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Abstract

Emotional information often modulates recognition memory, but the relative roles of arousal
and valence remain debated, partly because many studies rely on normative emotion cat-
egories rather than individualized affective experience. This study examined whether
post-test individualized arousal and valence ratings were associated with recognition-
confidence responses to emotional Chinese words and whether the learning task influenced
later recognition. Forty participants studied neutral, positive, and negative words under
semantic-judgment and recognition-judgment learning conditions. After a 24 h delay, they
completed a six-point old/new confidence test and then rated each final-test word for
valence and arousal. Linear mixed-effects models showed that individualized arousal was
more consistently associated with stronger old-response confidence than individualized
valence, with a nonlinear increase at higher arousal levels. Semantic-judgment learning
was followed by higher old-item confidence and hit probability than recognition-judgment
learning. Descriptive signal-detection summaries indicated that valence-category effects
were more evident in false-alarm rates, response criterion, and d′ (sensitivity index) esti-
mates than in the primary old-response confidence model. Because affective ratings were
collected after recognition, these findings should be interpreted as associative rather than
causal, and they highlight the need to distinguish recognition confidence, response bias,
and memory sensitivity in emotional memory research.
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1. Introduction
Emotional information often modulates recognition memory. Compared with neutral

information, emotional words, faces, and scenes are often detected more readily, receive
preferential attention, and are remembered more vividly or confidently (Amting et al.,
2010; Kensinger, 2009; Mather & Nesmith, 2008; Williams et al., 2022). Such emotional
modulation is commonly considered adaptive because it may help individuals prioritize
information related to threat, reward, well-being, or future behavior (Öhman & Mineka,
2001). Emotional material can also increase false recognition, strengthen feelings of fa-
miliarity, or shift response criteria. Therefore, understanding how emotion is related to
later recognition requires distinguishing recognition confidence, response tendency, and
memory sensitivity.

A central issue concerns the relative and joint contributions of arousal and valence.
Valence refers to how pleasant or unpleasant a stimulus is, whereas arousal refers to the
degree of activation or emotional intensity it evokes (MacMillan et al., 2022). Arousal-
centered accounts propose that emotionally intense stimuli receive prioritized processing

Behav. Sci. 2026, 16, 1594 https://doi.org/10.3390/bs16091594

https://crossmark.crossref.org/dialog?doi=10.3390/bs16091594&domain=pdf&date_stamp=2026-09-07
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/behavsci
https://www.mdpi.com
https://doi.org/10.3390/bs16091594


Behav. Sci. 2026, 16, 1594 2 of 18

and are more strongly associated with later memory-related responses across both positive
and negative domains (Anderson et al., 2003; Anderson, 2005; Mather et al., 2004; Mather
& Sutherland, 2009, 2011). In contrast, valence-centered accounts emphasize that positive
and negative information may differ in motivational significance, attentional consequences,
and retrieval-related outcomes (Bowen et al., 2018; Pereira et al., 2023). These perspectives
are not mutually exclusive, but their predictions are difficult to distinguish because valence
and arousal often covary in stimulus materials: positive and negative stimuli are typically
more arousing than neutral stimuli. Apparent effects of emotional category may, therefore,
reflect valence, arousal, variance shared by the two dimensions, or their interaction.

Distinguishing these possibilities requires estimating the unique association of each
dimension and testing their interaction without assuming independence or interaction in
advance. Behavioral studies provide mixed support for dimension-specific effects: some
attribute emotional-memory advantages primarily to arousal (Bradley et al., 1992), whereas
others report valence effects after controlling for arousal (Adelman & Estes, 2013), no
reliable valence effects (MacMillan et al., 2022), or simultaneous but functionally distinct
contributions of both dimensions: arousal shows a relatively monotonic positive association
with memory, whereas valence follows a U-shaped pattern with better memory for positive
and negative than neutral words (Gao et al., 2024). Arousal-related effects may also depend
on stimulus valence; experimentally crossed audiovisual contexts have yielded valence–
arousal interactions whose direction and size differed across memorization, discrimination,
and fixation outcomes (Du Bruyn et al., 2026; Mickley Steinmetz et al., 2010). At physiologi-
cal and neural levels, valence and arousal show partly distinct response patterns and neural
systems (Lang et al., 1993; Kensinger & Corkin, 2004; Xu et al., 2015; Amini et al., 2026).
Thus, neither general independence nor invariant interaction can be assumed; the present
study therefore estimated unique associations of individualized valence and arousal with
recognition responses and compared additive and interaction models.

The validity of these comparisons also depends on how emotional experience is
measured. Many studies select stimuli from standardized databases and classify them as
neutral, positive, or negative on the basis of normative ratings provided by independent
samples (Jia et al., 2019; Schaefer et al., 2011). Although this approach facilitates stimulus
selection and experimental control, it may not fully capture each participant’s experience.
The same word may be mildly unpleasant to one participant but highly unpleasant or
arousing to another. This limitation is especially relevant to emotional word recognition,
in which affective associations may also depend on lexical characteristics, task demands,
and individual differences (Ferré et al., 2025; Haro et al., 2024, 2025). Treating valence and
arousal as individualized continuous ratings can therefore complement designs based on
normative emotional categories and provide a more sensitive assessment of their trial-level
associations with recognition responses. Because the individualized ratings in the present
study were collected after the recognition test, however, they were treated as post-test
subjective appraisals rather than direct measures of affective experience during encoding.

A more sensitive characterization of subjective affect does not resolve the second
interpretive issue: whether stronger emotional-recognition responses reflect enhanced
memory sensitivity, a shift in response bias, or both. Dougal and Rotello (2007) provided
particularly direct evidence for a response-bias account. In experiments using remember–
know judgments and confidence ratings, emotional words elicited a greater proportion
of subjective “remember” responses. However, receiver operating characteristic (ROC)
analyses and model comparisons indicated that this difference arose primarily from a shift
in response bias rather than from enhanced memory sensitivity or a greater contribution
from a high-threshold recollection process. Their findings demonstrate that more frequent,
more confident, or phenomenologically stronger “old” responses to emotional material do
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not by themselves establish enhanced recollection. Emotional words may instead increase
the tendency to endorse both studied and unstudied items as old, thereby increasing hit
rates as well as false-alarm rates. Related research has similarly shown that emotional
materials, particularly negative or highly arousing materials, can shift response criteria,
increase false recognition, or affect response bias alongside correct recognition (Brainerd
et al., 2010; Cooper & Shah, 2025; Hellenthal et al., 2019; Howe et al., 2010). Analyses of
emotional recognition should therefore consider not only confidence and the frequency of
old-oriented responses but also signal-detection indices that distinguish memory sensitivity
from response bias. Accordingly, the present study examined old-response confidence
together with false-alarm rates, response criterion, and d′ to evaluate whether emotional-
recognition patterns were more consistent with differences in memory sensitivity, response
bias, or both.

Beyond affective experience and response processes, subsequent recognition may
also be shaped by the cognitive operations performed during learning. According to the
levels-of-processing framework, judging whether a word is abstract or concrete requires
semantic analysis and should produce richer, more distinctive memory representations than
a brief recognition judgment (Craik & Lockhart, 1972; Craik & Tulving, 1975). Although
retrieval-based learning often improves retention, its benefits are generally greater when
retrieval requires effortful reconstruction (Karpicke, 2017; Rowland, 2014). A relatively
undemanding recognition judgment may instead rely substantially on familiarity and
may therefore provide less elaboration than a semantic judgment. Encoding-task effects
on emotional memory may also depend on retention interval and task context (Jia et al.,
2024), and retrieval practice may be less beneficial when task demands consume available
cognitive resources (Zheng et al., 2023). The learning-task manipulation was therefore in-
cluded alongside the individualized-affect analyses so that the same recognition-confidence
outcome could be examined in relation to both an experimentally controlled encoding
operation and participant-specific post-test affective appraisals. We predicted a general
advantage for semantic-judgment learning over recognition-judgment learning. However,
we had no directional basis for predicting that the learning task would strengthen or
weaken the associations of individualized arousal or valence with recognition confidence:
the semantic task directed attention to concreteness rather than emotional properties, and
the individualized affective ratings were collected only after the final recognition test.
Learning-task interactions with arousal or valence were therefore not treated as primary
directional hypotheses.

