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Purpose. To examine the relationship between approach-
avoidance tendencies and physical activity as well as the
factors that influence this relationship.

Methods. This systematic review with meta-analysis is
reported in accordance with the PRISMA 2020 guidelines.
Searches were conducted in MEDLINE, Web of Science,
PsycINFO, SPORTDiscus, and CINAHL from inception to
March 2026. We included observational studies assessing
associations between approach-avoidance tendencies and
physical activity. Pearson product-moment correlations were
pooled from eligible studies using the generic inverse pooling
and random-effects method. Subgroup meta-analyses were
conducted to examine the effect of testing context, types of
approach-avoidance tasks, types of physical activity measures,
and stimulus type. Meta-regressions were conducted to
examine the moderating effects of age, sex, and study quality
score.

Results. The main meta-analysis included 22 estimates
from 18 studies (n = 2,070 participants). Results showed
a small positive correlation between approach-avoidance
tendencies and physical activity (r = 0.11, 95% CI [0.04,
0.18], p = 0.004). However, the estimate from Riicker’s limit
meta-analysis, which models small-study effects, was no longer
significant (r = 0.04, 95% CI [—0.08, 0.16], p = 0.488).
Subgroup meta-analyses showed no evidence of differences
according to physical activity measure, approach-avoidance
task, or stimulus type, whereas differences were observed
according to testing context (Q(1) = 4.90, p = 0.039), with
only in-person studies yielding a significant association (p =
0.0006). Meta-regressions showed no evidence of moderating
effects of age, sex, or study quality score.

Conclusion. Our results suggest that the observed
association between approach-avoidance tendencies and
physical activity levels may be influenced by small-study
effects and should therefore be interpreted cautiously.
Substantial methodological variability, along with the lack
of validity and reliability studies, currently limits robust
conclusions regarding this relationship. Recommendations are
provided for future studies to increase comparability.

Registration. The review was registered in PROSPERO
(CRD420251034465).
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Introduction

Since the seminal work on mental chronometry (Donders, 1969), reaction time has served as a tool
for investigating psychological processes and underlying neural mechanisms. In particular, reaction-time
paradigms have been instrumental in the study of automatic attitudes, defined as traces of cumulative
past experiences that mediate favorable or unfavorable feeling, thought, or action toward a social object
(Greenwald & Banaji, 1995). These automatic attitudes operate mostly outside of conscious awareness
and influence behavior in ways that may not be accessible through introspective self-report (Conroy &
Berry, 2017; Corneille & Hitter, 2020). In other words, an automatic attitude is an evaluative mental
representation of a particular entity (Eagly & Chaiken, 2007) (e.g., physical activity) expressed in the
form of dynamic mental operations (processes) that result in evaluative responses, which are observable
manifestations (e.g., reaction time, self-report scores) captured through a variety of tests. This definition
aligns with the classic threefold division of mental activities into knowing, feeling, and willing (Hilgard,
1980), which has led to differentiate cognitive, affective, and motivational automatic processes (Sheeran
et al., 2013, 2016).

Physical activity is defined as any bodily movement produced by skeletal muscles that requires energy
expenditure. It can be undertaken as part of sport, but also as part of active forms of recreation and art,
work, or domestic tasks in various intensities (World Health Organization, 2018). Although insufficient
physical activity has consequences for physical, mental, and social health (Bleich et al., 2018; Liu et
al., 2017; Moore et al., 2016; Najar et al., 2019; Schuch et al., 2017; Wahid et al., 2016), resulting in
$48 billion per year in healthcare costs (Santos et al., 2023), physical inactivity continues to increase
worldwide (Strain et al., 2024). According to dual-process models, this trend may be partly explained
by automatic processes, which interact with controlled processes (e.g., intentions) to influence behavior
(Figure 1) (Cheval & Boisgontier, 2021; Conroy & Berry, 2017; Rebar et al., 2016).

The present work focused on automatic attitudes, which reflect a general and spontaneous orientation
toward a given concept, such as physical activity. This construct is distinct from habits, which involve
learned responses that are automatically triggered by recurring contextual cues and contribute to
the maintenance of established behaviours (e.g., automatically initiating exercise in response to a
familiar cue such as seeing one’s running shoes) (Gardner, 2015; Gardner & Rebar, 2019). Automatic
attitudes also differ from priming effects, which capture transient responses elicited by exposure to
specific cues (Rebar et al., 2016; Tulving & Schacter, 1990). They further differ from momentary
motivational states, such as urges and cravings, which can fluctuate throughout the day and across
contexts (Stults-Kolehmainen et al., 2020, 2022). Focusing on automatic attitudes therefore provides
a means of examining relatively general and spontaneous evaluations of physical activity, rather than
context-specific behavioral responses, transient cue-induced effects, or momentary motivational states.
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Figure 1: Conceptual dual-process model of physical activity (adapted from Conroy & Berry (2017)).
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Commonly studied automatic processes relevant to the characterization of automatic attitudes include
attentional bias (Berry et al., 2011; Calitri et al., 2009; Cheval, Radel, et al., 2018; Cheval et al., 2020;
Quossi et al., 2025; Y.-B. Wang et al., 2024), automatic valuation (Cheval, Radel, et al., 2018; Chevance
et al., 2019; Conroy & Berry, 2017; de Oliveira Aratjo et al., 2024; Quossi et al., 2025; Y.-B. Wang, Yang,
et al., 2023), and approach-avoidance tendencies (Berry, 2020; Cheval et al., 2014, 2015; Cheval, Sarrazin,
Pelletier, et al., 2016; Cheval, Sarrazin, Isoard-Gautheur, et al., 2016; Cheval, Tipura, et al., 2018; Daou
et al., 2017; Farajzadeh et al., 2023; Farajzadeh, Jabouille, Benoit, et al., 2025; Fessler et al., 2024;
Goubran, Zammar, et al., 2025; Hannan et al., 2019; Locke & Berry, 2021; Moffitt et al., 2020; Oliver
& Kemps, 2018; Preis et al., 2021; Quossi et al., 2025; Terashima et al., 2025; C. Wang & Zhang, 2025;
Y.-B. Wang, Sun, et al., 2023; Woodman, 2025; Zenko & Ekkekakis, 2019). These processes are thought
to operate at different stages of the pathway from cue exposure to behavioral engagement. Attentional
bias reflects the early orienting of attention toward particular environmental cues (Cheval et al., 2020;
Fadardi et al., 2016). Approach-avoidance tendencies are thought to be elicited by automatic valuation
of a cue and to occur closer to behavior initiation (M. Chen & Bargh, 1999; Cheval & Boisgontier, 2021;
Conroy & Berry, 2017; Friese et al., 2011). Whereas automatic affective attitudes reflect the association
between target concepts (e.g., running and sedentary behavior) and attributes (positive and negative),
approach-avoidance tendencies reflect the association between target concepts and action orientation
(approaching or moving away). Consequently, approach-avoidance tendencies may provide a temporally
more proximal measure of the motivational processes underlying physical activity engagement.

Therefore, we focused on approach-avoidance tendencies, defined as the automatic inclination to move
toward or away from specific stimuli. These tendencies can be assessed through reaction-time paradigms
that involve the physical (e.g., pulling or pushing a joystick) or symbolic (e.g., moving a virtual avatar)
execution of approach or avoidance actions in response to visual stimuli (Krieglmeyer & Deutsch, 2010;
Rougier et al., 2018). Reaction times are shorter when the stimulus is congruent with the direction of
the action (e.g., pulling a positively valued stimulus, moving away from a negatively valued stimulus),
suggesting a match between the stimulus' implicit valence and the executed action (M. Chen &
Bargh, 1999; Solarz, 1960). This paradigm has been widely validated and applied in various domains,
demonstrating that approach-avoidance tendencies measure is a robust indicator of automatic motivation
(Friese et al., 2011; Sheeran et al., 2013), including in studies focusing on physical activity (Cheval et al.,
2015).

Initial research on automatic attitudes toward physical activity behavior has predominantly focused on
affective association (Bluemke et al., 2010; Conroy & Berry, 2017; Hyde et al., 2012) and attentional
bias (Berry, 2006; Calitri et al., 2009; Cheval et al., 2020), with a meta-analysis showing a small positive
correlation between automatic affective attitudes and physical activity (r=0.11; 95% CI: 0.05, 0.17)
(Chevance et al., 2019), but excluding studies examining approach-avoidance tendencies. However, over
the past decade, a growing body of research has focused specifically on these tendencies (Cheval et
al., 2014, 2015; Cheval, Tipura, et al., 2018; Farajzadeh et al., 2023; Farajzadeh, Jabouille, Benoit,
et al., 2025; Goubran, Zammar, et al., 2025; Hannan et al., 2019; Oliver & Kemps, 2018; Preis et
al., 2021; Quossi et al., 2025; C. Wang & Zhang, 2025). A subsequent meta-analysis reported a small
positive correlation (r = 0.16; 95% CI: 0.11, 0.21) of approach-avoidance tendencies with physical activity
and sedentary behaviors (Y.-B. Wang et al., 2024). Although this meta-analysis represents the first
step toward improving our understanding of this relationship, some limitations should be noted. The
analysis included only 12 estimates and combined physical activity and sedentary behavior, despite these
being distinct constructs (Pearson et al., 2014; van der Ploeg & Hillsdon, 2017). Indeed, an individual
may meet physical activity recommendations (Bull et al., 2020) (e.g., running 30 minutes per day),
while also exhibiting high levels of sedentary behavior (e.g., sitting 8 hours per day at work). Moreover,
the motivational mechanisms underlying physical activity and sedentary behavior differ (Biddle, 2011;
Maltagliati et al., 2022). Because approach-avoidance biases toward physical activity and sedentary
behavior are typically negatively correlated (Cheval et al., 2014; Farajzadeh et al., 2023), including
both simultaneously required using the absolute values of the correlation coefficients to avoid mutual
cancellation, which may have biased the overall estimate. Therefore, a systematic review of the literature
addressing these limitations is needed to better understand the nature and strength of the relationship
between automatic approach-avoidance tendencies and physical activity behavior.

