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Abstract

Human thought unfolds in patterns that vary across individuals; some move fluidly across ideas,
whereas others return to narrower or more repetitive paths. Here, we asked whether structural aspects of
associative thinking—its breadth, trajectory, and temporal pace—can account for individual differences
in repetitive thought styles such as rumination. Participants completed brief free-association tasks, and
their responses were quantified using a model trained on large-scale free association data to derive
individual structural profiles of associative flow. Across two independent samples, these profiles pre-
dicted self-reported measures of rumination and repetitive thinking, with nonlinear models accounting
for meaningful inter-individual variation and showing generalization across tasks and datasets. These
findings suggest that individual differences in repetitive thought are reflected not only in what people
think about but also in how associations are organized and unfold over time. Structural modeling there-
fore provides a viable approach to characterizing spontaneous cognition through patterns of associative
organization.
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1. Introduction

Human thought unfolds as a continuous stream of ideas, associations, and mental leaps—a
phenomenon first described by William James over a century ago (James, 1890). Since then,
psychologists and neuroscientists have sought to map this “stream of consciousness” using
methods ranging from free-association tasks to advanced neuroimaging. Yet, capturing the
micro-dynamics of thought, particularly the structural features that differentiate how individ-
uals move through associative space, remains a major challenge in cognitive science.

Recent work has begun to describe spontaneous thought along three structural dimen-
sions: breadth, trajectory, and speed. Breadth refers to the semantic range between successive
thoughts, from narrow and closely related ideas to broader, more flexible transitions (e.g.,
Brunyé et al., 2013). Trajectory captures whether associative sequences tend to loop back on
themselves or progress into new semantic territory over time (e.g., Mason & Bar, 2012). Speed
reflects the temporal pace of these transitions, how quickly thoughts shift from one idea to
the next (e.g., Pronin & Wegner, 2006). Together, these characteristics provide a multidimen-
sional picture of thought dynamics. For example, broader associative transitions may facil-
itate more progressive trajectories, whereas narrower associative transitions may contribute
to repetitive or constrained patterns over time. Similarly, the temporal pace of thought may
shape the rate at which associative exploration unfolds. These dimensions may help char-
acterize individual differences in thought patterns, including tendencies toward repetitive or
self-focused thinking. Fig. 1 presents schematic illustrations of these dimensions, which serve
as the theoretical basis for the present behavioral and computational approach.

Patterns of thought are closely tied to mood, cognition, and personality. Broad, divergent
thinking is associated with positive affect, whereas narrow or repetitive thinking tends to
co-occur with negative mood (e.g., Vosburg, 1998). Faster thought pace has been linked to
elevated mood and creativity (Pronin & Wegner, 2006). At the trait level, associative flex-
ibility aligns with openness to experience (McCrae, 1987), while more rigid or repetitive
thinking correlates with characteristics such as neuroticism (Muris, Roelofs, Rassin, Franken,
& Mayer, 2005), perfectionism (Flett, Madorsky, Hewitt, & Heisel, 2002), and pessimism
(MacLeod, Williams, & Bekerian, 1991). Variability in these thought patterns is also evi-
dent in extreme or dysregulated states: Schizophrenia is often marked by disorganized or
incoherent associations, whereas mania involves accelerated, loosely structured thinking
(American Psychiatric Association, 2013). In contrast, negatively valenced conditions such
as depression, anxiety, post-traumatic stress disorder (PTSD), and obsessive-compulsive dis-
order (OCD) are associated with narrower and more repetitive patterns of thought (Ehring &
Watkins, 2008; Harvey, Watkins, Mansell, & Shafran, 2004; Moulds & McEvoy, 2025).

Among these repetitive thought tendencies, rumination has been particularly well studied.
Defined as a passive and recurrent focus on negative emotion and its causes (Nolen-Hoeksema
& Morrow, 1991), rumination has been linked to the onset and persistence of depressive
episodes (Treynor, Gonzalez, & Nolen-Hoeksema, 2003). More broadly, rumination has been
characterized as a transdiagnostic style of thinking associated with a range of psychological
conditions, including anxiety, PTSD, OCD, eating disorders, and substance use (Harvey et al.,
2004; Watkins & Roberts, 2020). Rumination has also been associated with difficulties disen-
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Fig. 1. Schematic illustration of the three dimensions of thought dynamics.
(a) Breadth refers to the associative distance between successive thoughts, ranging from narrow to broad transi-
tions. (b) Trajectory reflects whether thought tends to return to previously activated regions (repetitive thinking) or
move into new associative territory (progressive thinking). (c) Speed reflects the number of associative transitions
occurring within an equivalent time interval.
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gaging from self-referential content (Treynor et al., 2003). Over time, persistent engagement
with such thoughts may constrain associative movement, limiting access to more distant or
diverse concepts. Such narrowing may reinforce the cyclical and repetitive patterns that char-
acterize ruminative thinking (e.g., Watkins & Roberts, 2020; Whitmer & Gotlib, 2013).

Recent computational approaches have begun to model associative dynamics directly, sug-
gesting that the temporal organization of thought may reveal constrained or flexible patterns
of thought dynamics. For example, Flynn, Herbers, Kurko, and Kan (2023) used a free asso-
ciation paradigm and found that when associative chains began with a positive seed word, the
length of negative response chains predicted higher levels of trait repetitive negative thinking.
This suggests that for individuals with higher repetitive thinking traits, once a negative state
is triggered by a positive cue, they tend to remain in that state rather than disengaging. Sim-
ilarly, Raffaelli et al. (2021) reported that individuals high in rumination exhibited restricted
thought dynamics and a stronger narrowing of conceptual scope—particularly following neg-
ative content—as well as a reduced probability of transitioning into or maintaining positive
states. These findings indicate that rumination involves a form of structural rigidity in which
the mind becomes “stuck” in limited conceptual spaces.