The present study integrated these components by examining whether post-test in-
dividualized arousal and valence ratings were associated with recognition-confidence
responses to emotional Chinese words and whether the experimentally manipulated learn-
ing task influenced subsequent recognition. Forty participants studied neutral, positive,
and negative words under semantic-judgment and recognition-judgment learning condi-
tions. After a 24 h delay, they completed a six-point old/new confidence test and then
rated every final-test word for valence and arousal. Trial-level linear mixed-effects models
estimated the associations of individualized affective ratings with old-response confidence
while accounting for participant- and item-level variability and learning condition. Ad-
ditive and valence–arousal interaction models were compared, and possible nonlinearity
in the arousal–confidence association was also examined. Descriptive signal-detection
summaries were used to determine whether valence-category differences were evident in
false-alarm rates, response criterion, d′, or some combination of these measures. Because
the affective ratings were collected after recognition, their associations with recognition
responses were interpreted as involving post-test subjective appraisals rather than causal
effects of affective experience during encoding. Based on prior evidence, we predicted that
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higher individualized arousal would be associated with stronger old-response confidence
and that semantic-judgment learning would produce stronger subsequent recognition
responses than recognition-judgment learning.

2. Materials and Methods
2.1. Participants

Forty right-handed participants (19 females; Mage = 23.12 years, SD = 2.05) from
Hangzhou Normal University participated in the experiment. All had normal or corrected-
to-normal vision. Each participant signed an informed consent form and received monetary
compensation for their participation. This study was approved by the Ethics Committee of
Hangzhou Normal University.

2.2. Stimuli

Five hundred and four words were selected from the Chinese Affective Words System
(CAWS; Wang et al., 2008), including 168 neutral words (60 nouns, 54 verbs, 54 adjectives),
168 positive words (60 nouns, 54 verbs, 54 adjectives), and 168 negative words (60 nouns,
54 verbs, 54 adjectives). The rating scores of valence, arousal, and familiarity for all
words were obtained from the CAWS database. Valence ratings ranged from 1 (extremely
unpleasant) to 9 (extremely pleasant), arousal ratings ranged from 1 (not at all arousing) to
9 (extremely arousing), and familiarity ratings ranged from 1 (extremely unfamiliar) to 9
(extremely familiar). Normative arousal ratings were higher for positive words (M = 5.17,
SD = 0.54) and negative words (M = 5.24, SD = 0.61) than for neutral words (M = 4.25,
SD = 0.58), ps < 0.001, with no significant difference between positive and negative words,
p > 0.05. Normative valence ratings were highest for positive words (M = 6.56, SD = 0.32),
intermediate for neutral words (M = 5.29, SD = 0.50), and lowest for negative words
(M = 3.25, SD = 0.45), ps < 0.001. Normative familiarity ratings differed modestly across
categories (neutral: M = 5.26, SD = 0.46; positive: M = 5.30, SD = 0.51; negative: M = 5.12,
SD = 0.48), F(2, 501) = 6.28, p = 0.002, η2 = 0.024. Thus, familiarity matching should be
regarded as approximate rather than exact. Words were presented in white on a black
background of a 17-inch monitor (1024 × 768 pixels), covering approximately 2.5 degrees
horizontally by 2.5 degrees vertically.

2.3. Procedure

Participants were seated approximately 80 cm from the monitor in an acoustically
attenuated room. The experiment consisted of six word-learning blocks, including
three semantic-judgment learning blocks and three recognition-judgment learning blocks.
The order of the six blocks was counterbalanced across participants so that the two learning
conditions were distributed throughout the session. Each block consisted of an initial study
phase followed by either a semantic-judgment learning task or a recognition-judgment
learning task. Across the six initial study phases, 252 words were presented and later
served as old words in the final recognition test.

The remaining 252 words were divided into two sets. One set of 126 words was used
only as new items in the intermediate semantic-judgment or recognition-judgment learning
tasks and did not appear in the final recognition test. The other set of 126 words was
reserved as completely new items for the final recognition test and had not appeared in
any previous phase of the experiment. Thus, the final recognition test included 252 old
words from the initial study phases and 126 completely new words. The final-test items
were balanced across emotional categories, with equal numbers of neutral, positive, and
negative words (Figure 1).

https://doi.org/10.3390/bs16091594

https://doi.org/10.3390/bs16091594


Behav. Sci. 2026, 16, 1594 5 of 18

 

Figure 1. (a) Participants completed six word-learning blocks. Each block consisted of an initial study
phase followed by either a semantic-judgment learning task or a recognition-judgment learning task.
Words presented during the initial study phases later served as old items in the final recognition test.
After a 24 h delay, participants completed a six-point old/new confidence test including old items
and completely new items. They then rated all final-test words for valence and arousal. (b) Trial
structure for the main task phases. Participants studied words during the initial study phase, made
abstract/concrete judgments during the semantic-judgment learning task, made old/new judgments
during the recognition-judgment learning task, and finally made six-point memory-confidence
judgments during the delayed recognition test. Source: Created by the authors.

In each semantic-judgment learning block, the initial study phase included 42 words,
consisting of 14 neutral, 14 positive, and 14 negative words. Each trial began with a fixation
cross presented at the center of the screen for a jittered interval of 1000–1300 ms, followed
by a word presented for 500 ms. Participants were instructed to study each word. The
subsequent semantic-judgment learning task included 63 words: the 42 words presented in
the immediately preceding initial study phase and 21 new words, consisting of 7 neutral,
7 positive, and 7 negative words. In each trial, a word was presented for 500 ms, fol-
lowed by a fixation cross for a jittered interval of 1000–1300 ms. Participants made
an abstract/concrete judgment about the meaning of each word. Thus, this task re-
quired semantic analysis rather than an explicit old/new memory judgment. In each
recognition-judgment learning block, the initial study phase was identical to that in the
semantic-judgment learning block, except that different stimuli were used. The subsequent
recognition-judgment learning task included 63 words: the 42 words presented in the
immediately preceding initial study phase and 21 new words, consisting of 7 neutral,
7 positive, and 7 negative words. In each trial, a word was presented for 500 ms, followed
by a fixation cross for a jittered interval of 1000–1300 ms. Participants made an old/new
judgment for each word. They were instructed to press the F key for an old response if the
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word had appeared in the immediately preceding initial study phase and the J key for a
new response if the word had not appeared in that phase.

Twenty-four hours after completing the six learning blocks, participants completed
the final recognition test using a six-point old/new confidence scale. The 252 old words
included 126 words from the semantic-judgment learning condition and 126 words from
the recognition-judgment learning condition, with each learning condition containing
42 neutral, 42 positive, and 42 negative old words. The 126 completely new words included
42 neutral, 42 positive, and 42 negative words. For analytic balancing, these final-test new
words were divided into semantic-judgment and recognition-judgment sets matched by
emotional category, so that each learning-condition label contained an equal number of
old and new test items from each emotional category. This assignment was used only for
analysis and did not indicate that the new words had been presented during learning.

In each final-test trial, a word was presented for 1000 ms, followed by a fixation
cross for a jittered interval of 1000–1300 ms. A response screen was then presented, and
participants made a memory-confidence judgment using the six-point scale. Ratings from
1 to 3 indicated new judgments with decreasing confidence in the new response (1 = 100%,
2 = 75%, and 3 = 50% confident new), whereas ratings from 4 to 6 indicated old judgments
with increasing confidence in the old response (4 = 50%, 5 = 75%, and 6 = 100% confident
old). Thus, ratings 3 and 4 were adjacent low-confidence responses on opposite sides of the
old/new decision boundary, rather than equivalent responses.

After the final recognition test, participants rated all final-test words for valence and
arousal using nine-point scales. The valence scale ranged from 1 (extremely unpleasant)
to 9 (extremely pleasant), and the arousal scale ranged from 1 (not arousing at all) to
9 (extremely arousing). The rated words included the 252 old words and the 126 completely
new words from the final recognition test. Collecting affective ratings after the memory
test ensured that ratings were obtained for the exact final-test items, but it also means that
recognition decisions, processing fluency, and confidence may have influenced subsequent
affective ratings. Therefore, individualized valence and arousal were treated as post-test
subjective ratings associated with recognition judgments, rather than as experimentally
manipulated encoding variables.