Our objective was to systematically review the literature testing the relationship between automatic
approach-avoidance tendencies toward physical activity-related stimuli and physical activity engagement.

'
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In addition, we conducted a meta-analysis to estimate whether and to what extent these tendencies are
associated with physical activity. Finally, we explored potential moderating factors to better understand
the mechanisms underlying physical activity.

Methods
Search Strategy

This review is reported in accordance with the Preferred Reporting Items for Systematic Reviews and
Meta-Analyses (PRISMA) guidelines (Page et al., 2021). Potential studies were identified by searching
the MEDLINE (via PubMed), PsycINFO, Web of Science, SPORTDiscus, and CINAHL databases.
The search terms used to identify relevant studies were variants of approach-avoidance tendencies (i.e.,
approach avoidance, approach tendency, avoidance tendency, approach behavior, avoidance behavior,
approach bias, avoidance bias, motivational orientation, automatic evaluation, implicit attitude, implicit
motivation, affective response, automatic process, approach-avoidance Task, AAT, manikin task) and
physical activity (i.e., exercise, physical activity) (Suppl. Material 1). Articles were searched from
inception to March 18, 2026. A filter was used to limit the search to studies published in English.
This systematic review was pre-registered in PROSPERO (CRD420251034465) (Farajzadeh, Jabouille,
& Boisgontier, 2025) and approved by University of Ottawa’s Research Ethics Boards (H-03-26-12753).

Eligibility Criteria and Study Selection
Inclusion Criteria

To be included in this systematic review, articles had to 1) be published in a peer-reviewed journal,
2) be written in English, 3) report original data collected from human participants, 4) include at least
one measure of approach-avoidance tendencies toward physical activity, and 5) include at least one
measure of physical activity. The measure of physical activity could be self-reported or device-based
(e.g., accelerometry). Cohort studies, baseline data from clinical trials, and cross-sectional studies were
included in this review.

Exclusion Criteria

Studies were excluded if they were 1) published as a book chapter, study protocol, review article, or
conference abstract, or 2) based on laboratory-based measures of physical fitness (e.g., maximal muscle
force, VOymax) and not on a measure of physical activity.

Study Selection

Articles were screened using the Covidence systematic review software (Veritas Health Innovation,
Melbourne, Australia), a web-based collaborative software platform that streamlines the production
of systematic reviews. After duplicates were removed, titles and abstracts were independently reviewed
by two reviewers (FJ, MPB) according to the inclusion and exclusion criteria. If there was any doubt
about the inclusion or exclusion of an article, the full text was not removed at this stage. Then, the full
texts of the remaining articles were screened by two reviewers (AF, MPB). Inter-rater reliability between
the two independent reviewers was assessed using Cohen’s kappa () for title and abstract screening as
well as full-text screening. Any disagreements were resolved by consensus among the three reviewers (FJ,
AF, MPB). Reference screening and forward citation tracking were performed on the included articles.
All the articles citing these included articles were screened (”snowballing”).

Data Extraction

Data extracted by two reviewers (FJ, MPB) from the selected articles included first author’s name, article
title, publication year, number of participants, proportion of women, mean age, health status, type of
approach-avoidance task, stimulus type, type of approach-bias calculation, type of physical activity
measure and outcome, component of physical activity, as well as statistical estimates and significance of
the association between approach-avoidance tendencies and physical activity. The data extraction form
was developed by the authors and was previously tested in three systematic reviews (Farajzadeh, Hébert,
et al., 2026; Farajzadeh, Park, et al., 2026; Goubran, Farajzadeh, et al., 2025).
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Bias Assessment

The included studies were assessed for methodological quality using questions from the Quality
Assessment Tool for Observational Cohort and Cross-Sectional Studies and the Quality Assessment
of Controlled Intervention Studies questionnaires (National Heart, Lung, and Blood Institute, 2021).
Two reviewers (FJ, MPB) independently answered these questions for each included study, with a third
reviewer (AF) involved in case of disagreement. Details of the methodological quality assessment are
freely available online (Jabouille & Boisgontier, 2026).

Meta-Analysis

All analyses were conducted in RStudio integrated development environment (IDE) (2025.09.0 Build 387,
“Cucumberleaf Sunflower” release) running R 4.4.2 (R Core Team, 2024), using the ‘meta’ (Schwarzer,
2023), ‘metasens’ (Schwarzer et al., 2023), and ‘metafor’ (Viechtbauer, 2010, 2023) R packages.

Main Meta-Analysis

In the main meta-analysis, we pooled Pearson product-moment correlations from eligible studies to
examine the relationship between approach-avoidance tendencies and physical activity. For two studies
using a joystick-based approach-avoidance task (Preis et al., 2021; Zenko & Ekkekakis, 2019), we used
the inverse correlation, as some authors have highlighted an interpretational ambiguity in the scoring of
the task (Zenko & Ekkekakis, 2019): pulling the joystick is assumed to reflect an approach movement
(e.g., via a zoom-in effect on the image), although the participant is physically moving away from the
screen, and vice versa for pushing movements. Results based on the original correlations are reported as
a sensitivity analysis.

When exact p-values were not reported in an article, but the sample size (n) and Pearson’s correlation
coefficient were available, the exact p-value was computed using an ad-hoc R code (Suppl. R Script
1) (Farajzadeh, Hébert, et al., 2026; Farajzadeh, Park, et al., 2026; Goubran, Farajzadeh, et al., 2025).
Correlations were pooled using the generic inverse pooling method via the ‘metacor’ function in the
R ‘meta’ package (Schwarzer, 2023). This function automatically performs a necessary Fisher’s z-
transformation on the original, untransformed correlations prior to pooling. The ‘metacor’ function
reconverts the pooled association back to its original form for ease of interpretation.

When multiple correlations originated from the same study, we accounted for within-study dependence
using two complementary approaches. First, we employed a three-level model implemented in the
‘metafor’ package (Viechtbauer, 2010, 2023) with random effects specified as ~ 1 | Author/Cluster.
Second, we conducted a parallel meta-analysis using the ‘meta’ package (metacor, cluster = Author)
with Knapp-Hartung adjustments to obtain cluster-robust confidence intervals (Knapp & Hartung, 2003).
We anticipated considerable between-study heterogeneity and therefore used a random-effects model to
pool correlations. The restricted maximum likelihood (REML) estimator (Viechtbauer, 2005) was used
to calculate the heterogeneity variance 72. In addition to 72, to quantify between-study heterogeneity,
we report the I? statistic, which provides the percentage of variability in the correlations that is not
caused by sampling error (Higgins & Thompson, 2002). The 12 statistic was interpreted as: 0-40%, may
not be important; 30-60%, may represent moderate heterogeneity; 50-90%, may represent substantial
heterogeneity; and 75-100%, may represent considerable heterogeneity. We also report the prediction
interval, which provides a range within which we can expect the associations of future studies to fall based
on the current evidence. If significant, the pooled correlation was interpreted using Cohen’s conventions
(Cohen, 1988): r ~ 0.10 (small), r ~ 0.30 (moderate), and r ~ 0.50 (large).

Publication Bias Assessment

Publication bias refers to the fact that studies with positive or significant results are more likely
to be published compared to studies with negative or non-significant results, affecting the validity
and generalization of conclusions of a meta-analysis (Lin & Chu, 2018). Methods used to assess
publication bias are limited in that their results may arise from factors other than publication bias (e.g.,
methodological differences, chance, or heterogeneity) (Page et al., 2021; Sterne et al., 2011). Accordingly,
we considered multiple complementary approaches and interpreted them in combination to account
for the limitations of individual methods and reduce the risk of misinterpretation. We first assessed
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publication bias using a funnel plot, which is a scatter plot of the studies’ effect size expressed as
the Fisher’s z-transformed correlation on the x-axis against a measure of their standard error (which is
indicative of precision of the study’s effect size) on the y-axis. We also used Egger’s regression to formally
test funnel plot’s asymmetry (Egger et al., 1997). Because the probability of obtaining significant results
rises with a larger sample size, publication bias will disproportionately affect small studies. Riicker’s
limit meta-analysis method explicitly accounts for the publication bias due to small studies and includes
heterogeneity variance in the model (Riicker et al., 2011) (Suppl. Material 2), so we used it to compute
a bias-corrected estimate of the true effect size.

Publication bias was also assessed using p-curve analysis (Simonsohn et al., 2014). When the null
hypothesis is true (i.e., there is no true effect), p-values are assumed to follow a uniform distribution:

Highly significant effects (e.g., p = 0.010) are as likely as barely significant effects (e.g., p = 0.049).

However, when the null hypothesis is false (i.e., there is a true effect in our data), p-values are assumed
to follow a right-skewed distribution: Highly significant effects are more likely than barely significant
effects. A left-skewed distribution would suggest that some studies used statistical tests to find significant
results in ways that may not be reproducible or generalizable (i.e., p-hacking). For the p-curve analysis,
we followed the recommendation to include one critical test per study (Simonsohn et al., 2014). When
multiple correlations were available, we selected the effect size corresponding to (a) the most objective
physical activity measure (device-based measures preferred to self-reported measures) and (b) the largest
available subsample.