Andrews-Hanna et al. (2022) advanced this view by demonstrating that the movement of
thought is anchored in a specific associative architecture biased toward negative valence. They
showed that ruminative tendencies are characterized by more frequent transitions from posi-
tive to negative content, as well as shorter positive associative chains. Together, these findings
suggest that the repetitive nature of rumination is driven not only by the prevalence of negative
content but also by a fundamental shift in how thoughts are structurally organized.

Building directly on this structural perspective, the present study uses machine learning
(ML) to examine whether repetitive thinking can be understood in terms of the dynamics
of thought rather than primarily through its explicit semantic or affective content. Whereas
previous approaches have often relied on the emotional valence or thematic meaning of asso-
ciations, recent transdiagnostic accounts have increasingly suggested that different forms of
repetitive thinking may involve common underlying patterns in thought dynamics, despite
differences in semantic content across disorders (e.g., Moulds & McEvoy, 2025). Consistent
with this perspective, the present framework focuses on how thoughts unfold over time as an
associative process. By shifting the focus from what is being thought to how thought evolves,
this approach aims to illuminate the structural features of spontaneous thought that underlie
individual differences in repetitive thinking.

To this end, we developed a predictive model trained on large-scale free association data
to estimate associative strength between words and derive structural features of sponta-
neous thought, including breadth, trajectory, and temporal pace, from participants’ responses.
Because rumination represents a well-characterized and reliably measured form of repetitive
internal thought, it provides an ideal test case for examining whether these structural prop-
erties capture individual differences in thought patterns. More broadly, this approach seeks
to clarify whether the organization of associative activity itself can predict tendencies toward
repetitive thinking and demonstrate the utility of structural modeling for studying spontaneous
cognition.
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2. Modeling associative thought dynamics

Understanding the dynamics of repetitive thinking and rumination requires capturing how
associations unfold in real time. Semantic memory network theory (Collins & Quillian, 1969)
offers a foundational framework: Memory is structured as a network of concept nodes linked
by associations, with activation spreading across these links (Balota & Lorch, 1986; Collins &
Loftus, 1975). Recent large-scale association studies demonstrate that population-level asso-
ciation norms reveal stable patterns of semantic organization and associative strength (De
Deyne, Verheyen, & Storms, 2016), providing a robust empirical basis for computational
models of semantic structure. This perspective has been used to model how ideas evolve
across time and context, including in work on spontaneous thought and associative reasoning
(e.g., Kenett, Levi, Anaki, & Faust, 2017).

Two kinds of links typically structure such networks: semantic links, based on shared
meaning (e.g., cat–tiger), and associative links, based on co-occurrence or contextual usage
(e.g., cat–dog). Although both are supported by priming studies (Hutchison, 2003; Lucas,
2000), they differ in origins and structure: Semantic links are often bidirectional and taxo-
nomic, whereas associative links tend to be unidirectional and shaped by usage frequency
(Thompson-Schill, Kurtz, & Gabrieli, 1998). For modeling the dynamics of spontaneous
thought, associative links are especially informative because they more closely reflect the
temporal and individualized flow of internal cognition.

Computational approaches have leveraged these ideas by estimating distances between
words from large-scale patterns of language use. Methods such as latent semantic analysis
(Deerwester, Dumais, Furnas, Landauer, & Harshman, 1990) and Word2Vec (W2V; Mikolov,
Chen, Corrado, & Dean, 2013) infer semantic distances from co-occurrence statistics in large
corpora. Gray et al. (2019), for example, used such metrics to model semantic transitions in
free-association tasks and link them to individual differences in creative thinking.

Building on this framework, we developed an ML model designed to estimate associative
structure: The unfolding of thought in terms of the associative links people rely on and the
patterns they tend to repeat. The model quantifies associative strength, with more frequent
associations in human association data indicating stronger, more habitual links. Following
Gray et al. (2019), transitions based on weaker associative links can be interpreted as markers
of broader or more flexible movement through associative space, whereas stronger transi-
tions reflect more familiar or constrained patterns. This perspective situates repetitive think-
ing within regions of the associative landscape characterized by reliance on stronger, more
frequent links, consistent with narrower or more cyclical associative flow.

2.1. Associative strength model

To quantify associative structure, we developed a predictive model called the “Associa-
tor.” The model relies on human-generated association data as its empirical foundation. To
extend coverage across the Hebrew lexicon, including word pairs not directly observed in the
association corpus, we implemented a two-step prediction procedure: Semantic features were
first extracted from W2V embeddings, and a random forest (RF) regression model was then
trained to estimate associative strength based on these features.
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2.1.1. Training phase
The Associator was trained on a corpus of approximately 126,000 Hebrew cue–response

word pairs derived from two sources: published Hebrew free-association norms (Rubinsten,
Anaki, Henik, Drori, & Faran, 2005) and additional association datasets collected by our
group across multiple studies. Preprocessing steps included spelling correction, removal of
responses from non-native speakers, and normalization of morphological variants (e.g., tense,
gender, number).

Associative strength was operationalized as the relative frequency with which a response
was produced for a given cue:

Strength (w1, w2) = c (w1, w2)

c (w1)

where c(w1, w2) is the number of times w2 was produced in response to w1, and c(w1) is the
total number of responses generated for w1.

