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ABSTRACT

Spontaneous thought unfolds as a dynamic stream that reflects continuously changing internal
states and is closely tied to individual differences in mental health. However, quantifying the
temporal structure of spontaneous thought remains challenging due to limited behavioral
paradigms and analytic tools that preserve its continuous, multidimensional nature. Here, we
introduced Density Map-Based Predictive Modeling, a framework that characterizes spontaneous
thought dynamics elicited by the Free Association Semantic Task within valence—self-relevance—
time space. Density Map-Based Predictive Modeling summarizes each individual’s thought
stream using rating and vector density maps that capture both where thoughts concentrate and
how they transition over time. Across multiple independent datasets (total N = 392), Density
Map-Based Predictive Modeling yields robust, generalizable predictions of positive affectivity
and negative affectivity using principal component regression. Feature analysis indicated that
affectivity is reflected not only in the content of thoughts, but also in transition dynamics, with
self-relevance as a key organizing dimension. Furthermore, higher predicted positive affectivity
was associated with lower salivary C-reactive protein, suggesting a link between thought
dynamics and inflammation. Together, these findings establish a scalable, interpretable approach
for quantifying spontaneous thought dynamics and relating them to transdiagnostic affective

traits and potential physiological correlates.

Keywords: spontaneous thought dynamics, positive and negative affectivity, inflammatory
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INTRODUCTION
The human mind is rarely still. Even in quiet moments or while engaged in ongoing

tasks, our thoughts often drift, a phenomenon studied as mind-wandering, task-unrelated thought,
self-generated thought, and spontaneous thought=3. This stream of inner experience is not
merely cognitive noise or a lapse in attention. Rather, it provides a window into personal goals,
creativity, executive function, and overall mental health*®. Spontaneous thought can be adaptive
or maladaptive depending on its content and context®*%. On the one hand, mind-wandering can
support memory consolidation, creative ideation, and planning for the future*'213, On the other
hand, certain thought patterns are characteristic of multiple mental disorders and are associated
with poorer well-being®!314. For example, repetitive negative thoughts, such as fixating on
humiliating memories or anxious triggers, are characterized in obsessive-compulsive disorder,
depressive disorder, and borderline personality disorder?®>-17, Despite the importance of these
thought dynamics for mental health, their spontaneous and elusive nature makes them difficult to
study empirically. The lack of robust methods for measuring the flow of thought has limited our
ability to understand the links between thought dynamics, stable individual differences, and long-
term outcomes. To address this gap, we developed a Density Map-based Predictive Modeling
(DMPM)-to sequences of spontaneous thoughts elicited by the free association semantic task
(FAST). The first intended contribution of this work is methodological, providing a scalable
framework to transform elusive thought streams into mathematical trajectories. Secondly, it also
offers a theoretical contribution by shifting the focus from static content to a dynamical systems
perspective. With these, we developed generalizable DMPM models for positive affectivity (PA)

and negative affectivity (NA) and examined their association with inflammatory markers.

To measure spontaneous thought in a form that can be analyzed quantitatively, we used
FAST, a thought-sampling method that captures both the contents and temporal evolution of
spontaneous thought®1°, In FAST, participants generate a sequence of concepts that come to
mind within a time limit. Responses are often initially semantically close to a given seed word,
but as participants become more comfortable with the task or when they reach some thought
intersection, the stream of thoughts can shift toward personally meaningful themes. In some
cases, participants repeatedly return to the same concepts, suggesting the presence of

perseverative or “sticky” thoughts that are difficult to disengage from'®8, The task also
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incorporates a self-evaluation component in which participants rate each self-generated concept

on multiple affective dimensions with reference to its specific associative context. Accordingly,
even repeated concepts can carry different contextual meanings across occurrences,

differentiating FAST from a verbal fluency task.