Because the primary meta-analysis accounted for dependent effect sizes using a three-level model, Egger's
test and Riicker’s limit meta-analysis could not be applied directly, as these methods are not implemented
for three-level models. We therefore retained the three-level model as the primary analysis and conducted
a separate two-level sensitivity analysis for publication bias assessment. For the aggregated study-level
sensitivity analyses, the sample size assigned to each aggregated effect corresponded to the largest sample
size among effect sizes from the same study cluster, as these effects were based on overlapping samples.

Secondary Meta-Analysis

A secondary meta-analysis was conducted based on Spearman’s rho values, to further test the relationship
between approach-avoidance tendencies and physical activity. We chose not to compare r and rho values
in the same meta-analysis because they do not reflect the same property of the data. Since only two
independent studies reported rho values, the secondary meta-analysis was done only with the ‘metacor’
function described in Main Meta-Analysis.

Subgroup Meta-Analyses and Meta-Regressions

Subgroup meta-analyses were conducted to examine differences in correlations between studies using
different testing contexts (in-person vs. online), types of approach-avoidance tasks (Manikin task
vs. modified Manikin task vs. Visual Approach-Avoidance by the Self Task (VAAST) vs. Implicit
Association Test-Recoding Free (IAT-RF) vs. joystick-based approach-avoidance task), stimulus type
(pictograms vs. images vs. words), and types of physical activity measures (self-reported vs. device-based).

Meta-regressions were conducted to examine if the average age of participants, the proportion of
women, and the quality score of a study predicted the reported correlation between approach-avoidance
tendencies and physical activity.

Results

Literature Search

The primary search identified 2,267 potentially relevant articles from the five databases (Figure 2) and
3 potential articles from citation searching (Cheval, Sarrazin, Isoard-Gautheur, et al., 2016; Farajzadeh,
Jabouille, Benoit, et al., 2025; Goubran, Zammar, et al., 2025), including 1,023 duplicates. Of the
1,247 articles screened, 1,218 were unrelated to approach-avoidance tendencies or physical activity,
leaving 29 articles that met the criteria for further investigation and potential inclusion. We emailed
the corresponding authors of 7 articles that did not formally test the association between approach-
avoidance tendencies and physical activity to request the correlation estimate or raw data so we could
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compute this estimate ourselves (Cheval et al., 2014; Cheval, Sarrazin, Pelletier, et al., 2016; Locke &
Berry, 2021; Preis et al., 2021; C. Wang & Zhang, 2025; Y.-B. Wang, Sun, et al., 2023; Woodman, 2025).
All authors replied: four authors provided raw data of five articles (Cheval et al., 2014; Cheval, Sarrazin,
Pelletier, et al., 2016; Locke & Berry, 2021; Y.-B. Wang, Sun, et al., 2023; Woodman, 2025) and two
provided required estimates (Preis et al., 2021; C. Wang & Zhang, 2025). Detailed reasons for exclusion
at each stage are provided in the PRISMA flow diagram (Figure 2). The inter-rater reliability for the
decisions between the two reviewers was high both for title and abstract screening (k = 0.83; observed
agreement = 99.4%) and full-text screening (k = 0.69; observed agreement = 88.5%). Ultimately, 22
articles met the eligibility criteria. Three articles from our group using overlapping datasets were treated
as a single study (Farajzadeh et al., 2023; Farajzadeh, Jabouille, Benoit, et al., 2025; Goubran, Zammar,
et al., 2025). One article included two studies (Moffitt et al., 2020). Because Cheval et al. (2015) and
Cheval, Sarrazin, Isoard-Gautheur, et al. (2016) analyzed the same dataset, with the latter constituting a
secondary analysis of the former, only the primary analysis (Cheval et al., 2015) was retained. Therefore,
the final sample resulted in 19 articles representing 20 independent studies with 24 estimates (k = 24),
including 22 Pearson r estimates from 18 studies and 2 Spearman rho estimates from 2 studies.

Descriptive Results

Participants

The 20 studies identified by the systematic review included a total of 2,347 participants (1,531 females,
816 males), with a weighted mean age of 30.4 years. Studies conducted in the general population
contributed 22 estimates (k = 22) (Berry, 2020; Cheval et al., 2014, 2015; Cheval, Sarrazin, Pelletier,
et al., 2016; Cheval, Tipura, et al., 2018; Daou et al., 2017; Farajzadeh, Jabouille, Benoit, et al., 2025;
Fessler et al., 2024; Hannan et al., 2019; Locke & Berry, 2021; Moffitt et al., 2020; Oliver & Kemps, 2018;
Preis et al., 2021; Quossi et al., 2025; Terashima et al., 2025; C. Wang & Zhang, 2025; Y.-B. Wang, Sun,
et al.; 2023; Woodman, 2025; Zenko & Ekkekakis, 2019), whereas the study involving individuals with
cardiovascular disease contributed 2 estimates (k = 2) (Fessler et al., 2024) (Table 1). Participants were
assessed in person (k = 16) (Berry, 2020; Cheval et al., 2014, 2015; Cheval, Tipura, et al., 2018; Daou
et al., 2017; Fessler et al., 2024; Hannan et al., 2019; Oliver & Kemps, 2018; Preis et al., 2021; C. Wang
& Zhang, 2025; Y.-B. Wang, Sun, et al., 2023; Zenko & Ekkekakis, 2019) or online (k = 8) (Cheval,
Sarrazin, Pelletier, et al., 2016; Farajzadeh, Jabouille, Benoit, et al., 2025; Locke & Berry, 2021; Moffitt
et al., 2020; Quossi et al., 2025; Terashima et al., 2025; Woodman, 2025).

Approach-avoidance tendencies

In twelve of the twenty included studies, approach-avoidance tendencies were assessed using the Manikin
task (k = 12) (Berry, 2020; Cheval et al., 2014, 2015; Cheval, Tipura, et al., 2018; Daou et al., 2017;
Farajzadeh, Jabouille, Benoit, et al., 2025; Locke & Berry, 2021; Oliver & Kemps, 2018; Quossi et al., 2025;
Terashima et al., 2025; C. Wang & Zhang, 2025; Y.-B. Wang, Sun, et al., 2023), in which participants
moved an onscreen manikin upward or downward using keyboard keys to approach or avoid a visual
stimulus (e.g., images depicting physical activity). One study used a modified version of the Manikin
task (k = 1), in which participants had to approach or avoid the shape surrounding the visual stimuli
(i-e., circle or square) rather than the stimulus itself (Cheval, Sarrazin, Pelletier, et al., 2016). Two studies
used the VAAST (k = 5), in which the visual environment zooms in or out to simulate an approach
or avoidance movement, respectively (Fessler et al., 2024; Woodman, 2025). Two studies employed the
IAT-RF (k = 2) (Hannan et al., 2019; Moffitt et al., 2020), and one study used a Modified IAT (k
= 1) (Moffitt et al., 2020), both assessing automatic associations between words representing attribute
categories (approach vs. avoid) and action-related concepts (physical activity or sedentary behavior).
Two studies used a joystick-based approach-avoidance task (k = 3), where participants physically pull
or push a joystick to indicate approach or avoidance movements (Preis et al., 2021; Zenko & Ekkekakis,
2019). In total, twelve studies used pictograms (k = 15) (Cheval et al., 2014, 2015; Cheval, Sarrazin,
Pelletier, et al., 2016; Cheval, Tipura, et al., 2018; Daou et al., 2017; Farajzadeh, Jabouille, Benoit, et
al., 2025; Fessler et al., 2024; Oliver & Kemps, 2018; Quossi et al., 2025; Terashima et al., 2025; C. Wang
& Zhang, 2025; Y.-B. Wang, Sun, et al., 2023), four used words (k = 4) (Hannan et al., 2019; Moffitt
et al., 2020; Woodman, 2025), and four used image stimuli (k = 5) (Berry, 2020; Locke & Berry, 2021;
Preis et al., 2021; Zenko & Ekkekakis, 2019).

H
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A 4 .
Articles excluded (n = 3)
. . _ 3 articles with overlapping datasets merged in a
Articles retained (n = 22) — single one (n = 2)
- 2 articles using the same dataset (n = 1)
A 4

Articles included {n =19)
20 independent studies, 24 estimates

Figure 2: PRISMA flow diagram of study selection process

Approach bias score values were reported directly in the manuscripts (k = 8) (Berry, 2020; Cheval et
al., 2015; Hannan et al., 2019; Moffitt et al., 2020; Oliver & Kemps, 2018; Terashima et al., 2025; Zenko
& Ekkekakis, 2019), retrieved from raw data (k = 13) (Cheval et al., 2014; Cheval, Sarrazin, Pelletier,
et al., 2016; Cheval, Tipura, et al., 2018; Daou et al., 2017; Farajzadeh, Jabouille, Benoit, et al., 2025;
Fessler et al., 2024; Locke & Berry, 2021; Quossi et al., 2025; Y.-B. Wang, Sun, et al., 2023; Woodman,
2025), or provided by the authors upon request (k = 3) (Preis et al., 2021; C. Wang & Zhang, 2025). Six
different methods were used to calculate approach bias scores (Table 1).