To generalize beyond observed word pairs, we trained a model to learn the relationship
between semantic representations and empirical associative strength. Using word pairs for
which both empirical associative strength values (from human-generated responses) and
semantic features derived from W2V embeddings (Levy & Goldberg, 2014) were available,
we trained an RF regression model to predict associative strength from semantic features.
During inference, when a word pair was absent from the corpus or lacked sufficient empiri-
cal observations, the RF model used the W2V vector representations, along with their cosine
similarity measures (Park, Hong, & Kim, 2020), to generate a predicted associative strength
value. This procedure enabled estimation of associative strength for previously unseen word
pairs while maintaining consistency with observed human associations. Model hyperparam-
eters (e.g., tree depth, split criteria, and pruning) were tuned using grid search to optimize
performance (Lerman, 1980).

2.1.2. Inference phase
During inference, new word pairs were first standardized to canonical forms. If a pair

existed in the association corpus and had a sufficient number of observations (minimum 12,
determined via the elbow method; Cui, 2020), its empirical associative strength was returned.
Otherwise, associative strength was estimated from semantic features using the trained RF
regressor. All strength values were normalized to a 0–10 scale, where higher values indicate
stronger and more frequent associative links that may reflect more habitual or constrained
associative patterns (Dumais, 2004). A schematic overview of the training and inference
phases is shown in Fig. 2.

2.1.3. Validation of the Associator model
Model accuracy was evaluated using five-fold cross-validation (Fushiki, 2011). In each

fold, the model was trained on 80% of the data and tested on the remaining 20%. Predictive
performance was assessed using the percentage prediction error between the model’s esti-
mated associative strength values and the corresponding empirical values. The model yielded
a mean prediction error of 2.98% (SD = 0.34%), equivalent to an average deviation of approx-
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Fig. 2. Overview of the Associator modeling pipeline. (a) Training phase: Empirical associative strength values
derived from human association data and semantic features derived from Word2Vec embeddings are used to train
the RF regression model. (b) Inference phase: Associative strength is either retrieved from the association corpus
or estimated by the model for previously unseen or sparsely observed word pairs.
Note. RF = random forest.

imately 0.3 points on the 0–10 associative-strength scale, which indicates low and consistent
prediction error across previously unseen word pairs.

The Associator therefore provides a foundation for testing whether individual differences
in associative structure, measured behaviorally and modeled computationally, predict rumi-
nation and repetitive thinking. These associative strength estimates were subsequently used
to derive the associative indices described below.

2.2. Associative indices

Using the Associator, we derived two indices to characterize the structure of thought:
Average Strength (AS), reflecting the average associative strength between stimuli and their
responses (stimulus → response), and Strength Between Responses (SBR), representing the
associative strength among participants’ responses independently of the stimulus (response
→ response). Together, these indices capture complementary aspects of associative structure.

Theoretically, AS reflects the extent to which responses rely on strong, conventional asso-
ciative links, and is therefore interpreted as an index of associative breadth, with higher values
indicating more constrained transitions. In contrast, SBR reflects the extent to which partic-
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ipants’ responses diverge to a greater extent in associative terms and is therefore interpreted
as an index of the overall associative spread of responses, capturing aspects of trajectory.

Conceptually, the present indices operate within a similar conceptual space as existing
approaches that quantify thought structure, such as semantic distance-based measures (e.g.,
SemDis; Beaty & Johnson, 2021) and the forward flow metric (Gray et al., 2019). However,
whereas those approaches rely on semantic distance estimated from language corpora, the
present indices are based on associative strength derived from human association data. In
addition, whereas forward flow quantifies the progression of responses across a sequence,
SBR reflects the overall extent to which responses diverge across associative space, indexing
whether thought progresses into distinct regions rather than remaining locally constrained.

Response time (RT) was also recorded, providing an additional, albeit indirect, index of
thought dynamics. As RT was not a primary focus of the present study, it is reported for
completeness.

3. Experiment I: Predicting repetitive thought from associative structure

In Experiment I, we tested the hypothesis that the structural indices derived from the Asso-
ciator would show linear relations with individual differences in repetitive thought, including
rumination and related tendencies. Specifically, we examined whether structural features of
spontaneous associative thought—breadth, trajectory, and RT—could be used to infer self-
reported scores on repetitive thinking measures.

Since it was not clear a priori which aspects of repetitive thinking (e.g., negatively valenced
rumination vs. more general or content-independent forms) would be most closely related to
the associative indices, we administered three questionnaires to capture potentially distinct
facets of repetitive thought and used two association tasks, allowing us to examine these
relationships across measures and task formats.

3.1. Method

3.1.1. Participants
A power analysis (Faul, Erdfelder, Buchner, & Lang, 2009) indicated that 89 participants

were required to detect a medium effect with power = 0.95 in a regression model with
seven predictors. Data were collected from 97 native Hebrew-speaking undergraduates (87%
women; M age = 22.26, SD = 1.55). As part of the demographic information collected, partic-
ipants were also optionally asked whether they were coping with any psychiatric or emotional
condition and, if applicable, to specify it; this item could be skipped. Most participants (75%)
reported not coping with such conditions, although several participants self-reported condi-
tions including anxiety, depression, and OCD, indicating some variability in psychiatric and
emotional conditions within the sample.

Data exclusions were based on predefined validity criteria for the association tasks (see
Association Tasks section below) and incomplete questionnaire responses. After exclusions,
96 participants were retained for at least one analysis. Final sample sizes varied slightly across
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analyses due to task-specific exclusions and questionnaire-specific missing data (first-word
task: n = 94–95; chain task: n = 82–83).