Building on prior FAST work, a remaining methodological challenge is to fully leverage
FAST’s continuous ratings while representing thought trajectories in a compact, psychologically
interpretable multidimensional space. In our prior work, we assessed each self-generated concept
on five content dimensions—valence, self-relevance, time, vividness, and safety—and applied
Markov chain analysis to characterize transitions between discretized states (e.g., negative to
positive)®. These transition features successfully predicted individual differences in negative
affectivity across independent datasets. However, because the ratings are continuous, binning
them into a small number of states for modeling simplicity inevitably discards information and
limits the resolution at which thought dynamics can be quantified. Here, we address this
challenge by introducing Density Map-based Predictive Modeling (DMPM). Guided by our
previous finding that the five content dimensions can be reduced to three core dimensions
(valence, self-relevance, and time)!®, DMPM represents each participant’s stream of thought as a
trajectory through this three-dimensional space. It constructs a rating density map and a vector
density map that capture, respectively, where thoughts tend to concentrate and the directions in
which they tend to move within this space. This continuous and interpretable representation
yields fine-grained features of spontaneous thought dynamics that can be related directly to
individual differences in behavioral or physiological outcomes.

Leveraging DMPM’s characterization of where thoughts cluster and how they move
through a continuous valence—self-relevance-time (VST) space, we tested whether these thought
dynamic features predict stable individual differences in affect and link to downstream
physiological correlates. First, we focused on PA and NA, two core transdiagnostic dimensions
of emotional functioning®’. NA reflects a propensity toward subjective distress and is a robust
predictor of psychopathology across diagnostic categories®:?2. It is a core feature of major
depressive and anxiety disorders and is closely related to neuroticism?®24, In contrast, PA reflects
pleasurable engagement and approach-related motivation, is a key indicator of well-being, and a
buffer against adversity?>27. Low PA is linked to anhedonia, the loss of pleasure that is a
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hallmark symptom of depression?*?8, Crucially, PA and NA are not opposite ends of a single

continuum but partially independent dimensions?>?*%, Because trait-level PA and NA shape
momentary appraisals and emotional experiences®!, they should also influence the valence, self-
relevance, and temporal orientation of spontaneous thought as captured by FAST and
summarized by DMPM. As transdiagnostic affective traits, PA/NA are tied not only to
psychiatric symptoms but also to broader health trajectories. We therefore examined
inflammatory biomarkers that provide a mechanistic link between psychological functioning and

systemic health.

We extended our analyses beyond self-reported affect to inflammatory biomarkers that
index stress-related immune activation and have been repeatedly implicated in depression and
anxiety. A substantial literature supports a bidirectional relationship between inflammation and
mood disorders®*34, Meta-analysis evidence indicates that individuals with major depressive
disorder (MDD) show elevated circulating inflammatory markers, including pro-inflammatory
cytokines and indices of cellular immune activation®-°. Pro-inflammatory cytokines influence
brain function and promote sickness behaviors, such as lethargy, social withdrawal, and
anhedonia, which overlap with core symptoms of depression and anxiety**4. Converging
experimental evidence further supports this link. Cytokine administration or inflammation
induction increases depression- and anxiety-like behaviors in animal models*#"4748 \whereas

anti-inflammation interventions can improve depressive symptoms in some patient groups**°,

Among commonly studied mediators, Interleukin-1p (IL-1B) and interleukin-6 (IL-6)
increase following laboratory psychosocial stressors®:*2 and are also elevated under chronic
stress exposure (e.g., caregiving burden, early-life adversity)®3°4. C-reactive protein (CRP),
produced by the liver in response to inflammatory signaling (including IL-6), is widely used as a
marker of systemic low-grade inflammation and is also a well-established risk factor for
cardiovascular disease®*>°. Consistent with these links, elevated IL-1pB, IL-6, and CRP have been
reported in MDD?®**3:37:3857 gy iggesting that affective disturbance is associated with longer-term
physical health risk. Accordingly, we tested whether DMPM-based predictions of PA and NA

are associated with individual differences in salivary levels of IL-1p, IL-6, and CRP.
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In the present study, we aim to test whether the dynamic features of spontaneous thought

can predict stable individual differences in affective traits and relate to systemic physiological
markers. Using the DMPM framework, we investigate how the temporal evaluation of thoughts
within a multidimensional space—comprising valence, self-relevance, and time—relates to
positive affectivity and negative affectivity. We hypothesize that individuals with higher trait
negative affectivity will show thought trajectories characterized by frequent transitions into or
persistent within negative and self-relevant states, whereas those with higher positive affectivity
will show dynamics associated with pleasurable engagement. Furthermore, we explore whether
these computationally derived patterns of thought dynamics are associated with physiological
correlates, specifically salivary inflammatory markers such as IL-1, IL-6, and CRP. By
validating these models across multiple independent datasets and controlling for relevant
demographic and lifestyle factors, we seek to establish a scalable and interpretable approach for
quantifying the link between the stream of thought and transdiagnostic markers of psychological

