The Nature of
Knowledge Reliance in Source Guessing

Liliane Wulff

Inaugural Dissertation
Submitted in partial ful llment of the requirements for the degree D octor of Social
Sciences in the Graduate School of Economic and Social Sciences at the
University of Mannheim



Thesis Defense:
May 29, 2020

Supervisors:
Prof. Dr. Beatrice G. Kuhlmann
Prof. Dr. Edgar Erdfelder

Dean of the School of Social Sciences:
Prof. Dr. Michael Diehl

Thesis Reviewers:
Prof. Dr. Arndt Broder
Prof. Dr. Edgar Erdfelder

Defense Committee:

Prof. Dr. Beatrice G. Kuhlmann
Prof. Dr. Arndt Broder

Prof. Dr. Edgar Erdfelder



For Ansgar.

When all my dreams come true, the one | want next to me.
It's you. It's you.

from One Tree Hill
Season 4 - Episode 9






Table of Contents

Summary

Manuscripts

1

Introduction

Theoretical Foundation: The Source-Monitoring Framework 3
2.1 Memory and Judgment Processes . . . . . . . . . ...
2.2 Source GuessingataGlance. . . ... ... ... ... ...

Statistical Approach: Cognitive Modeling of Source-Monitoring
Processes
3.1 Multinomial Processing Tree (MPT) Models . . . . . ... .. ... ....

3.2 Bayesian-Hierarchical Extension of MPT Models . . . . ... ... ...
Rethinking Source Guessing: The Nature of Knowledge-Based Bi-
ases

4.1 Cognitive DynamiCs . . . . . . . . .
42 Stateversus Trait. . . . . . . . . e
4.3 Automatic versus Controlled . . . . . .. ... .. ... .. .. .. ...,
4.4 Generalization to Novel Stimuli . . . . .. ... ... ... .........

General Discussion

5.1 Strengths, Limitations, and Future Directions . . . . . ... .. ... ...
5.2 Implications of Knowledge Reliance . . . . . . ... ... ..........
5.3 Conclusion. . . . . . . e

Bibliography
Acknowledgements
Statement of Originality

Co-Authors' Statements

VI

13
13

20

27

29

32
33

35

45

49

51



VI Table of Contents

D Copies of Manuscripts 55



i

Summary

Context matters for complex human information processing. The abiliy to attribute in-
formation to its origin ( source) is not only crucial for daily social interactions (e.g., who
told me something?) and impression formation about other peoplebut it is also essential
to judge the credibility of sources and validity of the received inbrmation (e.g., where did
| read something?). Even more so, failures of source attributios can have far-reaching
consequences, for instance in the distribution of fake news in the recemedia debate but
also in eyewitness testimony where misattributions become even more seee(i.e., sen-
tencing innocent individuals). Retrieving the origin of an episodefrom memory has been
termed source monitoring (cf. M. K. Johnson et al., 1993). Alongside memory processes,
source attributions can be based on guessing processes a ected by genaratontingency
knowledge and plausibility or metacognitive beliefs in case a sourcetharacteristic cannot
be retrieved from memory (cf. M. K. Johnson et al., 1993). This thesis geci cally focuses
on knowledge reliance in source guessing. That is, when people infer theusce due to a
lack of memory traces, they rely on knowledge acquired prior to or durig the learning
environment. While mostly memory processes were of prime research @rest in the past
decades, guessing processes were given less consideration.

In this thesis, | address the underlying nature of knowledge reliace in source guess-
ing more thoroughly as part of four manuscripts, thereby contrikuting to put the so far
missing pieces of the source-guessing puzzle into place. In these mamiss, | examine
knowledge reliance in source guessing with regard to its cognitive damics, stability, re-
source dependence, and generalization to novel stimuli to serve the oveching objective
of inferring its underlying nature. In the rst manuscript, | demo nstrate the utility of the
process-tracing methodology mouse tracking to unpack the in ueoe of knowledge reliance
on source-monitoring processes. In the second manuscript, | quaftithe extent to which
individual di erences in knowledge reliance in source guessing are dike across time and
knowledge domains. In the third manuscript, | re ne the understanding of the underlying
automatic or controlled mechanisms of knowledge reliance. In the fotin manuscript, |
expand the scope of knowledge reliance in source guessing to novel mfiation contexts.
In sum, this thesis provides new insights into the application & knowledge structures in
judgmental processes under source uncertainty.






Manuscripts

The present cumulative thesis is targeted to foster a comprehensive fragmork of the un-
derlying nature of knowledge-based in uences on source guessing a judgient process that
emerges whenever memory for the original context during source attribubns is absent.
The reported research is conducted in theCenter for Doctoral Studies in Social Sciences
(CDSS) of the Graduate School of Economic and Social Sciencd&SESS) at the University
of Mannheim and is based on four manuscripts.

The rst three manuscripts provide insights into the cognitive dynamics (Manuscript
), the state- versus trait-like characteristic (Manuscript 1) , and the automatic ver-
sus controlled nature (Manuscript IllI) of knowledge reliance in souce guessing. The
last manuscript (Manuscript 1V) broadens the scope of knowledge-bsed in uences on
source guessing by investigating a generalization to decision contextor new information.
Manuscript | and Il are published, Manuscript Il has been submitted for publication, and
Manuscript IV is prepared for submission.

In the main text of this thesis, | review the overarching theoretical famework for
the four manuscripts, followed by a presentation of the joint stdistical approach to
model cognitive processes involved in source monitoring. Next, | vide a summary of
each of the four manuscripts before a general discussion of the rejltheir strengths
and limitations, theoretical and practical implications, and prospective research ideas
complement the thesis. Empirical and analytical speci cities of the dstinct experiments
are outlined in the original manuscripts appended to this thesis in the same order as
listed below).

Manuscript |

Wul, L., & Scharf, S. E. (2020). Unpacking stereotype in uences on source-monitoring
processes: What mouse tracking can tell uslournal of Experimental Social Psychol-
ogy, 87, 103917. https://doi.org/10.1016/j.jesp.2019.103917

Manuscript 1l

wul, L., & Kuhlmann, B. G. (2020). Is knowledge reliance in source guessing a cognitive
trait? Examining stability across time and domain. Memory & Cognition, 48(2),
256 276. https://doi.org/10.3758/s13421-019-01008-1



X Manuscripts

Manuscript 11l

Wwul, L., & Kuhlmann, B. G. (2020). Is knowledge reliance in source guessing automatic
or controlled? Evidence from divided attention and agingManuscript submitted for
publication.

Manuscript 1V

wul, L., Bell, R., Mieth, L., & Kuhimann, B. G. (2020). Guess what?! Di erent source-
guessing mechanisms for old versus new informatioManuscript in preparation.
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1 Introduction

Searching for articles on "source guessing" in the electronic literaire search engingsoogle
Scholarillustrates: Judgment processes in attributions about the orign of information were
far less studied in empirical research on source monitoring (143 ades) compared to source
memory (about 16,400 articles) which was the main focus of researéh the past decades
(time period from 1980 to 2020; retrieved March 18, 2020).Oftentimes, guessing processes
in source monitoring were not of primary interest and less in the cergr of attention in the
scienti ¢ discourse which is why its underlying mechanisms are undetudied in comparison
to memory processes in source monitoring. Yet, source guessing indtéis a fascinating
cognitive process that is worth dwelling on, not just from a naiveperspective of a basic
researcher but also from an applied point of view (as source attribtions can be performed
under uncertainty and distraction in everyday life). Thus, this thesis is concerned with
the underlying nature of source guessing and, in particular, theén uence of pre- and peri-
experimental knowledge on this judgment process.

The theoretical distinction between memory and guessing processes in searmonitoring
(M. K. Johnson et al., 1993) has been transferred to stochastic naels which made the
separate measurement of cognitive processes that contribute to the dermance in source
attributions possible. Disentangling memory from judgment pracesses has revealed that
source guessing is biased by knowledge (cf. Kuhlmann & Bayen, 2016, fareview). That
is, previous research has demonstrated that people make inferences btietorigin about
information based on either generic knowledge (such as stereotypeshsmas, or plausibility
beliefs) acquired prior to the test situation in (laboratory) experiments in which source
monitoring is studied (e.g., W. H. Batchelder & Batchelder, 2008; Bayeret al., 2000; Bell
et al., 2015; Kuhlmann et al., 2016; Spaniol & Bayen, 2002) or coitigency knowledge
acquired during the course of encoding in the speci ¢ learning envirament (e.g., Bayen
& Kuhimann, 2011; Kuhlmann et al., 2012; Spaniol & Bayen, 2002).

The cognitive processes involved in source monitoring can be studiéid a basic paradigm.
In such tasks, it is common that participants study information (e.g., words) accompa-
nied by contextual features (e.g., di erent faces indicating articulation). In a subsequent
memory test, participants attribute the previously-studied information (among new infor-

1As a matter of course, acknowledging that the terminology for source memory and guessing may be
manifold in the literature (e.g., "context memory", "guessi ng bias", ...), summarized under the term
source monitoring, and all relevant articles are not entirely covered by this | iterature data base, it may
nonetheless provide a rst indication for the current status of research.



2 1 Introduction

mation) to the context in which the information was studied or not. Speci cally, partici-
pants decide whether the information was presented before ( old ), aththereby associated
with di erent context features (i.e., whose face was paired with the inbrmation during
learning), or not ( new ), thereby implying that the information was not previously en-
countered. Multinomial models for categorical response data collecteahisuch experiments
(e.g., Bayen et al., 1996) enable researchers to estimate memory and gsieg processes
separately. Among other things, the application of such models resaled two essential nd-
ings in terms of source guessing that are signi cant to the presenthesis: First, knowledge
reliance in the source-guessing process itself is not as random as onay assume when in-
tuitively thinking of the concept "guessing" and, second, individuals strongly di er in their
systematic reliance on knowledge structures (e.g., Arnold et al., 2@t Spaniol & Bayen,
2002). This, in turn, raises the questions of what drives individials' source-guessing be-
havior and under which conditions it is most or least pronounced?

In this thesis, | take steps towards answering these questions by erining why and
to what extent individuals show biased source guessing due to knowlgé reliance. By
this, | aim at supplementing the bigger picture of this judgment process in the absence
of retrieval of contextual details. That is, | raise the overarching question of which un-
derlying mechanisms characterize knowledge reliance in source guessbest? This thesis
thereby contributes to a more profound understanding on a conceptuabnd theoretical
level but may also serve a more applied, societal purpose at the santiene. Determining
why, how, and when individuals show knowledge-based source guessingaigrerequisite
for well-constructed, precise interventions to overcome a knowledge iahce and to eval-
uate potential long-term e ects of such biases. For instance, we mighlearn about the
consequences of biased source guessing on how we process (social) irgftom in the rst
place and, building on this, how we hereafter perceive others and fornmpressions about
them.

In the following, | provide a more detailed introduction to the th eoretical framework of
source monitoring and its statistical implementation followed by a review of the empirical
evidence for the nature of knowledge reliance in source guessing basedaur manuscripts.
This thesis concludes with a discussion about the strengths, limitdbns, and implications
of the present ndings, and gives an outlook on future research.



2 Theoretical Foundation: The
Source-Monitoring Framework

Source monitoring of all types is based on characteristics
of memories in combination with judgment processes.

(Johnson, Hashtroudi, & Lindsay, 1993)

2.1 Memory and Judgment Processes

The umbrella term source monitoring encompasses all cognitive processes involved in the
reconstructive inference process when attributing information to itsorigin (M. K. Johnson
et al., 1993; Mitchell & Johnson, 2000, 2009). In their seminal relew, Marcia K. Johnson
and her colleagues (1993) proposed a superordinate theoretical framenk to describe the
cognitions at play during source attributions in more detail. The authors de ned source
monitoring as a [...] set of processes involved when making attritiions about the origins
of memories, knowledge, and beliefs (p. 3). According to M. K. Johnsoret al. (1993),
sourcesrefer to all features of learning episodes under which memory traces are adrgd.
Sources are thereby not stored and retrieved as an abstract entity but ther based on
detailed cues from various modalities (see also Mitchell & Johnsor2000). Among others,
this could be, for instance, perceptual, temporal, or a ective information bound to the
episode in which individuals form a memory representation. But on whth decision criteria
are source attributions based in case of inability to retrieve speai characteristics from
past contextual episodes?

A second integral part of source monitoring are strategic and heustic decision compo-
nents. These are, following the theoretical source-monitoring frameark (M. K. Johnson
et al., 1993), biases, metacognitive awareness, plausibility befs but also current moti-
vations and intentions that can have a signi cant impact on how sairce attributions are
made.

In summary, source monitoring can, thus, be broken down by two esséal cognitive
operations that take place during attributions of information to its origin: (1) Memory
processesthat have their roots in the speci ¢ situation in which contextual binding was
experienced and a memory trace was acquired, and (2ddgment processeswhose evalua-
tive character constitutes a symbolic weighting function of the stategic decision criterion
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(cf. M. K. Johnson et al., 1993). The source-monitoring framework fghlighted the disso-
ciation of the cognitive processes in source inference predominantly fom a theoretical
perspective. Plenty of empirical support for this dissociation of merory and judgment
processes was provided shortly thereafter and up until now.

But how can memory and judgment processes be disentangled and inferred fnothe
performance collected in experimental source-monitoring tasks? A clos@rspection of the
data collected during source-monitoring paradigms reveals that byjust looking at the
categorical responses (e.g., decision between di erent sources) the undgng cognitive
processes that lead to the behavior in the rst place cannot be derivedThe confound
of memory and judgment processes has been addressed in the mathematicabaeling of
such cognitive processes involved in source monitoring as illugtted in Figure 1 and is
introduced and described in detail in Section 3.

2.2 Source Guessing at a Glance

The development of multionomial processing tree (MPT) models such ashe two-high-
threshold multinomial model of source monitoring(2THSM; Bayen et al., 1996) was a
milestone towards the quanti cation of latent cognitive processesand enabled researchers
to perform hypothesis tests examining in uencing factors speci ¢ tosingle memory and
judgment parameters. Oftentimes, the source-memory parameter was ofpticular interest
to the research community. As initially stated, a large proportion of studies mirrors that
source-monitoring research primarily focused on the memory componenNonetheless,
judgment processes have attracted attention ever since the developmenf mathemati-
cal models to disentangle cognitive processes and are interesting fa variety of applied
settings, for instance for eyewitness suggestibility and the phenoanon of inducing false
memories (cf. M. K. Johnson et al., 1993; Mitchell & Johnson, 2000)Judgment processes
comprise the more systematic components of source monitoring. Biterm "guessing" may,
at rst sight, imply randomness in the meaning of non-strategic source attributions under
uncertainty. In fact, source guessing actually has been far from rarmnm and judgments can
rather be described as the best educated guess an individual can makesea on various
cues such as what is already known about the sources in general. That isdividuals can
initiate guessing processes to infer the source based on qualitegly distinct cues such as
reasoning, plausibility beliefs, or generic knowledge (M. K. Johren et al., 1993).

In this thesis, | will speci cally focus on knowledge reliance in source gessing based on
two knowledge cues: the item-source contingency and stereotypes/schemhboth of which
have been identi ed as crucial backup strategies in situations whemidividuals are not able
to retrieve the source from memory (Kuhlmann & Bayen, 2016). Empircal evidence on
the multifaceted in uences of knowledge cues on the source-guessing proseés reviewed
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hereafter.

One cue of which individuals can make use of is the item-source cangency (referred
to as peri-experimental knowledge). In an experimental setting, the caingency is most
frequently manipulated with material for which no prior knowledge r epresentation exists
among participants (Ehrenberg & Klauer, 2005; Klauer & Meiser, 200) by varying the
probability of certain pairings of item types and sources to occur dung encoding (e.g.,
75% of the items are paired with a speci ¢ context, for instance a certa screen posi-
tion). Throughout the course of encoding, individuals can then perceie the predominant
contingency such that some items are more likely accompanied by on®wce as by an-
other. In an applied eld setting, a contingency could be that certain information is occurs
factually-justi ed more often in a speci ¢ situation. This on-lin e perception of item-source
contingencies while learning is mirrored in source guessing during se attributions when
memory for the source is absent and, in addition, no prior knowlede is applied. In these
instances, source guessing is then biased in the direction of the comgiency manipulation
demonstrating that individuals indeed learn that item types are asociated with specic
source characteristics (e.g., Ehrenberg & Klauer, 2005).

Another essential source-monitoring cue is prior knowledge such adeseotypes and
schemas. Compared to peri-experimental knowledge, this pre-experiment&howledge is
acquired at some point before the source-attribution process is itiated. Mental structures
such as stereotypes (i.e., beliefs about personal attributes of sotigroups; cf. Stroebe &
Insko, 1989) and schemas (i.e., mental structures that organize anlink information based
on previous experience; cf. Alba & Hasher, 1983) are one such exampledatan then nd
their application in source guessing to reconstruct the origin of iformation. In an exper-
imental setting, researchers usually present information that areinherently prototypical
for its origin (e.g., persons, situations, or scenes). An empiricaéxample from Kuhimann
et al. (2016) nicely illustrates the general procedure. The authors e verbal item mate-
rial (statements) that was either expected to be said by young or old dults (based on a
survey study by Kuhlmann et al., 2017). These expected-young and -oldtatements were
presented by two person sources one of which was introduced as a young @t and the
other as a an old person (without revealing the speci ¢ assignment oftte ages to the
sources during encoding). Either source presented the same number oéiibs from each
expectancy type. This restriction in the assignment of statement to thesources ensured
that each item was to be associated with either source with an equal ptability (= null
contingency). In a later memory test, participants attributed the pr eviously-encountered
statements to the sources or classi ed them as new. MPT model-based analgs of their
categorical responses suggest that source guessing was biased sueh itdividuals judged
a statement to originate from the expected, stereotype-consistent ssoe more frequently
than simply by random chance if the origin could not be remembered regardless that
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sources conformed with their age expectations only in half of the insinces. Thus, individ-
uals reconstruct the sources based on what they know about and intuitiely associate with
the sources acquired prior to the experiment (e.g., Bayen et al., 2000; Eks & Cockman,
2003; Kuhlmann et al., 2016; Mather et al., 1999; Sherman & Besseno1999).

But which source-attribution cue dominates source guessing if the mdictions for the
source-guessing bias dier because of a mismatch in peri-experimentgtontingency)
knowledge and pre-experimental (stereotypes and schemas) knowledge? hastance, how
do individuals attribute information to its origin in situa tions where information is as-
sociated with the unexpected source for most of the time and, by this, auradicting
what people typically associate? The distinction between these two di eent kinds of cues
individuals can make use of when inferring the source has been fornegd in the theoret-
ical prediction of the probability-matching account(Spaniol & Bayen, 2002). This account
states that source guessing should be based on peri-experimental kvledge in the rst
place. Whenever a situation-speci ¢ contingency of item types and sources nde perceived
during encoding, source guessing should be adjusted to and thus rect this likelihood.
Prior, pre-experimental, knowledge should impact source guessing retly when knowledge
about the item-source contingency is missing or cannot be perceived. Therobability-
matching account found empirical support in a multitude of studies since its release (e.g.,
Arnold et al., 2013; Bayen & Kuhlmann, 2011; Bell et al., 2020; Kuhinann et al., 2012).

So, what experimental factors in uence the supersession of pre-experimh knowledge
by peri-experimental knowledge in source guessing? The following famts have been iden-
tied in the literature (Arnold et al., 2013; Bayen & Kuhlmann, 201 1; Kuhlmann et al.,
2012; Spaniol & Bayen, 2002): one should (1) foster the accurate ergiog of item-source
pairings by providing the di erentiating, individuating sou rce information during learning
(e.g., which speci c person is young or old), and (2) raise awarenedsy intentionally in-
structing participants to remember the source (in addition to the items). Besides these,
the source-memory performance (Kuhlmann et al., 2016) and the subjeie®e judgments
of item-source contingencies during learning (Arnold et al., 2013; Kuer & Meiser, 2000)
have been shown to serve as additional experimental boundary conditns that modulate
knowledge reliance in source guessing (on an individual level).

In summary, the aim of this thesis is to gain systematic insighs into the nature of
knowledge reliance in source guessing. Before turning to the researcmdaicted in the four
manuscripts, the basics of multinomial modeling are reviewed inte following chapter as
it builds the statistical foundation throughout all manuscr ipts.
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Figure 1: 2HTSM adapted from Bayen et al. (1996). ParameterD = probability to
remember the item, parameterd = probability to remember the source, parameterb =
probability to guess the old-new status of the item, parametera and g = probability to
guess the source. Subscripts of the respective tree refer to the di ereritem types used
in source-monitoring tasks originating from source A, B, or neit her source as the item is

new.







3 Statistical Approach: Cognitive
Modeling of Source-Monitoring Processes

[...] estimating hypothetical parameters that
represent the probabilities of unobservable events.

(Riefer & Batchelder, 1988)

3.1 Multinomial Processing Tree (MPT) Models

Multinomial processing tree (MPT) models are widely-used instances ofneasurement
models that make latent cognitive processes underlying behavior gkcit. MPT models

thereby assume that the categorical responses follow a multinomialistribution; the ex-

pected probabilities for each response category are modeled by a prosieg tree (Erdfelder
et al., 2009; Riefer & Batchelder, 1988).

As it happens, around the same time as M. K. Johnson et al. (1993)roposed the theo-
retical framework, William H. Bachelder and his colleagues developed th&lea of making
cognitive processes, one of which source monitoring is, mathemadity measurable (e.g.,
W. H. Batchelder et al., 1994; W. H. Batchelder & Riefer, 1990; Riefer & Batclelder, 1988;
Riefer et al., 1994). The authors decisively drove the development of faralized stochastical
models to account for the confounding of memory and judgment process in categorical
response data (as collected in source-monitoring tasks). A multinoial model for source-
monitoring data was then provided by Bayen et al. (1996). The so-cadid two-high-threshold
multinomial model of source monitoring (2THSM; Bayen et al., 1996) explicitly assumes
that a threshold needs to be passed in order to detect a presented item in s@me-monitoring
tasks as either old or new; otherwise, if the threshold is not passed, detns are made in
a state of uncertainty. In addition, a threshold for detected-old items can only be passed
by old items and a threshold for detected-new items can only be passed byew items (cf.
Bayen et al., 1996).

Due to its relevance for the overarching research question (variasm and extensions of
this model are applied to all experiments that were conducted within thescope of this
thesis), a closer inspection of the model is worthwhile. Figure 1 illstrates the general
structure: Items can either originate from one of two sources or are newkour distinct
latent cognitive processes underlying the attributions in a sourcenonitoring task shape
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the response behavior. Memory processes can encompass either item memargrémeter
D) or source memory (parameterd), the same applies to judgment processes that can be
in uenced either by item guessing (parameterb) or source guessing (parametea and g).

Researchers in the area of cognitive and social psychology have ugbi particular model
to answer substantive research questions with regard to memory anildgment processes
in source monitoring and have thereby had the bene ts of its mathemé#cal tractability
and profound statistical properties (Calanchini et al., 2018; Edfelder et al., 2009; Hutter
& Klauer, 2016). For the 2HTSM, model t can easily be quanti ed by go odness-of- t tests
and its (memory and guessing) parameters have been extensively valiga (Bayen et al.,
1996), and adapted and applied to multiple paradigms and varias research questions since
then.

The application of MPT models in psychological science has become even ragower-
ful since simple hands-on software programs have become awdile (e.g., Moshagen, 2010;
Singmann & Kellen, 2013) implementing the standard parameter estiration algorithm
relying on the maximum likelihood (Hu & Batchelder, 1994). Recently, MPT estimation
has been optimized for extended application purposes (e.g., to modeldividual or item
di erences, or to test single parameters and incorporate parameter coelations; cf. Hart-
mann et al., in press; Heck, Erdfelder, et al., 2018; Klauer, 2006, 20; Klauer & Kellen,
2018; Matzke et al., 2015; Stahl & Klauer, 2007; Wickelmaier & Zeiles, 2018).

3.2 Bayesian-Hierarchical Extension of MPT Models

In recent years, researchers have identi ed Bayesian approaches to modmignitive pro-
cesses. Amongst others, Klauer (2010), Lee (2011, 2018), Lee and Wagiakers (2013),
Matzke et al. (2015), and Smith and Batchelder (2010) promoted the pplication of
Bayesian statistics to model cognitive processes including thosevalved in source moni-
toring. Traditional maximum-likelihood approaches in MPT mo deling (Hu & Batchelder,
1994) infer parameter estimation from aggregated categorical respoes across participants
and items. This is inevitable from a mathematical point of view as paameter estimation
requires a substantial data base to be precise and powerful in ternr model t. Nonethe-
less, inherent assumptions which coincide with this estimation algdéthm can be regarded
as critical (e.g., Klauer, 2006; Smith & Batchelder, 2010) at least wh en observations for
participants and items are heterogeneous and thus not identically ath independently dis-
tributed (i.i.d.). The beauty of current developments of Bayesian-hiemarchical estimation
within the scope of MPT modeling is the explicit account for this heterageneity of partic-
ipants and items by the assumption of a hierarchical group-leveparameter distribution
with separate estimates per individual and/or items. Parameters ae based on individ-
ual and group-level information ("partial pooling"), thereby en suring robust estimation
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(Rouder & Lu, 2005).

One of the most prominent representatives of such model classes whitias been ap-
plied to source-monitoring data is the latent-trait model proposed by Klauer (2010). The
latent-trait model accounts not only for the heterogeneity but also fr correlations between
parameters assuming that the vector of individual parameters (prbit-transformed) follow
a multivariate normal distribution (prior) with group mean  and variance-covariance ma-
trix  to be estimated from the data. A graphical illustration of the Bayesian hierarchical
model structure is provided in Figure 2.

4 N
Individual
parameters

ki Individual response
category frequencies

Observations

ni
! per individual

\_
Figure 2: Conceptual illustration of Bayesian hierarchical model structure. = pa-
rameter group means, = parameter variance-covariance matrix, = parameter vector

for the i-th individual, k = categorical responses for the -th individual, n = number of
observations peri-th individual.

This modeling approach is certainly appealing for multiple reasos: Scientists who are
interested in answering substantive research questions can benet front because (1)
individual di erences or rare populations with only small numbers of observations (such
as patients or age groups), (2) parameter correlations, and (3) coelations of parameter
and external variables (such as age, intelligence scores, or workimgemory capacity) can
be estimated. Furthermore, the latent-trait approach can be easyt adapted and extended
to various model speci cations and is implemented in the user-friendt software program
TreeBUGS (Heck, Arnold, et al., 2018). The statistical model that is applied throughout all
manuscripts of this thesis is a latent-trait extension of the 2HTSM(Bayen et al., 1996). The
memory and guessing parameters of the 2HTSM are estimated based on Baigsinference
on the posterior distribution of the parameters. That is, the prior assumptions about the
parameter distributions are updated on the basis of the empiricakvidence in the collected
data. With the help of Markov-chain Monte Carlo (MCMC) methods samples from the
posterior distribution are drawn resulting in interpretable statistics of parameter estimates
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(Heck, Arnold, et al., 2018). In addition, TreeBUGS can be considered a powerful tool to
judge the diagnosticity of the information provided by the data via parameter-recovery
simulations. Researchers can simulate categorical response data fiheir experimental
paradigm and quantify the extent to which the model is able to recoverthese values.
Thereby, the replicability of the results found in a present sample carbe assessed after
the data collection (or prior to the experiment as an orientation for the planned sample
size).