3.1.2. Self-report questionnaires
Repetitive thought tendencies were assessed using three validated questionnaires. The

Ruminative Response Scale (RRS) measures the propensity to focus on negative emo-
tions, symptoms, and their implications, typically in depressive contexts (Nolen-Hoeksema,
Wisco, & Lyubomirsky, 2008; Treynor et al., 2003). The Rumination-Reflection Question-
naire (RRQ) assesses broader tendencies toward self-focused recurrent thought (Trapnell &
Campbell, 1999). The Perseverative Thinking Questionnaire (PTQ) captures repetitive nega-
tive thinking as a transdiagnostic cognitive process, independent of disorder-specific content
(Ehring et al., 2011). Internal reliability was high for all measures (Cronbach’s α = 0.91 for
RRS, 0.87 for RRQ, and 0.90 for PTQ). Questionnaire scores were analyzed as mean item
scores rather than summed totals in order to preserve interpretability across measures with
different numbers of items.

3.1.3. Association tasks
In both association tasks described below, responses were collected in written form to mini-

mize social interference. Participants were instructed to respond as quickly and spontaneously
as possible. The tasks were self-paced, with no explicit response deadline. Participants were
reassured that all associations were valid, as the tasks focused on spontaneous thought rather
than accuracy or correctness.

First-word association task. This task was designed to capture the breadth of participants’
associative responses. Participants viewed 36 stimulus words in randomized order and typed
the first word that came to mind. More conventional associations (e.g., decent → honest,
liberty → freedom) were assigned higher associative strength scores (M = 6.6), consistent
with stronger, more frequent associative links, whereas broader or less typical associations
(e.g., decent → deal, liberty → capitalism) received lower strength scores (M = 2.0). Partic-
ipants with more than 10 missing or invalid responses (e.g., nonwords, spelling variants, or
multi-word responses) were excluded from this task’s analyses.

Chain associations task. This task was adapted from prior association-chain paradigms
(e.g., Benedek, Könen, & Neubauer, 2012) to assess the trajectory of associative thought,
specifically whether it remained constrained or progressed into broader semantic territory.
Participants were presented with three stimulus words and asked to produce three separate
chains of 10 consecutive associations, where each word had to be associated with the one
immediately preceding it. More constrained chains (e.g., album → pictures → events →
joy) received higher associative strength scores (M = 4.17), whereas broader associative
chains (e.g., album → memories → thoughts → positive) received lower strength scores
(M = 0.83). Invalid entries were defined using the same criteria as in the first-word task.
Chains with more than three missing or invalid entries were excluded. Participants were
included in the analyses only if they produced at least two valid chains.

Word stimuli. Stimuli were drawn from Hebrew free association norms (Rubinsten et al.,
2005) and were not repeated across tasks. To control potential stimulus effects on responses,
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word lists were balanced for valence (positive, neutral, negative) and for typical associative
breadth, defined as the extent to which a stimulus evokes a dominant versus a broader range of
associations (Buades-Sitjar, Planchuelo, & Duñabeitia, 2021). The full list of stimulus words
in Hebrew and their English translations is provided with the study materials.

Following prior work (e.g., Zeelenberg, Shiffrin, & Raaijmakers, 1999), the first-word task
included 36 stimuli, evenly distributed across valence and breadth (six stimuli per category).
For the chain task, three stimuli were selected, one per valence condition, with at least one
stimulus exhibiting a dominant association and one eliciting a broader range of associations.
Stimuli were randomized within each task.

Generating indices. We computed the following indices.
Average Strength (AS): For the first-word task, AS was computed across all 36 stimulus–

response pairs; for the chain task, across consecutive word pairs within each chain. Measures
were calculated separately by valence condition.

Strength Between Responses (SBR): For the first-word task, SBR was computed by
averaging associative strength across all possible pairs among the 36 participant-generated
responses; for the chain task, across all possible pairs among the 10 responses within each
10-response chain. Measures were calculated separately by valence condition.

Response Time (RT): RT was recorded as the interval between stimulus presentation and
the first keystroke.

3.1.4. Procedure
The experiment was administered via a custom-built web application. Participants provided

informed consent and completed both association tasks and the self-report questionnaires in
Hebrew, in randomized order, with the constraint that the two association tasks did not appear
consecutively. Sessions lasted approximately 15 min, and participants received course credit
for participation. The study was approved by the institutional ethics committee and conducted
in accordance with the Declaration of Helsinki.

3.1.5. Data analysis
Analyses were conducted in R version 4.3.1 (R Core Team, 2023) using RStudio (Posit

Team, 2024). As elaborated in the Results section, nonlinear correlations in the data required
a shift from linear modeling to an alternative analytic approach. Bayesian equivalence models
were then estimated using the brms package (Bürkner, 2021).

3.2. Results

3.2.1. Descriptive statistics
The dependent variables (RRS, RRQ, and PTQ scores) were approximately normally dis-

tributed, as confirmed by Shapiro-Wilk tests (0.98 ≤ Ws ≤ 0.99; 0.27 ≤ ps ≤ 0.58). Mean
scores were 2.03 (SD = 0.42) for RRS, 3.72 (SD = 0.44) for RRQ, and 2.95 (SD = 0.63) for
PTQ.
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Table 1
Means and standard deviations (in parentheses) of associative indices across tasks and valence conditions in Exper-
iment I

Chain Task
Neutral Negative Positive

AS 1.77 (0.47) 1.62 (0.39) 1.61 (0.33)
SBR 1.64 (0.18) 1.74 (0.18) 1.67 (0.19)

First-Word Task

Neutral Negative Positive

AS 3.44 (0.87) 2.97 (0.80) 2.62 (0.73)
SBR 1.67 (0.14) 1.80 (0.21) 1.82 (0.16)

Note. Both indices were derived from Associator estimates of associative strength. AS = Average Strength;
SBR = Strength Between Responses.