and physical health.
METHODS
Participants

In Study 1, 117 participants (age = 22.6 + 2.6 years [mean + SD], 56 females and 61
males) completed the web version of the FAST (FAST-web) in a laboratory setting. A subset of
these participants (N = 49, age = 23.0 + 3.1 years, 24 females and 25 males) returned for a
retest session approximately 8 weeks later (test-retest interval =54.2 + 8.5 days). Study 2
involved 213 participants (age = 22.9 + 3.1 years, 106 females and 107 males) who completed
the experiment remotely using their personal computers. In Study 3, 62 participants (age = 23.0
+ 2.5 years, 30 females and 32 males) completed the FAST within a Magnetic Resonance
Imaging (MRI) scanner. The sex information was provided by participants, and 100% of the total
sample identified as either female or male. Participants were all Korean, recruited from the
Suwon area in South Korea. The experiments for Study 1 and Study 3 were conducted at the
Center for Neuroscience Imaging Research, Sungkyunkwan University, Suwon, South Korea,
while Study 2 was conducted remotely. The institutional review board of Sungkyunkwan

University approved all studies. All participants provided written informed consent and received
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compensation for their participation. This study was not preregistered. Studies 1 and 3 were used

in the previous study with a different research goal*®°%°, In this study, the first session from
Study 1 served as the training dataset, while the retest session of Study 1, Study 2, and Study 3
data served as testing datasets.

Self-report questionnaires

Participants in all studies completed a set of self-report questionnaires to evaluate the
individual differences in trait affectivity and mental health variables. In Studies 1 and 2, the
questionnaire battery included the 20-item Center for Epidemiologic Studies Depression (CES-
D)%, the 20-item Positive and Negative Affect Schedule (PANAS) with subscales for positive
and negative affect®?, the 20-item trait version of the State-Trait Anxiety Inventory (STAI-T)%?,
2-items of the Suicidal Ideation Questionnaire (SIQ, “I wished I were dead”, “I thought that life
was not worth living”)%, 9 items from the ‘depressive rumination’ sub-scale of the Rumination
Response Scale (RRS)%, the 3-item Loneliness Scale (LS)%, the 5-item Satisfaction With Life
Scale (SWLS)®%, the 18-item Psychological Well-Being Scale (PWB) encompassing six
subscales—autonomy, environmental mastery, personal growth, positive relations with others,
purpose in life, and self-acceptance®’. Additional items related to physical states, such as alcohol
consumption, smoking habits, height, and weight, were also included. Participants responded to
the questionnaires prior to the web-based FAST experiment. For Study 3, the questionnaire set
included the 20-item PANAS, the 20-item CES-D, the 22-item RRS (with brooding and
depressive rumination subscales), the 20-item STAI-T, and the 30-item Mood and Anxiety
Symptom Questionnaire-D30 (MASQ-D30), which includes subscales for general distress,
anhedonic depression, and anxiety arousal®®. Participants completed these questionnaires before

the fMRI experiment. Korean versions of these questionnaires®® "3 were used in all studies.
Web-based Free Association Semantic Task (FAST) experiment (Study 1, 2)

The web-based FAST allowed Study 1 to be conducted in a laboratory setting using a
computer, while Study 2 was completed remotely. The web-based FAST consisted of two main
tasks: concept generation and subsequent surveys for the self-generated concepts (Fig. 1A).
During the concept generation task, we asked participants to type a word or phrase that came to

mind in response to the previous concept every 10 seconds in Study 1, and every 7 seconds in
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Study 2, starting from a given seed word. Although we instructed participants to generate

responses within the response window and a timer was visually provided on the screen, the trial
did not proceed until a response was provided, ensuring a complete sequence of 40 concepts per
run. The group-level mean response time was 5.61 + 1.67 seconds for Study 1 and 5.22 + 1.80
seconds for Study 2, with the majority of responses (96.8% and 81.3%, respectively) submitted
within the given response window. This structured timing was specifically intended to ensure
more spontaneous concept generation while minimizing deliberate, goal-directed retrieval or
self-monitoring. For each seed word, participants generated 40 consecutive concepts, with
responses inputted via typing. We instructed participants to generate any words or phrases,
emphasizing that their responses did not need to be related to the seed word or previous concept.
They were also told they could repeat their responses at any time. By asking participants to
generate brief concepts rather than extended narratives, as in think-aloud paradigms, our task is
designed to capture a relatively unconstrained stream of thought while reducing the cognitive

demands associated with social self-presentation.