In general, for the sake of comparability across experiments, we folv the same step-
by-step procedure for model-based analyses in each manuscript. Thatént-trait model
(Klauer, 2010) is set up and run in TreeBUGS (Heck, Arnold, et al.,, 2018) with the
following speci cations: three MCMC chains were sampled simultaneasly with 20,000
iterations each, a thinning rate of 5, and an adaptation phase ©2,000 iterations (number
of samples to adjust MCMC sampler inJAGS, Plummer, 2003). This basic model is run
in loop until the pre-de ned convergence criterion of R < 1.05 (Gelman & Rubin, 1992) is
reached. In addition, one additional sampling cycle is run to enske convergence stability.
The sampling procedure starts from scratch if the convergence critesn is not met within
an upper bound of 10 resampling attempts. Model t (i.e., whether the nodel and its
imposed parameter restrictions) is assessed with Bayesian posterioreatictive p-values for
the mean (T; statistic; di erence between observed and expected mean frequencies) and
covariance structure (T,; summed di erence between observed and expected covariances;
standardized by expectedSD) of the categorical response data (cf. Klauer, 2010).
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4 Rethinking Source Guessing: The
Nature of Knowledge-Based Biases

What determines the amount of source bias that
people show in source-monitoring tasks?

(Spaniol & Bayen, 2002)

The focus of the research question proposed in my thesis is to inspectamature of knowl-

edge reliance in source guessing to improve the understanding of retructive guessing
biases in the source-monitoring literature. To answer this researchuestion, the statistical

tools applied to draw substantive conclusion can be best described asate of the art. By

using these methods, source guessing can be examined in more depth aatithe same
time, meet the increasing request to study individual di erences and to canbine cognitive

process and their predictor variables within a joint theoretical and satistical framework.

This thesis is comprised of four manuscripts that are outlined in the following sections.
Note that the emphasis of the now following manuscripts is set ongeci ¢ aspects of source
guessing in the literature to derive the research question proposeid this thesis.

4.1 Cognitive Dynamics

Wwul, L., & Scharf, S. E. (2020). Unpacking stereotype in uences on source-monitoring
processes: What mouse tracking can tell uslournal of Experimental Social Psychol-
ogy, 87, 103917. https://doi.org/10.1016/].jesp.2019.103917

In the rst manuscript, we take an initial step in the direction o f the underlying nature of
knowledge reliance in source guessing by exploring the cognitive dgmics of stereotype
in uences on source monitoring. To do so, we conducted a source-moniting task in which
participants learned and later attributed information to its ori gin. While being tested for
their source-monitoring performance, cursor movements were tracked potentially reveal-
ing commitment towards or con ict between sources.

This rst manuscript served as a starting point for answering the question which mecha-



14 4 Rethinking Source Guessing: The Nature of Knowledge-Based Biases

nisms may be at play and describe source-monitoring decisions modetailed. The dynamic
evolution of cognition is hardly captured by static, categorical respnse data but can be
mirrored in the cursor movements during decision scenarios. Hence, therqress-tracing
method of mouse tracking is well suited to re ect the ongoing decisiorprocesses in real
time (cf. Hehman et al., 2015; Kieslich et al., 2019; Maldonado et al 2019; Stillman et al.,
2018; D. U. Wul et al., 2019). Task-speci c cognitive processes areénapped to motor re-
sponses re ecting the latter (Spivey & Dale, 2006) that can be quantied and interpreted
as the activation of (competing) social information.

In a previous study, Freeman and Ambady (2009) tested participans' gender categoriza-
tion via mouse tracking. Participants sorted faces into social catgories. Precisely, they at-
tributed female and male faces to expected-feminine (e.g., caring) aneipected-masculine
(e.q., aggressive) features. In typical trials, in which the faciabppearance was congruent to
the associated personality description, participants showed less oeed mouse movements
towards the competing response option re ecting the opposing gendethan in atypical
trials. In the latter, participants were nonetheless spatially attracted towards the stereo-
typical response option. Thus, Freeman and Ambady (2009)'s ndirgs illustrated that
pre-experimental knowledge tied to gender impacts the real-time dynanai of social cate-
gorization. Further evidence was provided by Koop and Criss (2016)The authors studied
whether mouse tracking could mirror the sensitivity and response ias in recognition-
memory processes (within the signal-detection theory framework). Pdicipants learned
words that they later had to remember as either old or new while their curer movements
were tracked during testing. And, in fact, the initial deviation towards one response option
indicated the response bias: If items were mostly old and previouglpresented, participants
adapted their response bias which was also re ected in the tendency towds old response
option.

Mouse tracking has been successfully applied in various research daims, which, among
other domains, include social cognition (e.g., Cassidy et al.,, 201 TCloutier et al., 2014;
K. L. Johnson et al., 2012; Wojnowicz et al., 2009) and memory (e.g Abney et al.,
2015; Papesh & Goldinger, 2012). While acknowledging the importace of both research
domains for this thesis, we also note that, to the best of our kneledge, no study has
focused on source monitoring and mouse tracking until now. Althagh highly related to
simple recognition memory, source monitoring may encompass more roplex cognitive
processes that go beyond the old-new classi cation and that shouldnerit attention and
are worth examining with the recently developed process-tracing measures

In this rst manuscript, we therefore inspected whether decisional uncerainty between
sources during source attributions is re ected in the dynamics of cursr movements in
a joint statistical model with source-monitoring processes and proess-tracing indices as
their predictors.
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Participants performed a source-monitoring task, in which they leaned everyday state-
ments as belonging either to a young or an old person (without revealy the specic
assignment of the ages to the sources during encoding). The statementgre normed to
be expected for younger (| rarely get sick.) or older adults (| go tochurch every Sun-
day. ) and both item types were paired with each of the sources equallyften (inducing a
null contingency). In a later sequential memory test, participants r st classi ed each item
among new distractor items as old or new and then assigned the items g@viously classi ed
as old to their origin while their cursor movements were continuouslytracked during the
source-attribution decision as implemented with the mousetrap plug-in (Kieslich et al.,
2018) in the open-source experiment buildeOpenSesamgMathot et al., 2012).

The inspection of source attributions and the in uence of stereotypesn such via multi-
ple process-tracing indices (e.g., maximum deviation of trajectoriggdistributional analysis
of prototypical trajectories, reaction times) underpinned previous dservations: the stereo-
typical and -atypical features re ected in both the item content and source label during
source attributions prompted participants to consider both sources during the course of
their decision as indicated by di erent-curved trajectories based on the ypicality of the
to-be-judged item and the responses given (see Figure 3). The deviati® of the cursor
trajectories from the ideal path to the selected source (as measured by éhMaximum
Absolute Deviation MAD) revealed that, indeed, the non-selected source was (at least to
some extent) still taken into account when inferring the item origin based on stereotypical
features (in line with e.g., Cassidy et al., 2017; Freeman & Ambady, 209; Freeman et al.,
2010).

In addition, modeling source-monitoring processes and process-timg indices in a joint
statistical framework displayed an interesting pattern: For souce decisions, mouse move-
ments were substantially related to the retrieval of sources based on ntextual knowledge
they had previously encoded*= :36[ :58; :09](correlation of MAD and model based
source-memory parameterd; BCI adjusted for sampling error). That is, decisional un-
certainty between sources, measured as the maximum deviation from theléalized line
towards the selected response option, was less pronounced in casetiggzants had actual
memory for the source and, therefore, experienced less cognitive con ict itheir choice.
Mouse movements, however, were not reliably indicative of source gussg. Uncertainty
inherent to the source attribution which is based on guessing due ttacking source memory
was not mapped onto mouse movements; = :21[ :10;:46](correlation of MAD and model
based source-guessing parametey; BCI adjusted for sampling error). In sum, cognitive
conict did not vary as a function of the strength of knowledge reliance (i.e., stereotype
application) in source guessing but did so with regard to participats' source-memory
performance.

Beyond that, bimodality assessment of trajectories and the distrilution of prototypical
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Figure 3: Manuscript | Mouse-tracking index Maximum Absolute Deviation (MAD) as
a function of the correctness of the source attribution and consistezy of the age re ected
in the item and the source's age aggregated across items/participas Left panel: Posi-
tive values of MAD indicate spatial attraction towards the non-selected source, 0 (dashed
line) indicates the idealized straight line towards the selected sawe, negative values in-
dicate spatial attraction towards the selected source. Correspondingrror bars represent
standard errors (displayed in black), individual values per paticipant are displayed in
grey (points = age-consistent item-source combinations, triangle= age-inconsistent item-
source combinations). Right panel: Temporal dynamic of mouse #jectories based on the
horizontal and vertical cursor position (in pixels) for correct (orange) and incorrect (blue)
source attributions separate for age-consistent item-source comiations (dashed line) and
age-inconsistent item-source combinations (solid line).

trajectory shapes highlighted another striking feature of the presnt data. Trajectories
could be classi ed in two main prototypes: curved and discrete changef-mind trajectories.
So, rather smooth or abrupt shifts in the spatial attraction shaped cursor movements
predominantly. This dual trajectory-type pattern may tentatively be interpreted as an
indicator of underlying dual processes (Freeman et al., 2008; Freeman Rale, 2013) that
re ects consistency in the initial and later response tendency for strajht trajectories and
a correction of the initial categorization for change-of-mind trajectories. Of course, the
derivation of underlying distinct process classes based on trajectordistributions needs
to be treated with caution. Nonetheless, our results provide a comprednsive picture of
stereotype in uences on source monitoring in general and serve as ast indication of the
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underlying nature. Certainly, source memory is singled out as a crual precondition for
unbiased source guessing through pre-experimental knowledge in theriio of stereotypes.

This rst manuscript can be considered as an essential rst step to unpak the underlying
nature of knowledge reliance in source guessing and its ndings pvaled important diag-
nostic information towards a more systematic and targeted exanmation of source guessing
in isolation. We demonstrated that mouse tracking is a promisng avenue to follow up on in
the future if combined with recent advances in cognitive modeling (e.g.Heck, Erdfelder,
et al., 2018) and its application should be considered to augment &ditional analyses in
a stimulating manner if the psychological mechanisms behind codtive processes are of
interest.

4.2 State versus Trait

wWul, L., & Kuhlmann, B. G. (2020). Is knowledge reliance in source guessing a cognitive
trait? Examining stability across time and domain. Memory & Cognition, 48(2),
256 276. https://doi.org/10.3758/s13421-019-01008-1

In the second manuscript of this thesis, we test whether knowledge relia® in source
guessing could be characterized as @gnitive trait (cf. Kantner & Lindsay, 2012, 2014)
indicated by parameter stability across time and knowledge domainDerived from the
literature on variables in judgment and decision making of traitdike nature (Glockner &
Pachur, 2012; Odum, 2011; Scheibehenne & Pachur, 2015), stahjlon decision strategies
(e.g., old-new response bias) across temporal and situational caxts may be hypothesized
for source guessing as well due to the its similarity to other proce®s for which stability has
been reported (Kantner & Lindsay, 2012, 2014; Michalkiewicz & Erdfelér, 2016). Thus,
a considerable body of research has focused on response biases anditdal di erences
in the criterion sensitivity. As source guessing has been referred tosaa "response bias"
in the literature as well (cf. W. H. Batchelder & Batchelder, 2008), the question arises to
what extend knowledge reliance in itself can be described as trait-liketable which has
not undergone a systematic examination yet.

In two experiments, participants therefore performed two study-te$ cycles of a source-
monitoring task either separated by a certain time interval, to test stability across time
(Experiment 1), or varied in the knowledge domain depicted in the stmulus material,
to test stability across knowledge domains (Experiment 2). Both sarce-monitoring tasks
were comparable with regard to their general procedure.

In Experiment 1, participants performed both study-test cycles procesisg item and
source information based on the knowledge domain of age stereotypeStatements (=
items) were highly comparable in terms of their expectancy ratings for ¢her young or
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old adults (Kuhlmann et al., 2017). We manipulated between-subg¢cts whether both tasks
needed to be performed in the same session (separated by 10 minutes)msingle sessions
held seven days apart. Using this manipulation, we were able to téshe temporal stability
of knowledge reliance in source guessing across a short- and ratheng-term time period.

In Experiment 2, participants performed the rst study-test cycle processing item and
source information based on the knowledge domain of age stereotypesd the second
one based on gender stereotypes (separated by 10 minutes). Albeit slighdi erent in
the overall expectancy ratings for age groups (Kuhimann et al., 200) and gender groups
(statements normed in Experiment 1), both study-text cycles were noneteless highly
comparable in terms of their stimulus material. Using this manipulation, we were able
to test the content-independent stability of knowledge reliance in sotce guessing across
knowledge domains.

In addition, personality traits measured with the Big-Five inventory (Danner et al.,
2016; Rammstedt et al., 2020; Soto & John, 2017), cognitive procsing styles measured
with the Rational-Experiential Inventory (Epstein et al., 1996; K eller et al., 2000), and
the subjective contingency judgments assessed at the end of the expesnts were incor-
porated as external variables in each experiment's respective model-ba analysis. We
thereby tested whether knowledge reliance in source guessing can be (pafty) explained
by participants' character facets.

The data were analyzed in a joint MPT model for both tasks with respective parame-
ters for each study-test cycle (i.e., model equations were duplicated)otallow for parame-
ter correlations of which the correlation of both source-guessing pameters (i.e., one for
each study-test cycle) was of most interest to test our research questio Apart from the
correlation-based de nition of stability (which largely hinges on the variability in source
guessing in the total sample), a more rigid de nition of stability could, furthermore, im-
ply consistency in source guessing in absolute terms (i.e., whether swe guessing varied
within participants across tasks irrespective of the overall relat ive group-level tendencies
as covered by parameter correlations).

The relative stability of knowledge reliance in source guessing fordih experiments is
illustrated graphically in the upper panels of Figure 4, the abstute stability is displayed
in the lower panels. Correlation-based stability was not revealed fthe data of both cross-
task time conditions of Experiment 1 (* < .27; BCI included 0), the absolute di erence
measure, however, suggested cross-task stability (at least to someternt). A closer inspec-
tion of participants' source-guessing biases demonstrated thathte majority of individuals
relied on their pre-experimental knowledge about ages in source guessititat was some-
what comparable across time (10 minutes and seven days). In Experimeg, a cross-task
correlation of credible but small size was obtained. This result incdtated that knowledge
reliance on age stereotypes in source guessing in the rst task predad the strength of
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Figure 4: Manuscript Il Stability in source guessing (parameter g) across two study-test
cycles in two experiments. Upper panel: relative measure of stabilithased on parameter
correlation; lower panel: absolute measure of stability based ongrameter di erences. Grey
points represent individual parameter estimates, linear trend line wih error bars represent
standard errors.

knowledge reliance on gender stereotypes in the second task£ .30 [.07, .53]). The abso-
lute di erence supplemented the results for the relative stability: Most participants showed
a fairly constant level of knowledge reliance on both age and gender ststypes in source
guessing across tasks.

Both experiments uncovered, if at all, weak positive associations ofrlowledge reliance
across two source-monitoring tasks when measured with a correlationalsed approach. The
results added more evidence in terms of stability using an absoluteneasure of constant
guessing behavior regardless of the time between study-test cycles ortie re ected knowl-
edge domain. But still, a substantial portion of the interindividual variance in knowledge
reliance in source guessing could not be explained by stable judgmeptocesses across time
and knowledge domain. Other processes involved in source monitoringost of which was
old-new item recognition (parameterb), indeed re ected stronger trait-like stability. What
is more, none of the personality traits or cognitive processing gtes were related to source
guessing in a systematic manner in both experiments; the subjectiveoatingency judgment
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partially did so (as indicated by positive correlations with source guessing). Whereas source
guessing clearly encompasses trait-like features, it could not be desimed as fully trait-like
as other closely related cognitive processes (Kantner & Lindsay, 2012014; Michalkiewicz
& Erdfelder, 2016). It rather appears to be an adaptive tool used irspeci ¢ situations and
for which knowledge reliance varies (to a certain extent) within and betveen individuals.

4.3 Automatic versus Controlled

Wul, L., & Kuhlmann, B. G. (2020). Is knowledge reliance in source guessing automatic
or controlled? Evidence from divided attention and agingManuscript submitted for
publication.

In the third manuscript of this thesis, we consider whether knowledge eliance in source
guessing depends on cognitive resources (as an indicator of an autaiwaversus controlled
cognitive process; following Bargh, 1994) during source attribtibns. For the preregistered
experiment as described below, both types of knowledge reliance are staedimore closely:
peri-experimental contingency knowledge and pre-experimental stereotypaowledge. The
automatic (i.e., resource-independent) or controlled (i.e., resourceapendent) nature of
both source cues is further examined within younger and older adultshtereby obtaining a
comprehensive view of knowledge reliance in source guessing from mplé perspectives.

The question to what extent (pre-experimental) knowledge reliance in sowre guessing
is rather automatic or controlled has been raised and empirically testd in the past (Bayen
& Kuhlmann, 2011; Brdoder et al., 2007; Ehrenberg & Klauer, 2005; Mash et al., 2006;
Sherman et al., 2003; Spaniol & Bayen, 2002). The majority of the fevexisting studies on
the pre-experimental knowledge reliance have characterized its naturesaather controlled
(e.g., resource-dependent and conscious strategy) but evidence from Méaret al. (2006)
and Klauer and Ehrenberg (2005) suggest that an automatic reliancenay be also likely.
Empirical evidence on the nature of stereotypes (see, for instance, Bodeabhsen et al.,
1999; Hamilton & Sherman, 1994), and age stereotypes in particat (Gonsalkorale et al.,
2014; Lepore & Brown, 1997; Perdue & Gurtman, 1990), underpins thissssumption in
addition. Furthermore, the nature of contingency in uences on sourceguessing has not
yet been well examined and the question whether the stereotype counteractiothrough
contingency knowledge is resource dependent thus remained unanswered hretpast.

For these reasons, the nature of both forms of knowledge reliances &ource cues were
studied. We did so by experimentally inducing cognitive load at retieval and testing
naturally-emerging load due to cognitive declines in older age. Imgrtantly, none of the
aforementioned studies examined the nature of knowledge reliance $&d on (age) stereo-
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types in both younger and older adults.

In a source-monitoring task, participants of both age groups lemed age-stereotypical
statements from a young and an old person (as used in Manuscript | ahll; see respec-
tive sections above). Half of the younger-participants sample (@ 26 years) performed a
secondary, parallel (tone-monitoring) task during source attrbutions, the other half did
not. Crossed with this manipulation, the speci ¢ source information (ages) was provided
either before encoding or before testing (between-subjects) as informian during encoding
facilitates contingency detection (e.g., Bayen & Kuhlmann, 2011; Kuhinann et al., 2012).
This encoding manipulation was also applied to the older-adultssample (61 80 years).
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Figure 5: Manuscript Il Estimates of source guessing (parameterg) for the following
experimental conditions: YA (younger adults) and OA (older adults) refer to the par-
ticipants' age group, enc (encoding) and ret (retrieval) refer to the encoding-condition
manipulation (i.e., whether the speci ¢ source information was reveked before encoding
or at test), and full and div refer to the dual-task manipulation at test (i.e., whether par-
ticipants performed a parallel tone-monitoring task or not; only manipulated in younger
adults). Red dashed line = chance-level, unbiased source guessing,rameters > .50 indi-
cate stereotype-based source guessing, parameters < .50 indicate coemstereotype-based
source guessing. Group-level parameter means are displayed as banslividual parameter
estimates are displayed as dots. Corresponding error bars represettitet 95%-BClI.

Figure 5 illustrates the model-based results for both age groupg-or younger adults,
the probability-matching account (Spaniol & Bayen, 2002) was reficated: In case the



22 4 Rethinking Source Guessing: The Nature of Knowledge-Based Biases

accurate perception of item-source contingencies was prevented (i.e., speciages of the
sources only provided at test), their source guessing was based on @etype knowledge
whereas facilitating the detection of the contingency (speci ¢ ages of theources already
provided at encoding) led to a reliance on contingency knowledge in souraguessing. A
division of attention based on the dual-task implementation duing the source-monitoring
test neither a ected the strength of contingency-based source guessinggsulting from

speci ¢ source information at encoding) nor stereotype-based sourceugssing (resulting
from speci ¢ source information only at test). The use of a dual-task manipulation at

retrieval thereby helped to unpack the underlying automatic nature.

Whenever participants were able to perceive the item-source contingendg an accurate
manner (i.e., source ages presented already at encoding), they based thegurce guessing
on this contingency knowledge. Otherwise, they drew on their stereotype knaledge when
guessing the source of an item. Importantly, they applied both knavledge cues independent
of the cognitive resources available at test, implying the autoratic nature of the judgment
process. Older adults, however, strongly relied on stereotype knowlge in source guessing
and were less successful in counteracting stereotype in uences through d¢mgency knowl-
edge than younger adults. Hence, older adults did not apply contingesy knowledge in a
fully automatic manner to their guessing behavior when they actuallycould have relied
on the available source information at encoding.

With this third manuscript, we stressed the independence of knowledgeeliance in source
guessing from cognitive capacities at the time of retrieval at least in younger adults who
could make use of the item-source contingency perceived during encoding ‘tunbias" their
source guessing. By this, we demonstrated that stereotype reliance cdre overcome by
enhancing attention to actual behaviors and attitudes of di erent-aged target persons (at
least in younger adults). Older adults whose general reliance on steotype knowledge was
already more pronounced than for younger adults were not able to deease their guessing
bias to accurate chance level based on the perceived item-source contingenthe present
ndings reinforce the value of una ected encoding of information ard context for source
guessing to be reliant on individualized knowledge acquired in the nmaent of encoding and
not on generalized knowledge acquired prior to the experiment that, in tun, potentially
misleads the source-attribution process.

4.4 Generalization to Novel Stimuli

wul, L., Bell, R., Mieth, L., & Kuhimann, B. G. (2020). Guess what?! Di erent source-
guessing mechanisms for old versus new informatioManuscript in preparation.
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In the fourth and last manuscript of this thesis, we investigate whether the item-source
contingency encountered during the course of encoding can be transferred source de-
cisions for new information that has not been processed and, thus, actpanied by any
source in the course of the experiment.

Albeit Spaniol and Bayen (2002) proposed a theoretical account on these of dier-
ent cues for source guessing that was con rmed by empirical evidence, for hstance from
Bayen and Kuhlmann (2011) and Kuhlmann et al. (2012) up until re cently, no assump-
tions were formulated and tested about source guessing for new infoation for which
a source needs to be inferred. Bell et al. (2020) recently proposed a theadcsl exten-
sion of the probability-matching account (Spaniol & Bayen, 2002 for source guessing for
detected-new items. In their studies, Bell et al. (2020) presented face imag&gth profes-
sion labels of a farmer or a lawyer (as items) that were associated witbxpected-farmer,
expected-lawyer, or unexpected behavioral statements for either professidas sources).
The authors adapted the subsequent memory test so that participantsndicated the item
status rst (old versus new) followed by a source attribution for both old and new
items irrespective of their decision about the item status. Their data modeled with an
adapted three-sources model variant of the 2HTSM (Bayen et al., 1996; &efe et al., 2002)
with separate source-guessing parameters for detected-old and detected-nig@ms (Bell et
al., 2020) showed that participants considered the item-recognitin status in their source-
guessing behavior. That is, they applied contingency knowledge only tthose items that
they detected as old (i.e., probability matching) but relied on the hematic knowledge
about the professions as a default guessing strategy for detected-nétems.

What remained unanswered is whether the pre-experimental knowledge wapplied to
novel stimuli, because forced to make a source attribution for theséems, as individuals
could not build an appropriate perception of the item-source contigency due to the large
number of unique pairings of faces and behaviors without speci ¢ ash constant individu-
ating source information during encoding that could, in turn, be transferred and applied
to new items.

To rule out this explanation, we conducted a source-monitoring tak using the well-
established doctor-lawyer paradigm (Bayen et al., 2000) in which paitipants learned
and later attributed expected-doctor and expected-lawyer information toeither of three
constant sources (the doctor, the lawyer, and an unnamed third persg. By presenting
information from constant and known sources, we aimed to test the gearalization of
the probability-matching account to novel decision contexts with distinct sources given
that we usually interact with recurring, specic (and oftentimes known) individuals in
real life. That is, is knowledge reliance in source guessing based on peexperimental
contingency knowledge or pre-experimental stereotype knowledge in soura#ributions for
novel, context-independent, information? In a source-monitoring ask, participants learned
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everyday statements as belonging to either of three sources: the doctor physician), the
lawyer, or a third unknown person who was not described in any further detéh The
doctor and lawyer were accompanied by black-and-white images showingvd similarly-
looking adult men (see Bayen et al., 1996), a name, and profession kabthe third unknown
source was presented without an image, a name, and profession label. 8 ktatements were
normed to be expected either for the profession of a doctor ( Your bloogbressure is too
high.) or a lawyer (| have to be in court at 9am. ) in a survey study by Kuhlmann et al.
(2012). Both item types were paired with each of the three sources equgloften (inducing
a null contingency). In a later memory test, participants attributed each item among new
distractor items to either of the three sources. One feature of the saue-attribution test is
of particular importance as it di ered from the paradigms used throughout the rst three
manuscripts: Whenever an item was classi ed as new, the procedure forced pigipants
nonetheless to attribute the novel information (either expected-docto or expected-lawyer
items) to either source. Even though participants could not draw on cotextual source
memory for these instances (as the information has never been presentedtiwany source
before), they should make their decision based on a simple guess foretsource from which
they nonetheless thought that the statement would originate.

In order to infer the cognitive processes underlying participants' céegorical responses
for old and new items in the source-monitoring task, we also anaBed the data with the
extended three-sources model variant of the 2HTSM (Bayen et al., 1996; Keeét al., 2002)
by Bell et al. (2020). This model extension explicitly assumes separateosrce-guessing
parameters for old and new items (detected or guessed as such), thereforeabled us to
estimate source guessing for both item-recognition states in paxular.

As can be seen in Figure 6, the status of the item recognition was incporated into
source guessing: For those items that were detected as old (parametag ), participants
based their guessing behavior on the item-source contingency re ected ithe stimulus
material (i.e., probability matching). For those items that were detected as new &),
participants based their guessing behavior on pre-experimental knowtige about the pro-
fessions of a doctor and a lawyer. Thus, the learning history of the e@l presentation of
both item types by speci ¢ source exemplars could not be used to generalides applica-
tion to decision contexts for unstudied information. Instead, the profession schema mostly
biased source guessing for detected-new items. This nding was also @vsed for items
that were not remembered and their old-new recognition status therefar initially needed
to be guessed (parameterg, . and g, ).

The last manuscript o ers new opportunities to rethink and question the external valid-
ity of knowledge reliance in source guessing which is the generalizati of the probability-
matching account to new information when a source attribution is reqired. Replicat-
ing recent ndings from Bell et al. (2020), this study demonstrated that generic, pre-
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Figure 6: Manuscript IV Source-guessing parameters of the source monitimg MPT
model for detected-old and detected-new items (adapted from Bell et al., 2@3. Estimates
represent source guessing for the expected (E) source depending on the iggtition status
(old vs. new) of items that were either detected or guessed,_ = probability of guessing the
expected source given that the item was recognized in the rst placeg, . = probability of
guessing the expected source given that the item was guessed to be ad;= probability of
guessing the expected source given that the item was detected to be negy;. = probability
of guessing the expected source given that the item was guessed to be new. Rlaghed line
= chance-level, unbiased source guessing, parameters > .50 indicatehstna-based source
guessing, parameters < .50 indicate counter-schema-based source gieg. Group-level
parameter means are displayed as bars, individual parameter estines are displayed as
dots. The error bars represent the 95%-BCl.

experimental knowledge predominantly biased source guessing in sétions where partic-
ipants were not able to use previously-encountered contextual cues foheir source attri-

butions. The contingency knowledge was not even transferred to souraecisions for novel
information from known source exemplars for which participants hae built an association
between item types and the sources' characteristic that, in principle, cold have provided
the precondition to rely on contingency knowledge in source guessingsal for new decision
contexts. This last manuscript thereby disclosed a restriction of the sope of application
for the probability-matching account to old items.
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5 General Discussion

[...] Knowledge structures [...] provide
invaluable backup to episodic memory.