For all judgment phases, the response display remained visible until the participant
responded. Therefore, response time was variable rather than fixed. The fixed durations
reported above refer only to the word-presentation and fixation intervals. This procedure
applied to the semantic-judgment task, the recognition-judgment task, the final recognition-
confidence test, and the post-test affective-rating task.

2.4. Data Analyses
2.4.1. Descriptive and Signal-Detection Analyses

The planned final recognition test contained 15,120 trials, corresponding to 40 par-
ticipants × 378 final-test words. Trials with missing or invalid final-test responses were
excluded before analysis. The final analysis dataset contained 14,897 valid trials, including
9943 old-item trials and 4954 new-item trials. Descriptive checks first summarized the
completeness of the data, the distribution of old and new trials, and whether post-test
individualized affective ratings preserved the intended emotional category structure. In-
dividualized valence and arousal ratings were summarized at the participant level and
compared across the three normative valence categories using repeated-measures analyses.
To evaluate whether the individualized ratings were consistent with the original CAWS
stimulus norms, item-level mean individualized ratings were correlated with CAWS nor-
mative valence and arousal ratings across the 378 final-test words. Because individualized
affective ratings were collected after the recognition test, they were treated as post-test
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subjective predictors associated with recognition judgments rather than as experimentally
manipulated encoding variables.

Traditional recognition summaries were then computed before fitting trial-level mod-
els. For old items, old-response confidence was defined as the six-point response score, with
higher scores indicating stronger endorsement that the word had been studied. Hit rate
was defined as the proportion of old items receiving responses from 4 to 6. For new items,
false-alarm rate was defined as the proportion of new items receiving responses from 4 to 6.
Old-item confidence and hit rates were analyzed using participant-level repeated-measures
analyses with Learning Condition (semantic judgment, recognition judgment) and Valence
Category (negative, neutral, positive) as within-participant factors. False-alarm rates were
analyzed across valence categories. Learning-condition labels for new items were analytic
pseudo-labels used only to balance item assignment across cells and did not indicate the
actual learning histories for new words.

Signal-detection indices were computed to help distinguish memory sensitivity from
response bias at the categorical level. For each participant, learning-condition label, and
valence category, d′ and criterion c were computed from hit and false-alarm proportions
after applying the loglinear correction: (count + 0.5)/(N + 1). Higher d′ values indicate
better discrimination between old and new items, whereas more negative criterion c values
indicate a more liberal tendency to respond “old”. These signal-detection summaries
were used as descriptive checks of sensitivity and response criterion, rather than as a full
continuous-arousal decomposition of latent sensitivity and bias.

2.4.2. Linear Mixed-Effects Models

Trial-level linear mixed-effects models were fitted in R using the lme4 package (Bates
et al., 2015a). The dependent variable was the six-point old/new confidence response,
treated as an approximately continuous old-response score. Because the scale combines
response direction with confidence strength, higher values indicate stronger old-oriented
responding rather than uniformly better memory accuracy: higher scores reflect more
confident “old” responses, which are correct for old items and constitute false alarms
for new items. Individualized valence and arousal ratings were standardized separately
within each participant by subtracting the participant-specific mean and dividing by the
participant-specific standard deviation (Schielzeth, 2010). Quadratic terms were formed
from these standardized scores. Consequently, coefficients for valence and arousal represent
within-participant associations: they estimate how old-oriented response strength changed
when an item was rated above or below that participant’s own average. Learning condition
was coded with recognition judgment as the reference level, and item status was coded
with old items as the reference level. All interaction models retained the corresponding
lower-order terms.

Five candidate fixed-effect structures were evaluated. Model 1 included linear and
quadratic arousal terms, learning condition, and item status. Model 2 added linear valence
to Model 1. Model 3 added the conventional linear Valence × Arousal interaction to Model 2.
Model 4 was a second-order response-surface model containing linear and quadratic terms
for both valence and arousal, together with the Valence × Arousal interaction. Model 5 was
an exploratory extension of Model 3 that added the Valence × Arousal2 term. All affective
terms were based on within-participant standardized ratings, and all models included
crossed random intercepts for participant and stimulus item. Models that differed in fixed-
effect structure were first fitted using maximum likelihood. The relevant nested models
were compared using likelihood-ratio tests, while the Akaike information criterion (AIC)
and Bayesian information criterion (BIC) were used as complementary indices of relative
fit and parsimony. The model retained for reporting was then refitted using restricted
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maximum likelihood (REML) for coefficient estimation. For fixed effects represented
by a single coefficient, Wald χ2 statistics were computed as (β/SE)2, corresponding to
one-degree-of-freedom tests, and 95% Wald confidence intervals were reported. The
full candidate-model formulas, maximum-likelihood model comparisons, and restricted
maximum-likelihood fixed-effect estimates are reported in Supplementary Analysis S1.

Because the standardized arousal predictor was centered at zero, its linear coefficient in
models containing Arousal2 represents the local arousal slope at the participant-specific mean
(z = 0). The quadratic term was included as an exploratory test of curvature rather than as a
prespecified directional prediction. Theoretical accounts allow arousal–cognition relations to
vary across the arousal range (Yerkes & Dodson, 1908; Aston-Jones & Cohen, 2005) and suggest
that arousal does not affect all representations uniformly (Mather & Sutherland, 2011), but they
did not determine the sign or turning point of the function tested here. A positive quadratic
coefficient therefore indicates upward curvature, not necessarily a monotonic increase across
the entire range. Because the nonlinear analysis was not preregistered, its estimated form was
treated as exploratory and as requiring confirmation.

The directional prediction for the learning condition applied only to studied items:
semantic-judgment learning was expected to yield stronger subsequent old-item responses
than recognition-judgment learning. This prediction was evaluated primarily in the
participant-level analyses of old-item response scores and hit rates. Learning condition
was nevertheless retained in the all-trial mixed-effects models as a design-control factor.
Because new items had no learning history and their condition labels were assigned only
for analytic balancing, the all-trial learning-condition coefficient was not interpreted as an
encoding effect on new items or as a stand-alone estimate of the old-item learning effect.
No directional Learning Condition × Arousal or Learning Condition × Valence hypothesis
was specified, and these interactions were not included in the candidate mixed-effects
models. The Learning Condition × Valence Category effect in the participant-level analyses
was evaluated without a directional prediction.

Crossed random intercepts accounted for repeated observations within participants
and for repeated testing of the same words across participants. Because the dataset con-
tained 40 participant clusters and the candidate models already included several correlated
polynomial terms, the analyzed models were restricted to random intercepts rather than a
maximal random-slope structure (Bates et al., 2015b). This specification does not model
participant- or item-specific variation in the affective slopes; the fixed effects were therefore
interpreted as average associations under an intercept-only random-effects structure and
considered together with the participant-level analyses.

2.4.3. Exploratory Leave-One-Participant-Out Cross-Validation

Leave-one-participant-out cross-validation was conducted as an exploratory assess-
ment of fixed-effect generalization. The mixed-effects analysis estimates associations and
their uncertainty in the observed dataset while accounting for repeated observations within
participants and items. Cross-validation addresses a related but distinct question: whether
the population-level fixed effects estimated from other participants retain any ability to
predict the responses of a participant who did not contribute to model fitting. Thus, the
analysis was intended to complement the inferential mixed-effects results with an out-of-
sample participant check, not to replace the mixed-effects analysis or serve as a central
machine-learning contribution.

The procedure can be summarized in four steps and was applied separately to each
model being evaluated. First, one participant was excluded. Second, the model under
evaluation was fitted to the trial-level data from the remaining 39 participants. Third, the
fixed-effect coefficients from this training set were used to generate predicted responses for
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the excluded participant. These held-out predictions were generated from the fixed effects
only, with random-effect contributions set to zero, because the aim was to evaluate whether
the population-level fixed-effect structure generalized to an unseen participant. Fourth,
predictive performance for that participant was summarized as the Pearson correlation
between observed and fixed-effect-predicted response scores. These steps were repeated
until each of the 40 participants had served once as the held-out participant, and the
participant-level correlations were averaged. A permutation test evaluated whether the
observed mean correlation exceeded chance by randomly disrupting the correspondence
between held-out responses and predictions. The full model was also compared with a
no-arousal model and a status-only model under the same folds to assess whether the
arousal terms added held-out predictive information beyond the basic task structure.