Following the concept generation task, participants rated these 40 concepts on three
content dimensions®>1°: emotional valence (assessing the positive or negative feelings evoked by
the concept), self-relevance (measuring the concept’s personal relevance), and time (identifying
the most relevant time point for the concept, from distant past to distant future). To provide
context for associations, the target concept for the rating was displayed with its previous
concepts together. Participants clicked on the bar to report their ratings. Valence and time scales
ranged from —1 (negative or distant past) to 1 (positive or distant future), with 0 denoting neutral
or present. The self-relevance scaled from 0 (not at all self-relevant) to 1 (highly self-relevant).

The ratings were recorded up to three decimal places.

In each session, this process consisted of four runs, each starting with a different pre-
selected seed word. Participants generated 40 concepts per run, resulting in a total of 160
concepts and dimension ratings per session. The seed words varied between sessions: “family,”

29 ¢c

“tear,” “mirror,” and “abuse” were used in the first session of Study 1 and Study 2, while a
different set of four seed words—*“love,” “fantasy,” “heart,” and “pain”—were used only in the

re-test session of Study 1. The order of seed words was randomized across participants.
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We instructed participants to rate the concepts while considering the context of their free

association process. For example, starting with the seed word “family,” a participant might
generate a sequence such as “mom” — “love” — “happiness”. If they repeated the same words
intermittently, they were asked to rate each concept independently based on the specific context
in which it came to mind. This approach aimed to distinguish concepts tied to their thought flow
from those merely sharing phonetic similarities. Additionally, participants were instructed to rate
concepts as ‘present’ (with a score of 0 in the time dimension) if: (1) the concept was not linked
to their specific memories or personal narratives (e.g., transitions based on semantic similarity,
such as “tear” — “water”), (2) it emerged spontaneously without a temporal anchor (e.g.,
immediate sensory experiences like “headache”), or (3) it was not associated with any particular
time frame (e.g., timeless abstract concepts like “math” or “sky”). In Study 3, which used a
shorter time limit and verbal report, the previous concept was filled in for the trial if participants
were unable to generate a word within the allotted time. In the web-based FAST (Studies 1 and
2), participants were given more time to generate each concept, and the trial did not proceed until
a concept was provided. We found that the majority of responses were submitted within the

given time frame.
fMRI-based Free Association Semantic Task (FAST) experiment (Study 3)

Previous work!® implemented the FAST alongside functional magnetic resonance
imaging (fMRI) to investigate the neural systems associated with self-generated thoughts. The
FAST-fMRI experiment also included concept generation and a post-scan survey. Unlike the
web experiment, participants verbally reported a word or phrase every 2.5 seconds while inside
the MRI scanner, with responses captured via an MR-compatible microphone. The seed words
and the number of self-generated concepts from each word were identical to those used in Study
1 and Study 2. Following the fMRI scan, participants completed a post-scan survey in a separate
behavioral experimental room, rating their 160 self-generated concepts on five content
dimensions. The five content dimensions are valence, self-relevance, time, vividness (the degree
of vivid imagery induced by the concept), and safety-threat (the strength of feeling of threat or

safety evoked by the concept).

Development of Density Maps in Valence-Self-relevance-Time Multidimensional Space
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To examine the dynamic features of individuals’ self-generated thought processes, we

created two types of density maps—rating density maps and vector density maps—derived from
survey data on 160 self-generated concepts (Fig. 2). The three content dimensions form a three-
dimensional space called the VValence—Self-relevance—Time (VST) space. Valence (v) and time

(t) ranged from —1 to 1, while the self-relevance (s) ranged from 0 to 1.