(Sherman & Besseno, 1999)

In this dissertation thesis, | endeavor to address the nature of kowledge reliance in source
guessing in a systematic way within a joint overarching theoreticaframework. By means of
multifaceted methodological approaches and recent statistical adveces applied throughout
the manuscripts, this thesis contributes to creating a holistic ptture of the speci cities of
knowledge reliance in source guessing and broadens the understargliof its underlying
mechanisms. Whereas judgment processes in source monitoring havitea been modeled
as, more or less, nuisance parameters with limited informational adent to substantive
research gquestions about source-monitoring processes (cf. W. H. Batdder & Batchelder,
2008), we demonstrate the high degree of adaptivity of knowledgeeliance across a wide
range of application elds and in uencing factors thereby further g ualifying guessing as
important inferential processes in reconstructive memory decisions(Meiser et al., 2007, p.
1037). Moreover, the use of state of the art analytical tools, umask notable interindividual
and intraindividual di erences in knowledge reliance in source guedsg and their potential
predictors.

In Manuscript | (L. Wul & Scharf, 2020), we explore the in uence o f pre-experimental
knowledge in forms of age stereotypes on source attributions with # increasingly popu-
lar process-tracing method of mouse tracking. We test whether cursorajectories mirror
the decisional uncertainty between sources due to cognitive con ict aging from the op-
posing social categories of "prototypically young" and "prototypically old". The research
conducted in Manuscript | con rmed that the strength of decisional uncertainty is weak-
ened due to individuals' memory performance but can be less described asfunction of
individuals' knowledge reliance in source-guessing behavior.

In Manuscript Il (L. Wul & Kuhlmann, 2020a), we examine whether so urce guessing
can count as a trait-like response bias and, by this, implies staility in the extent to which
individuals rely on knowledge structures in case source memory faildVe quantify the
stability of participants' knowledge reliance in source guessing@oss two study-test cycles
of source-monitoring tasks varying the time lag or knowledge dmain in between. Further,
derived from the literature on trait-like variables in judgment and decision making, we
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take into account that source guessing can be potentially explainedybpersonality traits
and cognitive processing styles. The research conducted in Manuscripk con rmed that
source guessing encompasses somewhat stable features but can by farbecharacterized
as trait-like to the same extent as other variables (e.g., old-newesponse bias) have been
in the past.

In Manuscript 11l (L. Wul & Kuhlmann, 2020b), we broaden the sco pe of source cues
which individuals can presumably make use of from pre-experimentaknowledge to peri-
experimental knowledge (item-source contingency perceived during encodjh We look
into the underlying automatic or controlled nature of both pre- and peri-experimental
knowledge reliance in source guessing with regard to its resource dependenWe do so by
implementing a dual task during source attributions at retrieval and, in addition, focus-
ing on aging as a natural "dual-task" condition. Further, we assess whether participants
bene t from specic source information provided already at encodirg to counteract in-
uences of knowledge acquired prior to the experiment on source guessinghe research
conducted in Manuscript Il con rmed that the application of knowledg e in the situation of
attributing information to its origin is mostly driven by aut omatic, resource-independent,
cognitive operations. This is true for both contingency-based andtereotype-based source
cues. Contingency knowledge can counteract stereotype knowledge in youngadults if
preconditions are met (speci c source information given at encodig) to accurately per-
ceive the item-source contingency. This nding, however, is not entirelyapplicable to older
adults whose source guessing does not bene t from the contingency percépt to the same
extent as source guessing for younger adults does.

In Manuscript IV (L. Wul et al., 2020), we test source guessing for new information
for which no contextual cues are available emerging from the item-s@oe contingency in
the learning history of the experiment's encoding phase. By setting duthe conditions
to build an accurate item-source contingency during encoding procesginvarious infor-
mation from constant and speci ¢ source exemplars, we investigatehie generalization of
the probability-matching account (Spaniol & Bayen, 2002) to nowl stimuli. That is, we
study whether participants base their source guessing on contingenagther than stereo-
type knowledge when a source attribution is required also for new infonation of already
known sources. The research conducted in Manuscript IV conrmed that paticipants
consider the recognition status of the item in their source-guess@behavior: They guess
mostly based on contingency knowledge for detected-old items but draw ostereotype
knowledge for detected-new items revealing that they do not abstract amh transfer the
contingency knowledge associated with known sources and acquired duringe course of
the experiment to novel decision contexts.

In summary, this dissertation thesis contributes a crucial piece inthe puzzle of how
knowledge reliance a ects source guessing. Based on the empirical evideneported in the
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four manuscripts, knowledge reliance in source guessing is rather)(dnrelated to decisional
uncertainty caused by stereotype knowledge tied to age categories, (2ptsome extent
stable across time and knowledge domains, (3) used in an automatimanner detached from
cognitive capacities, and (4) not generalizable to source attributons for novel information
from speci ¢, known source exemplars.

5.1 Strengths, Limitations, and Future Directions

Besides the substantive gain in learning about the nature of sowe guessing, this thesis
provides a decisive methodological foundation by means of cognigvmodeling of source-
monitoring processes in addition; namely estimating hierarchicaMPT models based on
Bayesian statistics. Source-monitoring processes, from which sourgeiessing was of high-
est priority for the present thesis, were modeled (1) separately for e individual, (2)
accounting for parameter correlations, and (3) accounting for corretions with external
variables such as process-tracing indices (Manuscript 1), persorigi traits and cognitive
processing styles (Manuscript Il), or subjective contingency judgrents (Manuscript II,
[11, 1IV). One by-product of this thesis which should be acknowledyed as a strength is
that knowledge reliance in source guessing within the domain of agdeseotypes is pro-
nounced to a comparable extent across manuscripts (Manuscript I, lland 1I1). Whereas
the reproducibility of an age bias in source guessing is not the niafocus of this thesis, it
nonetheless demonstrates its robustness of knowledge reliance in soeiguessing despite
individual di erences. The latter display an additional advanta ge of the methodological
approach followed in this thesis. We are able to study source gusisg also on an individual
level, for which data of the respective manuscripts are made publiclpvailable on the Open
Science Framework (OSF). These data may serve the interest of the sciet community
and the purpose of reproducible research particularly importan t in times of a replication
crisis in psychological science (Open Science Collaboration, 2015).

In the same vein, another favorable characteristic of the statiscal approach in combi-
nation with the user-friendly software tool TreeBUGS (Heck, Arnold, et al., 2018) became
apparent: parameter-recovery simulations. As power analyses in thBayesian MPT frame-
work neither exist in the classical sense nor may they be appropriatéor each individual
case (see Wagenmakers et al., 2015, for a discussion), simulatibased analyses are of great
signi cance. Of course, simulations are informative to determine he required sample size
prior to data collection given the true parameters of interest are knavn. These, however,
cannot be taken for granted particularly not if researchers su er fro m a lack of reference
concerning previous studies as an orientation for parameter valuetn these cases and due
to potentially inconclusive results, as demonstrated in the rst two manuscripts of this the-
sis, post hoc parameter-recovery simulations can be a valuable imsment to quantify the
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extent to which the obtained empirical evidence is considered robust andetiable both
from a perspective of a basic researcher who seeks to answer a research qoeso the best
of their knowledge and from a perspective of trustworthy and openlyeommunicated results
(Open Science Collaboration, 2015). This thesis can be seen as an dpation example of
such analyses to explicitly account for potential limitations in the precise measurement
and estimation of cognitive processes and source guessing in partiau

Albeit this thesis lays a solid foundation for a more profound understanding of knowl-
edge reliance in source guessing, the research conducted within the scopfethe four
manuscripts can only be considered as a starting point for many nre, prospective studies
that can adapt the study's experimental manipulations, procedure,or stimulus material,
to be compared with the results outlined here and presented in the respest manuscripts
in greater details. In the following, | address three notable chatnges that have emerged
in this thesis and which solving should be incorporated in futureresearch.

First, the present thesis is mostly restricted to the knowledge domim of age stereotypes.
This inherently poses the question of the generalization of the presenndings to other do-
mains. However, based on the source-monitoring literature, there isot any indication why
the proposed underlying mechanisms in source guessing should neee#g di er between
knowledge domains. Thus, the ndings should not be limited to the special case of age
stereotypes (which, nonetheless, needs to await to be backed up by agmriate empirical
evidence). Rather, | am convinced that the use of this item material is lene cial at least
for two reasons. Notably, the verbal stimuli (i.e., everyday staements) come closely to how
we process information in our social environment and is therefore mme tailored to transfer
the results to actual behavioral consequences with regard to source attutions outside of
the laboratory setting. | am aware, however, that there are of coure knowledge domains
(e.q., scene or profession schema) that, in general, trigger more prounced biases (Bayen
et al., 2000; Ehrenberg & Klauer, 2005; Kippers & Bayen, 2014; Schapet al., 2019) for
which it would be also of great interest to look at source guessing me closely. Moreover,
this thesis primarily focused on age stereotypes for the sake of thetontent and societal
relevance in everyday contexts. | elaborate on the implications of tls knowledge domain
in Section 5.2.

Second, modeling source-monitoring data with more advanced toolslfan the ones ap-
plied in this thesis) enables prospective research to draw conclusismabout the nature
of the involved cognitive processes on a more ne-grained level. Recentlgromising ap-
proaches have been proposed by Hartmann et al. (in press), Heck, Egdfler, et al. (2018),
and Klauer and Kellen (2018). In particular, supplementing the agproaches used in in
Manuscript | (L. Wul & Scharf, 2020), in which we studied the cognitive dynamics of
source-monitoring processes with mouse tracking, with more sophisated analyses to ex-
amine the in uence of pre-experimental knowledge on source guessing evatore detailed
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certainly would increase the validity of the results. For instance,with generalized process-
ing tree models (Heck, Erdfelder, et al., 2018) discrete, categorical data can be modeled
jointly with continuous variables (such as process-tracing indicesgiven a suitable task set
up and, hence, data structure (which did not apply to Manuscript 1). Another example of
how the outlined research could bene t from model-based extensions inpcoming studies
is to incorporate reaction times into MPT models as recommended by Klaer and Kellen
(2018) and Hartmann et al. (in press). This method is highly valudle because the order
in which processes occur can be modeled explicitly (Klauer & Kellen, 2018)nlthe par-
ticular case of resource dependence of knowledge reliance in source gueséManuscript
I; L. Wul & Kuhlmann, 2020b), the temporal order of source-mon itoring processes is
particularly interesting with regard to their rather automatic (e.g ., fast) or controlled (e.g.,
slow; Hasher & Zacks, 1979; Schneider & Shirin, 1977) nature (s already highlighted by
Spaniol & Bayen, 2002).

Third, due to the novelty of the research questions proposed in the far projects, a
null-contingency manipulation (50%:50% distribution of item types to either source) is
introduced as baseline. This necessity to study unbalanced item-soura@®ntingencies (i.e.,
75% of each item type to either source) can be put up for discussion. Merspeci cally,
the application of such a less pronounced stereotype-based item-soa contingency dur-
ing encoding could trigger counter-stereotype guessing which, in turnshould be studied
with disruption at retrieval once again (as done in Manuscript IIl; L. Wul & Kuhlmann,
2020b). The variation in the distribution of item types to sources would be from my
point of view of most interest to be studied in the following. The emp irical evidence
suggesting an automatic nature of knowledge reliance could be sulgmented by load
manipulations. In fact, an intriguing additional question would be to examine whether
individuals adapt their source-guessing behavior to the ratio ofcounter-stereotype exem-
plars presented by each source in a rst step replicating previous resezh (e.g., Bayen &
Kuhlmann, 2011; Bayen et al., 2000; Ehrenberg & Klauer, 2005). But whiawould add on
the already-acquired evidence on the nature of source guessing, isitwestigate the impact
of such counter-stereotype contingencies on source guessing under ded attention. Do
individuals in the speci ¢ situation of knowledge application during retrieval attempt to
implement the counter stereotype into their source-guessing behaviar, nonetheless, stick
to their pre-experimental stereotypes? Answering this question in fture studies is sensible
from a perspective of a basic researchers but would be also highlgformative by means
of potential real-life implications. If individuals fall back on pre-experimental knowledge
in source guessing under limited cognitive capacities (be it induced tlough experimental
or more natural settings such as aging) irrespective of the encodel counter-stereotype
contingency it would challenge the e ectiveness of potential intervent ions counteracting
the reliance on pre-experimental knowledge (as, for instance, successjyullemonstrated by
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an explicit stereotype negation instruction; Marsh et al., 2006).

5.2 Implications of Knowledge Reliance

As raised before, a potential danger is linked to biased source guesgiim real life, especially
in situations of uncertainty in source attributions where the stereotype or schema is applied
as default guessing strategy. This may be rational and adaptiveigen that these knowledge
structures oftentimes lead to correct source attributions. But stereotypes (and schemas)
can be also referred to as simpli cation of our social life (cf. Bordad et al., 2016) neglecting
individual di erences and context dependence. By this, they can crucially beconsidered a
misleading cue for source attributions to a certain extent. Namely, b stick to the knowledge
domain of age stereotype as an example, whenever individuals do not beale as commonly
expected for their age-group membership, stereotypes and schemas becomeiravalid an
potentially harmful source-decision cue. Those individuals are nstakenly associated with
behaviors and attitudes that do not fully or in any way at all account for their true
personality features. Remarkably, even if individualized informaion from speci ¢ sources
is acquired in the past, future inferences for these sources are nonetess most likely based
on generic, prototypical knowledge about the social categories that tis person belongs to
(L. Wul et al., 2020). This lack of transfer from knowledge based o previously-learned
information to applied to novel information is undoubtedly crit ical. Misattributions, even
innocently acquired and applied, can then have severe implications inarious areas
reaching beyond the setting or situation in which a source attribuion is made. For instance,
biased source attributions can harm future impression formatia about people because
if perceivers cannot attribute behaviors to their proper source, then hey cannot form
accurate impressions of other people. [...] Moreover, perceivers mighbhhave the time
or resources to sift through the details of their memories to disentagle the contexts
(Sherman & Besseno, 1999, p. 109). In the longer run, resistant mattributions may
then shape general (implicit and explicit) attitudes resulting in a maintenance or even
reinforcement of such stereotypes in society with obvious negative iplications for the
individuals who are stereotyped (Sherman & Besseno , 1999, p. 110Jor age stereotypes,
signi cant implications were reported for the stereotyped age group in the literature (e.g.,
wrongful convictions; Lamont et al., 2015; Levy, 2009; Swift et al.2017; Swift et al., 2012).
The severity of source misattributions due to uncertainty while attributing information
to its original context is even more critical when it comes to the legal degion-making
context. In case of eyewitness testimony in which marginal details in th progression of
events can be decisive at court, misattributions based on general knoedge can have
serious consequences to the a ected person (groups; Lindsay, 19909492014, Lindsay &
Johnson, 1989; Mitchell & Johnson, 2000; Sherman et al., 2003gherman and Besseno
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(1999) aptly described the use of stereotype cues during source atiutions as a double-
edged sword that trades o e ciency and accuracy (p. 110). Nonetheless, tle costs of
knowledge reliance in source guessing due to missing accuracy are thosinstudied and
one can only speculate about the long-term implications of misdtibution in society (e.g.,
Levy et al., 2015).

This thesis brings light into the darkness and provides a remedy for ptential costs of
knowledge reliance for various reasons. Throughout all manuscript and thus knowledge
domains, the extent to which participants relied on pre-experimentalknowledge varied
considerably between individuals. This means of course that some dividuals strongly
guess based on stereotypes but others do not. They are not biased in eithdirection
or even show counter-stereotype guessing. Moreover, whereas we observetesdrait-like
stability of source guessing across time and knowledge domains anuscript Il (L. Wul
& Kuhlmann, 2020a), knowledge reliance could not be undoubtedly clracterized as highly
stable indicating variation also within individuals. Once again, biased source guessing is not
an inevitable backup for (source-)memory failure whose pronowred state-like, situational,
determinants need to be addressed in future assessments. Finally, vaenti ed the accurate
encoding of item-source contingencies as a crucial factor for unbiasedwsce guessing as
most evident from Manuscript Il (L. Wul & Kuhlmann, 2020b) and in line with previous
studies ( e.g., Arnold et al., 2013; Bayen & Kuhlmann, 2011; Kuhlnann et al., 2016;
Kuhlmann et al., 2012; Spaniol & Bayen, 2002). The relevance of itemesirce contingencies
acquired during the learning phase is emphasized arising from theutgomatic counteraction
of stereotype in uences through contingencies. If preconditions are mefor their accurate
perception, source guessing is mostly based on the item-source coméncy (a tendency
that is observed even in older age) but if they are not met (or the contingncy knowledge
is not transferred to novel stimuli without a contextual representation), pre-experimental
knowledge in uences step in. This underpins the subtle role of unbiaed encoding in source
guessing and lays, together with other predictor variables, the foudation for e ectively
designing counter-knowledge based interventions targeted to these rtifiold in uences
bearing in mind the pronounced individual di erences.

5.3 Conclusion

In this thesis, | contribute to the current status quo of judgment processes in source
monitoring by uncovering the nature of knowledge reliance in sourcguessing within a
superordinate theoretical and statistical framework. This thess herein is an important step
towards the understanding of biases in judgment processes duringpurce attributions. It
can thereby serve as an inspiration for future research on reconstruge inference processes
in the memory and decision-making context, and in source monitorig in particular both



34 5 General Discussion

from a basic research perspective but also in terms of applied settisgand initiates

how to e ectively rule out these biases in judgment processes if ultimatly leading to
misattributions.
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Is knowledge reliance in source guessing a cognitive trait? Exa
stability across time and domain

Liliane Wulff* &Beatrice G. Kuhimanrt

# The Psychonomic Society, Inc. 2020

Abstract

When people need to infer the source of information in the absence of memory, they may rely on general k(@gledge
stereotypes) to guess the source. Prior research documented task-related determinants and indieitkes diffstereotype
reliance in source guessing, but little is known about the underling nature of this process. In two experaested whether a
cognitive trait could account for the knowledge reliance in source guessing. Participants perfoiisht/studytest cycles

of a classical source-monitoring paradigm in which two person sources present stereotypical infoahizt@fatier test phase

had to be attributed to its origin. In Experimdntboth tasks used item material from the same knowledge domain (age
stereotypes) and were either separated by 10 minutes or 7 days. In Exp2rimentsed item material from two different
knowledge domains (Task 1: age stereotypes; Task 2: gender stereotypes). Although cross-tasksofretatioe-guessing
parameters from Bayesian-hierarchical multinomial processing tree model analyses showed only weatopeditiicns,
absolute source guessing remained fairly stable within individualssatime (Experiment) and knowledge domains
(Experiment?). Considering statistical challenges of the assessment of relative stability via correlations, we seyhest ba
the stricter absolute stability criterion that source guessing rather encompasses trait-like features. We discuss implication:
regarding the generalizability and nature of source guessing in comparison to other cognitive processesnrsmivce
attribution, which were highly stable in both experiments.

KeywordsSource guessingCognitive trait- Bayesian-hierarchical multinomial modeling

The ability to remember the source of information (evpo  aging and what we typically associate with being young and
presented it) is crucial for many types of cognitive tasks in owld (Kuhlmann, Bayen, Meuser, & Kornad2016
everyday life (Johnson, Hashtroudi, & Linds&993. For  Kuhlmann, Kornadt, Bayen, Meuser, & Wulf017). This
instance, we have to remember who told us something @mherent reliance on prior knowledge, of course, does not al-
where we read the latest news. The process of attributing imays lead to the correct source attribution and a biased misat-
formation to sources is highly susceptible to prior knowledgeribution could consequently support the maintenance (and
such as stereotypes and schemas (e.g., Bayen, Nakamueinforcement) of stereotypes over time.
Dupuis, & Yang,2000. For example, if we do not remember  Crucially, some studies have documented individual differ-
who told us about a new aerobic course in the gym, we magnces in the extent to which people rely on their prior knowl-
infer that the person source was a young adult rather than adge in source attributions (Arnold, Bayen, Kuhlmann, &
old adult based on guessing in line with our stereotypes abouaterrodt,2013 Spaniol & Bayen2002. Although influ-
ences on knowledge reliance in source guessing are well stud-
ied on the group level (contingency perception: e.g., Arnold
Electronic_supplementary material The online ve_rsion of this article etal.,2013 Bayen & Kuhlmann2011 Kuhlmann, Vaterrodt,
(https:_//don.o_rg/1_0.375_8/513421-019-_010()&dnta|ns supplementary & Bayen,2012 Spaniol & Bayen2002 source memory: e.g.
material, which is available to authorized users. ! !
Kuhlmann et al.2018, little is known about the underlying
«  Liliane Wulff mechanisms of source guessing that may explain the origin of
wulff@psychologie.uni-mannheim.de individual differences. That is, why do some people strongly
rely on their prior knowledge and others not at all? Is knowl-

1 Department of Psychology, School of Social Sciences, University §dge reliance in source attributions an intraindividual predis-
Mannheim, D-68131 Mannheim, Germany position? Thus, the purpose of the current set of experiments

@ Springer
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was to examine individual knowledge-based source guessingsponses given in the task at first sight. Both improved mem-
and whether source guessing manifestsagnitive trait  ory for or biased guessing in favor of typical statersmirce
(Kantner & Lindsay012—reflected in stability across time combinations could explain the performance benefit.
and (content) domain of the item materiar fluctuates Multinomial processing tree (MPT) models such asTihe-
across tasks, which in turn would imply that situational detefigh-threshold multinomial model of source monitoring
minants of source guessing are primarily at play. Keeping i(RHTSM; Bayen, Murnane, & Erdfeldet996 disentangle
mind the detrimental effects afdorrect attributions of memo- different cognitive processes contributing to observable be-
ries based on source guessing in the social environment (elgayvior (e.g., Batchelder & Riefef999 Bayen et al.1996.
biased impression formation about others; Bell, Giang, Mund, &he 2HTSM decomposes the following processes from
Buchner,2013 Ehrenberg & Klauer2005 Sherman & source-attribution behavior: item memory (i.e., the probability
Bessenoff1999 or in the legal context (e.g., false accusation®f recognizing a presented statement), source memory (i.e.,
in court; Lindsay,1994 2019, it is essential to understand the the probability of remembering the source that presented a
potential persistence of such a source-guessing bias. statement), item guessing (i.e., the probability of guessing that
an unrecognized statement was old), and source guessing (i.e.,
the probability of guessing that a statement was presented by a
Knowledge reliance in source guessing specific [e.g., the typical] source).
Bayen et al. 2000 showed that schema-reliant source
Attributing information to sourcesdefined assource guessing, and not differential source memory, caused the per-
monitoring—can be based on two cognitive processesformance benefit for typical statemesturce pairs.When
People can either rely on memory for contextual detailparticipants did not remember which source presented a state-
(e.g., spatial, temporal, episodic, perceptual or affective desent, they guessed the schema-consistent source. Thus, a lack
tails) or general knowledge (Johnson et B93 Mitchell ~ of memory is often found to be compensated with preexisting
& Johnson2000. General knowledge includes schemas thakknowledge at least when analyzing the data on the group-level
organize, link, and structure information based on previoug.e., aggregated across participants; Arnold et28l1,3
experience (Alba & Hashet983, and stereotype$a set of Bayen & Kuhlmann2011, Bayen et al.200Q Ehrenberg &
beliefs about the personal attributes of a group of péopllauer,2005 Kuhlmann et al.2016 Kuhlmann et al.2012
(Stroebe & Insko1989 p. 5). The reliance on prior knowl- Kippers & Bayen2014 Spaniol & Bayen2002. As MPT
edge in source-monitoring tasks has been demonstrated irmadels are merely measurement models that quantify certain
multitude of studies (e.g., profession schemas: Bayen et atQgnitive processes, the question what determines these
200Q room schemas: Kuppers & Bay@014 gender stereo- processes-and especially biased source guessigmains
types: Marsh, Cook, & Hicks2006 social stereotypes: open. Several determinants of biased source guessing have
Ehrenberg & Klauer2005 Sherman & Bessenoff 999  been identified already: misperception of #source contin-
age stereotypes: Kuhimann et 2016. gency (Arnold et al.2013 Bayen & Kuhimann,201Z%,
Using Bayen et dk (2000 doctoHawyer paradigm as an Kuhlmann et al.2012 Spaniol & Bayen2002, poor source
example, we will illustrate the standard experimental desigmemory (Arnold et al2013 Kuhimann et al.2016, reduced
for investigating influences of stereotypes and schemas @ognitive capacities at encoding (Bayen & Kuhimaz01 1,
source monitoring. In the study phase, participants learn ifehrenberg & Klauer2005 Kuhlmann et al.2012), and pro-
formation presented by two sources (e.g., two peré®os?’  vision of category information about sources after encoding
& “Jim’) that present an equal number of statements that afidicks & Cockman,2003 Kuhlmann et al.2012. Even
either typical for their source (i.e., consistent with the schenthough these determinants can explain differences in source
or stereotype associated with this source category; e.g., laguessing between experimental conditions, they do not con-
yer: “l have to be in court at nifig or statements that are sider remaining interindividual variance (but see Arnold et al.,
typical for the other source (e.g., doctit:will take a couple 2013 Spaniol & Bayen2002 and whether biased guessing
of hours to get the results of this blood tesAt test, partic-  happens occasionally or consistently.
ipants are informed about the specific category each source

belongs to (e.g., profession of a doctor & a lawyer), and theyschemas/stereotypes can also influence source memory. If an item is very

have to remember the source of each statement among naywical for the source with which it was presented, then attention is drawn to
distractor statements this expectation-violating item-source combination, which may result in better

. L . .. source memory for the atypical, schema-incongruent or stereotype-
In previous source-monitoring studies, participants coMpcongruent information (i.e., incsistency effect; e.g., Bell, Buchner,

monly made more correct source attributions when a stat&roneisen, & Giang2012 Ehrenberg & Klauer2005 Kroneisen & Bell,
ment was typical for its source (e_g_’ Bayen et MQQ- 2013 Kippers & Bayen2014. However, this is not consysten.tly obsgrved

h iti that lead to thi f b %v¥é ereas schema-based/stereotype-based source guessing is consistently ob-
The cognitive processes that lead to this performance Denellfyeq, even when this inconsistency effect occurs. In any case, this guessing
for typical statements are not evident from the categoricalas leads to a performance advantage for typical item-source combinations.

@ Springer



Mem Cogn

Recent methodological advances in the estimation of MPlise between two tests, sepedaby either one or seven days or
model parameters offer more sophisticated statistical analysesnediately succeeding each other but with varying judgment
and allow for inferences about cognitive processes on an inentent domains. Thus, the general tendency to rely on the rec-
dividual level. One such advance is the latent-trait model, agnition heuristic (i.e., on orgeprior knowledge) in judgments
Bayesian-hierarchical extension of multinomial models proseems to be a cognitive disposition that is stable across time and
posed by Klauer2010. The latent-trait model accounts for independent of the knowledge domain.
variability between individuals and estimates parameters that Even though the source-guessing bias is somewhat differ-
reflect latent cognitive processes for each individual separatent from the oldnew response bias (Kantner & Lindsay,
ly. With this extension, individual parameter estimates can 2012 and the recognition-heuristic use (Michalkiewicz &
compared and correlated across different applications of a taSkdfelder,2016, these measures share not only task-related

(e.g., across time and stimulus material). features such as the mechanism of recognition, but, especially,
the recognition-heuristic use shares a common content feature
Cognitive trait with source guessing: peofdeeliance on prior knowledge.