3. Results
3.1. Descriptive and Signal-Detection Results

The final analysis dataset included 14,897 valid trials out of 15,120 planned final-
test trials, corresponding to a valid-trial rate of 98.53%. The retained dataset included
9943 old-item trials and 4954 new-item trials. Post-test individualized affective ratings
broadly preserved the intended emotional category structure. Individualized valence
ratings differed strongly across valence categories, F(2, 78) = 419.51, p < 0.001. Negative
words received the lowest valence ratings (M = 2.95, SD = 0.57), neutral words received
intermediate ratings (M = 4.98, SD = 0.31), and positive words received the highest ratings
(M = 6.34, SD = 0.57). Individualized arousal ratings also differed across valence categories,
F(2, 78) = 23.52, p < 0.001. Negative words (M = 5.67, SD = 0.98) and positive words
(M = 5.79, SD = 0.78) were rated as more arousing than neutral words (M = 4.88, SD = 0.65).
After matching final-test items to the CAWS source list, item-level mean individualized
ratings were strongly correlated with CAWS normative valence ratings, r = 0.91, and
moderately correlated with CAWS normative arousal ratings, r = 0.58. The same category-
level rating pattern was visually apparent for both old and new final-test items (Figure 2).
Thus, although individualized affective ratings were collected after recognition, they were
broadly consistent with the normative stimulus categories while still preserving participant-
specific variation for the mixed-effects analyses.

Figure 2. Post-test individualized valence and arousal ratings for positive, neutral, and negative
words by old/new item status. Points represent participant-level means averaged across participants,
and error bars represent standard errors across participants. Source: Generated by the authors from
the present data.

For old items, old-response confidence was higher after semantic-judgment learning
(M = 4.67, SD = 0.60) than after recognition-judgment learning (M = 4.52, SD = 0.66),
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F(1, 39) = 8.19, p = 0.007, ηp
2 = 0.174. Valence category also affected old-item old-response

confidence, F(2, 78) = 3.89, p = 0.024, ηp
2 = 0.091, whereas the Learning Condition × Valence

Category interaction was not significant, F(2, 78) = 0.07, p = 0.932. A parallel hit-rate analysis
showed that old items from the semantic-judgment condition were more likely to receive
old responses (M = 0.767, SD = 0.130) than old items from the recognition-judgment condi-
tion (M = 0.735, SD = 0.145), F(1, 39) = 8.31, p = 0.006, ηp

2 = 0.176. The main effect of valence
category was marginal, F(2, 78) = 2.77, p = 0.069, and the interaction was not significant,
F(2, 78) = 0.33, p = 0.717. Semantic-judgment learning was generally associated with nu-
merically higher old-response confidence and hit rates than recognition-judgment learning
across valence categories (Table 1). False-alarm rates showed a clear valence-category effect.
New negative words produced the highest false-alarm rate (M = 0.545, SD = 0.189), fol-
lowed by positive words (M = 0.504, SD = 0.192) and neutral words (M = 0.453, SD = 0.164),
F(2, 78) = 12.77, p < 0.001, ηp

2 = 0.247. Signal-detection summaries further showed a
significant valence effect on d′, F(2, 78) = 5.92, p = 0.004, ηp

2 = 0.132. Descriptively, d′ was
highest for neutral words (M = 0.83, SD = 0.44), intermediate for positive words (M = 0.75,
SD = 0.49), and lowest for negative words (M = 0.62, SD = 0.45). Criterion c also differed
across valence categories, F(2, 78) = 10.12, p < 0.001, ηp

2 = 0.206. Criterion values were most
liberal for negative words (M = −0.44, SD = 0.45), followed by positive words (M = −0.40,
SD = 0.42), and were least liberal for neutral words (M = −0.29, SD = 0.42).

Table 1. Participant-level descriptive statistics by learning condition and valence category.

Learning Condition Valence Category Old-Response Confidence Hit Rate False-Alarm Rate d′ Criterion c

Semantic judgment Negative 4.67
(0.63)

0.772
(0.141)

0.558
(0.194)

0.66
(0.43)

−0.49
(0.47)

Semantic judgment Neutral 4.60
(0.63)

0.753
(0.141)

0.454
(0.182)

0.86
(0.47)

−0.30
(0.41)

Semantic judgment Positive 4.73
(0.63)

0.776
(0.134)

0.508
(0.222)

0.77
(0.59)

−0.42
(0.48)

Recognition judgment Negative 4.51
(0.69)

0.731
(0.152)

0.530
(0.216)

0.57
(0.61)

−0.39
(0.47)

Recognition judgment Neutral 4.47
(0.77)

0.724
(0.180)

0.452
(0.178)

0.81
(0.52)

−0.28
(0.48)

Recognition judgment Positive 4.58
(0.62)

0.750
(0.133)

0.501
(0.216)

0.72
(0.65)

−0.37
(0.42)

Note. Values are means with standard deviations in parentheses. d′ and criterion c were computed
after applying the loglinear correction to hit and false-alarm proportions. Learning-condition la-
bels for false-alarm rates, d′, and criterion c involving new items are analytic labels used only for
balanced comparison.

Together, the descriptive and signal-detection analyses indicate that emotional valence
was associated with stronger old-response tendencies, higher false-alarm rates, and more
liberal response criteria, rather than a simple enhancement of memory sensitivity.

3.2. Linear Mixed-Effects Model Results

Trial-level mixed-effects models evaluated whether participant-relative valence and
arousal ratings explained old-oriented response strength beyond learning condition and
item status. The candidate fixed-effect structures were compared under maximum like-
lihood, and the retained model was refitted under restricted maximum likelihood. The
complete candidate-model definitions, maximum-likelihood fit indices and nested model
comparisons, and restricted maximum likelihood (REML) fixed-effect estimates for the
five candidate linear mixed-effects models are reported in Supplementary Analysis S1.

Model comparisons supported the arousal-based structure as the primary reporting
model. Adding individualized valence to Model 1 did not improve fit, likelihood-ratio
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χ2(1) = 0.81, p = 0.369, ∆AIC = +1.19, and ∆BIC = +8.80. Adding the linear Valence ×
Arousal interaction to Model 2 likewise did not improve fit, likelihood-ratio χ2(1) = 0.22,
p = 0.636, ∆AIC = +1.78, and ∆BIC = +9.39. Relative to Model 1, the response-surface
model added linear valence, quadratic valence, and the Valence × Arousal term but did
not improve fit, likelihood-ratio χ2(3) = 1.44, p = 0.695, ∆AIC = +4.56, and ∆BIC = +27.38.
Model 5, which added Valence × Arousal2 to Model 3, improved the likelihood-ratio
comparison, χ2(1) = 6.74, p = 0.009, and reduced AIC by 4.74 points, but increased BIC by
2.87 points. Because this improvement involved an exploratory higher-order interaction
and the information criteria disagreed, Model 5 was not adopted as the primary reporting
model; the more parsimonious Model 1 was retained.

The retained model included the within-participant standardized linear and quadratic
arousal terms, learning condition, and item status as fixed effects, with crossed random
intercepts for participants and stimulus items:

Response ~ Arousal_z + Arousal_z2 + Learning Condition + Item Status + (1 | Participant) + (1 | Item)

When refitted using restricted maximum likelihood, the linear arousal coefficient at
z = 0 was positive, Wald χ2(1) = 17.95, p < 0.001, 95% CI [0.032, 0.088]. The quadratic
coefficient was also positive, Wald χ2(1) = 7.46, p = 0.006, 95% CI [0.008, 0.047]. Together,
these coefficients indicate upward curvature rather than a constant positive slope across
the entire arousal range. The fitted curve had a shallow minimum in the lower portion
of the observed range and then increased progressively more steeply at higher arousal
levels (Figure 3a). Thus, within participants, items rated as highly arousing relative to
the participant’s own average tended to receive the strongest old-oriented responses; the
fitted relation at low-to-moderate arousal was not strictly monotonic. Because arousal was
rated after the recognition response and the outcome combines response direction with
confidence, this pattern does not establish that arousal caused better memory accuracy.