Physical Activity

Eighteen studies assessed physical activity using a self-reported measure (Table 1). Fifteen of these
studies used the short form of the International Physical Activity Questionnaire (IPAQ-SF) (k = 16)
(Cheval et al., 2014; Cheval, Sarrazin, Pelletier, et al., 2016; Cheval, Tipura, et al., 2018; Daou et
al., 2017; Farajzadeh, Jabouille, Benoit, et al., 2025; Fessler et al., 2024; Hannan et al., 2019; Moffitt
et al., 2020; Preis et al., 2021; Quossi et al., 2025; Terashima et al., 2025; C. Wang & Zhang, 2025;

810°sjeuunof¥103s — A3ojoIsauly] Ul SUOIIEDIUNWIWOD) H



Woodman, 2025; Zenko & Ekkekakis, 2019), which consists of 6 items assessing time spent in light (i.e.,
walking), moderate (e.g., carrying light loads, cycling at moderate speed, doubles tennis), and vigorous
physical activity (e.g., digging, fast cycling, heavy lifting, aerobics) over the last 7 days (Maddison et
al., 2007). The other questionnaire used to assess physical activity was the Godin Leisure-Time Exercise
Questionnaire (GLTEQ) (k = 3) (Berry, 2020; Locke & Berry, 2021; Y.-B. Wang, Sun, et al., 2023), a
three-item questionnaire asking to self-report the number of activity bouts performed in the past 7 days
at three different intensity levels: mild, moderate, and vigorous (Godin & Shephard, 1985).

Physical activity was also assessed with devices such as accelerometers measuring accelerations in three
dimensions (k = 2) (Cheval et al., 2015; Fessler et al., 2024) and pedometers measuring the number of
steps (k = 2) (Oliver & Kemps, 2018; Preis et al., 2021) (Table 1). These devices were worn at the hip
(k = 3) (Cheval et al., 2015; Oliver & Kemps, 2018; Preis et al., 2021), and one study did not report
where the device was worn (Fessler et al., 2024). Studies based on accelerometer-derived measures used
an ActiGraph GT3X+ device (ActiGraph, LLC, Pensacola, FL, USA) (Cheval et al., 2015; Fessler et
al., 2024). The pedometers used were the Omron Walking Style 2.1 Model HJ321-E (Omron Healthcare,
Kyoto, Japan) (Preis et al., 2021), and an unspecified commercial G-sensor (Oliver & Kemps, 2018).
Two studies used both self-reported and device-based measures (Fessler et al., 2024; Preis et al., 2021).

To assess physical activity, the studies used the following outcomes: min/week (Cheval et al., 2014, 2015;
Cheval, Sarrazin, Pelletier, et al., 2016; Cheval, Tipura, et al., 2018; Daou et al., 2017; Farajzadeh,
Jabouille, Benoit, et al., 2025; Hannan et al., 2019; Moffitt et al., 2020; Preis et al., 2021; Quossi et al.,
2025; Terashima et al., 2025; C. Wang & Zhang, 2025; Woodman, 2025; Zenko & Ekkekakis, 2019), MET
score (Berry, 2020; Locke & Berry, 2021; Y.-B. Wang, Sun, et al., 2023), steps per day (Oliver & Kemps,
2018; Preis et al., 2021), and min/day (Fessler et al., 2024).

Association Between Approach-Avoidance Tendencies and Physical Activity

Among the 20 studies included in the systematic review, eight reported correlation coefficients of
the association between physical activity and approach-avoidance tendencies. Of those, six reported a
Pearson’s r correlation coefficient (Berry, 2020; Cheval et al., 2015; Hannan et al., 2019; Oliver & Kemps,
2018; Terashima et al., 2025; Zenko & Ekkekakis, 2019) and two reported a Spearman’s rho (Moffitt et
al., 2020). We computed one or several Pearson’s r values in ten studies (Cheval et al., 2014; Cheval,
Sarrazin, Pelletier, et al., 2016; Cheval, Tipura, et al., 2018; Daou et al., 2017; Farajzadeh, Jabouille,
Benoit, et al., 2025; Fessler et al., 2024; Locke & Berry, 2021; Quossi et al., 2025; Y.-B. Wang, Sun, et
al., 2023; Woodman, 2025). We obtained 3 additional Pearson’s r values through email correspondence
(Preis et al., 2021; C. Wang & Zhang, 2025). In total, 22 Pearson’s r and 2 Spearman’s rho values were
used in the meta-analyses (Table 1).
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Table 1: Sample Characteristics of Studies Included in the Systematic Review

Approach-Avoidance Tendencies Physical Activity
% of Mean Testing . Quality
Study n Population Tool Stimuli Approach-Bias Calculation Tool Component (Mean) Study Design Corr. P
Women Age Context Score
General . . . MVPA in min/week Cross-
Cheval et al., 2014 91 84% 18.9 . In-person Manikin Pictograms ~ RT avoid PA - RT approach PA* IPAQ-SF . 5 0.06 0.56
population (251) sectional
b General . . . MVPA in min/week .
Cheval et al., 2015 97 53% 383 In-person Manikin Pictograms RT avoid PA - RT approach PA Accelerometer Interventional 9 0.27 0.008
population (53)
Cheval, Sarrazin, General . Modified . . MVPA in min/week Cross-
114 57% 19.6 . Online o Pictograms ~ RT avoid PA - RT approach PA” IPAQ-SF . 9 —0.06 0.52
Pelletier, et al., 2016 population Manikin (356) sectional
General MVPA in min/week Cross-
Daou et al., 2017 116 70% 20.6 In-person Manikin Pictograms  RT avoid PA - RT approach PA* IPAQ-SF 7 —0.02 0.81
population (511) sectional
(RT avoid PA - RT avoid neutral) - o
Cheval, Tipura, et al., General . . MVPA in min/week Cross-
29 55% 22.8 ) In-person Manikin Pictograms  (RT approach PA - RT approach IPAQ-SF . 5 0.26 0.17
2018 population (216) sectional
neutral)’
General RT approach SED - RT approach Total incidental PA in Cross-
Oliver & Kemps, 2018 103 69% 26.5 In-person Manikin Pictograms Pedometer 4 0.03 0.76
population PA steps/day (6073) sectional
General (RT avoid PA - RT approach MVPA in min/week Cross-
Hannan et al., 2019 104 2% 28.1 . In-person IAT-RF Words . IPAQ-SF . 5 0.25 0.01
population PA)/participant’s SD (235) sectional
(RT avoid PA - RT approach PA) -
General Joystick- MVPA in min/week Cross- J
Zenko & Ekkekakis, 2019 92 61% 24.8 In-person Images (RT avoid neutral - RT approach IPAQ-SF 6 0.32 0.002
population based AAT (227) sectional
neutral)
General o (RT avoid PA - RT approach MVPA in MET score Cross-
Berry, 2020 149 67% 19.4 . In-person Manikin Images . GLTEQ . 4 0.19 0.02
population PA)/participant’s SD (36) sectional
General Modified MVPA in min/week Cross-
Moffitt et al., 2020 (1) 189 77% 22.7 . Online Words RT avoid PA - RT approach PA IPAQ-SF 4 =0.12 0.18
population IAT (148) sectional
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Approach-Avoidance Tendencies Physical Activity
% of Mean . Testing o . . . Quality
Study n Population Tool Stimuli Approach-Bias Calculation Tool Component (Mean) Study Design Corr. P
Women Age Context Score
General MVPA in min/week
Moffitt et al., 2020 (2) 88 67% 32.7 . Online IAT-RF Words RT avoid PA - RT approach PA IPAQ-SF Interventional 6 0.01 0.91
population (55)
(RT avoid PA + RT approach
General Joystick- Total PA in steps/day . p
Preis et al., 2021 36 89% 224 . In-person Images SED) - (RT approach PA + RT Pedometer Interventional 8 —0.02 0.89
population based AAT . (6611)
avoid SED)
. i S (RT avoid PA + RT approach L T
enera; oystick- in min/weel
36 89% 22.4 . In-person Y Images SED) - (RT approach PA + RT IPAQ-SF Interventional 8 —0.08¢ 0.64
population based AAT . (253)
avoid SED)
General . . (RT avoid PA - RT approach MVPA in MET score Cross-
Locke & Berry, 2021 132 43% 29 . Online Manikin Images . GLTEQ . 6 0.03 0.70
population PA)/participant’s SD* (51) sectional
Y.-B. Wang, Sun, et al., General o . . Running MVPA in Cross-
31 52% 19.4 . In-person Manikin Pictograms ~ RT avoid PA - RT approach PA* GLTEQ . 6 0.27 0.14
2023 population MET score (14) sectional
(RT avoid PA - RT approach PA) -
Farajzadeh, Jabouille, General MVPA in min/week Cross-
364 60% 53.7 Online Manikin Pictograms  (RT avoid neutral - RT approach IPAQ-SF 6 —0.04 0.46
Benoit, et al., 2025° population (398) sectional
neutral)”
General . . MVPA in min/week Cross-
Fessler et al., 2024 42 52% 58.4 . In-person VAAST Pictograms ~ RT avoid PA - RT approach PA“ Accelerometer . 7 0.04 0.78
population (284) sectional
Cardiovascula MVPA in min/week Cross-
13 31% 61.7 In-person VAAST Pictograms  RT avoid PA - RT approach PA* Accelerometer 7 0.42 0.15
disease (326) sectional
General ) . MVPA in min/week Cross-
45 58% 58 . In-person VAAST Pictograms ~ RT avoid PA - RT approach PA* IPAQ-SF . 7 0.12 0.42
population (561) sectional
Cardiovascula . . MVPA in min/week Cross-
16 31% 60.7 In-person VAAST Pictograms  RT avoid PA - RT approach PA* IPAQ-SF 7 —0.24 0.38
disease (333) sectional
General . . . . Total PA in min/week Cross-
Terashima et al., 2025 226 62% 23.7 . Online Manikin Pictograms ~ RT avoid PA - RT approach PA* IPAQ-SF . 6 0.15 0.02
population (495) sectional
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Approach-Avoidance Tendencies