Thus, the trait-like stability may also hold for knowledge-

One possible extension to the aforementioned group-level degased source guessing but has not been tested yet.
terminants could be that individual differences in knowledge
reliance in source guessing reflect trait-like stabilityCognitive trait = personality trait?
Independent of thexperimental corilon, some people
might be more inclined to rely on knowledge to fill memoryKantner and Lindsay2014 examined personality trait-like
gaps whereas others might be less inclined to do so. If orpialities (p. 1273), defined as an association between a re-
follows the definition of Robert2009, trait-like stability is sponse bias and a personality trait (a detailed description of
“meaningfully consisteh{p. 139) behavior. That s, although key personality traits and cogive-processing styles
behavior should be consistent across certain situations it muscussed in this section can be retrieved from Ta)le
not be identical in order to be considered stable. Trait-lik&heir results brought only weak evidence for a correlation
stability would, for instance, be reflected in correlational eviwith need for cognition (NFC; Cacioppo & Pett®82 and
dence of two variables but not necessarily in the same numeiiternal punishmenteward preference (behavioral inhibition
point estimates across situations. For response tendencies ssiggtem/behavioral activation system; Carver & WHig94
as oldnew guessing bias in recognition tasks (Kantner &cores. Whereas a cognitive trait may be independent from a
Lindsay,2012 2014, knowledge reliance in recognition heu- personality trait, Kantner and Linds&0(@49 acknowledged
ristic (Michalkiewicz & Erdfelder2016, and risky decision- that this association may nonetheless exist. Michalkiewicz,
making (Glockner & Pachu2z012), trait-like stability inthese Minich, and Erdfelder2019 assessed the relation between
cognitive processes underlying responses was reported. the recognition-heuristic use and NFC as well as faith in intu-

In a study by Kantner and Lindsa2(Q12, individuals ition (FlIl; Epstein, Pacini, Denes-Raj, & Hei#89§. They
learned English nouns for a later memory test in two separdteund a negative correlation of recognition-heuristic use and
study-test cycles. After studying these items, individuals inNFC but no substantial correlation with Fll. Participants who
dicated whether they had learned the items before or not. Teeored low on NFC tended to use the recognition heuristic
tendency to respond that a previously studied item was prerore frequently. This relationship was unique to NFC and
sented (old”), measured as signal-detection theory (SDTheld even after controlling for the Big Five personality traits.
response-bias measuaréMacmillan,1993, correlated highly So, the recognition-heuristic use possesses personality trait-
across tests, separated by either 10 minutes or seven days, Bik®lqualities at least to some extent.
also across stimulus material (words & digital images of paint- If knowledge reliance in source guessing turns out to be a
ings). The authors concluded that the-olelv response bias cognitive trait, personality traits may be related to it as well.
in memory is a&ognitive traitthat should not vary deliberately Additionally, knowledge reliance in source guessing may be also
within individuals and has predictive value given comparableclated to stereotypical thinking in general. We often use stereo-
experimental settings across tests. They explicitly distirtypes as a cognitive tool (Gilbert & Hixalt®91 Macrae, Milne,
guished it from a personality trait but acknowledged that cog& Bodenhausen]1994 to evaluate members of social groups
nitive and personality traits could be associated. because individuating is mentally effortful (Fisk®89. This

Cross-task stability of the reliance on prior knowledge hakck of motivation to process indiual information deeply could
also been documented for the recognition-heuristic use in judglso hold for knowledge-based source guessing. For instance,
ment tasks (i.e., choosing the recognized object and ignoaad in line with the aforemeantied research on the recognition
knowledge about it; Goldstein & Gigerenz2002. Applying  heuristic, stereotyping is reldt® NFC in some studies. That is,
a latent-trait MPT model, Mhalkiewicz and Erdfelde201§  people who score low on NFC tend to use stereotyping as mental
found strong correlations of individualgcognition-heuristic ~ shortcuts more often (e.g., Carter, Hall, Carney, & R@§Ifg
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Table 1 Definition of exemplar (personality trait) constructs related to knowledge reliance andedsipens

Construct Definition Reference
Recognition heuristic (RH) Simple decision strategy applied in diciwis judgment tasks. For e.g., Goldstein & Gigerenze202);
instance, when participants need to answer the quégtbich city is cf. Michalkiewicz &

more populous: Tokyo or Busah®ey should choose the recognized Erdfelder 2016
object (here: Tokyo) according to the RH because they immediately

recognize this city (and not the othegréx Busan). They could integrate

more detailed knowledge about the city (e.g., that cities with international

airports such as Tokyo are often populous) and come to the same choice.

Need for cognition (NFC) Individual tendency to engage in effortful, deep thinking and to enjogf. Cacioppo & Petty1982
structuring situations in a meaningful way.

Faith in intuition (FII) Individudk tendency to rely on intuitive, experiential processing of cf. Epstein, Pacini, Denes-Raj,
information. & Heier (1996

Big Five Taxonomy for five basal personality traits. Openness for Experiencee.g., Goldberg1993; John &
contrasts curious and exploratory trait facets with rigid and traditionaBrivastaval999; cf. McCrae &
ones. Conscientiousness contrasts disciplined trait facets with Costa 2008

unambitious ones. Extraversion contrasts warm and outgoing trait facets
with reserved ones. Agreeableness contrasts generous and honest trait
facets with selfish and aggressive ones. Neuroticism contrasts calm and
stable trait facets with sad and scared ones.

Behavioral inhibition Taxonomy for two motivational systems that underlie negative and pogifiv@arver & White {994
system/behavioral activation affect. The BIS reflects an orientation towards aversive outcomes; the
system (BIS/BAS) BAS reflects an orientation towards pleasant outcomes. The BAS scale

can be subdivided into reward responsiveness, drive, and fun seeking.

Note Description of central concepts mentioned in the introductory paragraph including exangpiethese concepts have been referred to in the
literature

Perlini & Hansen200J) or even less often in terms of stereotype-experiments, we examined the stability of knowledge reliance
consistent recall (Crawford & Skowronsk®99§. Transferredto in source guessing to test whether Kantner and Liidsay
source guessing, this mixed evidence in terms of the direction (2012 2014 findings characterizing response bias as a cog-
relation suggests that source guessing and NFC could be relateitive trait generalize above and beyond-okelw item guess-
although the direction of correlation cannot be derived. Witing and the methodological approach of signal-detection the-
regard to the Big Five personality traits, Fly@0@3 showed ory to multinomial processing tree modeling. Following
that the trait Openness to Experience was negatively correlatglichalkiewicz and Erdfelde2016, we tested two different
with explicit interracial attitudes and positively with impressiongacets of stability as a fitdike predisposition-stability

of other-race persons. Carter et al., (2006) showed that the wileross time and knowledge domain. Therefore, we applied
ingness to accept stereotyping is negatively correlated wittwvo distinct source-monitoring tasks to each participant, using
Agreeableness and positively with Extraversion andtem material of the same stereotype domain but separated by
Neuroticism. Assuming that the knowledge reliance in sourcatime interval of 10 minutes or seven days (Experiment 1) or
guessing is also used to form an impression about other persodifferent stereotype material between tasks (Experiment 2).
one could speculate that it may be negatively correlated with Other than Kantner and Linds&0(2 2014, we specified
Openness to Experience and Agreeableness and positively amBayesian-hierarchical model version of the 2HTSM (Bayen
related with Extraversion and Neuroticism (based on Carter et adt, al.,1996 to assess parameter correlations, but our data did
2008 Flynn, 2009. It is, however, generally debatable whethemonetheless also allow for a replication of their findings with
the correlation of stereotyping with personality traits otboth MPT and SDT measures of response bias. In addition to
cognitive-processing styles can be transferred to stereotypingthis relative stability, we examined the absolute stability mea-
memory tasks, and more specifically, to the cognitive process sfired as the absolute difference of source guessing between
source guessing, and this théremnains an exploratory research tasks. Based on Robeag2009 stability definition, we did

question. not necessarily expect to observe the exact same point esti-
mates of source guessing across tasks (i.e., absolute stability)
Overview of the current experiments but rather a correlation across time or knowledge domain ir-

respective of the overall group-level estimate (i.e., relative
We knew from prior research that people differ in the extent tetability). Participants who guess stereotype based more
which they make use of stereotypes/schemas in source guestsongly than others in one test should be more prone to do
ing (e.g., Arnold et al2013 Spaniol & Bayen2002. Intwo  soin another test even if the mean group-level source guessing
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changes (e.g., due to regression to the mean or reactive effestparated by 10 minutes £ 114; M = 21.37 yearsSD =
from the first task). 2.11 years, age range:-% years, 76% women, 40% psy-
chology majors) or seven days< 110;M = 20.76 yearsSD
= 2.12 years, age range-2% years, 82% women, 50% psy-
Experiment 1: Stability across time chology majors). Exclusion criteria during participant recruit-
ment were color-blindness, age >26 yeatrs (i.e., older than the
If stereotype-based source guessing is a cognitive trait, ¥eunger participants in the survey study for norming the item
should be stable within individuals across time (Kantner gnaterial; see Material section), neurological disorders, previ-
Lindsay,2012 Roberts2009. Therefore, we tested whether OUS participation in a similar experiment, and insufficient
participants show comparable (absolute and/or relative to tkgerman proficiency (i.e., learned after the age of 6).
group level) knowledge reliance in source guessing in two
separate source-monitoring tasks, performed either 10 minutdsterial
or seven days apart. We estimated individual source-
monitoring parameters and cross-task correlationgge-stereotypical statements for the source-monitoring tasks
differences using Bayesian-hierarchical modeling (laterdonsisted of everyday statements selected from a previous

trait; Klauer,2010. survey study (Kuhlmann et a2017). In this survey, 74 older
(M = 70.17 years, 60-84 years) and 69 younier=(22.03
Method years, 18-26 years) participants rated the age typicality of 368
statements reflecting the positive or negative pole of three
Participants and design adjective dimensions (autonomy, instrumentality, and integri-

ty) in five life domains (family & partnership; finances;

The design was a 2 (time interval between tasks; betwedfiends & acquaintances; health, fitness, & appearance; reli-
Subjects) X 2 (Source age: old vs. young; within Subjects) gion & splrltuallty) An example statement i$:volunteer at
2 (age stereotypicality: statement typicality for respectivehurch’ (adjective dimension: instrumentality [positive]; do-
source age; within subjects) mixed factorial. As there is cumain: religion & spirituality). The typicality of a statement for
rently no appropriate power analysis for Bayesian-hierarchicgither a“young adult or an“old adult (between subjects)
MPT models available, we computed the equivalenyas rated on a 5-point Likert scale (very atypical 2 =
frequentist analysis for orientation. An a priori power analysigtypical 3 =neither typical nor atypica =typical 5 =very
in G*Power 3 (Faul, Erdfelder, Lang, & Buchngf0? re-  typica). Following Kuhimann et al.2016, we defined a
vealed that assuming a moderate positive correlation of sourg@tement as typicatypld if the mean typicality rating for an
guessing across time, Pearsor .30,n = 82 participants per “old adult was 3 and, at the same time, <3 for*goung
condition are needed to yield a power (1) of .80at =.05 adult and vice versa for typicalyoung statements. One
(two-tailed). We increased the number of participants per cofiundred and thirteen typicagld and 103 typicallyyoung
dition beyond a minimum of 100 for two reasons: first, tostatements fit our criterion. Out of these, we randomly selected
increase estimation precision and, second, to fulfill oufO typically-old and typicallyyoung statements each and di-
counterbalancing constraints. Additionally, we conducted rédded them into two item sets of 60 statements (30 of each
covery simulations to test the precision of parameter estimipicality) for the two tasks. Item sets were comparable in
tion for the recruited sample size and used item number in tfi@eir mean typicality ratings (a6 .649), polarity, adjective
experiment (see Tab&ilin the Supp|ementa| Materiéb_ dimension and life domain. Furthermore, each of the 60-item
In total, 224 students of the Universities of Mannheim an&€ts was divided into three matched subsets of 20 statements,
Heidelberg participated for psychology course credit or morf Which two subsets served as study lists and one as
etary compensatiohWe randomly assigned participants todistractors at test. The assignment of item lists to study and
two conditions (bet\Neen Subjects) in which they had to com:listractor lists was countetlbaced across participarﬁs.

plete two age-stereotype source-monitoring tasks eith&tirther, the source ages and names were counterbalanced
across tasks. At test, one souscege was indicated to be 70

2 We thank an anonymous reviewer for suggesting these parameter-recovgwars and the otherto be 23 years because these were the

simulations. . . 1oq €S participants thought of while rating the statement typical-
For unknown reasons, source-guessing variance was Strongly restricted fo

the first 54 participants in the 7-day condition, preventing a meaningful cot'—ty for an“old adult or a“young adult, respectively, in the
relation analysis (see Fig. S1 in the Supplemental Material). Therefore, we

started data collection for this condition anew. Analyses based on the initiaThe assignment of study and distractor lists was not fully counterbalanced, as
data set of 54 participants can be retrieved from the Supplemental Materialfas organizational reasons more participants took part than necessary to fulfill
well as analyses based on the initial 54 (see Fig. S1) and additional 1t@unterbalance constraints. Because the differences in the number of partici-
participants combined (see Fig. S2). Inclusion of these data did not changants between counterbalance conditions were small and not at all systematic,
the conclusions (see Tables S2 and S3). we preferred to analyze all collected data.
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survey (Kuhlmann et a017. In both tasks, common German on the screen for 4 s followed by an interstimulus interval of
last names (without indicating age or gender) served as sourc2S0 ms. We randomized the order of statersmirce com-
either*Muller’ and“Schneidéror “Fischet and“Schmidt: binations restricted to three subsequent statements presented
Both experiments included the BFI-2 short form (Soto &y the same source.
John, 2017 derived from the German self-report long form At test, we informed participants that it might be helpful to
(Danner et al.2016 Rammstedt, Danner, Soto, & John, know social category infornian about the sources (i.e.,
2018. This short form consists of 30 items assessing the Bigrhich source was 70 vs. 23 years old) for the upcoming mem-
Five personality traits under 15 specific facet traits (each twory test. During the self-paced test phase, participants again
items)® Items were rated on a 5-point Likert scale @rong-  saw all statements from the study phase randomly intermixed
ly disagree5 =strongly agreg Need for cognition (NFC) and with one-third new distractor statements. Participants then de-
faith in intuition (FII) were assessed with the German translaided for each statement whether it had been presented with
tion of the Rational Experiential Inventory (REI; Epstein et al.pne of the two sources or was new. We presented the question
1996 Keller, Bohner, & Erb2000. The REI consists of 29 “Who said written in white font in the top left corner of the
items, 14 assessing the construct of NFC, 15 assessing Ftreen, and the test statement, centered on the screen. In the
rated on a 7-point Likert scale (1completely false7 = center, one source name was presented to the left, the other
completely trug source name was presented to the right, both in the corre-
sponding color (green or yellow) as in the study phase with
the age information below (i.870 yearsvs.“23 years). We
Procedure additionally presented the response optiEW” in the bot-
tom center in red font. Participants responded via pressing the
Experiments were programmed wiflpenSesam@athot, key“D” for the left response optiotK” for the right response
Schreij, & Theeuwes2012 and run on computers with a option, and the space bar for the new response option. Key
screen resolution of 1,280 x 1,024 pixels. Participants wengositions on the used QWERTZ keyboard corresponded to
tested in groups up to four in individual computer boothssource position on the screen and were additionally marked
After providing written informed consent, each participanwith colored (green, yellow, red) stickers. Finally, participants
performed two distinct studyest cycles of a source- estimated their perceived ratio of age-typical statement
monitoring task. In each task, participants learned informatiasource combinations (contingency judgment). That is, they
presented by two sources that they had to remember ineatimated how many of the statements from the study phase
following test phase. To render both tasks comparable, partiof each typicality categoryi.¢., young, old; order
ipants were explicitly instructed before learning that both iteraounterbalanced between tasks and within subjects) had been
and source memory would later be tested. Although incidentptesented by each source. The procedure for the second
source learning results in eater source-guessing bias source-monitoring task was equivalent to the first but used
(Kuhlmann et al.20129, we used intentional source-learningdifferent source labels (e.g., first tasischet &
instructions for both tests as participants would have knowfSchneider, second taskiMiiller” & “Schmidt) and age-
that we test their source memory during the second task basstdreotypical statements.
on the first tasksmemory test. We further informed partici- ~ We randomly assigned participants to either complete the
pants that one source person was old and the other young b tasks in the first session, separated by 10 minutes, or one
did not reveal the specific ages until test. We presented tiper session, separated by seven days. In the first session, par-
statements trial by trial in the study phase, each combined wititipants in the 10-minute condition worked on the first
one of two source names. Each source presented half typicalurce-monitoring task, filled out the demographic question-
information and half atypical information. For instance, thenaire and the BFI-2 within the fixed interval of 10 minutes
“old adult was associated with typicalgld behavior, such (measured with a stopwatch) followed by the second source-
as going to church or visiting the doctor but, at the same timenonitoring task. If participants finished the questionnaires in
with typically-young behavior, such as going to the gym andess than 10 minutes, they were instructed to wait quietly until
meeting friends for a shopping tour, equally often. The souragme had passed (nobody needed more than 10 minutes).
names were printed in green or yellow (counterbalanced bParticipants in the 7-day condition completed the first
tween subjects) on black background (font: sans; font sizeource-monitoring task and then rated the typicality of state-
35pt); the statements were written in white below (font: sanshents for either a man or a woman (used in Experiment 2) and
font size: 32pt). Each statemesurce combination remained completed the RELI. Both participant groups returned to the lab
one week later on the same day and, if possible, at the same

5 Due to experimenter error, the first 26 questionnaires lacked one item for tkﬂﬁne as for the first appointment (i 8 hours) to ensure compa-
domain of conscientiousness (from the trait facet responsibility), which we

thus dropped from analyses for all participants in Experiment 1. We used tﬁék_)i"ty in the procedures. Participants in 'fhe _10'm'nu_te con-
corrected questionnaire in Experiment 2. dition now rated the statemé&ngender typicality and filled
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out the REI; participants in the 7-day condition worked on thérials (aggregating attributions across typiealbung and -

second source-monitoring task, then filled out the demograpbld distractorsy.

ic questionnaire and the BFI-2. Finally, all participants were To obtain individual parameter estimates and correlations, we

debriefed and compensated. applied a latent-tra@ayesian-hierarchical extension of multino-
mial modeling (Klauer2010. This approach accounts for var-
iability between participants by treating parameters as random

Results and discussion variables’ Individual model parameters and their correlations
are estimated jointly in one mod8kparate parameter estimates
Model-based analyses for each person are constrained by the population-level model

that assumes a multivariate normal distribution of the probit-

We applied the 2HTSM (Bayen et dl996 to estimate the transformed model parameters with a mean and covariance ma-
following underlying cognitive processes based on the olirix to be estimated from the data. This Bayesian-hierarchical
served response frequencies collected in each soura@gproach is particularly advantageous here because, in addition,
monitoring task: The probability of item recognition is meat allows inclusion of externalowariates of model parameters
sured by parametdd, separately for statements that were(e.g., personality traits). Saraplfrom the posterior distribution
originally presented by the typical sourd®;), the atypical of parameters are drawn with the Monte Gavlarcov chain
sourceD,), or are newldy). When a statement is recognized, (MCMC) algorithm. We used tHe packagdreeBUGSor this
the source may also be remembered with probabilitfore  purpose (Heck, Arnold, & Arnold?018. To fit a latent-trait
specifically in the present paradigm, with probabitifythe =~ MPT model, prior distributions for the group-level mean and
typical source is remembered, whereas wjilthe atypical covariance are needed that are updated by the incorporated
source is remembered. When source memory fails (with probata resulting in a posterior ttibution of model parameters.
ability 1 drorl da, respectively), guessing processes aré-ollowing Klauer 2010 and Matzke, Dolan, Batchelder, and
engaged. Specifically, paramedgneasures the probability to Wagenmakers2015, TreeBUGSuses weakly informative
guess that a recognized statement is presented by the typipabrs (see th&upplemental Materialr Heck et al.2018 for
source and with the complementary probabilitydthat the  further details). The number of iterations for each model was fit
statement is presented by the atypical source. If item memaiyconvergence. That is, we cycled through three MCMC chains
fails, the source can also not be remembered (Bell, Mieth, &ith 20,000 iterations each until all parameters reached the de-
Buchner,2017 Malejka & Broder,2016 see also Klauer &  sired convergence criterion as indicatediy1.05 (Gelman &
Kellen,2010. With probabilityb, participants then guess that Rubin,1992). In order to check for convergence stability, we ran
a statement was previously presented in the study phase (i.e.,
is “old"), either followed by guessing the typical (probability —— ion ' sditionall fted

H ili t HH ollowing a suggestion an anonymaous reviewer, we aaaitiona Ittea an
g) or atyp|cal source (prObablllty 1g). With prObablhty 1 alternativegno-bigg model a)itributing gny typicality-based differenceg in source

b, participants guess that the statement is new. attributions to differences in source memory (idg.versusda estimated
We used Submodel 4 of the 2HTSM (cf. Bayen e28I00 independently) but not source-guessing bias é.e.g = .50; retaining the

which has been used to ana|yze data from similar paradigmsiﬁﬁn-memory restrictioB+ = D = Dy). This model neither fit the data from
the 10-minute condition of ExperimentTy, < .001, T, < .001, nor the data

prior StUdie_S (K_Uhlmann _et a2016 Spaniol_ & BE.lyenZOOa, from Experiment 2T; = .001,T, < .001. In the 7-day condition, this no-bias
illustrated in Fig.1. This is the most parsimonious model to model merely fit in the mean structufg, = .09, but not in the covariance

start with as it explains source-monitoring data with four pastructureT2 <.001. The trade-off between model fit and complexity using the

. .. Bayesian measure DIC (Spiegelhalter, Best, Carlin, & Van der 202)
rameters onlyD measures the probability of recognizing Arevealed that Submodel 4 (reported in the main analysis of the manuscript;

statement as old, regardless of the originally presentinguating source memory for typical and atypical statement-source combina-

source, or new (i.eDt = Da = Dy = D). Parameted mea-  tions) is preferred across all experiments/conditions (10-minute condition of

- . xperiment 1, DIG bmodel 44718 VS. DIGio-bias model 4939; 7-day condition
sures the probability of remembering the source of a reco§f EXpEriment 1, DIQuooonol 4541 VS. DI Gy e wogei 4656; Experiment 2,

nized old statement (i.&y = da = d). Parameteld measures  DICsumodel 2 5125 VS. DIGio-bias model 5528). This confirms that the typi-
the probability of guessintpld.” And, crucially,g measures cality effects we observed in source attributions are best described by source-

e . . essing biases, not source-memory differences. We thus retained Submodel 4
the prObablhty of guessing the typlcal source, regardless (grthe 2HTSM for the main analyses as this was the most parsimonious model,

whether the statement was recognized or merely guessedaich fit the data from all our experimental conditions well and provides a
be old (i.e.,a = g). Thus, the data basis for our analysisvalid measure of source-guessing bias.

consisted oftypical' trials (aggregating attributions across_'raditionally, MPT model parameters are estimated from the group-level
aggregated response frequencies using maximum likelihood estimation (e.g.,

typically-old statements presented by tlwd” source & g Batchelder1994, and thus inherently assuming homogeneity of both
typically-young statements presented by‘ty@und source), participants and items (Batchelder & Riel99. As a result, MPT models

“atypical trials (aggregating attributions across typicailgg ~ a" be misspecified and their parameter estimates biased if participants and/or
items are heterogeneous (Klau291Q Matzke, Dolan, Batchelder, &

statements presented by theound source & typically  \yagenmaker2015 Smith & Batchelder2010. Most crucially, individual
young statements presented by todd” source) and new differences are ignored in this analysis approach.
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"Typical
Source"

"Typical
Source”

"Atypical
Source”

for Source
"Typical
Source”

covariance structure only in the 7-day conditiprs .062,
and not in the 10-minute conditiom= 02

We report the group-level mean estimates of the posterior
distribution for the four source-monitoring parameters and cor-
responding 95% Bayesian credibility intervals (BCI) as present-
ed in Table2. In the following, we will focus on the source-

guessing parametgr We first examined whether there was a
stereotype bias in source guessing on the group level.
Therefore, we sampled the posterior distribution for the differ-
ence in the mean source-guessing paramétem the chance
level of .50 (i.e., g .50). A statistical maningfully differ-
ence of posterior parameter distributions would be reflected in a
BCI of the difference that excluded zero. In the 10-minute con-
dition, source guessing differedostantially from chance-level
guessinginTask1,(g .50)=.07[.03,.11], and Task 2,(g

.50) =.06 [.02, .09], thus replicating prior findings of source-
guessing biases in the domain géatereotypes (in traditional

Source” aggregate-MPT analyses; Kuhlmann e2419. In the 7-day
condition, source guessing exded .50 only in the first task,

.50) = .05 [.01, .08] but not in second task one week

(©
@ later, (g .50)=.01[.03,.04].