The learning-condition label coefficient was positive, Wald χ2(1) = 23.84, p < 0.001,
95% CI [0.072, 0.169]. With recognition judgment as the reference level, trials labeled as
semantic judgment had higher old-response scores. However, this contrast represented a
genuine learning manipulation only for old items; the condition labels assigned to new
items were analytic pseudo-labels. Accordingly, the substantive evidence for a semantic-
judgment advantage came primarily from the participant-level old-item analyses, which
showed higher old-item confidence and hit rates after semantic-judgment than recognition-
judgment learning. The all-trial coefficient was treated as a design-control term rather than
as evidence of an encoding effect on new items. Item status showed the largest effect, Wald
χ2(1) = 289.38, p < 0.001, 95% CI [−1.195, −0.948]. With old items as the reference level,
new items received substantially lower old-response scores.

Linear individualized valence did not provide sufficient incremental explanatory
value after participant-relative arousal, learning condition, and item status were taken into
account, and the conventional linear Valence × Arousal interaction was also unsupported.
These results should not be interpreted as evidence that valence was behaviorally irrele-
vant. In the participant-level and signal-detection analyses, normative valence-category
differences were more evident in false-alarm rates, criterion c, and d′ than in the trial-level
model of old-response strength. The exploratory Valence × Arousal2 result was retained
only as a supplementary finding. Taken together, the primary model identified participant-
relative arousal as the more consistent trial-level correlate of old-oriented response strength,
whereas valence-category effects were more apparent in categorical measures of response
bias and memory sensitivity. The retained-model estimates are summarized below (Table 2).
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Figure 3. Model-based arousal association and fixed-effects leave-one-participant-out prediction
check. (a) Predicted old-response confidence from the final linear mixed-effects model as a function
of within-participant standardized individualized arousal. The purple curve represents the model-
predicted values, and the gray shaded area indicates the confidence interval. The arousal function was
quadratic: old-response confidence changed relatively little at the low-arousal end, whereas highly
arousing items tended to receive stronger old-oriented responses than low- or moderate-arousal items.
Error bands and bars summarize descriptive standard errors across participant-level predicted values
rather than from a separate latent sensitivity estimate. (b) Participant-level leave-one-participant-out
fixed-effect prediction performance for the full model. Gray bars represent individual participants’
Pearson correlation coefficients between predicted and observed responses, and the purple dashed
horizontal line indicates the mean correlation, r(predicted, observed) = 0.312. Source: Generated by
the authors from the present mixed-effects and cross-validation analyses.

Table 2. Non-intercept fixed-effect estimates for the retained mixed-effects model.

Parameter β SE Wald χ2(1) p 95% Wald CI

Arousal 0.0603 0.0142 17.95 <0.001 [0.032, 0.088]
Arousal2 0.0275 0.0101 7.46 0.006 [0.008, 0.047]

Learning: Semantic vs. Recognition 0.1209 0.0248 23.84 <0.001 [0.072, 0.169]
Status: New vs. Old −1.0720 0.0630 289.38 <0.001 [−1.195, −0.948]

Note. Arousal was standardized within each participant, and Arousal2 was calculated from the
standardized arousal scores. The model was fitted using restricted maximum likelihood and included
crossed random intercepts for participant and stimulus item. β values are fixed-effect estimates, Wald
tests use one degree of freedom, and confidence intervals are 95% Wald intervals. Learning condition
was coded with recognition judgment as the reference level; item status was coded with old items as
the reference level. The intercept is omitted because the table focuses on the substantive predictors.

3.3. Exploratory Leave-One-Participant-Out Cross-Validation Results

Finally, leave-one-participant-out cross-validation was used as a supplementary held-
out participant prediction check rather than as a central machine-learning contribution. The
full model produced an average correlation between observed and fixed-effect-predicted
responses of r(predicted, observed) = 0.312, and the permutation test indicated that this
value was above chance (p = 0.001). However, the no-arousal model (mean r = 0.308)
and the status-only model (mean r = 0.306) performed very similarly. The full model
exceeded the no-arousal model by only ∆r = 0.004 and the status-only model by only
∆r = 0.006. Thus, the leave-one-participant-out results indicate that the overall fixed-effect
structure captured reliable response regularities, but most predictable variance came from
the basic task structure, especially item status, and the incremental predictive contribution
of individualized arousal was small (Figure 3b).

The above-chance correlation indicates that the population-level fixed-effect structure
captured some ordering of trial responses that generalized across participants. It should
not be interpreted as perfect calibration, as accurate participant-specific prediction, or as
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evidence that every component of the full model contributed equally. In particular, the very
small differences between the full and reduced models show that adding individualized
arousal produced little incremental predictive gain for a previously unseen participant,
even though the overall fixed-effect predictions were reliably above chance.

4. Discussion
The present study combined participant-specific affective ratings, an experimentally

manipulated learning task, and complementary indices of recognition behavior to clarify
how emotional information was expressed in delayed word recognition. The findings
do not support a single, unitary emotional-memory advantage. Instead, arousal, valence,
and learning condition were associated with different components of recognition per-
formance. Participant-relative post-test arousal was most consistently associated with
trial-level old-oriented response strength, normative valence-category differences were
more clearly reflected in false-alarm rates, response criterion, and discrimination, and the
learning-task manipulation was most interpretable in analyses restricted to studied items.
This differentiation is important because stronger endorsement of an item as “old” is not
equivalent to greater memory accuracy, and because experimentally manipulated learning
history and post-test subjective ratings support different kinds of inference.

The association involving individualized arousal is broadly consistent with accounts
proposing that emotionally intense information receives prioritized processing and can
influence later memory-related judgments (Anderson et al., 2003; Anderson, 2005; Mather
et al., 2004; Mather & Sutherland, 2011). By treating arousal as participant-relative, the
present analysis examined whether words rated as more arousing than a participant’s
own average elicited stronger old-oriented responses from that participant. This approach
captures subjective variability that normative classifications may miss. However, because
arousal was rated after recognition, the association may partly reflect recognition confi-
dence, familiarity, or processing fluency. It should therefore be interpreted as an alignment
between post-test arousal and old-oriented responding, not as causal evidence that arousal
enhanced memory. This caution is important because higher six-point scores indicated
confident correct “old” responses for studied items but confident false alarms for new
items. Thus, stronger old-oriented responding cannot be equated with greater accuracy.
The signal-detection results showed that emotional category differences were also evident
in false-alarm rate, criterion c, and d′, indicating that emotional category was related to
response bias and discrimination. Consistent with Dougal and Rotello’s (2007) response-
bias account, emotional material may increase old-oriented responses without necessarily
increasing memory sensitivity.

The nonlinear arousal association should be interpreted descriptively rather than as
confirmation of a specific theoretical law. Arousal-biased competition accounts and broader
arousal–performance theories justify testing whether arousal-related associations vary
across the arousal range, but they do not uniquely predict the upward curvature estimated
here (Yerkes & Dodson, 1908; Aston-Jones & Cohen, 2005; Mather & Sutherland, 2011). The
observed function should not be described as a classic inverted-U pattern or as evidence
for an optimal arousal point. It indicates only that a constant linear slope was insufficient
and that the association became more positive toward the higher end of participant-relative
arousal. Because the specific shape and turning point were not specified in advance, the
curve is best treated as a dataset-specific, exploratory pattern. Moreover, the present design
cannot determine whether this pattern originated during encoding, consolidation, retrieval,
or post-recognition appraisal. Independent replication with affective ratings obtained
separately from the recognition test is needed before stronger psychological significance is
attributed to the precise form of the curve.
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The contrast between individualized valence and normative valence categories also
requires careful interpretation. Linear individualized valence did not provide sufficient in-
cremental explanatory value in the trial-level model, whereas valence-category differences
were apparent in false-alarm rates, criterion c, and d′. These analyses address different ques-
tions. The continuous individualized predictor tests whether responses vary monotonically
as a word is rated as more pleasant or more unpleasant relative to a participant’s own mean.
In contrast, the categorical analyses compare negative, neutral, and positive word groups and
can capture nonmonotonic contrasts, such as emotional-versus-neutral differences, that are
not well represented by a single linear valence term. Prior work has reported U-shaped or
category-dependent valence patterns (Gao et al., 2024), but the present response-surface model
did not provide sufficient evidence to establish such a function at the trial level. The most de-
fensible interpretation is therefore that valence was expressed differently across measurement
levels and recognition outcomes, rather than that valence was behaviorally irrelevant.