Physical Activity

% of Mean . Testing o . . . Quality
Study n Population Tool Stimuli Approach-Bias Calculation Tool Component (Mean) Study Design Corr. P
Women Age Context Score
General MVPA in min/week Cross-
Quossi et al., 2025 201 74% 24.7 . Online Manikin Pictograms  RT avoid PA - RT approach PA* IPAQ-SF 6 0.03 0.70
population (385) sectional
General . . . MVPA in min/week Cross-
C. Wang & Zhang, 2025 34 68% 20.9 . In-person Manikin Pictograms  RT avoid PA - RT approach PA IPAQ-SF . 6 0.58 0.0003
population (242) sectional
General MVPA in min/week Cross-
Woodman, 2025 90 76% 36.3 Online VAAST Words RT avoid PA - RT approach PA* IPAQ-SF 3 0.07 0.54
population (257) sectional

Note. N = Number of participants; RT = Reaction Time; Corr. = Correlation; PA = Physical Activity; SED = Sedentary; SD = Standard Deviation; GLTEQ = Godin
Leisure-Time Exercise Questionnaire; IPAQ-SF = International Physical Activity Questionnaire — Short Form; IAT = Implicit Association Test; IAT-RF = Recoding-Free
Implicit Association Test; MVPA = Moderate-to-Vigorous Physical Activity; MET = Metabolic Equivalent of Task; AAT = Approach-Avoidance Task; VAAST = Visual
Approach-Avoidance by the Self Task. *Approach-bias was computed from the raw data as follows: (median RT avoid PA - median RT approach PA) - (median RT
avoid neutral - median RT approach neutral) when possible. If not, it was computed as (median RT avoid PA) — (median RT approach PA). *The dataset used for
the analysis encompasses data from two studies (Cheval et al., 2015, 2016). “The dataset used for the analysis encompasses data from three studies (Farajzadeh et al.,
2023; Farajzadeh, Jabouille, Benoit, et al., 2025; Goubran, Zammar, et al., 2025). ?This corresponds to the opposite correlation to that reported in the original studies,
according to the interpretational ambiguity of the scoring system of joystick-based approach-avoidance tasks pointed out by Zenko & Ekkekakis (2019).
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Meta-Analysis

Main meta-analysis

Correlation Correlation
Author Cluster Total Weight IV, Random, 95% CI IV, Random, 95% CI
Wang, 2025 Wang, 2025 34 2.7% 0.58[0.31; 0.77] P —.—
Fessler, 2024 Fessler, 2024b 13 0.9% 0.42 [-0.17; 0.79] —_—
Zenko, 2019 Zenko, 2019 92 5.3% 0.32[0.13; 0.50] ——
Cheval, 2015 Cheval, 2015 97 5.4% 0.27 [ 0.07; 0.45] ——
Wang, 2023 Wang, 2023 31 2.5% 0.27 [-0.09; 0.57] -
Cheval, 2018 Cheval, 2018 29 2.3% 0.26 [-0.12; 0.57] ——l—
Hannan, 2019 Hannan, 2019 104 5.6% 0.25[0.06; 0.42] ——l—
Berry, 2020 Berry, 2020 149 6.6% 0.19[0.03; 0.34] —B-
Terashima, 2025 Terashima, 2025 226 7.7% 0.15[0.02; 0.28] —.—
Fessler, 2024 Fessler, 2024a 45 2.6% 0.12[-0.18; 0.40] —1—
Woodman, 2025 Woodman, 2025 90 5.2% 0.07 [-0.14; 0.27]
Cheval, 2014 Cheval, 2014 91 5.2% 0.06 [-0.15; 0.26]
Fessler, 2024 Fessler, 2024a 42 2.4% 0.04 [-0.27; 0.34]
Oliver, 2018 Oliver, 2018 103 5.6% 0.03 [-0.16; 0.22]
Locke, 2021 Locke, 2021 132 6.3% 0.03 [-0.14; 0.20]
Quossi, 2025 Quossi, 2025 201 7.4% 0.03 [-0.11; 0.17]
Daou, 2017 Daou, 2017 116 5.9%  -0.02[-0.20; 0.16]
Preis, 2021 Preis, 2021 36 2.2% -0.02 [-0.35; 0.31]
Farajzadeh, 2025 Farajzadeh, 2025 364 8.7%  -0.04 [-0.14; 0.06]
Cheval, 2016 Cheval, 2016 114 5.9%  -0.06 [-0.24; 0.13] :
Preis, 2021 Preis, 2021 36 2.2% —-0.08 [-0.40; 0.25] ﬂ—
Fessler, 2024 Fessler, 2024b 16 1.2% -0.24 [-0.66; 0.29] +—
Total (95% Cl) 2,070 100.0% 0.11 [ 0.04; 0.18] 2 2
Prediction interval [-0.11; 0.32] | : —— : |
Heterogeneity: 12 = 0.0101; x> = 41.87, df = 21 (p = 0.0044); 1> = 49.9% -1 -0.5 0 0.5 1

Figure 3: Main meta-analysis forest plot. Correlation between approach-avoidance tendencies and
physical activity based on Pearson’s r-values (k = 22, n = 2,070). CI = Confidence interval. Studies
are labeled by first author and year; ambiguous labels correspond to: Cheval, 2016 (Cheval, Sarrazin,
Pelletier, et al., 2016); Cheval, 2018 (Cheval, Tipura, et al., 2018); Wang, 2023 (Y.-B. Wang, Sun, et al.,
2023); Wang, 2025 (C. Wang & Zhang, 2025); Farajzadeh, 2025 (Farajzadeh, Jabouille, Benoit, et al.,
2025). Fessler, 2024a and Fessler, 2024b are the general-population and cardiovascular-disease samples,
respectively, of Fessler et al. (2024).

Our meta-analysis of 18 studies (Berry, 2020; Cheval et al., 2014, 2015; Cheval, Sarrazin, Pelletier, et
al., 2016; Cheval, Tipura, et al., 2018; Daou et al., 2017; Farajzadeh, Jabouille, Benoit, et al., 2025;
Fessler et al., 2024; Hannan et al., 2019; Locke & Berry, 2021; Oliver & Kemps, 2018; Preis et al., 2021;
Quossi et al., 2025; Terashima et al., 2025; C. Wang & Zhang, 2025; Y.-B. Wang, Sun, et al., 2023;
Woodman, 2025; Zenko & Ekkekakis, 2019) (k = 22; n = 2,070) based on Pearson’s r values showed a
small positive correlation between approach-avoidance tendencies and physical activity (r = 0.11; 95%
confidence interval [95% CI]: 0.04, 0.18; p = 0.004; Table 2; Figure 3). Sensitivity analysis showed that the
correlation remained significant (r = 0.08; 95% CI: 0.00, 0.16; p = 0.047) with the original r correlation
directions of joystick-based approach-avoidance tasks.

Heterogeneity analyses showed that most of the variability arose from differences between studies
(TR otween = 0.0101; Ty oiweon = 0.1006), while variation within studies was almost nonexistent (72,
< 0.0001). These results suggest that effect sizes differed primarily across studies rather than within
studies. Overall heterogeneity was moderate to substantial (I2 = 49.9%, 95% CI: 18.0%, 69.3%; Q(21) =
41.87, p = 0.004), suggesting that factors like measurement methods or participant characteristics likely
influenced the size of the observed effects.

The prediction interval, ranging from r = —0.11 to 0.32, further indicated that although the average
effect was positive, future research may still observe stronger, weaker, null, or even negative associations
depending on the context.
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Figure 4: Publication bias assessment: (A) contour-enhanced funnel plot of the main meta-analysis and
(B) p-curve analysis. Notes: (A) The vertical dashed line represents the average effect size. The two other
dashed lines represent the idealized funnel-shape that studies are expected to follow. When there is no
publication bias, the data points in a funnel plot should form a roughly symmetrical, upside-down funnel.
Studies in the top part of the plot, which have lower standard errors, are expected to lie closely together,
and not far away from the pooled effect size. In the lower part of the plot, studies have higher standard
errors, the funnel “opens up,” and effect sizes are expected to scatter more heavily to the left and right
of the pooled effect. (B) The solid blue line indicates the distribution of the analyzed p-values. The red
dotted line illustrates a uniform distribution of the p-values, indicating the absence of a true effect.

Publication Bias Assessment

The funnel plot did not visually show an asymmetrical pattern (Figure 4A). Egger’s regression test further
showed no statistical evidence of asymmetry (b = 1.63, 95% CI: —0.07, 3.33, p = 0.077). However, the
estimated effect from Riicker’s limit meta-analysis was no longer statistically significant after adjustment
for small-study effects (r = 0.04, 95% CI: —0.08, 0.16, p = 0.488). The test for small-study effects was
statistically significant (Q — Q" = 6.63, p = 0.010), suggesting the presence of such effects. Residual
heterogeneity remained significant after adjustment (Q" = 31.74, p = 0.016), indicating that small-study
effects alone do not fully account for the observed variability. These results may be consistent with
publication bias, but small-study effects can also arise from other factors, such as differences in study
procedures and between-study heterogeneity.