"Typical
Source”

"Atypical
Source”

"Atypical
Source”

"Atypical
Source"

"Typical
Source”

"Atypical
Source"

Atypical
Item for
Source Age

"Typical
Source”

Stability

— Relative stabilityVe define relative stability as the cross-task
correlations of source-monitoring parameters. These were au-
tomatically estimated in the latent-trait approach as imple-
Fig. 1 Two-high-threshold multinomial model of source monitoring me_nted inTreeBUGHeck et al.,2018. Table3 presents
adapted to the current paradigBy = probability of recognizing a estimates of the between-task correlations of each source-
statement that had been presented by a typical s@yce;probability  monitoring parameter based on the posterior samples. For
of recognizing a statement that had been presented by an atypical souggyrce guessing, the individual-level correlation across tasks
Dy = probability of knowing a statement is neds; = probability of . also depicted in Fi. Numerically, these source-guessin
correctly remembering the source of a statement that had bedh ’ P ) ’ o ) Y . .g g
presented with a typical sourcd; = probability of correctly ~ correlations were in the positive direction, suggesting that par-
remembering the source of a statement that had been presented withtigipants whose source guessing was biased in the first test
atypical sourceb = probability of guessing that an unrecognized 550 tended to be biased in the second test. However, both
statement is oldh = probability of guessing that a recognized statement lati th Il and their BCls included
had been presented by the typical sougeeprobability of guessing that correlations Were. rather sma} an e S .mc ude Zgro,
an unrecognized statement had been presented by a typical sourgéCh that a negative correlation or null population correlation
Adapted front' Source Discrimination, Item Detection, and Multinomial cannot be ruled out. Thus, there was no conclusive evidence
Models of Source MonitoririgBayen et al.199 for individual-level relative stability of the stereotype bias in
N _ ) source guessing. To exclude poor reliability of source guess-
one additional cycle of 20,000 iterations. The convergencgy a5 an explanation for the observed weak cross-task corre-
criterion was maintained for this additional cycle in alljggons, we confirmed via split-half analyses that source guess-
our analyses; otherwise, thetienation would have started 4 \yas estimated with satisfactory reliability within each task
anew. _ (* = .47-.70; seeAppendix Afor further details). In addition,
We tested whether the model adequately describes our dig ¢onducted simulation analyses to confirm that trait-level
using the test statistids andT, proposed by Klaue2010.
T, tests the mean fit afig the covariance fit by computing the 8 The misfit of the covariance structure in the 10-minute condition persisted (
distance between expected and observed mean frequencies @#) for all other submodels. The covariance misfit in the 10-minute condi-

. . 3 ‘e tion was caused by seven participants for whom Submodel 4 did not fit in the
covariances, respectively, based on Pe&sonstatistic. A mean structure either. The exclusion of these seven participants led to a sig-

satisfactory group-level model fit is indicated by a posteriofiicant improvement of both model fit indicatof®, (= .349, T, = .614),
predictivep value >.05. We obtained good model fit for the without substantially changing the overall parameter group means and corre-

meansT, in both conditionsp =111 (10 minutes) ar}mI: 29 lations. We thus decided to_ retain Submodel 4 for all further analyses_, which
has been successfully applied to analyze source-monitoring data in prior stud-

(7 days) but observed a satisfactory model fit for thes with similar paradigms (Bayen et 2000 Kuhimann et al.2016.
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Table 2 Multinomial processing tree model group-level parameter estimates of both experiments

Experiment Task Parameters

D d b g

Experiment 1

10 minutes 1 .73 (.40) [.70, .76] .36 (1.46) [.24, .48] 42 (.52) [.36, .47] 57 (.37) [53, .61]
2 .67 (.40) [.63, .70] .38 (1.83) [.23, .54] .37 (.59) [.31, .42] .56 (.30) [.52, .59]
7 days 1 .71 (.35) [.69, .74] .39 (1.12) [.28, .49] .42 (.58) [.36, .48] .55 (.36) [.51, .58]
2 .69 (.40) [.65, .72] .38 (1.35) [.27, .50] .32 (.50) [.27, .36] .50 (.29) [.47, .54]
Experiment 2
1 55 (.29) [.52, .58] .34 (1.01) [.25, .43] .48 (.36) [.44, .51] 59 (.47) [.55, .62]
2 .68 (.44) .65, .72] 53 (.71) [.47, .60] .33 (.58) [.28, .39] 51 (.45) [.47, .55]

Note We used Submodel 4 of the Two-high-threshold multinomial processing tree model franeBalyg1996) adapted to our paradigm. Parameter
values were estimated using the latent-trait Bayesian-hierarchical approach ZRiEQerith theR packagdreeBUGSHeck et al.2018. See text for

further details. Parentheses represent standard deviations (on the probit scale). Brackets indicate 95% Bayesian credibility int€nals (BCI).
probability of recognizing a statement as previously presented and probability of knowing thatedstatement is ned= probability of correctly
remembering the (either typical or atypical) source of a statebremobability of guessing that an unrecognized statement ig slgrobability of
guessing that a statement had been presented by the source with the typical age/gendeatfemnthis when the source is not remembered

correlations of .70 between source guessing across tasks comiean differences between both tasksthe 10-minute condi-
have been recovered with satisbagtprecision in the latent-trait tion, the absolute mean difference in the source-guessing param-
model with the given number ofiites and participants. Crucially eter across tasks indicated a change to a credible extent, but it
note, however, that our recovery simulations, about which morgas of negligible size, |(Task 1- Task 2)| = .02 [.001, .06]. In
details can be retrieved from tBapplemental Materisghowed the 7-day condition, the mean difference in the source-guessing
that weaker correlations (i.e.,= .30) could not be precisely parameter across tasks also changed credibly, albeit the change
recovered; thus, there may be a true weak correlation @fas again fairly small, |(Task 1— Task 2)| = .04 [.003, .09].
source-guessing bias across tasks, but it is smaller than the traltat is, as graphically illustrated in F&. most participants
like across-task correlation reported foralelv guessing. absolute reliance on stereotypes in source guessing as measured
Indeed, in contrast to source guessing, other memory aty source-guessing bias was to a fairly comparable extent in
guessing processes showed strong relative stability acrdssth tasks. A closer inspectiofi the reliance on stereotypes
time (see Tabl&). This also pertained to the item-guessingin source guessing revealed that for only 10.53% (12 out of
parameteb, which measures the tendency to guess old whethl4) of participants in the 10-minute condition and 22.73%
an item is not recognized and can be interpreted as the MRZ5 out of 110) in the 7-day condition, the mean absolute differ-
analogue to the olehew response bias in the signal-detectiorence was larger than .15 between tasks. That is, albeit some
framework underlying Kantner and Linds@p12. Asis ev-  participants changed their guessing behavior to a substantial
ident in Table3, we conceptually replicated their findings of degree, the vast majority of participants did-rintespective
cross-time relative stability in item guessing. Additionally, weof the time interval between tasks. Further, the guessing bias
generally replicated the results from Kantner and Lindsayas descriptively more pronounced in the first task for most
when fitting the SDT bias measurdor item memory to the individuals (10 minutes= 63, 55.26% of individuals); gays 74,
data as used by the authors (whereas adapting the bias m@a27% of individuals), indicating regression to the mean ten-
surec for source memory did not result in substantial correladencies (also evident from Fig). Thus, in contrast to the
tions across tasks). A description of the SDT analyses amrrelational relatie stability analysis, the analysis of the more
their results are summarizedAppendix B conservative absolute stability in individual source guessing
across time suggested that sigrpe reliance in source guess-
Absolute stabilityAs the correlative evidence with regard toing is stable across time in thejority of participants.
relative stability largely hinges on the observed interindividual
variance in source guessing, drieson of variance as present coyariates of source guessing
(at least to some extent) in this first experiment, may mask

existing comparable source-guessing parameters on an indivigiple 4 presents estimates of themetations between source

source-guessing bias remained stable across tasks in absolute

terms by sampling the posterior distribution of the absolut&we thank Adam Osth for suggesting this analysis.
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Table 3 Across-task correlations between source-monitoring parameters of both experiments

Experiment Task 1 Task 2

D d b g

Experiment 1

10 minutes D .64 .43, .82] 3712, .60] .21 .46, .06] A1 .42,.21]
d .32.08, .54] 31[.07, .52] A6 .41, .10] .34 .61, .03]
b A5[ .42, .14] .04 .33,.25] .82 [.64, .94] .23[ .10, .55]
g .03[ .31, .26] .07 .35, .21] 14 1.16, .41] .27 [ .06, .56]

7 days D 45[.19, .69] .02 .30, .26] .06 [ .36, .25] .05 .37, .27]
d .31 [.04, .54] 147 .12, .38 24 52,.04] J107[ .41, .22
b .08 .35, .21] 107 .37, .17] .38 [.06, .65] .03[ .32, .36]
g 117 .38, .17] 03[ .32, .26 17[.15, .47] 20[.14, .52]

Experiment 2
D .70 [.50, .85] .35[.07, .60] 13 .41, .15] .23 .49, .05]
d .31[.06, .55] .29[.03, .53] .06 [ .22, .34] .06 .33, .21]
b JA17 .36, .15] .09[.19, .35] 78 [.61, .91] .09 .34, .18]
g .22 .43, .01] .26 .48, .02] 14 .11, .39] .31[.07, .53]

Note Sampled population correlation coefficiehtsre displayed. We used Submodel 4 of the two-high-threshold multinomial processing tree model
from Bayen et al.}996 adapted to our paradigm. Parameter values were estimated using the latent-trait Bizyasthical approach (Klau@010

with theR packagdreeBUGSHeck et al.2018. See text for further details. Brackets indicate 95% Bayesian credibility intervalsiiBGijobability

of recognizing a statement as previously presented and probability of knowing that a distraatensiatnew = probability of correctly remem-
bering the (either typical or atypical) source of a staterhernprobability of guessing that an unrecognized statement ig sidrobability of guessing

that a statement had been presented by the source with the typical age/gender for this statementsalree th not remembered. Substantial
correlations (BCI excludes 0) are marked in boldface

Fig. 2 Top row: Sampled population correlation coefficiénté source-  estimates connected across tasks. The respective task-specific knowledge
guessing parameter) &cross tasks. Individual correlations are displayeddomain is displayed in brackets. For both rows, first graph = Experiment

in gray points as well as the linear trend line. Error bars represent standdrdL0-minute condition; second graph = Experiment 1, 7-day condition;
errors (gray). Bottom row: Indidual source-guessing parameter third graph = Experiment 2
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Table 5 Descriptive statistics for the covariates of both experiments

Experiment Contingency Cognitive-processing styles Personality traits: Big Five

NFC Fll (0] C E A N
Experiment 1 Task 1 Task 2
10 Minutes
M 51 .52 4.95 4.42 3.69 3.64 3.31 3.86 2.85
SD .16 .16 .82 .84 .66 .68 .58 .58 .75
Min .10 .13 3.07 1.80 1.83 1.80 2 2.50 1
Max .95 .90 7 6.13 5 5 4.33 4.83 4.83
7 days
M .53 51 5.14 4.22 3.76 3.66 3.23 3.88 2.81
SD 14 .15 72 .90 .66 .65 .65 .60 .67
Min .15 .20 3.50 1.80 1.17 2.20 1.33 2 1.17
Max .88 .85 6.71 6.27 5 5 4.50 5 5
Experiment 2
M 52 .50 5.08 4.28 3.67 3.44 3.48 3.85 2.78
SD .16 .13 77 .73 .62 .54 .64 .59 .75
Min 17 .20 1.93 2 2.33 2.33 1.83 1.83 1.33
Max .92 .83 6.79 6.20 5 4.50 4.83 5 4.67

Note NFC = need for cognition; FIl = faith in intuition; O = openness; C = conscientiousness; E =midrgve = agreeableness; N = neuroticism.
NFC and FIl were rated on a 7-point Likert scale; Big Five were rated on a 5-point LikerCaraiegency = perceived ratio of typical statement
source combination per source-monitoring task (averaged for stateougoé combinations of both typicalitid#)= meansSD= standard deviation,
Min = minimum,Max = maximum. All values are aggregated across items

descriptive statistics of thesavariates. We found weak but sub- correlations were only substantial (i.e., BCI excludes zero)
stantial negative correlations between source guessing and NifGhe first task of the 10-minute condition and the second task
for both tasks in the 7-day condition. For all other correlations inf the 7-day condition. Thus, we partially replicated prior
both conditions, the 95% BCls included zero, revealing that tHéndings of the probability-matching account of source-
influence of any Big Five domain and Fll on source guessinguessing bias (Arnold et aR013 Bayen & Kuhlmann,
was unreliable. Thus, we could not identify any systemati2011 Spaniol & Bayen20032, which posits that when people
personality-trait predictorg stereotype-based source guessing.do not remember the source, they match their source-guessing
Regarding the within-task relationship between sourckehavior to the perceived contingencies between items and
memory and source guessing, we found a negative trend ($0urces.
minutes; Task 12 = 15[ .44, .14]; Task 2% = .19 .51,
.14] and 7 days; Task 2:= .29[ .57,.01]; Task 2* = .28
[ .59, .07]) suggesting that source guessing becomes mdmxperiment 2
stereotype based with poorer source memory (in line with
experimental manipulations; Kuhlmann et #016). One potential limitation of our first experiment is that partic-
However, the BCls of these correlations again included zergants were faced with the similar (albeit different statements
Additionally, the contingency judgment (proportion of typicaland names) task twice, which could elicit reactance in the
statemenrtsource combinations in the study phase, averagezbcond (repeated) task as participants respond to the same type
for typically-old and typicallyyoung statemensource com- of statements. They may have actively reflected on the first
binations) for each source-monitoring task was incorporatdedsk during the time interval between tasks (albeit being rela-
as a covariate in the model. On the mean level (see Bable tively short in the 10-minute condition) and, consequently,
the contingency judgment was not biased in either conditiochanged their response behavior for the second task based
(i.e., allps .635 testing against .50), except for the first taslon a strategy, or generated an internal hypothesis about the
in the 7-day condition, which showed a small overestimatioexperiment. To test whether the weak relative stability in the
of typical statemersource combination§109) = 2.29p <  first experiment was caused by using the same stereotype
.05,BF,o=1.27. Correlations between this contingency judgdomain twice, we conducted a second experiment that specif-
ment and source guessing were numerically in the expecterlly tested the effect of item material that reflected distinct
positive direction in all conditions. However, theseknowledge domains: age (analogous to Experiment 1) and
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gender stereotypes. This also allowed us to test whether ttypically male if the mean typicality rating for a male person
absolute stability in source-guessing bias found in Experimentas >3.2 and, at the same tim@&, for a female person, and

1 generalizes across different knowledge domains. vice versa for typically-female statements. We randomly se-
lected 90 statements to be equally distributed to the four gen-
Method der x domain categories. Statements per category did not dif-

fer in terms of their typicality ratings from male and female
participants, alps .50. Each of the 90-item sets was divided

Participants and design f )
into three matched subsets of 30 statements, of which two

Participants were 108 students of the University of MannheiflPS€ts seérved as study lists and one subset as distractors at
(44% psychology majors; 71% women), with a mean age st. We used the same source labels (names) as in Experiment
21.47 yearsD = 2.25 years, age range:-2® years). Our 1 for both tasks.

sample size considerations and exclusion criteria were identi-

cal to those of Experiment 1; we additionally excluded particl?rocedure

ipants of Experiment 1. Again, participants received course leted both . ks i
credit or monetary compensation. Participants completed both source-monitoring tasks in one

session, structured like the first session of Experiment 1

10-minute condition, with the exception that participants filled
Material out the demographic questionnaire, the BFI and the REI dur-

ing the 10-minute break. We held task order constant across
Ninety age-stereotypical statements were selected from thgrticipants: All participants first completed the task with age-

same survey study (Kuhimann et @017 as in Experiment  stereotypical item material, followed by the task with gender-
1, using a cutoff criterion of >3.2 for one age group a8®  stereotypical item material.

for the other age group. By needing age-stereotypical state-

ments for one task only, we were able to change the iteRegylts and discussion

number from 60 to 90 per task compared with Experiment 1

to increase estimation precision. Model-based analyses
Gender-stereotypical items for the second source-

monitoring task consisted of everyday statements that wepg, in Experiment 1, we analyzed the data with the 2HTSM
normed by a subset of 86 participart % 21.55 yearsSD  sypmodel 4 (Bayen et al1996) using the Bayesian-

= 1.85 years, age range:-Z6 years) from Experiment'f. hierarchical latent-trait approach TreeBUGS(Heck et al.,
Statements reflected the domalieareet and “family” for 2018. We obtained good model fit for both the medp p

both genders (i.e., men/career, women/career, men/famig/,_45) and covarianceT4, p = .22) structure. Group-level
women/family). An example statement is:see myself as  estimates of the four parameters are presented in Zabie

the head of our family(men/family). Participants either rated {he group level, source guessing exceeded chance level (.50)
the statemenitaypicality for a man or a woman (randomly for the first task, (g .50) = .09 [.05, .12], but not for the
assigned; between subjects) on a 5-point Likert scal®€ly=  second task using gender stereotypdsg, .50)=.01[.03,
atypical 5 = very typica)."* We defined a statement as os]. participants changed from being biased when performing

T ) o .. anage stereotype source-monitoring task to being unbiased in
All participants of Experiment 1 completed the gender-typicality rating i

Experiment 1 but we prepared and started data collection for Experiment Ige second source-monitoring task with gender'StereOtyp'cal
before Experiment 1 was finished. item material 10 minutes later.

1 The original item set consisting of 420 statements was provided by Dr.

Marie Luisa Schaper (Heinrich Heine University Disseldorf). Statements f(§tability

men and women were generated based on the doheairest and“ family”

for both genders (i.e., men/career, women/career, men/family, women/family)

and were originally rated on a 5-point scale (dtrengly male5 =strongly  Relative stabilityrable3 presents estimates of the correlations

femald. Ninety-six statements (typically-female statemevits: 3.07,SD = _ P
.33; typically-male statementd: = 3.17,SD= .28, 48 statements from each between the four source-monitoring processes across the two

domain) with equal typicality ratings from male and female participants and 6825Ks. Although the cross-task correlation of source guessing
additional statements (typically-female statemeits: 3.23,SD = .42;  was again rather small, it was substantial (i.e., BCI excludes

typically-male statementist = 3.01,SD= .84; 27 statements from the career r Th rticioants wh n reo-
domain & 38 statements from the family domain) from the original item pooFe O). us, participants 0 guessed based o age stereo

were chosen for our norming study to have a sufficient large number dYP€S in the first task, were also more likely to guess based
typically-male and typically-female statements in our source-monitoring taskn gender stereotypes in the second task (see als@)Fig.
To have comparable typicality ratings and cut-off criteria between sourcey|heit the correlation analysis Suggested credible relative sta-
monitoring tasks with different material, we adjusted the response scale t%a] . . . .

5-point Likert scale, as used in Experiment 1, ranging fromeryatypicato llity across knowledge domains, the magnitude is again rath-
5 = very typicalfor the norming in Experiment 1. er small and descriptively comparable to Experiment 1, in
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which this correlation, however, did not reach statistical credsubstantial negative cota¢ion of source guessing with
ibility. This seemingly inconsistent result across our experiNFC and a substantial positive correlation with Fll in the first
ments is to be expected, given our recovery simulations shovask. However, this pattern did not emerge for the second task.
ing that with the given sample and item sizes, only large trait-or all other correlations, 5% BCI included zero showing
like cross-task correlations of source guessing could be recdiat the influence of any Big ¥ domain on source guessing
ered satisfactorily, whereas there are issues with recoverimgs estimated unreliably. Thidinates that a (already rather
smaller correlations. Thus, there is some evidence for crosseak) cognitive trait is not necessarily linked to a personality
task relative stability of knowledge reliance in source guessrait, as suggested by Kantner and Lind2019.
ing, but it is less stable than it would be expected for a cogni- Further, there was a negative correlation between source
tive trait. Again, within-task split-half correlations indicatedmemory and source guessing for the first task (Tagk=:
good reliability of source guessing across the first task using48 [ .69, .25]; Task 2 = .08[ .34, .19]), showing that
age stereotypes,= .75 [.56, .89], and the second task usingpoorer source memory is, the more source guessing becomes
gender stereotype’,= .70 [.45, .88] (sed\ppendix Afor  stereotype based (confirming the trend of Experiment 1 and
further details), such that poor reliability cannot explain theeplicating, e.g., Arnold et aR013 Kuhlmann et al.2016.
observed weak cross-task correlation. Participantscontingency judgments at the end of each task
Other memory and guessing parameters also showed retftowed no bias at all (see Taldle Participants seemed to
tive stability (see Tabl8). Old-new item guessing was highly perceive the true 50:50 contingency of statersenirce com-
correlated across tasks, again conceptually replicating Kantri@nations almost perfectly, bofls .116, tested against .50.
and Lindsay 2019. In addition, we again replicated the re- As presented in Tablg the estimated correlation of source
sults from Kantner and Lindsay with the SDT bias measure guessing with the respective contingency judgment of each
for item memory (whereas adapting the bias meastioe  task indicated a strong relationship. Beyond the positive
source memory did not result in credible correlations acroseends observed in Experiment 1, the results of Experiment 2
tasks; sedppendix B. replicated the probability-matching account of source-
guessing bias (Bayen & Kuhlmar2011;, Spaniol & Bayen,
Absolute stabilityTo account for the observed group-level2002 hierarchical MPT: Arnold et aR013. People appear to
differences in source guessing between tasks, we calculateetch their source-guessing behavior to the perceived contin-
the difference between each individual guessing estimate agdncies between items and sources, regardless of the distinct
the respective task group-level mean to relativize each indinowledge domain.
viduals strength of knowledge reliance within each task. We
then sampled the absolute mean difference for this mean-
centered guessing score between the two tasks. The differeéeneral discussion
| (Task 1- Task 2)| was .12 [.002, .36]Jagain indicating
some changes in source guessing between tasks (s@. Fig.In two experiments, we tested the state versus trait-like nature of
However, the absolute mean difference was only larger thaereotype-based source guessing. The rationale behind these
.15 for 36.11% of participants (39 out of 108). Thus, albeiexperiments was derived fromepious research documenting
some participants changed their guessing behavior betweiatraindividual stability of response bias in item memory and of
tasks, the majority of participants did not and instead showedtkcision-making processes. Individuals performed two inde-
fairly stable guessing tendencies. As already indicated by dyendent studstest cycles of a source-monitoring task. They
verging group-level guessing biases between tasks, on an learned information from two person sources of different ages
dividual level, the guessing bias was descriptively more prar gender that needed to be remembered in a later (source)
nounced in the first task for most individuatsy( 73, 67.59% memory test. Information was either typical or atypical for the
of individuals), possibly indicating regression to the meaisourcés social category (age group or gender). If individuals
tendencies in the second task. Further, the somewhat largkd not remember, they could have relied on their prior knowl-
mean change in source guessing across tasks (and for a soadge (i.e., social stereotypes) to infer the source. We examined
what larger proportion of participants) in comparison tovhether, and if so, to what extent, the reliance on stereotypes is
Experiment 1 may be due to differential strength of age versa inherent cognitive trait mimed in stable guessing behavior
gender stereotypes within participants (albeit matched averageross time (Experiment 1) and knowledge domains

stereotype strength of the item material). (Experiment 2). We estimated memory performance and guess-
ing tendencies of each individual with Bayesian-hierarchical
Covariates of source guessing MPT models. Cross-task correlations of source guessing re-

vealed (at best) weak positive associations across 10 minutes,
Estimated correlations between source guessing-tads-  seven days, and knowledge dansaln contrast, item guessing
formed covariates are presented in TahléVe found a (conceptually replicating Kantner & Linds&12 2014 with
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the MPT analogue of their SDT-based item response bias maanded to be smaller, with thedasst variance observed in the
sure) and other source-monitoring processes showed medisgurce-memory parameter However, variance in source

to large relative stability aoss these manipulations. guessing was overall only slightly smaller than in the item
Nonetheless, individual guesgitendencies were mainly stable response bias parametgrwhich consistently showed large
between tasks when measured in absolute differences. Acressss-task correlations.

experiments, we observed some evidence that the perceivedThus, a restriction of inter-individual variance in source
statemenisource contingency explained individuajsessing guessing is rather implausible as an explanation of why we
tendencies, but none of the personality traits and cognitivebserved only small source-guessing correlations. In contrast,

processing styles consistently did. the sparse amount of information (number of observations)
underlying each parameter estimate in the 2HTSM model

Methodological challenges of cross-task relative (Bayen et al.1996 may explain the difficulty to precisely

stability in source guessing recover estimates of cross-task correlations in source guessing,

specifically, whereathe cross-task coraglons of other model

Although we obtained positive cross-task correlations gparameters (including thieem response bias parametehat
source guessing, implying its relative stability, in all experiwas of additional interest to uspuld be recovered precisely.
ments and conditions, we acknowledge that these correlatio8pecifically, the dependence of source guessing on various pre-
were rather weak and not estimated precisely (i.e., large crezkding parameters may render the detection of small correla-
ibility intervals), resulting in only one substantial cross-taskions in this parameter more difficult in the data at hand. In
correlation in Experiment 2 (and in Experimets &xtended addition, in Experiment 1, in vith both source-guessing cor-
sample withn = 164; seeSupplemental MaterjalHowever, relations were not substantial, the covariance structure of the
we caution not to dismiss the relative stability based on theskata was overall not explained well by the model.
correlational analyses due to several statistical challenges in-One potential substantive explanation why relative item-
volved in this correlative measure. Although our split-halfguessing stability did not generalize to source guessing may
reliability analyses dismiss poor reliability of source guessinge that the conceptualization of both cognitive processes differs.
as a methodological explanation, our post hoc parametdtem guessing refers to a consgive versus liberal response
recovery simulations (s€eupplemental Materiptevealed bias—individuals inherently divge from each other with re-
that only large correlations (i.e.,= .7) could be precisely gard to their response criterion. Source guessing refers to
recovered in the latent-trait 2HTSM Submodel 4 with theesponding stereotypically versus atypically when (source)
given number of observations. Weaker correlations, in particnemory is absent. Contrary to item guessing, no task-/materi-
ular those of the size observed in both experiments (ire. al-unrelated criterion such as conservative versus liberal exists
.30), could not be recovered with adequate power, particularfgr source guessing without pricmowledge activation. Source
because the recovery simulations were based on the smallgséssing cannot be investigated and interpreted in a sensible
number of items and participants in our experiments. Theanner without the activation of schema/stereotypes as a con-
credible cross-task source-guessing correlation for the extersgrvative or liberal response criterion (which would just mean
ed sample indicated that even small correlations should e respond to one source more often than the other). Although
recovered more precisely with an increasing number of obsehe interpretation of source guessing depends on what the
vations. We are thus careful to not overinterpret the overlap gburces stand for, similar fimdjs such as probability matching
two of three source-guessing cross-task correlatwadibil-  have been documented across paradigms with diverse schema
ity interval with zero, as evidence against relative stability odnd stereotype domains (e.g., Bayen & Kuhlmaii, 1,
source guessing. Nonetheless, if source guessing was a higkiyhlmann et al.2016 Kuhlmann et al.2012 Spaniol &
stable cognitive trait to a comparable extent as the responBayen,2002 for an overview, see Kuhimann & Bayen,
bias in recognition memory (Kantner & Linds@@12 2014  2016. This is why one can expect our results to be generaliz-
or the knowledge reliance in the recognition-heuristic usable also to other knowledge-based source-guessing biases
(Michalkiewicz & Erdfelder2016, then we should have de- (which, however, awaits to be tested in future studies).
tected such large cross-task correlation based on the sampléVe are confident that there is not a general problem with
size and item numbers in both experiments. As such, we castimating relative correlation stability of parameters from the
conclude that source guessing does not show the high relatieITSM MPT model. Indeed, our supplemental correlational
stability that one would expect for a cognitive trait. analyses of the SDT response-bias measuire item and