Similarly, the absence of a conventional linear Valence × Arousal interaction should
not be interpreted as evidence that valence and arousal are generally independent. Their
joint contribution may depend on stimulus modality, task demands, memory measure, and
functional form. Neural and behavioral studies have reported both partial separability
and context-dependent interaction between these dimensions (Kensinger & Corkin, 2004;
Mickley Steinmetz et al., 2010; Amini et al., 2026; Du Bruyn et al., 2026). The exploratory
Valence × Arousal2 result raises the possibility that valence may relate to the curvature of
the relationship between arousal and old-response confidence of the arousal association,
rather than to its linear slope. However, this higher-order term was not part of the primary
hypothesis, and the model-selection criteria did not agree. It should therefore be treated
as a provisional lead rather than as a mechanistic finding. A stronger test would require
preregistered functional forms, independently obtained ratings, and a sample designed to
estimate nonlinear interactions.

The learning-task findings are most naturally interpreted within the levels-of-
processing framework. Classifying a word as abstract or concrete requires semantic pro-
cessing and may create a richer, more distinctive representation than the brief old/new
recognition judgment used here (Craik & Lockhart, 1972; Craik & Tulving, 1975). Although
retrieval practice can benefit later retention, its effectiveness depends on the operations
engaged during retrieval (Rowland, 2014; Karpicke, 2017); in the present task, recognition
judgments may have relied more on familiarity and less on semantic elaboration than
abstract/concrete judgments. The semantic-judgment advantage therefore indicates that se-
mantic elaboration was more effective than this particular recognition-judgment procedure
under the present conditions, rather than that recognition practice is generally ineffective.
This interpretation is consistent with evidence that learning effects vary with retention
interval, task context, and available cognitive resources (Jia et al., 2024; Zheng et al., 2023),
but it should remain anchored in the old-item analyses. Learning condition represented
a genuine experimental history only for studied words, whereas the learning-condition
labels assigned to new final-test items were analytic pseudo-labels used only for balancing.
Accordingly, the learning-condition coefficient in the all-trial additive mixed-effects model
should be treated as a design-control term rather than as a standalone estimate of the learn-
ing effect. The substantive evidence for the semantic-processing advantage comes from
old-item confidence and hit-rate analyses. Similarly, the absence of a Learning Condition
× Valence Category interaction indicates only that the present data did not detect clear
valence-specific moderation, not that the learning benefit was necessarily identical across
emotional categories.

The leave-one-participant-out analysis placed the inferential findings in a useful
predictive context. Mixed-effects models test associations in the observed dataset while
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accounting for repeated measurements, whereas cross-validation asks whether the esti-
mated fixed-effect structure retains information for a participant not used to fit the model.
The above-chance performance indicates that some population-level ordering of responses
generalized across participants. However, the very small difference between the retained
arousal-based full model and the reduced comparison models shows that individualized
arousal contributed little additional held-out information beyond item status and the basic
fitted task structure. Statistical evidence for an arousal association should therefore not be
equated with strong person-level prediction. The cross-validation analysis is best viewed
as a robustness check that qualifies the practical magnitude of the effect rather than as a
separate demonstration of predictive utility.

Several limitations define the boundaries of these interpretations. Most importantly,
because affective ratings were collected after recognition, they cannot establish the temporal
or causal role of arousal and valence; future work should obtain affective ratings inde-
pendently of memory judgments, such as before encoding, in a separate session, or with
counterbalanced rating and recognition orders. The nonlinear analysis and higher-order
interactions were exploratory and not preregistered, and no a priori power analysis was
conducted. Although the dataset included many trials, the number of participant clusters
was modest for estimating small interactions and complex random-effects structures. In
addition, the random-intercept-only models did not estimate participant- or item-specific
variation in affective slopes, so the fixed effects should be interpreted as average associ-
ations under this restricted structure. Other limitations concern stimulus control, model
specification, and generalizability. Normative familiarity differed modestly across cate-
gories, and lexical characteristics such as frequency, concreteness, and stroke count were
unavailable, which may be relevant because the semantic task required abstract/concrete
judgments. Sleep during the 24 h retention interval was not measured, despite its possible
role in emotional-memory consolidation (Denis et al., 2022; Rawson & Jackson, 2024). Treat-
ing the six-point response scale as continuous did not directly model its ordinal structure,
and the categorical signal-detection summaries did not provide a trial-level decomposition
of confidence, sensitivity, and bias. Future research could use cumulative-link mixed mod-
els, hierarchical signal-detection models, ROC approaches, or diffusion models, and should
estimate learning effects with an old-item-specific contrast or a Learning Condition × Item
Status term so that genuine learning history is separated from pseudo-labels assigned to
new items. Finally, findings from Chinese emotional words may not generalize directly to
other stimulus types or memory systems.

Methodologically, the present study highlights the value of combining normative
categories, individualized ratings, and complementary recognition outcomes. Normative
ratings support stimulus selection and comparison with the broader literature, whereas
participant-specific ratings capture within-category variation and allow trial-level associa-
tions to be estimated relative to each participant’s own affective scale. Similarly, confidence
scores characterize the strength and direction of explicit recognition judgments, whereas
false-alarm rates, criterion c, and d′ help distinguish response tendency from discrimina-
tion. No single measure fully identifies the underlying process, but their combination
constrains interpretation more effectively than confidence alone. Within these boundaries,
the study supports a differentiated rather than a unitary account of emotional recognition:
participant-relative arousal was aligned with the subjective strength of old-oriented re-
sponding, valence-category differences were expressed more clearly in response bias and
discrimination, and semantic elaboration was associated with stronger later recognition
of studied words. The broader implication is not that one affective dimension universally
dominates the other, but that conclusions about emotional memory depend on how emotion
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is measured, which recognition outcome is analyzed, and whether confidence, response
tendency, and memory sensitivity are kept conceptually distinct.

5. Conclusions
The present study shows that emotional influences on recognition cannot be captured

by a single measure. Participant-relative post-test arousal was more consistently associated
with trial-level old-oriented response strength than individualized valence, particularly
at higher arousal levels. In contrast, normative valence-category differences were more
evident in false-alarm rates, response criterion, and d′. Together, these findings suggest that
arousal and valence were expressed in different components of recognition: arousal was
more closely related to the subjective strength of “old” responses, whereas valence was
more apparent in response bias and discrimination.

Old-item analyses further showed that semantic-judgment learning was followed
by higher old-item confidence and hit rates than recognition-judgment learning. This
finding suggests that learning activities requiring semantic classification and elaboration
may support delayed recognition of studied words more effectively than relatively simple
recognition judgments. This implication is specific to the present task and should not be
taken as evidence that retrieval practice is generally ineffective. Because learning-condition
labels for new items were used only for analytic balancing, the interpretation of this learning
advantage rests on the studied-item analyses.

These findings also have practical implications for evaluating memory reports. A
confident “old” response may indicate correct recognition, but it may also be a confident
false alarm. In educational assessment, eyewitness interviewing, clinical history taking,
and health communication, confidence should therefore be considered alongside objective
performance, corroborating evidence, or verification procedures. The participant-specific
analyses also indicate that normative emotional categories may not fully capture how
individuals experience the same material. Pretesting emotionally salient content with its
intended audience may improve the design and interpretation of educational, clinical, and
public-health communications.

These implications should remain proportional to the design. Because affective ratings
were collected after recognition, they may have been influenced by familiarity, processing
fluency, or confidence. The study therefore identifies associations and practical hypotheses
rather than causal effects or validated interventions. Future research should obtain affective
ratings independently of memory judgments and test these applications directly.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/bs16091594/s1, Supplementary Analysis S1: Candidate Linear
Mixed-Effects Models.

Author Contributions: Conceptualization, W.Z. and X.J.; methodology, W.Z. and X.J.; software, W.Z.;
validation, W.Z. and X.J.; formal analysis, W.Z.; investigation, W.Z.; resources, X.J.; data curation, W.Z.;
writing—original draft preparation, W.Z.; writing—review and editing, W.Z. and X.J.; visualization,
W.Z.; supervision, X.J.; project administration, X.J. All authors have read and agreed to the published
version of the manuscript.

Funding: The present study was supported by the National Natural Science Foundation of China
32200848 (Xi Jia).

Institutional Review Board Statement: The study was conducted in accordance with the Declaration
of Helsinki and approved by the Ethics Committee of Hangzhou Normal University. Approval Code:
2022-1112. Approval Date: 3 March 2022.