First, this rating density map provides a cumulative frequency representation of an
individual’s thoughts across three content dimensions. To generate the rating density map, each
concept from a participant’s survey data was plotted as a point within this space, resulting in 160
plotted points per participant (Fig. 2A). We calculated the number of concepts located at each
coordinate. For example, if a participant reports multiple concepts that are very negative (v =
—1), highly self-relevant (s = 1), and related to distant memories (¢t = —1), their rating density
map would show increased density in the region corresponding to negative valence, high self-

relevance, and distant past orientation, at (—1, 1, —1).

Next, we constructed the vector density map by calculating the density of difference
vectors between consecutive concept coordinates. For example, if the n-th concept is at
coordinate [v, s, t] = [0, 0, 1] and the n+1-th concept is at coordinate [1, 0.5, 0], the difference
vector from the n-th to the n+1-th has a tail at [0, 0, 1] and a head at [1, 0.5, 0]. To analyze the
direction their thoughts were heading during free association, we repositioned the difference
vectors to start from a common origin. In this example, we reposition the vector so that its tail is
at [Av, As, At] = [0, 0, 0] and its head at [1, —0.5, —1], retaining its magnitude and direction.
Similar to the rating density map, we computed the cumulative frequency of the vectors’ heads,
increasing the density by 1 at the coordinate [1, —0.5, —1]. The resulting vector density map
visualizes the direction of thought flow over time within the VST space, accounting for the
cumulative frequency of 156 vectors (39 x 4 runs) from each individual. If a participant
generates more negative concepts (Av = —0.1), which is more self-relevant (As = 0.1) and
shows no change in temporal orientation (At = 0), compared to the previous concepts during the
free association, the vector density map would reflect elevated values at coordinates such as [Av,
As, At] =[-0.1, 0.1, Q].
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The rating density map was generated as a 50 x 50 x 50 three-dimensional matrix, and

the vector density map was created as a 25 x 25 x 25 matrix. We applied a convolution to both
maps using a 3D spherical kernel (radius = 5) and smoothed the convolved data using a 3D
Gaussian kernel (standard deviation = 2). For predictive modeling, these dynamic density maps
were vectorized, yielding 140,625 features per participant (125,000 features from the rating

density map and 15,625 features from the vector density map).
Density Map-Based Predictive Modeling (DMPM)

We developed Density Map-Based Predictive Modeling (DMPM), using the rating and
vector density maps to predict general positive affectivity (PA) and negative affectivity (NA).
PA and NA scores were derived from factor analysis of self-report questionnaire data that
measured multiple aspects of positive and negative affectivity (Supplementary Table 1). The
included questionnaires were the Center for Epidemiologic Studies Depression (CES-D),
Positive and Negative Affect Schedule (PANAS), State-Trait Anxiety Inventory-Trait version
(STAI-T), Suicidal Ideation Questionnaire (S1Q), Rumination Response Scale (RRS), Loneliness
Scale (LS), Psychological Well-Being scale (PWB), and Satisfaction With Life Scale (SWLS).

For the factor analysis, we used z-scored subscale scores as inputs to consider the
different scaling across questionnaires. We applied a target rotation method with a two-factor
model to align with our predetermined understanding of positive and negative affectivity. The
positive affectivity factor captured constructs such as joy, happiness, subjective well-being, and
satisfaction. Conversely, the negative affectivity factor encompassed measures of distress,
negative moods, anxiety, and depression.

The PA model and NA model were trained separately on the training dataset, which is
the first session data of Study 1 (N = 117), using Principal Component Regression (PCR). We
verified that the data met the statistical assumptions for Principal Component Regression,
including the linearity of the relationship between predictors and outcomes, and the normality
and homoscedasticity of the residuals. The use of Principal Component Regression also
addressed potential issues of multicollinearity inherent in high-dimensional density map data.
The optimal number of principal components was determined based on the leave-one-subject-out

cross-validation (LOSO-CV) performance in the training dataset to minimize performance
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estimation bias. To estimate the within-subject reliability of the maps across the two sessions of

Study 1, we conducted a permutation test with 10,000 iterations using data from both sessions. In
each iteration, subject identities were randomly shuffled within each session, and the resulting
within-subject correlations between maps across sessions were calculated to generate a null

distribution.