Associative responses were scored using the Associator model, yielding the AS and SBR
indices, for each task and valence condition. Descriptive statistics for these measures are
presented in Table 1.

As shown in Table 1, participants produced higher AS and SBR scores in the first-word
task than in the chain task, which indicates that first-word responses tended to rely on stronger
associative links than chain-based responses. AS values also showed greater inter-individual
variability than SBR. Full distributions and intercorrelations are reported in the Supporting
Information (Section 1).

3.2.2. Building the Converter models
Associative indices were not significantly correlated with questionnaire scores in a linear

manner (see Supporting Information, Section 2). This pattern suggested that the relationship
between associative structure and self-reported repetitive thinking may involve more complex
or nonlinear relations not adequately captured by standard linear approaches. We therefore
adopted a more exploratory ML-based approach, training models referred to here as Convert-
ers to predict questionnaire scores from associative features.

We used AutoSklearn (Feurer et al., 2015) to automatically identify regression models
that minimized prediction error. Data were randomly split into training (80%) and validation
(20%) sets using five-fold cross-validation (Fushiki, 2011). For each combination of associa-
tion task and questionnaire (six in total), the model yielding the lowest validation error across
folds was selected (see Supporting Information, Section 3, for selected model configurations).
Final Converter models were then retrained on the full dataset to generate participant-level
predictions.

To evaluate whether the Converter captured systematic relationships rather than noise, we
trained control models using randomly generated target values that matched the range of
questionnaires while keeping all associative features unchanged.
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Table 2
Equivalence tests comparing predicted and observed questionnaire scores in Experiment I

Chain Task

N Differences HDI Equivalence
M (SD) Lower, Upper

RRS 83 −0.00 (0.48) −0.11, 0.10 True
RRQ 83 −0.01 (0.36) −0.09, 0.07 True
PTQ 82 −0.03 (0.55) −0.15, 0.08 True
Random 83 −0.09 (2.09) −0.52, 0.37 False

First-Word Task

N Differences HDI Equivalence
M (SD) Lower, Upper

RRS 94 0.02 (0.50) −0.08, 0.13 True
RRQ 95 −0.01 (0.40) −0.10, 0.07 True
PTQ 94 0.02 (0.59) −0.11, 0.14 True
Random 95 0.39 (1.89) 0.01, 0.78 False

Note. Equivalence indicates whether the 95% HDI fell entirely within the predefined ROPE. RRS = Ruminative
Response Scale; RRQ = Rumination-Reflection Questionnaire; PTQ = Perseverative Thinking Questionnaire;
Random = models trained on random targets; HDI = highest-density interval.

3.2.3. Bayesian equivalence testing
To evaluate whether predicted scores were statistically equivalent to observed question-

naire scores, we used a Bayesian equivalence testing framework. Specifically, we compared
the 95% highest density interval (HDI) of the difference distribution with a predefined region
of practical equivalence (ROPE; Kruschke, 2018), set to [–0.2, 0.2]. This range reflects the
maximum deviation in average scores considered functionally negligible for interpreting pre-
dicted and observed values as equivalent.

Although participants were not prospectively sampled for equivalence testing, we assessed
the robustness of the conclusions via simulation. Simulated data were drawn from a normal
distribution, N(0, 0.45), and HDIs were computed to determine whether they fell within the
ROPE. Across 1000 iterations (with N = 80), the HDI lay entirely within the ROPE in 95.2%
of simulations, indicating sufficient sensitivity to detect practical equivalence under our ana-
lytic assumptions.

Bayesian models treated the differences between observed and predicted scores as depen-
dent variables, assuming normally distributed residuals. We specified weakly informative pri-
ors to reflect initial uncertainty about the parameters: a normal prior centered at zero with a
standard deviation of 3 for the intercept and a Cauchy prior centered at zero with a scale of
2 for the residual SD (sigma). Models were run with four Markov Chain Monte Carlo chains
each with 2000 iterations. To ensure reliable convergence and minimize divergent transitions,
the adapt delta parameter in the Hamiltonian Monte Carlo algorithm was set to 0.95.

Table 2 reports sample sizes (N), mean and standard deviation of differences between pre-
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Fig. 3. Posterior distributions of prediction errors with 95% highest density intervals (HDIs) and ROPE boundaries
(dashed lines at −0.2 and 0.2). For all six task-questionnaire pairs, the 95% HDI of the prediction error fell entirely
within the ROPE, supporting practical equivalence. Random models (trained on random target values) are included
as controls.
Note. Chain = chain association task; First-word = first-word association task; RRS = Ruminative Response
Scale; RRQ = Rumination-Reflection Questionnaire; PTQ = Perseverative Thinking Questionnaire; Random =
models trained on random targets.

dicted and observed scores, and 95% uncertainty intervals, along with the results of the equiv-
alence test. Fig. 3 visualizes these uncertainty intervals relative to the ROPE.

As shown in Table 2 and Fig. 3, the 95% HDIs for all six task-questionnaire pairs fell
entirely within the ROPE (±0.2), indicating that predicted scores were practically equivalent
to the observed values.

This suggests that the Converter models captured meaningful variance related to individual
differences reflected in the questionnaire measures. In contrast, models trained on randomly
generated targets produced HDIs that extended beyond the ROPE, indicating that the observed
equivalence for the questionnaire-based models was unlikely to reflect chance variation.