It is notable that we detected medium to large cross-tagiource memory, replicated the latent-trait MPT-model-based
correlations between the item response bias parateterresults for item guessing (paramdigiand source guessing
confirming its trait-like status (Kantner & Linds&3012  (parameteg), respectively. Thus, our results are independent
2014 and between other source-monitoring parametersf the employed memory measurement model (MPT vs.
Compared with these parameters, variance in source guess8iQT). Regarding item response bias, this means that
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Kantner and Lindsay (2012 2014 findings can be robustly However, our results clearly demonstrated that the trait-like
replicated within the MPT framework, further evidencing thenature of source guessing is not as pronounced as for other
(relative) stability of responding either liberal or conservativeognitive biases and thereby diverges from other cognitive
with regard to oldnew recognition. processes involved in source attributions. As the process of
source guessing may be of more complex nature it may not
The nature of stereotype-based source guessing only depend on other cognitive processes such as source
memory but also on the perception of contingencies already
Given the described inherent methodological drawbacks aft encoding of information (e.g., Arnold et £013 and the
estimating relative stability in source guessing, we additionafeed to integrate further knowledge (e.g., about social
ly considered absolute stability in our analyses. Crucially, thigroups). Therefore, the nature of stereotype-based source
absolute difference captures minimal changes in guessing teuessing may not be entirely comparable to, but qualitatively
dencies and can thus be defined as an even stricter measurditierent from, other response biases (e.g., knowledge reliance
stability. This measure revealed rather small changes in thethe recognition-heuristic use; Michalkiewicz & Erdfelder,
knowledge reliance of source guessing within individuals. 12016 or decision-making processes (e.g., such as risk
particular, these changes were of negligible size4) in  seeking; Glockner & Pachu?012. The potentially more
Experiment 1, in which the reliance on the same stereotypesmplex nature of source guessing as a cognitive trait may
(age) was assessed in both tasks. The somewhat larger absahlge explain the absence of its link with personality traits,
change in source guessing in Experiment 2 was to be expectadich is present for the previously named cognitive processes.
as the transition of knowledgerdains (age to gender) between In addition to noting that the reliance on prior knowledge
tasks may likely still elicit a stantial change in individuals may often lead to correct sourd&iautions outside the labora-
guessing behavior. Although we matched average stereotyfoey, one could further speculate that instead of mere knowledge
strength between tasks basedmndurveys, the age and genderreliance, stereotype-based source guessing reflects a rational
stereotypes may be of different strength within a given individmetacognitive bias compensating for (perceived) memory dif-
ual. Nonetheless, only aboutlard of participants showed a ferences between sources (cf. Batchelder & Batch2ldied.
substantial change of .15 or larger in source guessing betweenparticular, knowledge-based source guessing might be a
tasks in Experiment 2. Thus, insathute terms, source guessing metacognitive compensationaségy for the sometimes found
was fairly stable across tasks in both experiments. memory deficit for expected sources (i.e., inconsistency effect;
Both stability measures broadly result in convergent evideneeg., Bell, Buchner, Kroneisen, & Giar2)12 Ehrenberg &
that source guessing encompasses at least to some extent tdauer, 2005 Kroneisen & Bell,2013 Kippers & Bayen,
like features. Although correlations were weaker than one wouD14. Even though source guessing has been found to reflect
expect for a trait, the majority of participants remained highlyational metacognitive strategies due to #ememory differ-
stable in absolute terms in their source guessing, thus fulfillingnces (e.g., Kuhimann & Touro8011, Meiser, Sattler, &
the more conservative stabilityiterion. In any case, these sta- Von Hecker,2007), Schaper, Kuhlmann, and Baye2019
bility analyses provided a more nuanced picture of the knowkecently demonstrated that knowledge-based source guessing
edge reliance in guessing tendencies. In particular, the obtaimreghnot be described as a ratiometacognitive bias. In fact,
findings for (absolute) stability of source guessing may speak txpectancies about the meniaility of expected and unexpect-
the underlying process natwr@amely, whether it is a rather ed itemsource combinations did not predict the knowledge
automatic cognitive process or under conscious control (afeliance (here: schema) in source guessing.
Bargh,1994. One could speculate that source guessing may
rather be an automatic cognitive process not under conscioB$ate determinants of source guessing
control if itis fairly stable across tasks and, more generally, across
situations. Contrary to this, priresearch suggested that sourcel'he current findings are of particular importance, as age stereo-
guessing relies on systematic rather than on heuristic processiyges become internalized at a young age and then become self-
(e.g., Bayen & Kuhimanr0121, Ehrenberg & Klauer005  stereotypes at an older age (L2809 Levy, Slade, Chung, &
Spaniol & Bayen,2002 for a theoretical overview, see Gill, 2015, which under threat can lead to older adults
Johnson et al1993 Johnson & Raye2000, and in the present underperformance in cognitive and physical tasks (see
experiments there was also some evidence that the perceiteanont, Swift, & Abrams2015 for a meta-analytic review).
item-source contingency influenced source guessing, whichhe somewhat stable reliance on stereotypes and schemas in
seems to rather reflect systematic processing (cf. Kuhlmasource guessing potentially nains or even reinforces stereo-
et al.,2019. However, as the two presented experiments onlgypes in general, profoundigfluencing how we form impres-
provide indirect evidence, future studies should consider to dsions about others (e.g., Bell et 2013 and how we behave
rectly manipulate and test the (automatic versus controlled) n@-g., in a legal decision-making context; Lind4884 2014.
ture of source guessing. Therefore, future studies should be inspired by research
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questions on how to nevertheless explore state-like featuresA@pendix A
identify specific situational detminants that prompt people to
rely more or less on prior knowledge, and age stereotypes lin order to examine the stability of stereotype reliance source
particular, in source guessing. Former research has shown thaessing across tasks (time), we first must ensure that we have
the stereotype reliance in source guessing can be debiasetkliable and stable measure of source guessing within each
through effective encoding (Arnold et @013 Bayen &  source-monitoring task. To test this, we used the split-half
Kuhlmann,2011, Kuhlmann et al.2012 Spaniol & Bayen, method and created two different lists per test phase from each
2002 and by informing people about the negative impact ofask consisting of 60 test statements each for Experiment 1.
stereotypes in society (Marsh et 8006§. However, whether We assigned test statements to the lists based on their
these interventions also help to reduce age-stereotype-bastatement-source typicality and temporal order in which they
source guessing has not yet been determined. In addition, thepeared in the test phase. Specifically, the chronologically
long-term effects of such interventions on the maintenance 6fst test statement of each statement-source combination
knowledge reliance need to be examined. Future studies coylg., typicallyyoung statement originally presented by the
identify additional state moderators of stereotype-based soussgurce” Schmidt) was assigned to the first list, the second
guessing related, for instance, to the uniqueness and memorasiktement of each combination was assigned to the second list
ity of the statements and the personal relevance of the jgersoand so on for all statement-source combinations (3 sources
sources and depicted stereotype. Other external factors tfadld” source vs‘yound source vs. new] x 2 statement typ-
could contribute to the knowledge reliance may be the geneiiahlities [old vs. young]). Thus, each list contained an equal
motivation to participate or strategy use. number of statements from each statement-source combina-
In sum, our experiments are a first step towards unpackirtgpn. We chose this procedure to have comparable lists (i.e.,
the underlying nature of the cognitive process of source guedsst halves) regarding their content and testing time. We esti-
ing. Along with future studies, a better understanding of trainated parameters for the two tests lists of each task with the
and state characteristics may help to determine who is mdatent-trait approach, including estimation of the correlations
prone to stereotype-biased memory and how this bias may b&source-guessing probabilities between lists. We obtained a
effectively prevented. good model fit for the mean but, again, a less satisfactory
model fit for the covariance structure (see T&hle
Author noteLiliane Wulff and Beatrice G. Kuhlmann, For Experiment 2, data preprocessing for this split-half
Department of Psychology, School of Social Sciencesnalysis was analogous to Experiment 1 except that we ex-
University of Mannheim, Germany. cluded the first statement of each statement-source combina-
This work was supported by the University of Mannhsim tion due to the odd number of statements per combination in
Graduate School of Economic and Social Sciences and tkge item set in general (90 items in total; six statement-source
research-training group Statistical Modeling in Psychologgombinations each containing 15 statements split into seven
(GRK 2277), funded by the German Research Foundatiostatements per half).
(DFG). Parts of this research were presented at the 2018
International Meeting of the Psychonomic Society in )
Amsterdam, the Netherlands, the 2018 Tagung experimentéiPpendix B
arbeitender Psychologen (TeaP) in Marburg, Germany, and the
2017 Doctoral Workshop of Experimental Psychology (A- _. i i
Dok) in Ulm, Germany. Data andsults for both experiments Slgn.a}l detection theory based analyses of relative
presented here are availablehttps://osf.io/mjcve/?view stability
only=058c26e0508e4d699020ffa96db276be; materials of ) ) )
the experiments are available from the corresponding auth¥f€ calculated the signal detection theory (SDT) response-bias
upon request. The experiments were not preregistered. ~ Mmeasurec for old-new item recognition as follows
We thank Daniel Heck for his active support with regard tgMacmillan,1993:
Bayesian data analysis. We are grateful to Marie Luisa Schapet, .5,
for providing the statement material used in Experiment 2. We
thank Edgar Erdfelder for helpful input on the research idea of Positive values indicate a bias to resptmelv’ and negative
this project and Michelle Dérnte, Helena Horn, Alina Kias,values indicate a bias to respdottl.” Before we calculated hits
Mario Kolb, Franziska Leipold, Rebecca Maurer, Jennifeand false-alarm rates, we added .5 to hits and false alarms and 1
Panitz, Theresa Pfeiffer, Ronja Reinhardt, and Alin Toja for theto signal and noise trials to correct for perfect hit rates of 1 and
assistance with data collection. We thank Jan Rummel for ttabsent false-alarm rates of O in the data (cf. Hali25.
opportunity to recruit participas in his lab and the student as- We calculated the response-bias measiaresource mem-
sistants for their help in collectjrdata at Heidelberg University. ory analogously with our conceptualization of hits and false

it RateP Zralse Alarm RateP
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alarms in the source attributions following Dodson, Bawa, anf(tecognized) items that were presented with the age-atypical
Slotnick 007). That is, we selected only those items that hadource; analogous to the old-item and new-item distributions
been recognized dsld” and for which a source attribution for item recognition. Positive values indicate a bias to respond
was thus made. We conceptualized source memory as follothe “atypical sourc&, negative values indicate a bias to re-
ing two distributions: one for (recognized) items that werapond the'typical sourcé. Results for the SDT analysis can
presented with the age-typical source and one foe retrieved from Tablé

Table 6 Model-fit statistics for i ] .
split-half reliability analyses of Experiment List Model-fit indices
both experiments

T, (Mean) T, (Covariance)

Experiment 1
10 minutes 1 .305 0

2 .345 .003
7 days 1 521 .103

2 .292 .005
Experiment 2

1 .695 417

2 .653 .033

Note Values represented the respective posterior prediEtredue for the mearilg) and covariance structure
(T,) of the data (proposed by Klau2010. Good model fit is indicated ky> .05

Table 7 Signal-detection theory-based analyses of response bias for item and source memory

Experiment Cognitive process Task Bias Cross-task correlation

Experiment 1

10 minutes Item memory 1 .08 (.31) r(114) = .61p < .001,BFo = 3e'°
2 .16 (.35)
Source memory 1 .13 (.35) r(114) = .14p =.08,BF=.32
2 11 (.33)
7 days Item memory 1 .07 (.34) r(110) = .26p = .003,BF1o = 8.97
2 .20 (.31)
Source memory 1 12 (.34) r(110) =.02p = .44,BFo= .12
2 .004 (.33)
Experiment 2
Item memory 1 .03(.27) r(108) = .62p < .001,BFy = 1.28'°
2 .20 (.33)
Source memory 1 .21 (.42) r(108) =.22p=.01,BF;,=1.69
2 .16 (.36)

Note Mean item-memory and source-memory bias values per task. Positive values of item-emefapty guessing that an item wagw, negative
values ot refer to guessing that an item wadd.” Positive values of source-memamefer to guessing thiatypical source, negative values@fefer

to guessing thétypical’ source. Standard deviations are reported in parentheses. Test statistic = Pearson productmelatiemt lsetween bias
measures of both tasks per experiment/condpigalues refer to one-tailed testing; Bayes Fa&®6t%g were computed witBASP(JASP Tean019

and are interpreted as substantial to strong evidence in favor of the alternative hyidefbegism-memory bias and as substantial evidence in favor of
the absence of an effect for source-memory bias following Jefft8§9) (
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Abstract

People often lack source memory for the original context of information (e.gvho
presented it) and thus have to guess the source. According to the probability-méatng
account, this guessing process is either determined by general knowledge (e.g.,
stereotypes) or by the item-source contingency (if perceived during encodindn this
preregistered source-monitoring experiment, we examined whether each tygfesource
guessing is rather automatic (i.e., resource independent) or controlled (i.e., resme
dependent). Individuals learned and later needed to remember age-typical or -aigal
statements for two di erent-aged sources. To examine the resource dedence,
attention at test was divided for half of the younger participants (18 26 years). In
addition, older adults (61 80 years) with a natural decline in cognitive resources were
tested. To examine the probability-matching account, both age groups either reced/
speci ¢ source information (age) already at encoding or only at test (worsening
item-source contingency perception at encoding). Memory and guessing procesgere
estimated on the group and individual level using multinomial modeling. Neither
stereotype- nor contingency-based source guessing depended on cognitive
resources whether they were depleted due to the experimental manipulation or nata
aging. In line with the probability-matching account, younger adults based their
guessing on stereotype knowledge only when the perception of the item-source
contingency was hindered. Older adults strongly guessed stereotype-based amde not
able to counteract via accurate contingency representations. The results umglie the
role of encoding for a successful counteraction of stereotype-basedsgung and are
discussed with regard to their applicability for future source-attribution attempts
Keywords: source monitoring, source guessing, age stereotypes, cognitive aging,

Bayesian-hierarchical multinomial modeling
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Is Knowledge Reliance in Source Guessing Automatic or Controlled?

Evidence from Divided Attention and Aging

In our everyday life, we almost constantly process (social) information.
Oftentimes, this information needs to be accessed at a later point and can thbe used
to draw conclusions about its trustworthiness. For instance, after interactingith a
conversational partner, one must remember the person (i.e., "source") whédtgou
something. Due to the vast amount of processed information, we often cannot
remember the source. In this case, general knowledge structures (stenees, schemas)
can be used to infer the source (Johnson, Hashtroudi, & Lindsay, 1993). For instanc
one may simply rely on attitudes towards a source's age group. The separate analydis
memory and guessing processes in source monitoring via multinomial processing tree
(MPT) models (Bayen, Murnane, & Erdfelder, 1996) revealed that when the soce
could not be remembered, people guessed that information (e.g., | am discorttevith
my health ) that was prototypical for di erent age groups (here: older adults) vas
presented by the source whose age was consistent (here: 70-year-alicg) with the
information (Kuhlmann, Bayen, Meuser, & Kornadt, 2016).

Thus, expectations about members of (social) groups that exist prior to the
conversation (or the experimental task) are used to infer the source wheource
memory fails (cf. Kuhlmann & Bayen, 2016). This knowledge can, of course, sometimes
be a valid source cue and may be even diagnostic for future social categoraa
(Klauer & Ehrenberg, 2005), but it is misleading whenever a person does not behave
prototypically for its social group. These "costs" of knowledge application as akaof
individuation may in this case lead to biased impression formation as these persons are
attributed to be compliant and share speci ¢ attitudes with a social group that do nb
re ect their actual attitudes and behaviors. With regard to age stereotyps, a common
and repeated misattribution of characteristics due to biased guessing may haveese
consequences for a ected individuals when being confronted with negative conraias
about the own age group (e.g., Lamont, Swift, & Abrams, 2015). And one can only

speculate whether this misattribution may foster the long-term maintenance of (aj
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stereotypes in society (e.g., Levy, Slade, Chung, & Gill, 2015).

General Knowledge-Based Versus Individuating Contingency-Based Source

Guessing

It is, therefore, particularly important to examine the circumstances under which
mostly unbiased source guessing can be achieved. Spaniol and Bayen (2002) pegpas
theoretical framework to account for the application of di erent knowledgetsuctures in
source guessing the probability-matching account Accordingly, individuals adjust their
guessing behavior to the actual contingency between attributes re ected imé item
material and the (social-) group membership of the source (item-source contamgy)
that they perceive during encoding whenever this is possible. Thus, noticing the ratio
with which each source has presented certain information either typical oryatical for
its (social) group, prompts individuals to use this situation-speci ¢ knowledge in source
guessing (e.g., Bayen & Kuhimann, 2011; Kuhimann, Vaterrodt, & Bayen, 2012). Only
when the item-source contingency remains undetected, individuals rely on broader
knowledge structures such as stereotypes (e.g., Bayen & Kuhlmann, 2011; Eherg &
Klauer, 2005; Klauer & Ehrenberg, 2005; Kuhlmann et al., 2012; Spaniol & Bayen,
2002).

Guessing based on individuating information (item-source contingencies), is thus
likely when individuals are explicitly instructed to focus on the sources (in addition to
the items; Kuhlmann et al., 2012), when they receive speci ¢ information about the
sources (e.g., their age) already at encoding (Bayen & Kuhlmann, 2011), and whenithe
attention is fully directed towards the item-source contingency (Bayen & Kuhlmann,
2011). Thus, prior studies have identi ed the encoding process as a crucial preredais

for adequate source guessing re ecting the experimental item-source contingg

The Nature of Knowledge Reliance in Source Guessing

But what is the nature of these knowledge-based source-guessing processes? Is
rather automatic or controlled? Following Bargh (1994), the automaticity vesus

controllability of a cognitive process can be disentangled in terms of its awaess,
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intentionality, conscious inhibition, and resource dependence. Results from two studies
examining the resource dependence of knowledge-based source guessing suggedt that
may be rather an automatic process, una ected by cognitive load at test (Kier &
Ehrenberg, 2005; Marsh, Cook, & Hicks, 2006). However, Marsh et £006) found

that stereotype-based guessing can be consciously controlled by re ectimg the

harmful impact of stereotypes. In line with this, results from another study examining
the time course of source guessing point towards a controlled nature of prggexmental
knowledge applications (Spaniol & Bayen, 2002). More speci cally, schema-basedrse
guessing only emerged when a longer response time was allowed at test. The
aforementioned contingency-based overwriting of stereotype-/schern@msed guessing
additionally suggests its controlled nature (e.g., Bayen & Kuhlmann, 2011; Ehrenige&
Klauer, 2005; Spaniol & Bayen, 2002).

Overall, evidence thus far points towards a controlled nature of knowledged&
source guessing. However, a contrasting conclusion emerges when the scbpe o
stereotyping is broadened. The nature of social categorization based on st#yping
can be described as rather automatic (i.e., operating outside of awarenesg;,eevine,
1989; see Monteith, Woodcock, & Lybarger, 2013, for an overviewAutomatic features
in age stereotyping have also been documented (Gonsalkorale, Sherman, & Klauer,
2014; Lepore & Brown, 1997; Perdue & Gurtman, 1990, but see Chasteen, Sataw&
Park, 2002). Furthermore, as Gilbert and Hixon (1991) already suggestestereotype
activation and application may di er in terms of their resource needs. The activatio
and counteraction may be resource dependent whereas the application may then be
resource independent (e.g., Bodenhausen, Macrae, & Sherman, 1999; Hamilton &
Sherman, 1994, but see Rivers, Sherman, Rees, Reichardt, & Klauer, 2019). This,
one de nes knowledge-based source guessing as re ecting stereotype applicatioe, t
social-cognition literature contradicts what has been predominantly reporteish the
source-monitoring literature regarding its nature.

Whereas the few existing studies about the nature of source guessing focused on

stereotypes/schemas, even less is known about the nature of contingebaged source
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guessing. Notably, Bayen and Kuhimann (2011) and Ehrenberg and Klauer (2005)
manipulated attention at encoding and demonstrated that the acquisition of
contingency knowledge at encoding is resource dependent. That is, biased source
guessing was observed when attention was divided but not when attention was
unimpeded at encoding. Whether the overwriting of stereotype in uences in the
moment of source guessing (at test) through contingency knowledge is also vese

dependent remains unexplored, however.

Overview of Experiment and Research Questions

Whereas research on source monitoring points towards a rather controlled,
resource-dependent application of pre-experimental knowledge in source gugsand
has not examined the nature of peri-experimental knowledge-based guessing, exide
from the social-cognition literature suggests a more automatic, resource-ipéadent
application but resource-dependent counteraction of this knowledge reliance (e.g.,
Klauer & Ehrenberg, 2005, but see Rivers et al., 2019). We thus aimed to matieectly
examine the resource dependence of both forms of knowledge reliance in source
guessing. This is often done by implementing a second task that needs to be performed
while, at the same time, focusing on a primary task (as done, for instance, by Klauer &
Ehrenberg, 2005). But cognitive load may also naturally emerge with increasingeadue
to a general decline in available cognitive resources (e.g., Park, 2000). If ¢inen
de nes aging as natural divided attention, the resource-(in)dependent nature of the
knowledge reliance in source guessing can be studied across age groups. Imptyta
none of the aforementioned studies examined the nature of knowledge reliance based on
age stereotypes in both younger and older adults.

The current study was designed to shed light on these still unanswered questions
about the nature of knowledge application in source guessing by varying speci c sairc
information at encoding and by using dual tasks at retrieval (which has rarely been
done so far; Klauer & Ehrenberg, 2005; Marsh et al., 2006) and aging as nafudivided

attention. That is, individuals of both ages performed a source-monitoring taskith
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age-stereotypical item material and received speci ¢ information about thgources
(ages) either already at encoding or only at retrieval. Additionally crossed withhis
manipulation, half of the younger adults performed a secondary task at the
source-monitoring test. To be explicit, the primary interest was to study the natwe of
source guessing and not age di erences. We thus adapted encoding times for older
adults to compensate for age di erences in source-monitoring processes and op&miz
accurate contingency perception; selerocedure section). Note that the now following
hypotheses constantly refer to source guessing as measured bytthe-high-threshold
multinomial model of source monitoring(2HTSM; Bayen et al., 1996)

First, we hypothesize to replicate the probability-matching account (Spaniol &
Bayen, 2002) in younger adults. That is, we expect source guessing to be basedhe
learned item-source contingency whenever participants can easily perceivesirce age
provided at encoding). Otherwise, when the source age is provided at test and
contingency detection should thus be di cult, source guessing should be based on
stereotype knowledge.

Second, we test the nature of stereotype-based source guessing by comparing
younger adults with full and divided attention in the retrieval conditions those
conditions in which we predict stereotype-based guessing. Una ected (or even
increased) knowledge-based source guessing under divided attention would imply an
automatic process. Decreased knowledge-based source guessing under dividedtih,
however, would imply a controlled process.

Third, we test the nature of contingency-based source guessing by comparing
younger adults with full and divided attention in the encoding conditions those
conditions in which we predict contingency-based guessing. Una ected
contingency-based source guessing would imply an automatic counteraction of
(stereotype-based) source guessing. If the latter corresponds to .50ifwlividuals with
full attention and exceeds .50 for individuals with divided attention, this would imply a
controlled counteraction.

We further test the nature of contingency-based guessing by examining whether
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older adults are still able to counteract stereotype-based source guessinthw
contingency knowledge. If older adults adjust source guessing to this knowledge, it
would imply an automatic counteraction. If they do not adjust guessing to this

knowledge, it would imply a controlled counteraction.

Methods

We preregistered the experiment's research plan on the Open Science Fraomgw
(https://osf.io/2ezrn/?view_only=ce2d6ad3949c4ed39e0ca6644 23ebe2). The
experiment was programmed with the open-source software progrddpenSesame

(Mathot, Schreij, & Theeuwes, 2012).

Design and Participants

For younger adults, the design was a 2 (dual-task condition: full vs. divided
attention at test; between-subjects) 2 (encoding condition: age information at
encoding vs. at test; between-subjects) factorial. For older adults, we onyanipulated
the encoding condition (encoding condition: age information at encoding vs. at test;
between-subjects). For reasons of convenience, we introduce a notatiorabbreviate
the six experimental conditions:YA (younger adults) andOA (older adults) refer to the
participants' age group,enc (encoding) andret (retrieval) represent the
encoding-condition manipulation (i.e., whether the speci ¢ source information was
revealed before the study or test phase), arfdll (full attention) and div (divided
attention) correspond to the dual-task manipulation at test (i.e., whether participats
performed a parallel task or not).

For our analyses based on Bayesian-hierarchical MPT modeling, arpriori power
analysis is neither straight-forward nor appropriate for a Bayesian approachs we
were mainly interested in group-level comparisons between experimental comatts, we
planned the sample size on the appropriate frequentists equivalent on an aggregat
group level usingmultiTree (Moshagen, 2010). As our experiment was motivated by the
nature of source guessing, we de ned the comparison of younger adults with full and

divided attention at test as crucial for the determination of the nal sample size. Bsed
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on Kuhlmann et al. (2016) who used comparable item material and presentation times
during encoding for their younger-adults sample, we set the population-level parameters
for item memory (D) to .70, for source memory d) to .60, for old-new item guessinghj

to .45, and for source guessing) to .60. We additionally assumed a decrease in
item-memory and source-memory performance of .10 in the dual-task conditibo

detect a between-subjects di erence of .10 in source guessing with a power8@ and

( = :05), a minimum of 3037 observations per condition (i.e., 34 participants 90

items) is required. To ful Il our counterbalance constraints, we increased the sample
size to 36 participants per condition (3240 observations).

Younger adults were recruited via an electronic system or ads from the Univessit
of Mannheim and Heidelberg. Older adults were recruited from our participant
database, originally recruited via local newspaper ads and snowballing. Participaras
both age groups were only invited for this experiment if they had not participateth
previous age-stereotype based source-monitoring experiments. Further, induals were
excluded if they did not meet the age criteria (based on a survey study for the used
item material, Kuhlmann et al., 2016) of 18 26 years (younger adults) or 6084 years
(older adults), if their native language (i.e., learned before the age of six) was not
German, and if they were colorblind (due to di erent colored response options in the
memory test). To avoid confounds with pathological cognitive changes, participasnt
with a history of stroke, heart attack, severe brain injury/trauma,
alcohol/drug/substance abuse, any neurological disorder (e.g., epilepsy, Alzheimer's, or
Parkinson disease), current (i.e., past 6 months) diagnosis of major depressiamg a
regular use of benzodiazepines or antidepressants were excluded. Our preregdte
performance-related exclusions in the dual-task conditions based on the mean aacyr
in the secondary task (< 2SD below respective condition's mean) were not necessary.

In total, we tested 218 eligible participants, 144 younger adults (range = 186
years,M =20:90,SD = 2:25) and 74 older adults (range = 6180 years,M = 70:88,
SD =5:52)2 Due to lower rates of university education in former times in Germany, it

comes as no surprise that older adults had, on average, completed slightly feweargeof
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formal education M = 13:47,SD = 2:16) than younger adults M = 14:06,

SD =1:67),1(215) = 2:22,p = :027,BF 1o = 1:54, tested two-sided. The additionally
assessed verbal abilities with th&ASKA vocabulary test (Riegel, 1967) showed that
older adults M = :87,SD = :12) outperformed younger adultsi¢ = :65,SD = :15),
t(216) = 11:15, p < :001,BF 15 = 7:06€"°, tested two-sided. More details about the

sample composition can be retrieved from Table 1.

Materials

The item set consisted of 90 German statements re ecting everyday behadmr
general attitudes typical for younger versus older adults. These statementen created
taking the multidimensionality of age stereotypes into account (Gluth, Ebner, &
Schmiedek, 2010; Kornadt & Rothermund, 2011) in a survey study by Kuhlmann,
Kornadt, Bayen, Meuser, and Wul (2017). In this study, younger and older
participants initially rated 368 statements with regard to their typicality for either a
young or an old target person on a 5-point Likert scale (1 = very atypial , 2 =
atypical , 3 = neither typical nor atypical , 4 = typical , 5 = very typical ) . We
selected those statements that were rated as "typicalM(  3) for one age group and
"atypical" (M < 3) for the other by both participant age groups. From this item pool,
we created three lists of 30 statements each (including 15 typically-young and 15
typically-old statements) from which two lists served as to-be-learnedhd one as
distractor list for the (source-) memory test. Assignment of lists as study or disctor
list was counterbalanced between participants. (A)Typicality of the statemds did not
di er between lists, all ps  .36. The two common German last names "Mdller" and
"Schneider" (age- and gender-neutral) served as sources. Sources were deddobbe
either 23 or 70 years old (as these were the ages participants reportadking of when

rating the typicality of statements in the survey study; Kuhlmann et al., 2017).

Procedure

Participants were tested in homogeneous age groups (up to eight persons for

younger adults; up to three persons for older adults to assist with computer handling if
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necessary) in separate computer cubicles. After participants provided written mimed
consent, they were randomly assigned to the experimental conditions in the ordéey
came to the lab. A schematic illustration of the procedure can be retrieved from
Figure Al of Appendix A.

All participants rst performed the digit-symbol substitution task ( DSST;
Wechsler, 1981), a paper-pencil processing-speed test, timed by the exkpenter after
90 seconds. Following this, the computerized experiment started and all particigan
performed a source-monitoring task with age-stereotypical item materiathich
procedure only di ered based on condition-based adjustments. Participants were
initially informed that they will process everyday statements from either a youngraan
old person source labeled with common German last names ("Mdller" vs. "Schneider").
We instructed them to memorize the statements for a later test but refraineddm an
explicit source-memory instruction. Participants learned 60 statements (preded by
two additional statements as a primacy and followed by two additional statementss
recency bu er) of which 30 statements were typical for a person of youngage and 30
statements were typical for a person of older age (typicality ratings bagen the survey
study from Kuhlmann et al., 2017). Each of the two sources presented one of the
aforementioned lists with half typically-young and half typically-old statements, ad the
third list served as a distractor (counterbalanced assignment of subsets toidy and
distractor lists and sources). A 250 ms blank screen followed each statemdduring
the retention interval, younger participants practiced the tone-monitoring tak
(irrespective of whether they actually had to perform it at test). A testphase followed
in which all 60 statements from the initial study phase and 30 new distractor
statements appeared. For each statement, participants decided whether tsiatement
was old or new and, if it was judged to be old, which source presented it. The spec
ages of the sources were written below each source label. These soutdbwions were
made self-paced by responding via the keyboard (keys "D" and "K" for the sowsce
[assignment counterbalanced across participants in each condition], space keynfw

statements). Target and distractor statements appeared in random ordeln the end,



KNOWLEDGE RELIANCE IN SOURCE GUESSING 12

participant's perception of the item-source contingency during the study phase was
collected. They judged how many statements of each typicality were presetitby each
source (e.g., How many typically-young statements have been presented thetyoung
vs. old source?). Then, all participants completed the computerized version tfe
SASKA (Riegel, 1967) in which they selected one out of ve response options that
represented the meaning of a target word most via key press (keys "A" to "E").
Demographic and health-related personal information were provided at the end dfet
experiment followed by a debrie ng. Participants were compensated and dismidse

The speci ¢ assignment of the ages to the person sources (which source was
labeled to be 23 vs. 70 years old) was revealed either at encoding or at tédtat is,
half of all participants from both participant age groups learned the specic
assignments of ages to the two sources before encodivg ( enc_full, YA _enc_div,
OA_enc_full; speci c ages were written below each source on screen); the other half
learned this assignment only before the test phas&A _ret_full, YA _ret_div,
OA_ret_full). Each statement was presented for four seconds for younger participant
As age-related declines in cognitive functioning may impair older adults' contingency
perception at encoding (cf. load at encoding for younger adults; Bayen & Kuhlmann,
2011), we increased the presentation time to eight seconds per item-sowombination
to facilitate encoding and contingency perception for older participants.