These models were tested on three datasets. The first was the re-test session data from a
subset of the Study 1 participants (N = 49), who responded to a different set of seed words. The
second and third test datasets were Studies 2 and 3 (N = 213 and 62, respectively). For Studies 1
and 2, we used consistent normalization and factor analysis parameters as those in the training
dataset. However, Study 3 only included negative affect-related questionnaires, necessitating
separate parameters for extracting negative affectivity. As a result, the outcome variables in
Study 3 were on different scales, and the PA model was not tested in Study 3. To address these
scaling differences, we used correlation-based performance estimates, which are scale-invariant
and more robust to scale variations than sum-of-squared-based measures’. PA and NA
predictions were computed as the dot product of the model’s predictive weights with the
corresponding density maps. Model performance was assessed using robust correlation, which
mitigates the impact of outliers for more reliable estimates. The “partialcor’ function from
Canlab toolbox (https://github.com/canlab/CanlabCore), which utilizes the ‘robustfit’ function in

Matlab Statistics and Machine Learning Toolbox, was used for the analysis.

To identify important features of the predictive models, we conducted bootstrap tests
with 10,000 iterations on our final models. In each iteration, participants were randomly
resampled with replacement, and a PCR model was trained on the resampled data. The sampling
distribution of the bootstrapped predictive weights was then used to identify which features
reliably contributed to model predictions. A false discovery rate (FDR) threshold of q < 0.05 was
applied to the density maps to determine the significance of these features. To compare the
relative influence of the rating and vector density maps in the PA and NA models, we quantified
their relative contributions by calculating the proportions of significant predictive features out of

the total number of features in each map.

Inflammatory markers
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In Study 1, we collected saliva samples from 68 participants to measure inflammatory

markers, including interleukin-1p (IL-1p), interleukin-6 (IL-6), and C-reactive protein (CRP). To
minimize confounds in saliva samples, we required participants to abstain from alcohol,
smoking, and caffeine for 12 hours, and from eating for one hour before the collection.
Following the FAST-web experiment, participants rinsed their mouths with water and collected
saliva using the Saliva Collection Aid (SCA, Salimetrics, USA), adhering to the recommended
procedure by Salimetrics, which includes tilting the heads forward and drooling to minimize
bubble formation. The collected saliva samples were stored at —20°C and subsequently sent to
Seoul Clinical Laboratories for analysis. To address extreme values, we applied winsorization to
the inflammatory marker response at 3 standard deviations and normalized the data using a
square root transformation. The square root transformation and winsorization were applied to
ensure the data satisfied the normality assumption required for parametric partial correlation. IL-
6 levels in 27 participants were undetectable and thus excluded from further analysis. To
investigate the relationship between inflammatory markers and affectivities, we calculated partial
correlations between each marker and DMPM-predicted PA/NA or PA/NA from factor analysis
while controlling for health-related covariates known to influence inflammation. Covariates
include body mass index (BMI), age, gender, daily tobacco use, and alcohol consumption
(frequency and quantity per occasion). Partial correlations were computed on the residualized
variables, quantifying the association between affectivity and inflammatory markers after

removing variance attributable to these covariates.
RESULTS
Probing thought processing using Free Association Semantic Task

The Free Association Semantic Task (FAST) illustrates the distinctive themes and
dynamic nature of an individual’s spontaneous thought, as seen by a representative participant’s
free association data (Fig. 1). The participant’s concept chain was visualized as a directed graph
(Fig. 1B), where nodes represented the self-generated concepts and directed edges indicated
associative links between them. This graph highlighted several central ‘hub’ concepts with a high
degree of centrality, such as “love,” “strength,” “competence,” and “study,” each of which was

connected to a wide array of related concepts. These hubs appeared to play a critical role in
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constructing the participant’s semantic network (for a complete overview of the participant’s

responses, refer to Supplementary Figure 1). Notably, despite the open-ended nature of the
task, hub concepts frequently recurred across participants’ responses, displaying varying levels
of valence (Fig. 1C). This suggests that the task effectively engaged participants in spontaneous
thought related to personal concerns and ongoing goals during the free association process. In
Study 1 (N = 117), “money” was the most frequently occurring concept, followed by “mom,”
“love,” “happiness,” and “friend.” Across all three studies, core themes such as “mom,” “friend,”
“love,” and “sadness” consistently emerged as central conceptual hubs. Despite variations in
seed words, experimental settings (remote, onsite, or in the MRI scanner), and response formats
(typing vs. verbal), the response patterns and central conceptual hubs remained consistent across

datasets (Supplementary Figures. 2-3).
Density Map-Based Predictive Modeling (DMPM) for affectivity traits in FAST responses