3.2.4. Model validation: Correlations and R2

To further evaluate the performance of the Converter models, we examined the correspon-
dence between predicted and observed questionnaire scores. Pearson correlations and R2 val-
ues were computed for each task-questionnaire pair, with R2 reflecting the proportion of vari-
ance in the observed scores accounted for by the model predictions. Table 3 summarizes the
R2 values for each questionnaire across the two association tasks.

To examine the relative contribution of the associative indices to the Converter predictions,
we conducted a permutation importance analysis (Breiman, 2001). The analysis did not reveal
a single index that consistently dominated across tasks or questionnaires; rather, contributions
were distributed and varied by measure. Permutation importance distributions for each index
and questionnaire are provided in the Supporting Information (Section 4).
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Table 3
Variance captured (R2) by Converter predictions across tasks in Experiment I

Questionnaire Chain Task First-Word Task

RRS 0.56 0.47
RRQ 0.51 0.39
PTQ 0.62 0.19

Note. Values reflect squared correlations between predicted and observed questionnaire scores, computed sep-
arately for each association task. RRS = Ruminative Response Scale; RRQ = Rumination-Reflection Question-
naire; PTQ = Perseverative Thinking Questionnaire.

3.3. Summary of Experiment I

Experiment I showed that patterns in participants’ associative responses were system-
atically related to questionnaire measures of rumination and repetitive thinking. Using
ML-based Converter models, associative indices were used to generate predicted question-
naire scores that were statistically equivalent to the observed scores and accounted for a
substantial proportion of their variance. These findings suggest that the models captured
meaningful variation related to the self-report measures. In contrast, models trained on
randomized target values showed no comparable predictive performance, supporting the
specificity of the associative features.

Having established initial predictive performance in the first sample, Experiment II exam-
ined the external generalizability of the models in an independent sample.

4. Experiment II: External validation and generalization

In Experiment II, we examined the generalizability of the Converter models by testing their
performance in an independent sample drawn from the general population. Participants com-
pleted association tasks and self-report questionnaires drawn from the experimental frame-
work used in Experiment I. Importantly, the models and analytic procedures were held con-
stant, providing a strict test of out-of-sample generalizability.

4.1. Method

4.1.1. Participants
Sample size was determined using a Bayesian simulation framework aimed at achieving

80% power for equivalence testing. Simulated datasets were drawn from a normal distribution
(M = 0, SD = 0.45), and the target criterion was defined as the 95% HDI falling entirely
within the predefined ROPE (−0.2 to 0.2). Simulations indicated that a sample size of 50
would meet this criterion.

A total of 223 native Hebrew-speaking participants were recruited via Facebook groups.
Ten were excluded due to invalid responses in the chain association task, yielding a final
sample of 213 participants (65% women; age: M = 27.49, SD = 7.82). Most participants
(70%) reported not coping with psychiatric or emotional conditions.
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Table 4
Means and standard deviations (in parentheses) of associative indices across tasks and valence conditions in Exper-
iment II

Chain Task

Neutral Negative Positive

AS 1.84 (0.65) 1.71 (0.43) 1.76 (0.49)
SBR 1.66 (0.19) 1.71 (0.20) 1.71 (0.20)

First-Word Task

Neutral Negative Positive

AS 3.35 (0.92) 3.11 (1.01) 2.64 (0.84)
SBR 1.69 (0.16) 1.82 (0.26) 1.90 (0.23)

Note. Both indices were derived from Associator estimates of associative strength. AS = Average Strength;
SBR = Strength Between Responses.

4.1.2. Self-report questionnaires
Participants completed one of two self-report measures of rumination and repetitive think-

ing that are not specific to any clinical condition: the RRQ and the PTQ. Internal consistency
was excellent for both instruments (Cronbach’s α = 0.92 for RRQ; 0.91 for PTQ).

4.1.3. Association tasks and data analysis
Procedures for the association tasks and subsequent analyses were identical to those in

Experiment I, including task instructions, preprocessing, index computation, and modeling
steps.

4.1.4. Procedure
All participants provided informed consent prior to participation. Each participant com-

pleted one association task (either the first-word or chain association) and one self-report
questionnaire (either the RRQ or PTQ), with both randomly assigned. Sessions lasted approx-
imately 3–5 min. Participants were entered into a lottery for a 100 NIS prize as compensation.
The study was approved by the institutional ethics committee.

4.2. Results

4.2.1. Descriptive statistics
Mean scores were 3.56 (SD = 0.60) for the RRQ and 2.85 (SD = 0.71) for the PTQ.

Associative strengths were calculated using the Associator model, yielding the same two
structural indices as in Experiment I: AS and SBR. Descriptive statistics for these indices
across task and valence conditions are presented in Table 4.

As in Experiment I, the first-word task yielded higher AS and SBR scores than the chain
task, reflecting a greater reliance on strong, more conventional associative links. Across both
tasks, AS showed larger inter-individual variability than SBR. Full distributions and inter-
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Table 5
Equivalence tests comparing predicted and observed questionnaire scores in Experiment II

Chain Task

N Differences HDI Equivalence
M (SD) Lower, Upper

RRQ 46 −0.01 (0.47) −0.15, 0.14 True
PTQ 38 0.09 (0.51) −0.07, 0.26 False

First-Word Task

N Differences HDI Equivalence
M (SD) Lower, Upper

RRQ 65 −0.02 (0.47) −0.13, 0.09 True
PTQ 64 0.02 (0.52) −0.12, 0.14 True

Note. Equivalence indicates whether the 95% HDI fell entirely within the predefined ROPE. RRQ =
Rumination-Reflection Questionnaire; PTQ = Perseverative Thinking Questionnaire; HDI = highest-density inter-
val.

correlations of the indices are provided in the Supporting Information (Section 5). Linear
relationships between associative indices and questionnaire scores were examined and found
to be absent, consistent with Experiment I (Supporting Information, Section 6); this informed
the application of the Converter models to this sample as well.