Informed Consent Statement: Informed consent was obtained from all subjects involved in the study.

https://doi.org/10.3390/bs16091594

https://www.mdpi.com/article/10.3390/bs16091594/s1
https://www.mdpi.com/article/10.3390/bs16091594/s1
https://doi.org/10.3390/bs16091594


Behav. Sci. 2026, 16, 1594 17 of 18

Data Availability Statement: The data that support the findings of this study are available from the
corresponding author upon reasonable request. The data are not publicly available because they
contain participant-level behavioral responses and individualized affective ratings.

Conflicts of Interest: The authors declare no conflicts of interest.

References
Adelman, J. S., & Estes, Z. (2013). Emotion and memory: A recognition advantage for positive and negative words independent of

arousal. Cognition, 129(3), 530–535. [CrossRef] [PubMed]
Amini, E., Coynel, D., Papassotiropoulos, A., & de Quervain, D. J.-F. (2026). Neural correlates of emotional memory enhancement: The

role of valence and arousal. Imaging Neuroscience, 4, 1–25. [CrossRef] [PubMed]
Amting, J. M., Greening, S. G., & Mitchell, D. G. V. (2010). Multiple mechanisms of consciousness: The neural correlates of emotional

awareness. The Journal of Neuroscience, 30(30), 10039–10047. [CrossRef] [PubMed]
Anderson, A. K. (2005). Affective influences on the attentional dynamics supporting awareness. Journal of Experimental Psychology:

General, 134(2), 258–281. [CrossRef] [PubMed]
Anderson, A. K., Christoff, K., Stappen, I., Panitz, D., Ghahremani, D. G., Glover, G., Gabrieli, J. D. E., & Sobel, N. (2003). Dissociated

neural representations of intensity and valence in human olfaction. Nature Neuroscience, 6(2), 196–202. [CrossRef] [PubMed]
Aston-Jones, G., & Cohen, J. D. (2005). An integrative theory of locus coeruleus–norepinephrine function: Adaptive gain and optimal

performance. Annual Review of Neuroscience, 28, 403–450. [CrossRef] [PubMed]
Bates, D., Kliegl, R., Vasishth, S., & Baayen, R. H. (2015a). Parsimonious mixed models. arXiv. [CrossRef]
Bates, D., Mächler, M., Bolker, B., & Walker, S. (2015b). Fitting linear mixed-effects models using lme4. Journal of Statistical Software,

67(1), 1–48. [CrossRef]
Bowen, H. J., Kark, S. M., & Kensinger, E. A. (2018). NEVER forget: Negative emotional valence enhances recapitulation. Psychonomic

Bulletin & Review, 25, 870–891. [CrossRef] [PubMed]
Bradley, M. M., Greenwald, M. K., Petry, M. C., & Lang, P. J. (1992). Remembering pictures: Pleasure and arousal in memory. Journal of

Experimental Psychology: Learning, Memory, and Cognition, 18(2), 379–390. [CrossRef] [PubMed]
Brainerd, C. J., Holliday, R. E., Reyna, V. F., Yang, Y., & Toglia, M. P. (2010). Developmental reversals in false memory: Effects of

emotional valence and arousal. Journal of Experimental Child Psychology, 107(2), 137–154. [CrossRef] [PubMed]
Cooper, L. M., & Shah, D. (2025). Emotional false memories: The impact of response bias under speeded retrieval conditions. Cognition

and Emotion, 39(2), 445–452. [CrossRef] [PubMed]
Craik, F. I. M., & Lockhart, R. S. (1972). Levels of processing: A framework for memory research. Journal of Verbal Learning and Verbal

Behavior, 11(6), 671–684. [CrossRef]
Craik, F. I. M., & Tulving, E. (1975). Depth of processing and the retention of words in episodic memory. Journal of Experimental

Psychology: General, 104(3), 268–294. [CrossRef]
Denis, D., Sanders, K. E. G., Kensinger, E. A., & Payne, J. D. (2022). Sleep preferentially consolidates negative aspects of human memory:

Well-powered evidence from two large online experiments. Proceedings of the National Academy of Sciences, 119(44), e2202657119.
[CrossRef] [PubMed]

Dougal, S., & Rotello, C. M. (2007). ‘Remembering’ emotional words is based on response bias, not recollection. Psychonomic Bulletin &
Review, 14(3), 423–429. [CrossRef] [PubMed]

Du Bruyn, D., Ptasczynski, L. E., & Steffens, J. (2026). Valence–arousal interactions between images and music: Differential effects on
memorisation, discrimination, and fixations. PeerJ, 14, e20781. [CrossRef] [PubMed]

Ferré, P., Sánchez-Carmona, A. J., Haro, J., Calvillo-Torres, R., Albert, J., & Hinojosa, J. A. (2025). How does emotional content influence
visual word recognition? A meta-analysis of valence effects. Psychonomic Bulletin & Review, 32, 570–587. [CrossRef] [PubMed]

Gao, C., Ren, J., Sakaki, M., & Jia, X. (2024). Memory enhancement for emotional words is attributed to both valence and arousal. Acta
Psychologica, 246, 104249. [CrossRef] [PubMed]

Haro, J., Hinojosa, J. A., & Ferré, P. (2024). The role of individual differences in emotional word recognition: Insights from a large-scale
lexical decision study. Behavior Research Methods, 56, 8501–8520. [CrossRef] [PubMed]

Haro, J., Hinojosa, J. A., & Ferré, P. (2025). The influence of individual differences in the processing of words expressing discrete
emotions: Data from a large-scale study. Scientific Reports, 15, 25036. [CrossRef] [PubMed]

Hellenthal, M. V., Knott, L. M., Howe, M. L., Wilkinson, S., & Shah, D. (2019). The effects of arousal and attention on emotional false
memory formation. Journal of Memory and Language, 107, 54–68. [CrossRef]

Howe, M. L., Candel, I., Otgaar, H., Malone, C., & Wimmer, M. C. (2010). Valence and the development of immediate and long-term
false memory illusions. Memory, 18(1), 58–75. [CrossRef] [PubMed]

Jia, X., Gao, C., Wang, Y., Han, M., Cui, L., & Guo, C. (2019). Emotional arousal influences remembrance of goal relevant stimuli.
Emotion, 20(8), 1357–1368. [CrossRef] [PubMed]

https://doi.org/10.3390/bs16091594

https://doi.org/10.1016/j.cognition.2013.08.014
https://www.ncbi.nlm.nih.gov/pubmed/24041838
https://doi.org/10.1162/IMAG.a.1213
https://www.ncbi.nlm.nih.gov/pubmed/42016559
https://doi.org/10.1523/jneurosci.6434-09.2010
https://www.ncbi.nlm.nih.gov/pubmed/20668188
https://doi.org/10.1037/0096-3445.134.2.258
https://www.ncbi.nlm.nih.gov/pubmed/15869349
https://doi.org/10.1038/nn1001
https://www.ncbi.nlm.nih.gov/pubmed/12536208
https://doi.org/10.1146/annurev.neuro.28.061604.135709
https://www.ncbi.nlm.nih.gov/pubmed/16022602
https://doi.org/10.48550/arXiv.1506.04967
https://doi.org/10.18637/jss.v067.i01
https://doi.org/10.3758/s13423-017-1313-9
https://www.ncbi.nlm.nih.gov/pubmed/28695528
https://doi.org/10.1037//0278-7393.18.2.379
https://www.ncbi.nlm.nih.gov/pubmed/1532823
https://doi.org/10.1016/j.jecp.2010.04.013
https://www.ncbi.nlm.nih.gov/pubmed/20547393
https://doi.org/10.1080/02699931.2024.2401611
https://www.ncbi.nlm.nih.gov/pubmed/39267293
https://doi.org/10.1016/s0022-5371(72)80001-x
https://doi.org/10.1037//0096-3445.104.3.268
https://doi.org/10.1073/pnas.2202657119
https://www.ncbi.nlm.nih.gov/pubmed/36279434
https://doi.org/10.3758/bf03194083
https://www.ncbi.nlm.nih.gov/pubmed/17874582
https://doi.org/10.7717/peerj.20781
https://www.ncbi.nlm.nih.gov/pubmed/42038455
https://doi.org/10.3758/s13423-024-02555-8
https://www.ncbi.nlm.nih.gov/pubmed/39299963
https://doi.org/10.1016/j.actpsy.2024.104249
https://www.ncbi.nlm.nih.gov/pubmed/38613855
https://doi.org/10.3758/s13428-024-02488-z
https://www.ncbi.nlm.nih.gov/pubmed/39231911
https://doi.org/10.1038/s41598-025-10310-9
https://www.ncbi.nlm.nih.gov/pubmed/40646063
https://doi.org/10.1016/j.jml.2019.03.010
https://doi.org/10.1080/09658210903476514
https://www.ncbi.nlm.nih.gov/pubmed/20391177
https://doi.org/10.1037/emo0000657
https://www.ncbi.nlm.nih.gov/pubmed/31414839
https://doi.org/10.3390/bs16091594


Behav. Sci. 2026, 16, 1594 18 of 18

Jia, X., Gao, C., Wu, D., Sun, M., Zhang, X., Wang, C., & Li, B.-M. (2024). Effects of encoding type and retention interval on emotional
memory. Current Psychology, 43, 2114–2123. [CrossRef]

Karpicke, J. D. (2017). Retrieval-based learning: A decade of progress. In J. H. Byrne (Ed.), Learning and memory: A comprehensive
reference (2nd ed., Vol. 2, pp. 487–514). Elsevier.