The 20 studies reporting a total of 24 correlation values (Pearson or Spearman) were considered for the
p-curve analysis (Figure 4B). Of these, 6 studies (25.0%) reported statistically significant results (p <
0.05), all of which had p < 0.025 and were therefore eligible for inclusion in the p-curve. The remaining
results were excluded because their p-values exceeded 0.05. The p-curve showed significant right-skewness,
indicating that the effect of our meta-analysis is true and suggesting that the observed association is
unlikely to be solely attributable to selective reporting or publication bias. This was supported by the
test for right-skewness for the full curve (p = 0.001), whereas the half-curve test was not statistically
significant (p = 0.098). In addition, tests for flatness were non-significant (all ps > 0.888), suggesting
that the significant results were unlikely to reflect only bias or selective reporting. Overall, these results
are consistent with the presence of a genuine underlying effect.

The estimated statistical power of the included studies was 65% (95% CI: 26%, 91%), indicating moderate
replicability. However, this estimate should be interpreted with caution given the relatively small number
of significant results (k = 6) included in the analysis.

Secondary Meta-Analysis

The secondary analysis using Spearman’s rho (Moffitt et al., 2020) (k = 2, n = 277) showed no evidence
of a correlation (r = —0.08, 95% CI: —0.69, 0.60, p = 0.414) (Table 2). Given the small number of studies,
this estimate should be interpreted cautiously, as shown by the wide prediction interval (—0.69 to 0.60).
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Subgroup Meta-Analyses

A subgroup meta-analysis was conducted to examine whether the association between approach-
avoidance tendencies and physical activity differed by testing context (in-person vs. online). Results
indicated that testing context moderated the association (Q(1) = 4.90, p = 0.039), with a small positive
association in in-person studies (r = 0.16, 95% CIL: 0.08, 0.24, p = 0.0006), but no evidence of an
association in online studies (r = 0.03, 95% CI: —0.06, 0.12, p = 0.522) (Figure 5; Table 2).

Correlation Correlation
Author Cluster Total Weight IV, Random, 95% CI IV, Random, 95% CI
Testing context = In-person :
Wang, 2025 Wang, 2025 34 27% 0.58[0.31;0.77] L —a—
Fessler, 2024 Fessler, 2024b 13 0.9% 0.42[-0.17; 0.79] ——l—
Zenko, 2019 Zenko, 2019 92 5.3% 0.32[0.13;0.50] —.—
Cheval, 2015 Cheval, 2015 97 54%  0.27[0.07;0.45] -~
Wang, 2023 Wang, 2023 31 2.5% 0.27 [-0.09; 0.57] ——I—
Cheval, 2018 Cheval, 2018 29 2.3% 0.26 [-0.12; 0.57] ———I—
Hannan, 2019 Hannan, 2019 104 56% 0.25[0.06; 0.42] i
Berry, 2020 Berry, 2020 149 6.6%  0.19[0.03; 0.34] —.—
Fessler, 2024 Fessler, 2024a 45 2.6% 0.12[-0.18; 0.40] ——l—
Cheval, 2014 Cheval, 2014 91 5.2% 0.06 [-0.15; 0.26]
Fessler, 2024 Fessler, 2024a 42 2.4% 0.04 [-0.27; 0.34]
Oliver, 2018 Oliver, 2018 103 5.6% 0.03[-0.16; 0.22]
Daou, 2017 Daou, 2017 116 5.9% -0.02[-0.20; 0.16]
Preis, 2021 Preis, 2021 36 2.2% -0.02[-0.35; 0.31]
Preis, 2021 Preis, 2021 36 2.2% -0.08 [-0.40; 0.25]
Fessler, 2024 Fessler, 2024b 16 1.2% -0.24[-0.66; 0.29]
Total (95% ClI) 943 58.7%  0.16 [ 0.08; 0.24]

Heterogeneity: 12 = 0.0061; x* = 26.76, df = 15 (p = 0.0307); 1> = 44.0%

Testing context = Online
Terashima, 2025 Terashima, 2025 226 7.7%  0.15[0.02; 0.28]
Woodman, 2025 Woodman, 2025 90 52% 0.07 [-0.14; 0.27]

Locke, 2021 Locke, 2021 132 6.3% 0.03[-0.14; 0.20]
Quossi, 2025 Quossi, 2025 201 74% 0.03[-0.11; 0.17]
Farajzadeh, 2025 Farajzadeh, 2025 364 8.7% -0.04 [-0.14; 0.06]
Cheval, 2016 Cheval, 2016 114 5.9% -0.06[-0.24; 0.13]
Total (95% CI) 1,127 41.3% 0.03 [-0.06; 0.12]

Heterogeneity: 12 = 0.0061; x2 = 6.06, df =5 (p = 0.3004); I = 17.5%

Total (95% CI) 2,070 100.0%  0.11[0.04; 0.18] &

Prediction interval [-0.11; 0.32] E—
| T T |
Heterogeneity: 12 = 0.0101; x = 41.87, df = 21 (p = 0.0044); I = 49.9% -1 -0.5 0 0.5 1

Residual heterogeneity: 12 = 0.0055; x = 32.82, df = 20 (p = 0.0353); 1> = 39.1%
Test for subgroup differences: x2 = 4.90, df = 1 (p = 0.0387)

Figure 5: Forest plot of subgroup analysis by testing context. Correlation between approach-avoidance
tendencies and physical activity based on Pearson’s r-values in in-person (k = 16, n = 943) and online
studies (k = 6, n = 1,127). CI = Confidence interval. Study labels as in Figure 3.

A subgroup analysis examined whether the association differed in self-reported (k = 17) and device-based
measures of physical activity (k = 5). Results showed no evidence of a moderating effect (Q(1) = 0.07,
p = 0.795).
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A subgroup analysis examined whether the association differed across different approach-avoidance tasks:
Manikin task (k = 12), modified Manikin task (k = 1), IAT-RF (k = 1), joystick-based approach-
avoidance tasks (k = 3), and VAAST (k = 5). Results showed no evidence of a moderating effect (Q(4)
= 0.67, p = 0.621).

A subgroup analysis examined whether the association differed across stimulus types: pictograms (k =
15), words (k = 2), and images (k = 5). Results showed no evidence of a moderating effect (Q(2) = 0.25,
p = 0.779).

Meta-Regressions

Results showed no evidence of a moderating effect of age (b = —0.002, 95% CI: —0.008, 0.003, t(20)
= —0.86, p = 0.402), sex (b = —0.13, 95% CIL: —0.72, 0.47, t(20) = —0.45, p = 0.661), and study
quality score (b = -0.01, 95% CIL: —0.06, 0.03, t(20) = -0.61, p = 0.551) on the association between
approach-avoidance tendencies and physical activity (k = 22).

Table 2: Results of the main, secondary, and subgroup meta-analyses

Characteristics k n Corr. 95% CI I (%)  p-value
Main: Pearson r 22 2,070 0.11 0.04,0.18 499 0.004
Main: Riicker’s limit meta-analysis 22 2,070 0.04 —0.08, 0.16 53.1 0.488
Secondary: Spearman rho 2 277 —0.08 —-0.69, 0.60 0 0.414
Subgroup: Testing context 0.039
In-person 16 943 0.16 0.08, 0.24 44.0 0.001
Online 6 1,127 0.03 —0.06, 0.12 17.5 0.522
Subgroup: Physical activity measures 0.795
Subgroup: Approach-avoidance tasks 0.621
Subgroup: Stimulus type 0.779

Note. k = Number of estimates; n = Number of participants; Corr = Correlation estimates; CI =
Confidence interval; I? = Percentage of variability in the correlations that is not caused by sampling
error. Significant p-values are shown in bold.

Discussion

Our meta-analysis revealed a significant small positive correlation of r = 0.11 (95% CI: 0.04, 0.18; p
= 0.004) between approach-avoidance tendencies and physical activity. However, the result should be
interpreted with caution, as the estimate from Riicker’s limit meta-analysis, which models small-study
effects, was no longer statistically significant (r = 0.04, 95% CI: —0.08, 0.16, p = 0.488).

The magnitude of the uncorrected estimate is comparable to the uncorrected one reported in a
previous meta-analysis examining the association between automatic valuation and physical activity, but
excluding approach-avoidance tendencies (r = 0.11) (Chevance et al., 2019). Similarly, another meta-
analysis examining the association between approach-avoidance tendencies and both physical activity
and sedentary behaviors reported an uncorrected correlation of r = 0.16 (Y.-B. Wang et al., 2024).
These results are consistent with the dominant theoretical framework proposing that these constructs
are related, with automatic valuation typically preceding and shaping approach-avoidance tendencies,
which in turn influence physical activity behavior (M. Chen & Bargh, 1999; Cheval & Boisgontier, 2021;
Conroy & Berry, 2017).
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Implications

Awareness campaigns that primarily target controlled processes such as intentions have shown limited
effectiveness in producing meaningful behavioral changes among physically inactive individuals (Abioye et
al., 2013; den Braver et al., 2022). Having the intention to be physically active is not sufficient: nearly half
of people who intend to be physically active fail to translate their intentions into action, a phenomenon
commonly referred to as the “intention-behavior gap” (Feil et al., 2023). Automatic processes, including
approach-avoidance tendencies, have therefore been proposed as potential complementary mechanisms
that may help explain physical activity behavior. However, our meta-analysis suggests that the current
evidence is insufficient to determine whether approach-avoidance tendencies represent a meaningful
determinant of physical activity. Rather, two interpretations of the available evidence should be
considered.