4.2.2. Converter prediction and Bayesian equivalence testing
We applied the Converter models trained in Experiment I to predict questionnaire scores

in this independent sample. Bayesian models were specified using priors informed by the
empirical distributions observed in Experiment I: the intercept followed a normal prior (M
= 0, SD = 2), and the residual standard deviation (sigma) followed a Cauchy prior centered
at 0 with a scale of 1. These priors reflected the expectation that prediction errors would be
centered near zero while allowing moderate variability across participants.

Table 5 summarizes, for each task-questionnaire pair, the sample size (N), mean and stan-
dard deviation of the differences between predicted and observed scores, the 95% HDI ranges,
and the outcomes of the equivalence tests. Fig. 4 presents the corresponding posterior distri-
butions of prediction errors relative to the ROPE boundaries.

As shown in Table 5 and Fig. 4, the 95% HDIs fell entirely within the ROPE for three
of the four task-questionnaire pairs, indicating practical equivalence between predicted and
observed scores. This pattern suggests that the Converter models trained in Experiment I
retained predictive performance in the independent sample. The only exception was the PTQ
score predicted from the chain task, which did not meet the equivalence criterion.

4.2.3. Model generalization: Correlations and R2

To further assess model performance in the independent sample, we examined the corre-
spondence between predicted and observed questionnaire scores. Pearson correlations and R2

values were computed for each task-questionnaire pair, with R2 reflecting the proportion of
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Fig. 4. Posterior distributions of prediction errors with 95% HDIs and ROPE boundaries (dashed lines at −0.2 and
0.2). The 95% HDIs of the prediction errors fell entirely within the ROPE for all task-questionnaire pairs except
the PTQ in the chain task, supporting practical equivalence.
Note. Chain = chain association task; First-word = first-word association task; RRQ = Rumination-Reflection
Questionnaire; PTQ = Perseverative Thinking Questionnaire.

Table 6
Variance captured (R2) by Converter predictions across tasks in Experiment II

Questionnaire Chain task First-word task

RRQ 0.46 0.46
PTQ 0.60 0.50

Note. Values reflect squared correlations between predicted and observed questionnaire scores, computed sep-
arately for each association task. RRQ = Rumination-Reflection Questionnaire; PTQ = Perseverative Thinking
Questionnaire.

variance in the observed scores accounted for by the model predictions. Table 6 summarizes
the R2 values for each questionnaire across the two association tasks.

Predicted scores captured a substantial proportion of the variance in the observed question-
naire scores, with R2 values ranging from 46% to 60%. For the PTQ, indices derived from
the chain task accounted for more variance than those derived from the first-word task (R2

= 0.60 vs. 0.50). Notably, this pattern emerged despite the PTQ prediction from the chain
association task not meeting the predefined equivalence criterion.

4.3. Summary of Experiment II

Experiment II showed that the Converter models trained in Experiment I retained predic-
tive performance in an independent sample. Predicted scores were statistically equivalent to
observed questionnaire scores in three of the four task-questionnaire pairs and accounted for
substantial variance across all pairs. Together, these findings suggest that structural patterns
in associative responses contain information related to individual differences in self-reported
repetitive thought.
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5. General discussion

This study tested whether individual differences in repetitive thought style—exemplified
by rumination—are related to patterns in spontaneous association. We developed the Asso-
ciator, an ML model trained on large-scale association data, to quantify associative strength:
the empirical frequency with which a response is produced for a given cue in large-scale
association norms. From participants’ responses in Experiment I, we computed two associa-
tive indices, AS and SBR, intended to reflect the breadth and trajectory of their associative
flow, while RT was included as a secondary temporal index related to thought speed.

Notably, these features did not show reliable linear relationships with self-reported repet-
itive thinking. This result points to the possibility that individual differences in repetitive
thought are related to complex or nonlinear properties of associative flow rather than to
straightforward linear mappings. This interpretation is consistent with recent work suggesting
that linear analyses may fail to capture aspects of cognitive structure. For example, Orwig,
Luchini, Beaty, and Schacter (2025) showed that nonlinear models reveal aspects of semantic
organization that linear approaches miss.

To further examine this possibility, we developed a second model, the Converter, which
uses nonlinear mappings between associative structure and questionnaire scores. This two-
stage approach enabled us to ask whether the organization of spontaneous cognition contains
information related to repetitive thought tendencies, while focusing on structural properties
of associative flow without relying primarily on explicit semantic or affective content. By
emphasizing how associations are organized and unfold over time, this framework offers a
novel route for characterizing individual differences in associative organization.

Empirically, the Converter yielded consistent predictive performance. In Experiment I, its
predictions were statistically equivalent to observed questionnaire scores and accounted for
a substantial proportion of variance across all three measures. Control analyses using ran-
domly generated target values showed no such predictive accuracy, supporting the specificity
of the observed associations between associative features and questionnaire scores. Because
only the target values were randomized while the associative features remained unchanged,
these findings suggest that the predictive performance depended on systematic relationships
between associative features and questionnaire scores rather than on arbitrary structure in the
data.

In Experiment II, the models showed comparable predictive performance in an independent
sample: Model predictions again showed substantial correspondence with observed scores.
The only exception was the PTQ prediction from the chain association task, which did not
reach the equivalence threshold, although R2 values remained relatively high. This discrep-
ancy may reflect sampling-related variability due to the smaller sample size for this task-
questionnaire pair (N = 38) rather than a systematic limitation of the model.

