig-
nificant items, t(49) = 1.16, p = .25, d = 0.17. 

We applied three lens models to each participant's data (see Table 2). 
As in Experiment 1, the basic model included the word characteristics 
valence, arousal, concreteness, frequency, and number of letters as 
predictors. The familiarity model additionally included a dummy vari-
able coding whether items were previously encountered (1 = yes, 0 =
no). The full model additionally included a dummy variable coding 
whether items were personally significant (1 = yes, 0 = no). All three 
models yielded significant C parameters, t ≥ 10.13, p < .001, d ≥ 1.45, 
that differed across models, F(1.25, 61.14) = 32.33, p < .001, ηp

2 = 0.40 
(see Fig. 3). One-tailed pairwise comparisons confirmed that the C 

Fig. 3. C Parameter from Brunswik's (1952) Lens Model in Experiments 1 and 2. 
Note. The basic model included item characteristics as predictors. The familiarity model additionally included as a predictor whether items were previously 
encountered (y/n, Experiment 2 only) and the full model additionally included experimentally-controlled personal significance as a predictor (y/n). 

Fig. 4. Mean Judgments of Learning (JOL) and Percentage of Correctly Recalled Words (Recall) in Experiment 2. 
Note. Error bars represent one standard error of the mean. 
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parameter from the basic model was similar to the C parameter from the 
familiarity model, t(49) = 0.07, p = .53, d = 0.01, but significantly 
higher than C from the full model, t(49) = 5.82, p < .001, d = 0.83. C 
from the familiarity model was significantly higher than C from the full 
model, t(49) = 6.00, p < .001, d = 0.86 (one-tailed). The linear pre-
dictability of memory performance (RREC) was lowest in the basic model, 
intermediate in the familiarity model and highest in the full model. In 
contrast, the consistency of cue use in JOLs (RJOL) and the matching 
index G were reliably higher in the full model than in the familiarity or 
basic model but similar in the familiarity and basic model. 

5.3. Discussion 

Selecting images that characterize oneself presumably was a stronger 
manipulation of personal significance than that used in Experiment 1. 
We maintained experimental control by comparing words that matched 
selected images with words that matched other presented and non- 
presented images. Experimentally-controlled personal significance 
increased JOLs and memory, and more so than familiarity from the 
image-selection task. Including personal significance as a predictor in 
the lens model reduced the C parameter, whereas including previous 
encounters did not affect C. These results again indicate that the C 
parameter reflects idiosyncratic influences on metamemory. 

6. General discussion 

Despite being recognized as important, interactions between items 
and participants are rarely addressed in psychological research, because 
they are extremely difficult to assess (Curran & Hintzman, 1995; Flexser, 
1981; Hintzman, 1980). This is also true for the domains of memory and 
metamemory: While researchers have hypothesized and found that 
item-participant interactions play an important role (Brown et al., 1977; 
Koriat, 1997; Koriat et al., 2006; Murayama et al., 2014; Nelson & 
Narens, 1990; Tullis & Fraundorf, 2017; Wahlheim et al., 2014), the 
majority of studies have left such idiosyncratic influences unaddressed. 
The reason for this is that there has been no method for assessing idio-
syncratic influences in standard paradigms. The present study examined 
whether the C component of Egon Brunswik's (1952) lens model may 
serve to measure idiosyncratic item-participant interactions in memory 
and metamemory. 

In two experiments, we investigated the effects of experimentally- 
controlled personal significance on metamemory and memory. Results 
showed that personally significant words yielded higher JOLs and 
memory performance than control words. Including experimentally- 
controlled personal significance as a predictor in the lens model 
reduced the model's C parameter. These findings demonstrate that 
people base metamemory judgments on idiosyncratic information such 
as personal significance, indicating that learners retrieve specific past 
events during encoding (Benjamin & Tullis, 2010; Wahlheim et al., 
2014) and, more generally, that the self plays an important role in 
memory and metamemory (Boduroglu et al., 2015; Rogers et al., 1977; 
Symons & Johnson, 1997). The current findings also reveal that the lens 
model's C parameter reflects idiosyncratic influences. The latter 
conclusion holds despite our finding that lens models including personal 
significance still yielded substantial C parameters, showing that the 
personal significance induced or assessed by our experimental manip-
ulations is only part of the systematic covariance between JOLs and 
recall reflected in C. The persistence of a high C parameter despite 
including experimentally-controlled personal significance as a predictor 
is not surprising, but was to be expected because various idiosyncratic 
influences were operative in addition to experimentally-controlled sig-
nificance (e.g., knot is personally significant for a sailor even when this 
word serves as a control item in the experiment). Of course, our data 
cannot (and are not intended to) prove that the remaining part of the C 
parameter exclusively mirrors idiosyncratic influences. Part of C may 
stem from unmodeled predictors or nonlinear relationships between 