Only in the younger-adults sample, participants in the divided-attention
conditions (YA _enc_div, YA _ret_div) performed a secondary tone-monitoring task
adapted from Boywitt, Rummel, and Meiser (2015). During source attributions atdst,
participants additionally listened to tones of two di erent frequencies and were
instructed to respond via key press (key "P") whenever three consecutive terd the
same frequency were presented. The tone sequence consisted of a pseudo-randomly
order of two tones of either high (440 Hz) or low frequency (330 Hz) with a letigof
180 trials. We adjusted the this sequence with the following restrictions: Not mothan
three tones of the same frequency should be presented consecutively, the sanmeber

of target (i.e., three consecutive tones with the same frequency) and distracttrials
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(i.e., < three consecutive tones with the same frequency) should be presented atle
frequency, and at least one target trial should be presented within the rst 1@ne
trials. Tones were presented for one second followed by an ISI of twoaets. In total,
60 of the 180 tones were target trials with three consecutive tones of thense frequency
and 120 were single tones and therefore de ned as distractors. Between staahyl test
phase, younger participants practiced the dual task for two minutes irrespecévof
whether they actually had to perform it during source attributions or not. The practie
dual task consisted of the tone-sequence task (as described in the main textjile
working on a math task simulating proper dual-task conditions. We presented simple
mathematical equations (e.g., 9 + 14 = 23?) that participants classi ed as either
correct (key "S") or incorrect (key "L"). Participants received performace-related
feedback at the end of the practice phase. Older adults performed the math task
without the dual task. We instructed participants in the dual-task conditions that both
tasks were equally important and that they should respond to the tone-monitoringask
on target trials immediately but otherwise respond to the source-monitoring taskiVe
provided error feedback for two seconds whenever participants missed a targehe
respective source attribution remained on the screen until a response faist task was
registered. If participants needed longer than 180 tones to attribute all staients to
the sources, the tone sequence was repeated until they had attributed allttes
statements to the sources. We calculated the overall performance for the
tone-monitoring task as hit rate minus false-alarm rate (discrimination measurer).
Hit rate corresponds to the proportion of correct responses on targetesent trials (i.e.,
three consecutive tones of the same frequency), false-alarm rate cqyoegls to the
proportion of incorrect responses on target-absent trials (i.e., singlenes). Individuals
performed fairly well in the tone-monitoring task. Their respective perfornrace
measure indicated that individuals in both dual-task conditions executed this secondary
task while their primary focus was to attribute the to-be-remembered statemés to
their sources comparably wellYA _enc _div = :74,SD = :13, YA _ret_div = :75,

SD = :15), t(70) = :29,p = :775,BF 3, = :25.
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Statistical Model

In this experiment, data were coded into three item types like in previous remeh
(e.g., Ehrenberg & Klauer, 2005; Kuhlmann et al., 2016; Schaper, Kuhlmann, & Bayen,
2019; Spaniol & Bayen, 2002): statements originating from the age-consigtsource
(i.e., aggregate of typically-young statements presented by the young soeii&
typically-old statements presented by the old source), statements origitiag from the
ageinconsistent source (i.e., aggregate of typically-old statements presehtay the
young source & typically-young statements presented by the old source), andane
statements that had not been presented by either source (aggregatetyggically-young
and -old distractor statements). The 2HTSM (Bayen et al., 1996) was then ed to
disentangle memory and guessing processes underlying the source attributions. In order
to obtain model identi ability, parameter constraints needed to be implemented. From
the submodels of the 2HTSM (see Bayen et al., 1996), Submodel 5d was the most
parsimonious submodel that tted the data best This submodel contains the following
parameters: ParameteD (= item memory) measures the probability of either
recognizing a statement as old or as new (assumption: item memory is equal across
item types, D, = D, = D). With the complementary probability (1 D), the
statement is not recognized in the rst place. In this case, with probabilityb the item is
guessed to be either old or new (1 b) because the source can also not be remembered
if the statement has not been remembered before (e.g., Malejka & Br6defl6).
Parameterd_ (= source memory) re ects the probability of remembering the
age-typical source and parameted, re ects the probability of remembering the
ageatypical source if the statement will be recognized before. If source memdayjls (1

d. orl d,) orthe statement is guessed to be old, the source will be guessed
(assumption: source guessing does not depend on whether a statement was remesdbe
before,a = g). A graphical illustration of the submodel can be found in Figure 1.

Multinomial modeling traditionally relies on maximume-likelihood estimation

aggregating across participants and thus neglecting (potential) di erencestween

individuals (Batchelder & Riefer, 1999; Lee, 2011; Matzke, Dolan, Batchelde,
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Wagenmakers, 2015). We thus applied a Bayesian-hierarchical extension of MP
models (atent trait ; Klauer, 2010) to estimate group- and individual-level parameters
jointly. This latent-trait approach assumes that individual parameters are consgined
by an overarching population-level distribution (multivariate normal distribution)
thereby accounting for individual di erences and parameter correlations. Paramet
values can be derived through sampling from the resulting posterior distribution based
on the Markov-chain Monte Carlo (MCMC) algorithm.

Whether the 2HTSM ve-parameter submodel t our data in each condition, was
tested with Bayesian posterior predictivgp-values > .05 for both the parameter means
and covariance. We followed Klauer (2010) and relied on thig statistic to assess model
t for the mean (di erence between observed and expected mean frequengiesd the
T, statistic for the covariance structure of the data (summed di erence between
observed and expected covariance; standardized by expec&id), separately for each
experimental condition® To ensure parameter comparability between conditions, we
tted this submodel to all conditions of both participant age groups. Non-signi cant
p-values for the mean and covariance structure of each data set indicated th&ig
model well accounted for all conditions of both participant age groups (see Tal#i@

Analyses were conducted usinB (R Core Team, 2020) andJASP (JASP Team,
2019). The hierarchical MPT model analyses were conducted with tHeeeBUGS
package (Heck, Arnold, & Arnold, 2018), gures were created with thggplot2 package
(Wickham, 2016). In the subsequenResultssection, we report the model-based mean
parameter values and sampled parameter di erences for between-condition compamis
with corresponding 95%-Bayesian Credibility Intervals (BCI) of the posterio
distribution. Di erences and parameter correlations are considered meaningful if the
BCI excludes 0. Condition-based group-level parameter estimates can be rete@ from

Table 2. Source-guessing parameter estimates are illustrated in Figure 2.
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Results

First, we aimed to replicate the probability-matching account in younger adults. Based
on Kuhlmann et al. (2012), we predicted stereotype-based source guessingtie
younger participants under full attention with source information provided at testout
contingency-based guessing under full attention with source information provided
already at encoding. Indeed, when testing each conditions' source-guessing paramete
against chance level of .50, the obtained di erence was not credible in the encoding
condition, 4 g :50=:04 [ :05;:13], indicating unbiased source guessing but there was
a credible bias in the retrieval condition4 g :50 =:11 [02:19]. However, the direct
comparison of both conditions did not reveal a credible di erence,:07 [ :19;:06]. This
is likely due to age stereotypes being rather weak, as opposed to the strengrofession
schemas used in Kuhlmann et al. (2012).

Second, we tested the resource dependence of stereotype-based sourssiggeat
retrieval by comparing younger participants in the retrieval condition with full or
divided attention. Whereas source guessing exceeded chance levelfor ret_full, as
reported above, it did not forYA _ret_div,4g :50=:06[ :02:14] However, source
guessing tended to be biased iMA _ret_ div and did not di er from the biased guessing
in the YA_ret_ full condition, :08[ :17;:01].

Third, we tested whether the counteraction of stereotype-based sourgaessing
via contingency knowledge depended on cognitive resources by comparing younger
participants in the encoding condition who had either full or divided attention. As
reported earlier, source guessing ffA_enc_full did not exceed chance level; neither
did YA_enc div,4g :50= :002][ :08;:08]. The comparison of both conditions also
revealed no credible di erence;04 [ :08;:16].

In older adults, source guessing exceeded chance level in both conditions,

4 g :50=:10[01:18] (encoding) andd g :50 =:18 [11;:24] (retrieval). Although
this bias descriptively reduced in the encoding condition, the between-condition

comparison revealed no credible di erenceQ8 [ :19;:03]. Thus, older adults, with
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declines in cognitive resources, were not able to su ciently counteract stergpe-based
source guessing based on the actual contingency in the encoding condition.

In an exploratory analysis, we implemented the subjective contingency judgment
(i.e., estimated number of typically-young and typically-old statements that wes
presented by either source during the study phase) collected at the end of the
experiment as an external covariate for the source-guessing parametekii conditions
of both participant age groups correctly perceived the item-source contiegcy of .50,
all BF1p .97, but their contingency judgments were not substantially correlated with

source guessing (see Table 3).

Discussion

This study examined what underlying mechanism may describe knowledge
reliance in source guessing by testing e ects of a dual task at retrieval andgnitive
aging. Our main nding is that in younger adults neither stereotype-based nor
contingency-based guessing was strongly a ected by cognitive load at retral
suggesting their resource independence, and thus automatic nature, of both
stereotype-based and contingency-based source guessing. However, ibilggyato
counteract stereotypes based on contingency knowledge in source guessppears to
be impaired in older adults suggesting that it is not fully automatic but, as discussed
later, this may rather be due to contingency detection requiring resources.

Our conclusion that stereotype-based source guessing is automatic rests loa t
comparison between load conditions in younger adults' retrieval conditions as wedl an
the observation of stereotype-based guessing in older adults. It must be reht@owever,
that the direct comparison against chance level revealed a signi cant bias only in tved
these three conditions but only a descriptive bias tendency for younger adults with
divided attention. In younger adults, the accurate contingency perception under
optimal encoding conditions can counteract the stereotype reliance in source gieg
(replicating, e.g., Bayen & Kuhlmann, 2011; Kuhimann et al., 2012). To our knowledge

this is the rst time that this is demonstrated for source guessing based on age
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stereotypes and thus shows that enhancing attention to younger and older adults'
actual behaviors can help overcome age stereotypes. Notably, younger aslwbility to
counteract stereotypes based on contingency knowledge in source guesseng
independent from cognitive resources available at test re ecting a rather autenatic
application of contingency knowledge during source attributions.

However, older adults were not able to guess unbiased after learning the specic
source information at encoding. Although at rst glance this seems contradictory tthe
null e ect of cognitive load on contingency-based guessing in older adults, it is crac
to keep in mind that the age-related declines in cognitive resources a ect oldeddts'
performance throughout the entire task, not just during retrieval. Thus, older adu#t
might have had di culties perceiving the contingencies during encoding, despite the
longer encoding times, as do younger adults under cognitive load at encoding (Bayen &
Kuhlmann, 2011). Unfortunately, the subjective contingency judgments do not seem
informative to this matter as they did not show any condition di erences or relation &
source guessing. As already discussed in our preregistration, these judgmentdikety
reactively in uenced by the test and the explicit phrasing of the question (cf. Kuhlmann
et al., 2012). Indeed, mean contingency estimates were near .50, even in conatifor
which the true source-item contingency greatly deviated from .50 (Bayen &uflmann,
2011). A less explicit, online measure of contingency perception directly afteudy and
during the test would thus be desirable and might reveal age di erences. Alternatively
older adults in the encoding condition may have accurately perceived the contingency
but still stuck to their strong stereotype knowledge. Indeed, older adults' steogype bias
in the retrieval condition was the most pronounced, in line with several other ndings of
stronger knowledge e ects in older adults (see Umanath & Marsh, 2014, for aview).

While this study contributes to the understanding of the complex nature of source
guessing, the present ndings should be reviewed in the light of some limitations. First,
our conclusions mainly rely on null e ects. These, however, may result from a gealy
weak age-stereotype bias in all experimental conditions which mirrors the har weak

explicit typicality ratings for this stereotype domain (compared to more pronounced
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expectations in other knowledge domains; e.g. Bayen, Nakamura, Dupuis, & Yang,
2000; Kuppers & Bayen, 2014). Furthermore, the interpretation of the refis is
conditional on the scaling of source guessing. That is, the baseline stereotypeeias
guessing that needed to be counteracted through individuating contingency knowledge
was much more pronounced in older than in younger adults. Descriptively, older adults
reduced their stereotype-based guessing, though not statistically reliable, buven

their strong initial bias, their counteracted guessing was still biased. Note, hovwey

that younger adults were able to counteract even comparably strong biases in poas
studies (e.g., Arnold, Bayen, Kuhlmann, & Vaterrodt, 2013; Kuhlmann et al., 2012).

Second, studying the nature of source guessing only with a 50:50% item-source
contingency at encoding can be challenged. Even though we think that the use of this
contingency mirrors the ambiguity in the perception of di erent person (groupspest,
future studies should test other contingencies. Of particular interest may be arwdition
in which the majority of items are presented by the atypical source leading to
counter-stereotype based source guessing under full attention (Bayen &ltidmann,
2011). Does counter-stereotype based guessing remain possible even wagritive
load? And would older adults adjust source guessing to such a strong
counter-stereotype contingency?

Third, the transfer and value of our results for stereotype application in real kf
awaits further research. In terms of future source attributions and impression
formations, the automatic stereotype application in source guessing and thus aKauf
individuation may severely a ect the stereotyped person group (e.g., false@isations in
eyewitness testimony). The good news, however, is that at least in youngeluéts the
contingency-based counteraction succeeds even under cognitive load (e.gmfstress;
cf. Sherman, Groom, Ehrenberg, & Klauer, 2003). This underpins the necessity for
unimpaired encoding of information and its contextual details as a prerequisite for
unbiased guessing later on. Whether the bene cial e ect for source guessing in these
encoding conditions is actually traced back to contingency detection cannot be asse

with reasonable certainty from this study and remains to be determined. With regards
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to older adults, merely revealing stereotype-relevant information at encoding maot
be enough to foster contingency learning. Future research should determine, under

which (if any) conditions older adults can counteract stereotype-based guiegs
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Footnotes

1More details about the reasoning for the proposed hypotheses can be redsied from the preregistra-
tion on OSF: https://osf.io/2ezrn/?view nly = ce2d6ad3944ed39e0cab6442&be@:

2Although Klauer and Ehrenberg (2005) did not observe di erences in the iem and/or source-memory
performance at test, our pretested dual-task manipulation (20 participants, 10 with full and 10 with
divided attention with the specic source-age information provided at test) pointed to poorer item
memory under divided attention (Pr = hits false alarms; YA _ret full: Pr = :64, SD = :12;
YA _ret_div: Pr = :52,SD = :16).

3In addition to the preregistered n of 36 per condition, we were able to collect two additional older
participants one per condition.

4One older adult did not indicate years of formal education and was thus remeed from this analysis.

SWe also applied the least parsimonious submodel a0; = b, = D;d; =d,; g= a) toour
data but obtained a substantial mis t in the mean structure for older ad ults who were informed about
the speci c source' ages only at test OA_ret_full; Ty = :024 and T, = :223). Therefore, we tted all
submodels that explained the data with ve parameters and submodel5d revealed the best model t
for the respective OA_ret_ full condition (as indicted by the non-signi cant p-values of T; = :102 and
T, = :139).

6Even though other submodels indicated descriptively larger postéor predictive p-values for the
covariance structure, none of the other submodels exceeded the offier the means (which was of main
interest to test the proposed hypotheses).

"Descriptively, source guessing exceeded chance level féA _ret_ div and substantially so when we
excluded one participant with the most pronounced counter-stereotpe guessing parameter of. 30 in an

exploratory analysis,4 g :50 = :08 [:001;:15].
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Table 3

Contingency Judgment

Perceived Contingency

Participant group
Mean Judgment Correlation with Source Guessing

YA _enc_full .50 (.06),BF 1, = .20 -.06 [-.33, .21]
YA_ret_ full .50 (.06),BF o = .18 -.14 [-.34, .07]
YA _enc_div 49 (.04),BF o = .97 -.01 [-.30, .29]
YA_ret_div 49 (.07),BF 0 =.25 .14 [-.08, .37]
OA_enc_full 52 (.07),BF 10 = .66 .07 [-.15, .31]
OA_ret_ full 51 (.09),BF 0 = .23 .09 [-.08, .26]

Note. Contingency judgment per experimental condition: YA = younger adults, OA = older adults;
enc = source information (age) was revealed before encodinget = source information (age) was
revealed before retrieval;full = full attention at test (no dual task), div = divided attention at test
(dual task). Contingency judgements were averaged for typically-youg and typically-old statements
and their di erence to chance level of .50 was tested. Bayes factorsefer to the test against .50.
Following the Bayes-factor classi cation from Lee & Wagenmakers (2013), weriterpreted these test

results as anecdotal to moderate evidence for a lack of a di erence t®0 in either condition.
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Figure 1. Submodel 5d of the 2HTSM adapted from Bayen et al. (1996). The three
trees represent the respective item types, source-attribution respses are displayed in
guotation marks. D = probability of recognizing a statement that had either been
presented by the typical or atypical source or was known to be new; = probability of
correctly remembering the source of a statement that had been presentadthe typical
source;d, = probability of correctly remembering the source of a statement that had
been presented by the atypical sourcédy= probability of guessing that an unrecognized
statement is old;g = probability of guessing that a recognized or unrecognized

statement had been presented by the typical source.
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Figure 2. Mean source guessing per experimental conditio®A = younger adults, OA

= older adults; enc = source information (age) was revealed before encodimgt =
source information (age) was revealed before retrievélill = full attention at test (no
dual task), div = divided attention at test (dual task). The dashed (red) line represents
chance-level guessing of .50 (also representing the experiment's item-source
contingency), values above .50 indicate stereotype-based source guessaiges below
.50 indicate counter-stereotype-based source guessing. Group-level patem@eans are
displayed as bars, individual parameter estimates are displayed as dots. The errordar

represent the 95%-BCI.
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Abstract

The probability-matching account(Spaniol & Bayen, 2002) states that source guessing is
matched to experimental contingencies of item types and sources. Howevecently
Bell, Mieth, and Buchner (2020) provided rst evidence that this account may only
apply to source attributions for previously-encountered contextual informationFor
source attributions about novel information, which participants detected as newpsarce
guessing did not match the contingency knowledge perceived during encoding. In this
case, source guessing continued to follow generic knowledge as the default thus
neglecting past on-line contingency knowledge as a cue for prospective source
attributions. The focus of the present study was to test whether this schema reliagac
for detected-new items could be explained by the lack of constant, individuating
descriptions about the person sources in Bell et al. (2020). We accounted this by
presenting two speci c persons with profession labels during encoding. ReplicatingliBe
et al. (2020), source guessing for detected-old items was based on the itenrse
contingency and source guessing for detected-new items was based on schematic
expectations about the professions notwithstanding the constant use of speci source
exemplars across previously-processed and novel contextual information. resent
study thus adds evidence for persistent schema-based source guessing for weterew
items, even when novel information is attributed to known sources.

Keywords: source monitoring, schemas, source guessing, probability-matching

account, Bayesian-hierarchical multinomial modeling
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Guess What?! Di erent Source-Guessing Mechanisms for Old Versus New Information

How do we determine the origin of information? For instance, when to decide who
told you about a recently-released movie in the theatre or where you redite latest
news, which cues can we make use of to infer the source? Of course, it would = ibe
we can retrieve contextual details about the past situation in which we initially
processed the information itself. But, for example due to the similarity of di erent
sources that we usually process, we sometimes may fail to retrieve the distinctisie
(e.g., Bayen, Murnane, & Erdfelder, 1996). In this case, a promising cue for sairc
attributions lacking source memory may be simply guessing, for instance, based on our
experiences from the past. That is, when looking back at the example from abpwes
may simply guess that our best friend told us about the movie as they are Im fans and,
therefore, most likely have told us about it.

Johnson, Hashtroudi, and Lindsay (1993) conceptualized this dissociation between
memory- and judgment-based source attributions and proposed an overarching
theoretical framework according to which source attributions can be in uenced by
contextual memory processes for episodic, perceptual, or a ective detailscut the
origin of information. When source memory is absent, source attributions can be bdse
on judgment processes based on pre-experimental knowledge (e.g., schemas,
stereotypes) and metacognitive beliefs. A large body of evidence highlightdtht,
indeed, pre-experimental knowledge is used to infer the source when no explicit memory
for the source is available (see Kuhlmann & Bayen, 2016, for an overview). Orfeloe
rst knowledge domains in which this nding has been observed is the schema about
di erent social groups, examined speci cally for professional groups. In a
source-monitoring experiment relying on the doctor-lawyer paradigm (e.g., Baye
Nakamura, Dupuis, & Yang, 2000, Experiment 2), two person sources, a doc{i.e.,
physician) and a lawyer, are shown with everyday statements re ecting acttes and
attitudes that are either expected for a doctor or a lawyer. Both soursepresent the
same amount of statements from each item type (expected-doctor vxpected-lawyer)

such that there is a null contingency between the item type and the sources' pessional
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groups. In a later memory test, individuals are asked to attribute the previously-leaed
and new statements, that have not been encountered before, to either smior classify
them as new. Using multinomial modeling (Bayen et al., 1996), memory and guessing
processes underlying individuals' source attributions could be disentangled revealing
that source guessing was predominantly biased towards the schematically-expdcte
source (i.e., neglecting the null contingency re ected in the experiment's item matal)

if veridical source information could not be retrieved from memory.

Importantly, source guessing is not always based on pre-experimental knage
structures. Source guessing can be also in uenced by peri-experimental knowketgat
is acquired during the course of encoding of the item-source combinations. That is,
source guessing can be adjusted based on the contingencies re ected in the item
material (e.g., Bayen & Kuhimann, 2011; Bell, Mieth, & Buchner, 2015; Ehrenberg &
Klauer, 2005; Kuhlmann, Vaterrodt, & Bayen, 2012). Contingency-based so@rc
guessing is typically examined using sources about which participants have no prior
knowledge (e.g., two unfamiliar male persons; Ehrenberg & Klauer, 2005). During the
encoding of item-source pairings, the ratio of certain item types (e.g., positioe
negative behaviors re ected in the descriptions of the two men) presented by legtr
source is typically varied. More speci cally, one source is associated with marems of
a particular type (e.g., 75% negative behavior, 25% positive behavior), wieas this
ratio is reversed for the other source (25% positive behaviors, 75% nigabehaviors).
In the test phase, participants can then rely on this previously learned item-sowrc
contingency in source attributions when source memory is absent.

The question under which conditions individuals make use of these di erent kinds
of knowledge structures (e.g., pre- vs. peri-experimental) in source guesdag
attracted the interest of researchers in the source-monitoring literaturand ultimately
led to the development of a theoretical account that formalized the use of di ené cues

for source guessing and which is described in the next section.
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The Probability-Matching Account and Its Extension to New Items

According to the probability-matching accountof source guessing by Spaniol and
Bayen (2002), individuals' source guessing should be based on probability matching in
the rst place (i.e., guessing in line with the peri-experimentally perceived propton of
outcome frequencies, for instance, di erent item types; cf. Schulze, Jamegyddler, &
Newell, 2019; Spaniol & Bayen, 2002). When speaking of probability matching in the
context of source attributions, it refers to source guessing following the peived
distribution of item types (e.g., expected vs. unexpected for a certain wa@e
characteristic) to each source (cf. Spaniol & Bayen, 2002). Source guesdiaged on
pre-experimental general world knowledge (such as schemas and stereetynly sets
in if the situational conditions at encoding (e.g., divided attention; fast presentation
time) hinder an accurate perception of the item-source contingency (e.g., Bay&n
Kuhlmann, 2011; Kuhlmann et al., 2012). While, until recently, the interpretation of
probability matching was limited to detected-old items, Bell et al. (2020) have since
argued that individuals may, nonetheless, infer the source even for information of which
they know it is new. The content itself may serve as a cue for the most likely soareven
though the information was previously not encountered and associated with a soer

For this reason, Bell et al. (2020) recently posed the question whether the
probability-matching account could be extended to situations where source attributions
are made for novel information for which individuals may have an intuition about what
kind of source such an information may originate from (e.g., based on plausibility
considerations)? In a series of studies, the authors demonstrated a clear distioctfor
source guessing between detected-old and detected-new items. More spelty ca
(illustration from Experiment 1), participants performed a source-monitoringask in
which multiple faces (each only once thus serving as tlems) were shown with a
profession label (farmer or lawyer) and behavior descriptions that were eithexpected
for a farmer, a lawyer, or neutral (irrelevant for the distinction betweerthe professions;
serving as thesourceg. Each type of behavior description was paired equally often with

each profession label. Thus, during the encoding phase, participants should have
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learned that there was a null contingency between a face's professional laded the
type of behavior description provided. In the test phase, participants were rsasked to
decide whether a face (presented with the profession labels of farmer or layamong
new, distractor faces (labeled either farmer or lawyer) was old or new. A&ft
participants provided their old-new decision, they were asked to attribute eachda to
either of the three behavior descriptions (as the sources). That is, they attribed the
faces (with profession labels) to behaviors either expected for a famna lawyer, or
neutral behavior. Importantly, participants attributed the faces to the behaiors
irrespective of whether they initially classi ed the face as old or new. By this, the
authors showed that the recognition status of an item (i.e., face) was incomated into
source guessing (see also Meiser, Sattler, & von Hecker, 2007): Individualsedabeir
source guessing on the peri-experimental item-source contingency peraeidaring
encoding when they had to infer the expectancy of the behavior description for items
that they had previously detected to be old (i.e., unbiased guessing in line with the null
contingency re ected in the stimulus material). Individuals, however, based their soce
guessing on pre-experimental schematic beliefs when they had to infer the expecy of
the behavior description for faces that they had detected to be new (i.e., biasaards

the profession-expected behavior).

Research Question and Overview of Experiment

In summary, guessing for detected-old items is based on probability matching;
guessing for detected-new items is based on schematic expectations about ssu(Bell
et al., 2020). Hence, the empirical evidence recently provided by Bell et al. (202
implies that the probability-matching account only holds for previously-encountered,
and not novel, information.

However, in the experimental paradigm used by Bell et al. (2020), the only cue
that individuals could make use of when inferring the profession expectancy for
detected-new faces was the accompanying label indicating the profession of therce.

Except for the profession label, no further information connected the new facesthe
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studied faces. The rather unspeci c face exemplars and their labels may activateet
mental concept of the respective professional category but did not elicit an individua
representation of this person nor trigger transfer of the previously-leaed information
about other individual faces. In our everyday life, however, we often interawith a

nite number of speci ¢ persons in our social network (Dunbar, 2010, e.g., ahé
workplace or among our peer group) that we uniquely identify as those and who
constitute of multifaceted attributes and behaviors. Therefore, one potéal

explanation for the schema reliance (instead of contingency reliance) for deetinew
items in source guessing could be the lack of speci ¢c and constant individuating source
information during encoding which is usually given in recurring social interactions in
real life. This missing cue may prompt individuals to rely on schematic knowledge as
default when performing a source-attribution attempt as they cannot draw on a
learning history of the distribution of item types to the sources during the encoding
process. Alternatively, a replication of the distinction between source guessifay
detected-old and detected-new information with constant, known (from the ending
phase) sources would provide strong evidence that source guessing for detentad-
items indeed is governed by di erent mechanisms than the well-studied source guessing
for detected-old items.

The goal of the present study was to extend the ndings on the
probability-matching account for detected-old and detected-new items (Bell et al.020)
using constant and distinct exemplars of two sources (i.e., persons) who presesious
information (i.e., more akin to the original doctor-lawyer paradigm; Bayen et al.,@00).
More speci cally, we aim to answer the question, whether people are capable to
generalize their source guessing based on the item-source contingency perdelueng
encoding to an unrelated new decision context for the same, previously-encouatkr
sources uniquely identi ed by their profession and name? We, rst, hypothesized tha
participants' source guessing for detected-old items should be determined by probaipilit
matching according to the proposed framework by Spaniol and Bayen (2002). That

given that participants correctly perceive the true null contingency betwaeitem types
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and source professions at encoding, source guessing should be based on exactly this
probability matching resulting in equal guessing of either source. Second, we
hypothesized that participants apply the previously-experienced item-source
contingency with already-familiar and speci ¢ source exemplars to detected-neverns

in their source guessing. This prediction is in contrast to Bell et al. (2020). As
explained earlier, we predicted that we considered contingency-based sourcesging for
detected-new items as possible here due to our constant use of two speci ¢ source

exemplars only across source attributions for detected-old and -new items.