Across both experiments, the chain association task was associated with broader and more
variable associative responses than the first-word task and also accounted for more variance in
questionnaire scores, particularly for the PTQ. These differences may reflect the chain task’s
sensitivity to sequential patterns of associative thinking (e.g., trajectory), beyond immediate
or dominant links (e.g., breadth). The PTQ, which is designed to assess general tendencies
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toward repetitive thought, may also be more sensitive to these dynamic aspects of associative
flow. Together, these findings support the potential utility of structural measures of associa-
tive flow for characterizing individual differences in repetitive thought tendencies and related
patterns of spontaneous cognition.

More broadly, the present findings suggest that repetitive thinking may be understood
not only in terms of semantic content but also in terms of structural properties of thought
dynamics. Repetitive thinking—especially in its negatively valenced forms—has often been
conceptualized as a transdiagnostic cognitive process that appears across diverse mental con-
ditions (Ehring & Watkins, 2008; Moulds & McEvoy, 2025). Existing work has emphasized
the importance of semantic and affective content, including negatively biased or self-focused
themes (e.g., Nolen-Hoeksema et al., 2008). The present findings suggest that structural prop-
erties of thought, including how associations are organized and constrained over time, may
provide an additional dimension relevant to repetitive thinking tendencies. This perspective
highlights the potential value of examining the organization of thought alongside its thematic
content.

This perspective aligns with growing work on the structure and dynamics of thought pro-
cesses in addition to semantic content. Raffaelli et al. (2021) demonstrated that dynamic fea-
tures of spontaneous thought, such as thought duration and conceptual narrowing, predict
repetitive thought tendencies even after accounting for thematic content. Similarly, Kenett,
Anaki, and Faust (2014) showed that individual differences in semantic network topology pre-
dict broader cognitive tendencies, suggesting that properties of associative organization may
reflect broader patterns of cognition. Relatedly, Hammerdahl, Vazquez, and Alperin (2025)
described thought dynamics as a dimension relevant to psychopathology alongside semantic
aspects of thought. Together, these converging perspectives reinforce the value of examining
individual differences through the lens of the structural organization of spontaneous thought.

5.1. Implications

The present framework highlights the value of examining the structural dynamics of spon-
taneous thought. By modeling how associations unfold across sequences without relying pri-
marily on explicit semantic content, this approach offers a way to characterize organizational
properties of associative thinking that are often difficult to capture directly. Indices such as
breadth and trajectory may reflect tendencies in how individuals generate and connect ideas,
providing insight into patterns of associative organization in spontaneous thought.

This structural perspective aligns with growing work in cognitive science examining
thought as a dynamic and sequential process. Research on semantic networks, associative
memory, and spontaneous cognition increasingly emphasizes how thoughts transition, branch,
and become constrained over time. Our findings contribute to this perspective by suggesting
that aspects of these dynamics can be quantified from simple associative tasks and linked to
individual differences in repetitive thought style.

More broadly, this framework brings together lines of research on semantic structure, asso-
ciative dynamics, and individual differences in thinking style that are often studied separately.
By focusing on the organization of associative flow, it links computational models of seman-
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tic structure with process-oriented accounts of spontaneous thought. From this perspective,
repetitive thinking may reflect not only thematic content but also the way associative patterns
become organized and constrained over time.

Taken together, these implications point to the potential of structural modeling to enrich
theoretical accounts of repetitive and spontaneous thought by providing complementary infor-
mation about patterns of associative organization.

5.2. Limitations

While the findings are promising, several limitations should be noted. First, the Associa-
tor model is susceptible to shifts in language use over time (concept drift), requiring peri-
odic retraining on updated large-scale association data to maintain accuracy. Second, the
models were developed using Hebrew-language data, limiting cross-linguistic generalizabil-
ity; extending the framework will require native-language association norms and semantic
embeddings in other languages. Third, the Converter’s nonlinear, high-dimensional structure
supports predictive performance but limits the interpretability of individual feature contribu-
tions to predictions. Fourth, although the associative tasks were designed to elicit spontaneous
thought, they do not fully capture the context-dependent, emotionally shaped dynamics of
everyday thought, underscoring the need for ecological validation. Finally, the generalizabil-
ity of the findings may be limited by the relatively limited demographic information collected
(e.g., race, ethnicity, and socioeconomic status), as well as by the predominance of female
participants in both samples.

5.3. Future directions

Future work should examine the generalizability of this framework across broader popu-
lations and cognitive contexts. In particular, it will be important to examine whether similar
structural dynamics characterize repetitive thought in clinically diagnosed populations. Addi-
tionally, extending the approach to additional forms of recurrent thought—such as worry,
intrusive mentation, or persistent self-referential thought—may help clarify which structural
features are shared across forms of recurrent thought and which are distinct. Integrating asso-
ciative tasks with real-time behavioral or physiological measures could further illuminate
how the dynamics of associative flow relate to moment-to-moment cognitive states. Future
work may also examine temporal aspects of associative dynamics more directly, including
how response speed relates to broader versus more dominant associative transitions. Finally,
developing tools for interpreting complex, high-dimensional models will be important for
relating structural patterns of associative thought to more precise theoretical models of inter-
nal cognition.

5.4. Conclusion

This study suggests that spontaneous associative responses, captured through brief,
low-burden tasks, contain information related to individual differences in repetitive think-
ing. By integrating large-scale association norms with nonlinear modeling, we introduce
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a framework for characterizing structural properties of associative dynamics in addi-
tion to semantic content. This framework offers a scalable, theory-guided approach
for examining patterns of associative organization in spontaneous thought and high-
lights associative dynamics as a potentially informative dimension of repetitive thinking
tendencies.
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