cues and recall or JOLs, respectively. Nevertheless, our results clearly 
show that experimentally-controlled idiosyncratic influences are 
captured in the C parameter, and this makes it plausible that naturally 
occurring idiosyncratic influences will be reflected in C as well. 

In addition to reducing the C parameter, including experimentally- 
controlled personal significance as a predictor in the lens model 
increased the linear predictability of memory performance, the consis-
tency of cue use in JOLs, and the matching index G, although not 
significantly in Experiment 1. These findings show that considering 
idiosyncratic information is critical to our understanding of the basis of 
metamemory judgments. 

The present finding that the C parameter is substantial in size, reli-
ably different from zero, and affected by experimental manipulations is 
new to the lens model literature. Judgment researchers typically ignore 
C, because it is small and insignificant (Karelaia & Hogarth, 2008). 
Idiosyncratic information probably does not affect judgments in stan-
dard lens model studies, where all participants are provided with the 
same cues and can base their judgments only on these cues. 

When using the lens model to assess idiosyncratic influences on 
metamemory judgments and memory, it is advisable to include all 
available commonly shared characteristics of the study materials, the 
learning conditions, and the learners as predictors. This helps minimize 
the extent to which the lens model's C parameter reflects contributions 
of omitted item characteristics to JOLs and memory performance. Of 
course, including some characteristic of the items, learning conditions, 
or learners as a predictor in the lens model does not imply that people 
base their JOLs on this piece of information or that it affects people's 
memory performance. What is more, even if one or more predictors 
included in the lens model have significant effects on JOLs, it is possible 
that people rely on a single unified feeling of ease or distinctiveness 
rather than base their JOLs on each predictor (but see Undorf & Bröder, 
2020). 

As mentioned in the Introduction, statistical approaches that require 
aggregation of dependent variables (e.g., ANOVAs) are incapable of 
examining naturally occurring idiosyncratic influences in standard de-
signs, because these are likely to cancel each other. The situation is more 
complex for mixed-effects models that do not require aggregation. In 
standard memory and metamemory designs, mixed-effects models 
cannot distinguish participant-item interactions from residual error, 
because each participant responds only once to each item (Baayen et al., 
2008; Barr et al., 2013). Consequently, idiosyncratic influences should 
reveal themselves in significant random effects. When including various 
commonly shared characteristics of the study materials, the learning 
conditions, and the learners as fixed effects in the mixed-effects model, 
random effects may provide a reasonably pure measure of idiosyncratic 
influences. Even then, however, using the lens model for measuring 
idiosyncratic influences has two crucial advantages. First, while mixed- 
effects models can assess idiosyncratic influences on memory and met-
amemory only separately, lens model parameters reflect the joint effects 
of idiosyncratic influences on metacognitive accuracy. Second, unlike 
random effects from mixed-effects models, the lens model's C parameter 
assesses only systematic covariation between JOLs and memory per-
formance and is therefore unaffected by unreliability in memory per-
formance, inconsistency in people's cue utilization in JOLs, and missing 
knowledge about optimal weights of commonly shared cues. 

After decades of insightful inquiries into the impact of commonly 
shared characteristics of items and situations on metamemory (e.g., 
Koriat, 1997), the present study opened up possibilities for future 
research on the impact of idiosyncratic influences using Brunswik's 
(1952) lens model and its often neglected C parameter. Future research 
might profitably explore the personal and situational factors driving 
idiosyncratic processes in memory and metamemory. Also, an important 
question for future research is whether idiosyncratic influences affect 
metamemory judgments through theory-based processes, experience- 
based processes, or both. 
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