First, the observed association may be influenced by small-study effects and methodological limitations,
raising uncertainty about whether it reflects a robust underlying relationship. This interpretation is
supported by the persistent significant heterogeneity after adjustment for small-study effects. Smaller
studies may produce more variable estimates due to reporting biases, sampling variability, methodological
differences, and limitations in study design or measurement (Sterne et al., 2011). This possibility
is particularly relevant given the important heterogeneity in approach-avoidance tasks and physical
activity measurement. Thus, if measurement error and analytical flexibility substantially contribute to
the observed effects, the pooled estimate may not correctly represent the underlying relationship.

A second possibility is that the observed association reflects a true but small relationship between
approach-avoidance tendencies and physical activity. Under this interpretation, automatic approach-
avoidance processes may represent one of several independent factors that contribute to physical activity
behavior, rather than a major determinant of behavior. This interpretation is consistent with evidence
suggesting that automatic processes are modestly associated with physical activity (Chevance et al.,
2019; Y.-B. Wang et al., 2024).

These two interpretations point to two priorities for future studies. First, resolving methodological and
psychometric limitations through standardized task procedures and rigorous evaluation of their reliability
and validity. Second, determining whether any robust association is sufficiently meaningful to warrant
intervention. If the observed relationship is primarily driven by measurement limitations or small-study
effects, targeting approach-avoidance tendencies in behavioral interventions would be premature. By
contrast, if a small but robust association is established, future research should determine the feasibility
of an intervention (Fessler et al., 2026; Jabouille et al., 2026) and whether modifying these tendencies
can meaningfully change physical activity behavior.

Methodological Heterogeneity as a Limiting Factor

Reaction-Time Assessment Requires a Controlled Environment

The persistence of significant residual heterogeneity after adjusting for small-study effects suggests that
publication bias alone does not account for the variability across studies. Additional methodological
differences may also have contributed. In support of this interpretation, subgroup analyses identified
testing context as a potential moderator, with the subgroup comparison test indicating a significant
difference between in-person and online studies. Specifically, the association was stronger in in-person
studies than in online studies. Although online experiments may facilitate recruitment and reduce
research costs, they provide less experimental control. However, this result should be interpreted with
caution given the slight overlap in confidence intervals between the two subgroup estimates and the
relatively small number of studies. Further studies are needed to determine whether this moderating
effect can be replicated with greater statistical power.

Approach-Avoidance Tasks: The Garden of Forking Paths

From measurement to processing, approach-avoidance tendencies were characterized by substantial
methodological heterogeneity across the analytical pipeline. First, they were measured using six different
tasks. Evidence from affective and food-related domains suggests that different approach-avoidance tasks
are often weakly correlated (Fricke et al., 2023; Wittekind et al., 2021; Zech et al., 2023) and may not
capture the same underlying processes, reducing the comparability across studies. Second, the tasks
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varied in device type, operationalization of approach-avoidance responses, number and randomization of
conditions and trials, data-processing criteria, score computation, and the number and type of stimuli.
This is consistent with the broader approach-avoidance literature, where a wide range of scoring and
preprocessing methods has been observed across studies (Kahveci et al., 2024). However, this lack
of consensus leaves researchers with multiple analytical decisions that may affect the reliability and
validity of measures of individual differences (Kahveci et al., 2024). This analytical freedom creates
multiple plausible pathways for preprocessing and scoring the same underlying data, making it difficult
to determine whether different results reflect genuine differences in psychological processes or instead
arise from analytical choices.

Among those decisions, the approach-avoidance score is of major importance because it ultimately
determines what a test measures. One study (Oliver & Kemps, 2018) used a score based on a between-
category difference within a single response direction. This approach may conflate approach-avoidance
tendencies with category-specific differences in stimulus familiarity, visual characteristics, perceptual
processing, or ambiguity. Conversely, many studies (Berry, 2020; Cheval et al., 2014, 2015; Cheval,
Sarrazin, Pelletier, et al., 2016; Daou et al., 2017; Fessler et al., 2024; Hannan et al., 2019; Locke &
Berry, 2021; Moffitt et al., 2020; Quossi et al., 2025; Terashima et al., 2025; C. Wang & Zhang, 2025;
Y.-B. Wang, Sun, et al., 2023; Woodman, 2025) calculated a simple difference between avoidance and
approach reaction times for a single stimulus category. Although intuitive, this score may capture general
differences in the ease or speed of performing approach versus avoidance movements, such as anatomy,
posture, motor execution, or device setup. For example, if avoidance movements are mechanically easier
than approach movements, an approach-avoidance difference may reflect motor asymmetry rather than
motivational bias. Finally, other studies (Cheval, Tipura, et al., 2018; Farajzadeh et al., 2023; Farajzadeh,
Jabouille, Benoit, et al., 2025; Goubran, Farajzadeh, et al., 2025; Preis et al., 2021; Zenko & Ekkekakis,
2019) used a double-difference score, comparing the approach-avoidance contrast for the target category
relative to a reference category (e.g., neutral stimuli). This approach more directly isolates a relative
approach-avoidance bias, but remains susceptible to other stimulus-response compatibility effects. That
is, certain stimulus-response combinations (e.g., approaching physical activity stimuli) may elicit faster
responses due to the affective or semantic value of the image. Such association may be shaped by past
experiences (e.g., family vacation activities) or by promotional campaigns portraying physical activity
positively. In such cases, it may reflect learned associations rather than a genuine approach-avoidance
tendency toward the effort or energy expenditure characterizing physical activity and sedentary behaviors.
To remove this bias, future studies could consider using neutral images previously conditioned to represent
high and low levels of physical effort (Boisgontier, 2019). Nevertheless, it has been shown that double-
difference scores remain less subject to being biased with unrelated sources of variance, and are more
reliable and valid than category-specific differences (Kahveci et al., 2024).

Another important consideration is the meaning carried by the approach-avoidance score. While most
of the studies used neutral stimuli like geometric shapes as a reference in their double-difference score,
one study (Preis et al., 2021) used sedentary stimuli. In such cases, a positive or negative score indicates
that one category is approached or avoided more strongly relative to the other category, but it does
not establish that the individual has an absolute automatic approach tendency toward one or the other
category. In other words, if the reference is not considered as neutral, it reflects a relative preference
between categories but not a construct-specific automatic tendency.

Action Interpretation as a Trigger of Approach-Avoidance Tendencies

Task implementation and instructions may influence approach-avoidance tendencies by creating
ambiguity regarding the meaning of the required action. For example, joystick-based approach-avoidance
tasks involve a physical movement moving away from the stimulus (i.e., pulling) paired with a visual
enlargement of the stimulus. Although we reversed the scoring of these tasks to better align with
a self-related frame of reference, this mismatch between the physical movement and its conceptual
interpretation may still have influenced how participants interpreted the action and could potentially
contribute to the low reliability reported for this task in another field (r = 0.35) (Reinecke et al., 2010)
and to findings suggesting that the manikin task is more sensitive and valid (Krieglmeyer & Deutsch,
2010).

Participants may interpret the responses simply as pushing or pulling the joystick, or as making the
stimulus grow or shrink in case of stimulus enlargement, rather than as genuine approach-avoidance
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actions. Indeed, participants are often instructed to “push” or “pull” the joystick rather than being
explicitly instructed to “approach” or “avoid” the stimulus or being provided with a contextual framing
(Preis et al., 2021; Zenko & Ekkekakis, 2019). However, accumulating evidence suggests that approach
and avoidance are not intrinsically tied to a specific movement direction or frame of reference (Eder &
Rothermund, 2008; Phaf et al., 2014; Seibt et al., 2008). Rather, contextual framing and task instructions
appear to shape how an action is interpreted and, in turn, condition the resulting approach-avoidance
response. Identical motor responses can produce different evaluative effects depending on how their
meaning is framed (Z. Chen et al., 2025; Z. Chen & Van Dessel, 2024; Laham et al., 2014; Van Dessel et al.,
2018). For instance, push-pull responses influenced stimulus evaluation when they were explicitly framed
as collecting or discarding, whereas the same movements produced no effect when not accompanied by
elaborated framing, even in the presence of stimulus zooming (Laham et al., 2014). Similarly, identical
responses produced different evaluative consequences when they were described as approach/avoidance
rather than simply upward/downward movements, or when their interpretation was manipulated while
motor execution remained unchanged (Z. Chen et al., 2025; Z. Chen & Van Dessel, 2024; Van Dessel et
al., 2018). Thus, although visual feedback, response devices, and movement characteristics may facilitate
particular interpretations, arm flexion and extension do not appear to carry fixed motivational meanings
in themselves. Rather, the mental representation and contextual interpretation of the response appear
to play a central role in determining the meaning and consequences of the interaction with the stimulus.

Physical Activity: A Landscape of Methodological Choices

The subgroup analysis by physical activity measures did not show a significant effect. However, the small
number of estimates based on accelerometers (k = 3) and pedometers (k = 2), combined with device-
specific preprocessing and data processing procedures, did not allow for a reliable subgroup analysis.
Additional studies are needed to draw firm conclusions about this subgroup analysis and the specific
relationship between approach-avoidance tendencies and accelerometer- or pedometer-based physical
activity. Of note, 79% of physical activity level estimates were based on self-reported questionnaires,
which have demonstrated limited reliability and validity as they tend to overestimate activity levels due
to biases such as social desirability and recall bias (Helmerhorst et al., 2012; Lee et al., 2011). Therefore,
although self-report instruments provide an easy and inexpensive way to assess physical activity, we
do not recommend their use as a primary research outcome. This is consistent with the World Health
Organization’s current direction toward wearable device-based assessment, which offers more precise and
harmonizable estimates of real-world physical activity (World Health Organization, 2025, 2026).