Method
Design and Participants

The design was a 2 (statement profession expectancy [items]: statementgexted
vs. unexpected for the respective source's profession; within-subjects@ (professional
group [sources]: doctor vs. lawyer; within-subjects) factorial. The soucevere
presented by two male faces, each consistently accompanied by the same nantke a
profession label. Furthermore, we counterbalanced source labels, coroegpng images,
and the order of the sources presented on the test screen between-stibje

Sixty undergraduates (age range = 1830 years;M = 21:90,SD = 3) were
recruited via an electronic system or ads from the University of Mannheim (reféo the
Statistical Model section for the sample-size reasoning). We excluded individuals whose

native language (i.e., learned before the age of six) was not German.

Materials

The item set consisted of 108 German statements re ecting behaviors and
attitudes to be expected for the profession of a doctor (= physician) or awyer
(adapted from a German norming study by Kuhlmann et al., 2012, based on Bayen et
al., 2000). The statements were initially rated with regard to their expeetncy for both
professional groups on a 5-point Likert scale (1 = very unexpected , 2 =

unexpected , 3 = neither expected nor unexpected , 4 = expected, 5 = very
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expected ) by 60 German undergraduates. We selected statements thatreigated as
expected M  3.5) for either a doctor (e.g., Your blood pressure is too high.) or a
lawyer (e.g., | have to be in court at 9 am.) while at the same time rated as
unexpected M < 2:5) for the other profession such that only unambiguous statements
remained from which we randomly selected 54 statements per profession.
Black-and-white images showing two similarly-looking adult men (taken from Bayen et
al., 1996) labeled with the two German rst names "Ralf" or "Uwe" (as in Kuhlmann et
al., 2012) served as sources. The experiment was programmed with the opeurce

software programOpenSesamé&Mathoét, Schreij, & Theeuwes, 2012).

Procedure

Participants were tested in groups up to four persons in separate computer
cubicles. After they provided written informed consent, the computerized experime
started and participants performed a source-monitoring task with verbal ita material
re ecting profession-related attitudes and behaviors.

We informed participants about that we would present them with everyday
statements that were said by either a doctor or a lawyer ("Ralf" or "Uwe"; signment of
names to sources counterbalanced between-subjects) accompanied by an inohdlee
respective person or statements that were not assigned to either pmrsand thus
presented without a profession label, name, and an image. Thus, statementsido
originate from three sources, two persons presented with di erent
professions/names/images and one person that we did not describe in any further
detail. We provided an explicit source-memory instruction already before encoding |
the encoding phase, participants learned 54 statements (preceded and followedHrge
bu er statements of equal expectancy for both professional groups, pestively).
Twenty-seven statements were expected to be said by a doctor and atements were
expected to be said by a lawyer. Each source was associated with te&esnents from
which nine were expected for a doctor and nine were expected for a lawyerrstitat

there was a null contingency between item types and sources. Statementyev
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randomly selected from the item pool for each participant. Each statemeand, if
applicable the face, name, and profession label was displayed for four seconds untilet
next trial followed.

During the retention interval, participants performed a working-memory taskn
which they were instructed to monitor and remember digits in a subsequent free adic
(serial-reproduction task). Participants were informed that they should remeber eight
subsequently-presented digits that they needed to reproduce within 10 seconds
immediately afterwards (enter via keyboard). Digits varied from one to nine andere
presented in random order. Each digit lasted on the screen for one secondwah ISI of
250 ms. Participants received performance and detailed error feedbackeafeach trial.
Performance feedback was either Your response was correct. or Youesponse was
incorrect. Error feedback would emerge if participants either entered totew digits
than required ( Incorrect! You entered too few digits.), too many digits than required
(Incorrect! You entered too many digits.), or did not enter any digit ( You did not
enter any digit. Please respond faster during the next trial.). The distractotask lasted
10 minutes in total.

Next, we instructed participants for the upcoming self-paced (source-) memory
test. They should indicate whether the statements were shown before ("old") ortno
("new"). In addition, participants should indicate whether the statement (content) \as
associated with either of the three sources from the study phase: the docttire lawyer,
or the third, unknown source (to the participants introduced as an unspeci c person
without a name and an image; referred to as "irrelevant” throughout the now following
description, as this source did not contain any profession-related information).oTbe
explicit, a source attribution needed to be made for all statements irrespeagivof
whether they were judged to be old or new to continue with the next test trial feer a
250 ms ISI. If participants could not retrieve the statement and/or source, thewere
instructed to simply guess for the old-new and/or source decision. The old-new decision
was placed on the upper part of the screen and the three source response opteie

placed underneath (with the corresponding label name and image adjacent to them for
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the doctor and lawyer). In total, source attributions were made for 54 targeand 54
distractor statements in random order. Participants made their responses viaouse
clicks just as to proceed to the next trial.

In the end, we asked for participants' judgment of the item-source contingency
perceived during encoding. That is, they estimated the number of statements aich
profession expectancy associated with each of the three sources (etpyw many
expected-doctor statements have been presented by the doctor, lawyend neither of
them? ). Following this, personal information (age, gender, and subject of stujlyvere
collected before we debriefed, compensated (with course credit or monetary

compensation), and dismissed participants.

Statistical Model

We applied a multinomial model to our data in order to disentangle memory and
guessing processes underlying the individuals' categorical response data. Speci calgy,
employed the three-sources model variant of thevo-high threshold multinomial model
of source monitoring (Bayen et al., 1996; Keefe et al., 2002) from Bell et al. (2020, see
also Bell, Mieth, & Buchner, 2017). This model accounts for source attributions juegd
to be old and, with the extension from Bell et al. (2020), also those judged be new
and is thereby well suited to test the proposed hypothesis as it estimates dient
source-guessing parameters based on the recognition status of the item.

We planned our sample size based on the experiments by Bell et al. (2020) but
increased it toN = 60 participants to ful Il our counterbalance constraints. As our
experimental paradigm and, associated therewith, the interpretation of panaeters
di ered from Bell et al. (2020), parameter values from their study were not dignostic
with regard to an a priori power analysis. To nonetheless estimate the power for the
di erence test of source guessing for detected-old and detected-new items,rae a
post-hocpower analysis for an appropriate equivalent analysis on an aggregate group
level usingmultiTree (Moshagen, 2010). Source guessing was set to .50 (indicating

contingency-based guessing) for detected-old itema_{ and to .70 (indicating
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schema-based guessing; parameter value identi ed as a benchmark for a schema bias in
the literature on source monitoring using the doctor-lawyer paradigm e.g. Bayen &
Kuhlmann, 2011; Bayen et al., 2000; Kuhlmann et al., 2012) for detected-new items
(e-). The analysis revealed that we had su cient power (1 > 99) to detect
substantial di erences of .20 between source guessing for detected-old antecked-new
items with N =60 and = :05

Exemplar model trees are illustrated in Figure 1. The following parameters
representing underlying cognitive processes in source attributions are modeled witte t
MPT model for detected old and new items (adapted from Bell et al., 2020): Pameter
D re ects the probability of recognizing an item that was either presented with the
expected D), unexpected D)), or irrelevant source D,) or was detected to be new
(D) The respective complementary probability (1 D) mirrors that an item was not
recognized or detected as new. The old-new status of an item is then guessetd
either old with probability b or new with its complementary probability (1 b). If an
item was recognized as old, parametelre ects the probability of remembering the
respective sourced;, d , or d ). The respective complementary probability (1 d)
mirrors that the source was not remembered. In this case or if an item was gsed to
be old, the source must be guessed. Two parameters allow source guessing to
potentially vary between the recognition status of items. That is, parametea, re ects
the probability of guessing the irrelevant source if the item was recognized befdibut
source memory failed). If the irrelevant source was not guessed, the expdcieurce was
guessed with probabilitya_ or the unexpected source was guessed with its
complementary probability 1 a_. If the item was not recognized in the rst place,
parameterg,, measures the probability of guessing the irrelevant source given that the
item was guessed to be old before. If the irrelevant source was not geesshe expected
source is guessed with probabilitg_ or the unexpected source with its complementary

probability 1 If the item was not recognized and the status of the item was

gOE'

guessed to be new, parametey , re ects the probability to guess the irrelevant source.

If the irrelevant source was not guessed, the expected source is guessdd probability
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gye Or the unexpected source with its complementary probability 1 g, ..

Furthermore, the model includes an additional parametee that re ects source guessing
for detected-new items. If a distractor item was detected as new in the rst pte,
parametere, measures the probability of guessing the irrelevant source. If the irrelevant
source was not guessed, the expected source was guessed with probabilitgnd the
unexpected source was guessed with its complementary probability _.

Thus, the multinomial model estimated its parameters based on test responses to
four types of item-source combinations: statements either originating from the
"expected" source (i.e., expected-doctor statements associated witle doctor and
expected-lawyer statements associated with the lawyer), from the "urpgected” source
(i.e., expected-doctor statements associated with the lawyer and expegt-lawyer
statements associated with the doctor), from the irrelevant source.€., expected-doctor
and expected-lawyer statements presented without any label or imagey, mew
(distractor) statements never presented during encoding (i.e., expected-dmcand
expected-lawyer statements without any source).

Multinomial modeling traditionally relies on maximume-likelihood estimation of
data (i.e., test response frequencies) aggregated across participamtd ghus neglect
(potential) di erences between individuals (Batchelder & Riefer, 1999; Lee021;
Matzke, 2015). We implemented a Bayesian-hierarchical approach of multinomial
modeling, speci cally thelatent trait approach (Klauer, 2010), to consider individual
di erences and potential covariates which may explain variability in memory and
guessing parameters. This approach enables researchers to model group-level and
individual-level parameters jointly. The implemented latent-trait approach assumedat
individual parameters are constrained by an overarching population-level distribution
(multivariate normal distribution) thereby accounting for individual di erences and
parameter correlations. Parameter values can be derived through sampling froine
resulting posterior distribution based on the Markov-chain Monte Carlo (MCM(
algorithm. The parameters of most interest to test our hypothesis wei@. and e_, as

they re ect the probability to guess the expected, schema-based, source for ad¢el-old
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and detected-new items.

Results

All analyses were conducted using (R Core Team, 2020) andJASP (JASP
Team, 2019). The hierarchical MPT model analyses were conducted with the
TreeBUGS package (Heck, Arnold, & Arnold, 2018), gures were created with the
ggplot2 package (Wickham, 2016).

As we did not expect item-memory di erences between item types priori, the
baseline MPT model was restricted to just one item-memory paramet& (= D_ = D,
= D, = D, ) assuming equality in the memorability between item types. We assessed
model t with Bayesian posterior predictive p-values for the mean T statistic;

di erence between observed and expected mean frequencies) and covagastcucture

(T, statistic; summed di erence between observed and expected covariance;
standardized by expectedSD) of the data as proposed by Klauer (2010) and
implemented in Heck et al. (2018). Both model- t indices were estimated

non-signi cant (T, = :446,T, = :401). Thus, the model and imposed restrictions on the
item-memory parameters explained the data well. Sampled mean parameter estimates,
parameter di erences (also against .50) in source guessing, and parameter elatrons,
as well as parameter correlations with the contingency judgments included as exia
covariate as implemented infreeBUGS (Heck et al., 2018) are reported with respective
95%-Bayesian Credibility Intervals (BCI) of the posterior distribution. If the BCI
excluded 0O, parameter di erences and correlations were considered statisliica
meaningful. An overview of mean parameter estimates (and correlations with
contingency judgments) is given in Table 1. Estimates of source-guessing paragngt

are graphically illustrated in Figure 2.
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Source Guessing for Detected-Old and Detected-New Items

To test the probability-matching account for items remembered as old or detecte
as new, we, rst, compared the respective guessing parameters against chaegel of
.50. We did so because the null contingency between item types presentedebgh
source at encoding should lead to an indi erence in the reliance on the profession
schema in source guessing among expected and unexpected item-source combisation
If, in contrast, source guessing exceeds .50, items expected for eitherfgssional group
were guessed to stem from the expected source more often than frdra inexpected
source, indicating reliance on the profession schema. Source guessing for exgdtens
recognized as old was equal to .50 (and thus perfectly matched to the fadtua
contingency) as indicated by a non-credible dierencet a_ 50 = 0:002 [ :19:17].

In contrast, source guessing for expected items detected to be new &yg
exceeded the actual .50 contingency as indicated by a credible positive di erence,

4 e. 50 =:40 [06,:50]. Thus, participants' source guessing was reset to a pronounced
reliance on schematic knowledge as default when source attributions for new items
needed to be made. The divergence between source guessing for items detestedda
and those detected as new was also mirrored in the direct comparison betweeihb

parameters. The sampled di erence revealed credibility a_ e. = :40[ :63 :06].

Source Guessing for Guessed-Old and Guessed-New Items

By means of source guessing for items for which the old-new status needed to be
guessed in the rst place (parameteq; for old and new items, respectively),
contingency knowledge perceived during encoding could not be taken into accoumt.al
state of complete uncertainty with regard to the item status and its origin, paicipants
based their source guessing predominantly on schematic knowledge for guessed-old
items, 4 g, 50 =:18 [09;:27], and did so even more if the item status was guessed
to be new,4 g, . :50 = :42 [29;:49], as indicated by a credible di erence of both
parameters,4 g, G, = :24[ :36; :09].
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Contingency Judgment

The explicit post-judgments of perceived contingencies during encoding revealed
that individuals estimated the contingency (percentage of expected-doctor and
expected-lawyer statements presented by each of the three sourcedthough
descriptively close to the actual contingencyM = :41,SD = :10), biased in favor of
expected sourcet(59) =5:79,p <:001,BF ;0 = 5010033, tested two-sided against33.
Individuals thus stated that more expected-doctor items were presented by tlumctor
and more expected-lawyer items were presented by the lawyer than eachrse actually
presented. The correlation of the contingency judgment and source guessing for
detected-old items reached statistical credibility as indicated byd0 [[22;:54]. Further,
we observed a positive correlation coe cient of comparable size for deted-new items.
Here, again, the contingency judgments were linked to source guessing to a credible
extent (.30 [.03, .48]). That is, at least to some extent as indicated by medium-stz
correlation coe cients, individuals who estimated the item-source contingency in a
rather schema-biased manner, tended to show a more pronounced schema bias in source
guessing for both detected-old and detected-new items. Note, however, thatyothe
correlation of source guessing and the contingency judgments for detected-ibduns
remained credible J08; :62] when controlling for the sampling error of the estimated
population correlation according to the sample size. This was not true for detedteaew

items [ :08;:56].

Discussion

Is peoples' source guessing guided by probability matching generalized to
detected-new items when processing information from two distinct person sows@eThe
present research aimed to answer this question by implementing a source-monitoring
task based on the doctor-lawyer paradigm and by modeling the respective cogretiv
processes at play during source attributions for old and new items. In line with Bell et
al. (2020), the present results replicate the recent evidence on probability mhieg for

detected-old items but did not hold for detected-new items using a modi ed
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source-monitoring task of the doctor-lawyer paradigm with two constant, digict source
exemplars. That is, instead of applying the previously-encountered item-source
contingencies as done for detected-old items to a new decision context withoutise
information available, participants rather relied on pre-experimental genericckematic
knowledge about the professions of a doctor and a lawyer as guessing heuristicyéw
items.

In source attributions for detected-old and guessed-old items, participants
considered the recognition status of the speci c item in their source decision bedsen
guessing. When participants detected an item as old, they used the
previously-encountered item-source contingencies during encoding as a cue for
attributing the information to its origin. Particularly, on average, participants’ source
guessing was based on the factual contingency presented during encoding for those
items that were detected to be old. This ndings adds evidence in favor of the
probability-matching account (developed for within the scope of information deteed
and believed to be old; Bayen & Kuhlmann, 2011; Bell et al., 2020; Kuhlmann et al.,
2012; Spaniol & Bayen, 2002). When patrticipants, however, guessed an itemb®old,
they refrained from using the previously-encountered item-source contingerscand,
instead, based their source guessing on pre-experimental generic schematic latye
about the doctor and the lawyer (in line with Bell et al., 2020).

How can the dissociation in the use of knowledge cues, which was
peri-experimental knowledge for detected-old items and pre-experimentaidwledge for
guessed-old items, in source guessing be explained? Based on the empirical evidence
reported here, one can only speculate about the potential candidates that dgithis
dissociation between detected and non-detected items. Participants’ metgmitive
reasoning could be one such candidate as judgment processes in source monitoring have
been shown to be in uenced by the subjective beliefs about source inferencee(sqg.,
Batchelder & Batchelder, 2008; Kuhlmann & Touron, 2011; Meiser et al., 2007).hts,
participants' source inference for old items could be guided by their metacognitive

beliefs about the expected di erence in the recognition status of an item. Thas, for
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source attributions based on a state of uncertainty for guessed-old itemsntogency
knowledge acquired during the course of encoding is not applied to source guessing.
Based on the null contingency re ected in the stimulus material (i.e., balanced ratiof
expected-doctor and expected-lawyer items presented by either souroepiased source
guessing for both types of old items seems likely but participants’ source guessimgeed
varied as a function of their belief about the recognition status of old items whiclvas
valued as an additional cue for the judgment processes during source attributions.

In source attributions for detected-new and guessed-new items, participants did
not consider the recognition status of the speci c item in their source decision basen
guessing. lrrespective of whether an item was detected as or guessedamew, they
relied on their generic, pre-experimental schema knowledge about the professio
Previously-learned associations between the items and distinct sources were no
transferred to a new decision context for the very same person soutc&hat is, the
contingency knowledge acquired during encoding of information from distinct sources
could not be generalized to source guessing for novel information (presentathaut
any source information) of these speci c persons.

As Bell et al. (2020) already discussed, the schema bias in source guessing for
detected-new items may serve the purpose of the most logical decision criteriantlae
reliance on pre-experimental knowledge can lead to correct source attritmrts in many
instances especially compared to contingency representations that may uctuag
considerably across contexts. In contrast to the present study, participts in the study
by Bell et al. (2020) processed information that was associated with multipfgersons,
which is why a schema reliance in source guessing thereby seemed (more) logical. But
the validity of pre-existing knowledge such as schemas and stereotypes can,onirse,
be questioned particularly whenever these attitudes and associated behaviorsnid
precisely re ect features of an individual's personality. This holds particularly true in
the present experiment as participants learned unique information about two comstt
sources, which renders the reliance on the profession schema unreasonable hefgeas t

sources did not behave schema-conform. Even more so, it can be described #gsngp
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less than bad news when it comes to the practical implications of the present nding for
detected-new items. Namely, this study clearly demonstrated that even though
inferences for novel information could be drawn for the exact same and distinctusce
exemplars from whom individuals have learned expecteshd unexpected behavioral
descriptions before, they draw on non-individualized, generic knowledge about the
professions. More precisely, irrespective of past behaviors that wers@gated with the
sources, and therefore also encompassed unexpected behaviors for thecesur
professions, sources were nonetheless associated with their respectigtofypical
profession behavior. The acquired knowledge about speci c person sourcesfa past
learning episode was not transferred to novel information from these alreadgewn
sources. This nding is particularly remarkable against the background of the potential
persistence of attitudes towards certain person groups inaccurately comfing schemas
and stereotypes in society. However, we can only speculate about how seuguessing
for detected-new items would evolve given, for instance, more detailed background
knowledge about the sources in an experimental setting or increased degiafes
familiarity with the sources in real life. An interesting and fruitful avenue for
prospective research foci could be to further examine the persistence of
pre-experimental knowledge reliance under decisional uncertainty for new informatjo
its disproportionate application, and interventions to overcome such biases.

In order to conclusively claim that source guessing is generally biased by
pre-experimental knowledge for detected-new items with reasonable con dence, w
propose to, rst, disqualify other limitations as potential explanations. For instace, the
null contingency may have been di cult to detect for participants, as evident in the,on
average, biased contingency judgments and marked individual di erence in
source-guessing parameter for detected-old iteme._ | despite unbiased probability
matching on the group level. One potential explanation for schema-biased guessiog f
detected-new items could be that the contingency detection renders more di cult with
the increase in complexity due to including the third rather abstract source. We would,

therefore, suggest to replicate the study with more pronounced, unbalanced, itemisme
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contingencies (e.g., as done in Bayen & Kuhlmann, 2011) and place a greater emphasis
on the una ected integration of item (types) and sources during intentional krning

(e.g., due to explicitly informing about the contingency and instructing participants to
pay attention to it). As a consequence, a generalization and application of this ntah
representation to source attributions for detected-new items may become radikely.
Nonetheless, the preconditions have indeed been ideal detect the accurate contingenc
(based on the implemented source-memory instruction, Kuhlmann et al., 2012, and full
attention during encoding, Bayen & Kuhlmann, 2011). In the same vein, e ective
encoding provides a basis for probability matching, at least for sources who were
associated with a speci ¢ context, and turned out to be one promising candidate to
counteract schematic and stereotypical in uences on source guessing in the past
(Kuhlmann, Bayen, Meuser, & Kornadt, 2016; Wul & Kuhimann, 2020b). The
particular conditions under which source guessing for novel information most likely also
bene ts from accurate contingency perception is still to be examined, as web #he
challenging issue of how to address individual di erences in prospective interventions.
The recent statistical advances that made the measurement of individual di erence
possible and found their legitimate application in an increasing number of studies (e.g.,
Arnold, Bayen, & Smith, 2015; Lee, Bock, Cushman, & Shankle, 2020; Schaper,
Kuhlmann, & Bayen, 2019; Wul & Kuhlmann, 2020a) should be used to examine the
interplay and dependencies of source guessing for old and new items (also on an
individual level) in prospective research.

It should be noted, however, that individuals dissociated in their source guessing,
depending on the recognition status of the item, between items presented by the
expected/unexpected sources and items presented without speci ¢ source iniation.
That is, participants were most inclined to guess the third, unspeci ¢ source, for
detected-new items but were more hesitant to do so for detected-old items. The
recognition status of an item thus a ected source guessing also for the ieeant source
for which no speci ¢ source characteristic was provided. The same pattern emedgfor

guessed-old and -new items with an increased probability to attribute guessed-new
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items to the non-speci ed source re ecting their general decisional uncertaintyVhen
participants were in a state of lacking memory, they were, nonetheless, fatde make a
source attribution in the present paradigm. In such cases, the recognition stest of the
item seemed to be used as a cue to make inferences about the origin of informasioch
that new items for which no adequate source attributions could be made were more
often associated with the least informative source for the decision critenidased on the
profession. This observation, in addition to the recognition-status speci city ofugessing
of schema-expected/-unexpected exemplars, further underpins that individuals
potentially rely on various cues when judging the source (cf. Bell et al., 2020).

In conclusion, the scope of application of the probability-matching account
appears to be restricted to items that were detected as or believed te bld. Albeit
participants learned information about distinct source exemplars of a doctor and a
lawyer (unlike in Bell et al., 2020) and used the contingency knowledge re ected ihd
item material to adjust their source guessing for previously-encountered inforiran
detected as such, they nonetheless refrained from generalizing this knowledge
application to novel stimuli and based their source guessing on a schema acquired prior
to the experiment. This divergence in the use of knowledge cues in source guessing
between detected-old and detected-new items goes beyond the explanatoryweroof the

probability-matching account.
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Footnotes

IMarginal di erences between the expectancy of professions were ignent to the ratings and were
kept at a minimum in the item composition. Due to the construction of t he original item set of parallel
statements (e.g., | have to be in court at 9 am. vs. | have to be in court at 12 pm.), item selection
was limited to either of both parallel statements to reduce the likdihood of confusion. We did our very
best to, nonetheless, create a sample of statements expected for eaptofessional group that did not
di er between professions. The incongruent ratings did not di er between professionsp  .623, but we
were, unfortunately, not able to achieve this for the congruent ratings p < .001. Descriptively, the mean
ratings between professions were, nonetheless, in a comparable rangetioé¢ scale: M, =~ = 4.64 and

M yer = 437
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Table 1

Group-Level Mean Parameter Estimates and Correlations With Contingency Judgment

Correlation with
Mean

Contingency Judgments

Parameter Estimate SD 2.5%-BCl 97.5%-BClI Estimate SD 2.5%-BCl 97.5%-BCI

D 42 02 .38 47 -05 .07  -18 .08
d 32 12 .09 55 -16 .10 -.36 .05
dg 39 .09 .20 53 -26 .14 -47 11
d, 39 11 .15 .60 -16 .16 -42 19
b 37 .03 .31 44 -13 .05 -22 -.03
a 24 05 .15 .33 18 .13 -.09 41
a 50 .09 .31 67 40 08 .22 54
g 81 .13 .47 .98 -30 .04  -38 -21
e 90 12 .56 >.99 30 .12 .03 48
%, 32 .04 .25 40 -16 .08  -.33 .003
Ooc 68 .05 .59 77 32 .08 .15 47
Oy, 80 .09 .60 94 -34 .04  -40 -27
e 92 .05 .79 .99 23 12 -03 43

Note. Mean parameter estimates and their correlation with the item-source ontingency judgments
requested at the end of the experiment. ParametersD = probability of recognizing an item that was
presented by any source or was new (assuming that item memory does not ér between item
typesitrees); d_ / d, / d, = probability of remembering the source of an item that was presented ly
the expected (E), unexpected (U), or irrelevant (I) source;b = probability of guessing that an
unrecognized item was old;a. / a = probability of guessing the expected (E) or irrelevant (I) source
given that the item was recognized in the rst place; e_ / € = probability of guessing the expected (E)
or irrelevant (I) source given that the item was detected to be new;g,. / g,, = probability of
guessing the expected (E) or irrelevant (I) source given that the iem was guessed to be oldg, . / g,
= probability of guessing the expected (E) or irrelevant (I) source given that the item was guessed to
be new. SD = Standard Deviation, BCI = Bayesian Credibility Interval. Continge ncy judgements were
averaged for expected-doctor and expected-lawyer items and inalled in the Bayesian-hierarchical

MPT model as covariate.
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Figure 1. Graphical illustration of the source monitoring MPT model (adapted from
Bell et al., 2020). One exemplar tree for items for a respective professemmd one for
new items are presented. [X] refers to the respective item type: items afther
expected, unexpected, or irrelevant for the sources' profession. Inagtthe model thus
consists of four trees. The trees for items that are expected, unexpetter irrelevant
for the sources' profession can be di erentiated by the respective segrmemory
parameterd; the general structure and all other parameters are equivalent acrossese
Parameters represent the following source-monitoring processes that wesgneated
based on individuals' source-attribution responses (in quotation marksp =
probability of recognizing an item that was presented by any source or was new
(assuming that item memory does not di er between item types/trees)d[x] =
probability of remembering the source of an item that was presented by the exgted
(E), unexpected (U), or irrelevant (1) source;b = probability of guessing that an
unrecognized item was olda_ / a = probability of guessing the expected (E) or
irrelevant (1) source given that the item was recognized in the rst placeg,. / d,, =
probability of guessing the expected (E) or irrelevant (I) source given thathe item was
guessed to be oldg, . / g,, = probability of guessing the expected (E) or irrelevant (1)
source given that the item was guessed to be nees / e = probability of guessing the

expected (E) or irrelevant (I) source given that the item was detectetb be new.
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Figure 2. Source-guessing parameters of the source monitoring MPT model (adapted
from Bell et al., 2020) for the expected (E) source depending on the recogmit status

(old vs. new) of items that were either detected or guessed. = probability of

guessing the expected source given that the item was recognized in the rst gag,_

= probability of guessing the expected source given that the item was guessedoi® old;

e. = probability of guessing the expected source given that the item was detected be
new; g, . = probability of guessing the expected source given that the item was guessed
to be new. Red dashed line = chance-level, unbiased source guessing, parameter9> .5
indicate schema-based source guessing, parameters < .50 indicate counter schersaeba
source guessing. Group-level parameter means are displayed as bars, individual

parameter estimates are displayed as dots. The error bars represent the 9B@d-
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