Kensinger, E. A. (2009). Remembering the details: Effects of emotion. Emotion Review, 1(2), 99–113. [CrossRef] [PubMed]
Kensinger, E. A., & Corkin, S. (2004). Two routes to emotional memory: Distinct neural processes for valence and arousal. Proceedings of

the National Academy of Sciences, 101(9), 3310–3315. [CrossRef] [PubMed]
Lang, P. J., Greenwald, M. K., Bradley, M. M., & Hamm, A. O. (1993). Looking at pictures: Affective, facial, visceral, and behavioral

reactions. Psychophysiology, 30(3), 261–273. [CrossRef] [PubMed]
MacMillan, M. B., Field, J. M., Neath, I., & Surprenant, A. M. (2022). Valence does not affect recognition. Canadian Journal of Experimental

Psychology/Revue Canadienne de Psychologie Expérimentale, 76(2), 111–121. [CrossRef] [PubMed]
Mather, M., Canli, T., English, T., Whitfield, S. L., Wais, P., Ochsner, K. N., Gabrieli, J. D. E., & Carstensen, L. L. (2004). Amygdala

responses to emotionally valenced stimuli in older and younger adults. Psychological Science, 15, 259–263. [CrossRef] [PubMed]
Mather, M., & Nesmith, K. (2008). Arousal-enhanced location memory for pictures. Journal of Memory and Language, 58(2), 449–464.

[CrossRef] [PubMed]
Mather, M., & Sutherland, M. (2009). Disentangling the effects of arousal and valence on memory for intrinsic details. Emotion Review,

1(2), 118–119. [CrossRef] [PubMed]
Mather, M., & Sutherland, M. R. (2011). Arousal-biased competition in perception and memory. Perspectives on Psychological Science,

6(2), 114–133. [CrossRef] [PubMed]
Mickley Steinmetz, K. R., Addis, D. R., & Kensinger, E. A. (2010). The effect of arousal on the emotional memory network depends on

valence. NeuroImage, 53(1), 318–324. [CrossRef] [PubMed]
Öhman, A., & Mineka, S. (2001). Fears, phobias, and preparedness: Toward an evolved module of fear and fear learning. Psychological

Review, 108(3), 483–522. [CrossRef] [PubMed]
Pereira, D. R., Teixeira-Santos, A. C., Sampaio, A., & Pinheiro, A. P. (2023). Examining the effects of emotional valence and arousal on

source memory: A meta-analysis of behavioral evidence. Emotion, 23(6), 1740–1763. [CrossRef] [PubMed]
Rawson, G., & Jackson, M. L. (2024). Sleep and emotional memory: A review of current findings and application to a clinical population.

Current Sleep Medicine Reports, 10, 378–385. [CrossRef]
Rowland, C. A. (2014). The effect of testing versus restudy on retention: A meta-analytic review of the testing effect. Psychological

Bulletin, 140(6), 1432–1463. [CrossRef] [PubMed]
Schaefer, A., Pottage, C. L., & Rickart, A. J. (2011). Electrophysiological correlates of remembering emotional pictures. NeuroImage,

54(1), 714–724. [CrossRef] [PubMed]
Schielzeth, H. (2010). Simple means to improve the interpretability of regression coefficients. Methods in Ecology and Evolution, 1(2),

103–113. [CrossRef]
Wang, Y. N., Zhou, L. M., & Luo, Y. J. (2008). The pilot establishment and evaluation of Chinese affective words system. Chinese Mental

Health Journal, 22(8), 608–612.
Williams, S. E., Ford, J. H., & Kensinger, E. A. (2022). The power of negative and positive episodic memories. Cognitive, Affective, &

Behavioral Neuroscience, 22, 869–903. [CrossRef] [PubMed]
Xu, H., Zhang, Q., Li, B., & Guo, C. (2015). Dissociable effects of valence and arousal on different subtypes of old/new effect: Evidence

from event-related potentials. Frontiers in Human Neuroscience, 9, 650. [CrossRef] [PubMed]
Yerkes, R. M., & Dodson, J. D. (1908). The relation of strength of stimulus to rapidity of habit-formation. Journal of Comparative Neurology

and Psychology, 18(5), 459–482. [CrossRef]
Zheng, Y., Sun, P., & Liu, X. L. (2023). Retrieval practice is costly and is beneficial only when working memory capacity is abundant.

npj Science of Learning, 8, 20. [CrossRef] [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/bs16091594

https://doi.org/10.1007/s12144-023-04396-5
https://doi.org/10.1177/1754073908100432
https://www.ncbi.nlm.nih.gov/pubmed/19421427
https://doi.org/10.1073/pnas.0306408101
https://www.ncbi.nlm.nih.gov/pubmed/14981255
https://doi.org/10.1111/j.1469-8986.1993.tb03352.x
https://www.ncbi.nlm.nih.gov/pubmed/8497555
https://doi.org/10.1037/cep0000275
https://www.ncbi.nlm.nih.gov/pubmed/35286110
https://doi.org/10.1111/j.0956-7976.2004.00662.x
https://www.ncbi.nlm.nih.gov/pubmed/15043644
https://doi.org/10.1016/j.jml.2007.01.004
https://www.ncbi.nlm.nih.gov/pubmed/19190722
https://doi.org/10.1177/1754073908100435
https://www.ncbi.nlm.nih.gov/pubmed/30271458
https://doi.org/10.1177/1745691611400234
https://www.ncbi.nlm.nih.gov/pubmed/21660127
https://doi.org/10.1016/j.neuroimage.2010.06.015
https://www.ncbi.nlm.nih.gov/pubmed/20542121
https://doi.org/10.1037/0033-295x.108.3.483
https://www.ncbi.nlm.nih.gov/pubmed/11488376
https://doi.org/10.1037/emo0001188
https://www.ncbi.nlm.nih.gov/pubmed/36480404
https://doi.org/10.1007/s40675-024-00306-8
https://doi.org/10.1037/a0037559
https://www.ncbi.nlm.nih.gov/pubmed/25150680
https://doi.org/10.1016/j.neuroimage.2010.07.030
https://www.ncbi.nlm.nih.gov/pubmed/20650320
https://doi.org/10.1111/j.2041-210x.2010.00012.x
https://doi.org/10.3758/s13415-022-01013-z
https://www.ncbi.nlm.nih.gov/pubmed/35701665
https://doi.org/10.3389/fnhum.2015.00650
https://www.ncbi.nlm.nih.gov/pubmed/26696862
https://doi.org/10.1002/cne.920180503
https://doi.org/10.1038/s41539-023-00159-w
https://www.ncbi.nlm.nih.gov/pubmed/37002242
https://doi.org/10.3390/bs16091594

	Introduction 
	Materials and Methods 
	Participants 
	Stimuli 
	Procedure 
	Data Analyses 
	Descriptive and Signal-Detection Analyses 
	Linear Mixed-Effects Models 
	Exploratory Leave-One-Participant-Out Cross-Validation 


	Results 
	Descriptive and Signal-Detection Results 
	Linear Mixed-Effects Model Results 
	Exploratory Leave-One-Participant-Out Cross-Validation Results 

	Discussion 
	Conclusions 
	References