The increased precision of accelerometers to measure physical activity comes at the cost of greater
methodological complexity. Notably, device-based studies substantially differed in data-processing
decisions, such as valid wear-time criteria, data processing procedures, cut-offs for activity intensity, and
intensity adjustment. As these methodological choices can substantially influence estimated physical
activity levels, they likely reduced comparability across studies and contributed to heterogeneity
in effect sizes. Recent consensus and reporting guidelines emphasize the need for transparent and
standardized accelerometry protocols and provide recommendations to improve comparability across
studies (Clevenger et al., 2022; Migueles et al., 2017, 2022).

The type and intensity of physical activity need to be considered, as they directly influence physical
activity level estimates and the resulting correlation. However, they were measured inconsistently across
studies. Five different assessment tools were used and outcomes were operationalized as total physical
activity, moderate-to-vigorous leisure-time physical activity or during running only, or incidental physical
activity excluding exercise. We did not conduct a subgroup analysis because only one estimate per group
would have resulted in very low statistical power. However, we repeated the main meta-analysis after
excluding the two studies with conceptually distinct physical activity components, namely running-
specific volume (Y.-B. Wang, Sun, et al., 2023) and incidental physical activity only (Oliver & Kemps,
2018). The pooled estimate remained almost unchanged (r = 0.11, 95% CI: 0.03, 0.18, p = 0.007). While
this suggests that these methodological differences did not meaningfully influence the overall result, this
may be explained by the small weight of these two studies in the meta-analysis.

Another consideration is how physical activity intensity is accounted for. Most studies expressed physical
activity levels in minutes per week. This time-based unit does not fully capture differences in the
underlying volume and intensity distribution of physical activity. For example, two individuals may
both accumulate 100 minutes of total physical activity per week while displaying markedly different
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intensity profiles. Although movement at any intensity confers health benefits (Liu et al., 2017; Tarp
et al., 2024), the magnitude of these effects may vary as a function of intensity (Biswas et al., 2025).
Traditionally, intensity has often been characterized using count-based methods (Migueles et al., 2017).
However, these are device-dependent and require raw acceleration signals to be filtered and aggregated
into counts, resulting in loss of information. Their interpretation commonly relies on cut-points derived
from specific calibration protocols, which impose thresholds on continuous movement data and classify
it into discrete intensity bands. More recent analytical approaches implemented in open-source tools
such as GGIR enable direct processing of raw acceleration data and the computation of cut-point-
free metrics, including average acceleration reflecting overall activity volume and intensity gradient
reflecting the distribution of activity across the intensity spectrum (Migueles et al., 2019; Rowlands et al.,
2018). Machine-learning approaches also offer promising alternatives by extracting detailed information
on activity type and intensity directly from raw acceleration signals, although challenges regarding
validation, generalizability, and standardization remain (Zi et al., 2026).

Need for a Standardized and Psychometrically Sound Measurement

Although no statistically significant differences in effect size were found across the five approach-
avoidance tasks included in the subgroup analysis of our main meta-analysis, this result should
be interpreted cautiously. The limited number of estimates in four of the five categories (k =
1-5) restricted the statistical power to detect reliable between-task differences. Additionally, the
variability in measurement approaches described above makes it difficult to draw clear conclusions about
approach-avoidance tendencies in the context of physical activity.

These concerns are supported by the limited evidence regarding the reliability and validity of approach-
avoidance measures and scoring procedures in the physical activity domain (Zech et al., 2023). To date,
the tasks included in this meta-analysis have not been adequately tested for validity or reliability, leaving
uncertainty as to whether they consistently and accurately capture the intended construct. Measurement
error associated with insufficiently reliable measures may attenuate observed associations and therefore
contribute to an underestimation of the true relationship between approach-avoidance tendencies and
physical activity. A previous meta-analysis of automatic processes and physical activity found that task
reliability moderated the magnitude of observed associations (Y.-B. Wang et al., 2024). In the absence of
reliability studies, it is therefore difficult to determine the extent to which between-study heterogeneity
reflects genuine variability in approach-avoidance tendencies rather than differences in measurement
precision.

Task standardization and dedicated psychometric evaluation should thus be a priority, especially for
reaction-time-based measures, which can be sensitive to several aspects of the task, from its design
(e.g., number of trials, operationalization of the approach-avoidance movement, instructions) to its
analysis (e.g., outliers’ removal, preprocessing decisions, scoring algorithms). Future research should first
resolve current methodological uncertainties (e.g., comparing alternative scoring procedures, establishing
the number of trials required to obtain reliable estimates, harmonizing preprocessing decisions by
testing the robustness of different scores under them) by developing standardized, evidence-based
assessment procedures. They should then establish their reliability as well as their construct, convergent,
discriminant, and predictive validity (Lim, 2024). This would help clarify the practical relevance of
approach-avoidance tendencies for physical activity engagement and whether they have potential utility
as intervention targets.

Assessment Recommendations for Future Research

To strengthen the literature on approach-avoidance tendencies in physical activity, future research
should prioritize greater methodological rigor and standardization. Based on the present findings,
several recommendations emerge: (i) further validation of remotely administered tasks is needed, and
controlled in-person studies may currently offer greater experimental consistency; (ii) physical activity
and sedentary behavior should be treated as distinct constructs; (iii) the rationale for selecting tasks
other than the Manikin task should be clearly justified; (iv) physical activity should be assessed using
device-based measures with transparent reporting methods (Migueles et al., 2017); (v) outcomes should
capture the full spectrum of physical activity, including light-intensity behaviors that confer health
benefits (Amagasa et al., 2018; Rezende et al., 2024), and (vi) analyses should be adjusted for activity
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intensity, given the dose-response relationship between physical activity and health outcomes (Biswas et
al., 2025).

For data preprocessing, it has been recommended to (vii) fully exclude error trials and (viii) apply
absolute reaction-time cut-offs in combination with an adaptive outlier-removal procedure, excluding
reaction times that fall more than +3 standard deviations from the participant’s mean (Kahveci et al.,
2024). This approach is intended to improve reliability and validity while reducing the risk of Type I errors.
For the absolute cut-offs, we recommend a lower reaction time threshold of 150 ms, as this value has
been proposed for reaction-time analyses because it is close to the estimated physiological lower bound
for a simple response to a visual stimulus (Miller, 2023). Simple reaction times are generally slower than
this threshold (Boisgontier et al., 2014; Woods et al., 2015). For the upper threshold, relatively wide
cut-offs have been recommended so that only clearly implausible responses are removed (Miller, 2023).
We therefore recommend an upper cut-off of 3,000 ms, which has previously been used in a sample
ranging from 21 to 77 years of age to accommodate the slower responses that may occur in older adults
(Farajzadeh et al., 2023). We recommend (ix) removing the earliest trials at the start of each block
as familiarization trials. Reaction times tend to be longer during the first few trials of a block, with
this initial transient typically resolving within fewer than 10 trials (Harris et al., 2014). This effect is
particularly pronounced on the first trial and may partly reflect a restart cost (Poljac et al., 2009),
that is, the extra effort needed to reactivate the relevant task representation in memory after a cue
or interruption (Altmann, 2002). Nosek et al. (2014) found that including the first four trials of the
Brief Implicit Association Test reduced the task’s reliability and validity. However, the optimal trade-off
in approach-avoidance tasks between excluding potentially unstable early trials and retaining as much
information as possible remains to be established.

Regarding bias-score computation, a multiverse analysis has shown that (x) using the double-difference
D-score, calculated by dividing a participant’s double mean difference score by the standard deviation
of their reaction times, consistently showed the highest reliability and validity and the lowest variability
across both simulated and empirical datasets compared with mean-, median-, and multilevel-based
alternatives (Kahveci et al., 2024). We recommend that (xi) approach-avoidance bias scores account
for general response tendencies, for example by controlling for responses to neutral stimuli (Cheval,
Tipura, et al., 2018).

Limitations

The results of this study should be considered in light of several limitations. (i) Only articles published in
English were included. Inclusion of articles published in other languages may have influenced the results.
(ii) Due to the correlational nature of the meta-analyzed results, we cannot conclude a causal relationship
between approach-avoidance tendencies and physical activity, nor can we exclude the possibility that
this relationship is indirect, i.e., mediated by other factors. (iii) Secondary meta-analysis and several
subgroup estimates are based on very small samples, compromising their interpretation. (iv) Publication
bias assessment using Egger's test and Riicker’s limit meta-analysis did not account for the dependency
between effect estimates, as these methods are not currently implemented for three-level meta-analytic
models.

Conclusion

Our findings indicate a small positive association between approach-avoidance tendencies and physical
activity in the primary analyses. However, this association was attenuated and no longer statistically
significant in the analysis accounting for small-study effects, suggesting that the evidence should be
interpreted cautiously. Although these processes may represent a promising avenue for research aimed at
promoting physical activity, confidence in the current literature is limited by substantial methodological
heterogeneity, limited comparability across measures, and insufficient validity and reliability data for
the tasks used in this field. Accordingly, firmer conclusions will require more rigorous and standardized
future research.
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