To develop predictive models for Positive Affectivity (PA) and Negative Affectivity
(NA) based on the dynamic features of FAST responses, we introduced the Density Map-Based
Predictive Modeling (DMPM) method, which uses the rating and vector density maps as input
features for machine learning models (Fig. 2). The rating density map and vector density map
reveal the distribution of thoughts and transitions between them across the content dimensions
during free association. We trained the models on maps obtained from Study 1 (N = 117), with
the selected optimal number of principal components using LOSO-CV in the training dataset to
minimize performance estimation bias (Supplementary Figure. 4). The trained models showed
high within-subject stability across two sessions (N = 49), yielding high correlation coefficients
(r =0.693, 95% CI [0.585, 0.777], p < 0.0001 for the rating density map and r = 0.986, 95% CI
[0.975, 0.992], p < 0.0001 for the vector density map, permutation tests; Supplementary
Figure. 5).

Both DMPM models for PA and NA demonstrated strong predictive performances
across all datasets (Fig. 3). The PA model showed robust correlations between actual and
predicted factor scores (Fig. 3A): r =0.597, 95% CI [0.466, 0.702], p < 0.0001 in the training
dataset from Study 1 (N =117; LOSO-CV), r = 0.416, 95% CI [0.153, 0.624], p = 0.0069 in the
retest dataset (N = 49, LOSO-CV), and r = 0.596, 95% CI [0.502, 0.676], p < 0.0001 in Study 2
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(N = 213; two-tailed, one-sample t-test). The PA model was not applied to Study 3 due to a

limited range of PA questionnaires. For the NA predictive model (Fig. 3B), the correlations were
r =0.582, 95% CI [0.448, 0.691], p < 0.0001 in the training dataset (N = 117, LOSO-CV), r =
0.551, 95% CI [0.319, 0.721], p = 0.0002 in the retest dataset (N = 49, LOSO-CV), r = 0.489,
95% CI [0.380, 0.585], p < 0.0001 in Study 2 (N = 213), r = 0.578, 95% CI [0.384, 0.723], p <
0.0001 in Study 3 (N = 62). These results validate the robustness and reliability of our DMPM
models in predicting trait affectivity using the density map features across multiple task

parameters and experimental conditions.
Exploring key predictive features of DMPM for trait affectivity

Building on the development and validation of our DMPM models, we examined which
dynamic aspects of spontaneous thought, as captured in the density maps, predict individual
differences in affectivity (Fig. 4). Although PA and NA are negatively correlated across datasets
(Study 1: r =-0.562, 95% CI [-0.675, —0.424], p < 0.0001; Study 2: r = —0.606, 95% CI
[-0.685, —0.513], p < 0.0001; Study 3: r = ~0.279, 95% CI [—0.494, —0.031], p = 0.0283),
consistent with their characterization as partially independent rather opposite dimensions of
affect?®*3 a substantial portion of variance in each trait remained unique. We therefore
examined whether their predictive features were likewise distinct. Using bootstrap tests with
10,000 iterations and applying a false discovery rate (FDR) threshold of q < 0.05, we identified
key predictive features for PA and NA. Analysis of the rating density map (Figs. 4B-D) revealed
that concepts with positive valence, high self-relevance, and a present-oriented temporal focus
were associated with higher PA levels and lower NA. Also, greater densities of neutral, present-
oriented, and self-irrelevant thoughts were associated with higher PA and lower NA, although
these effects did not survive FDR correction. Overall, the findings suggest that the valence of

present-oriented, self-relevant concepts plays a critical role in shaping both forms of affectivity.

Vector density map analysis (Figs. 4E-G) showed that thought transitions in which
valence and self-relevance shifted in the same direction—becoming more positive and self-
relevant or more negative and less self-relevant—contributed to higher PA and lower NA.
Conversely, transitions reflecting decreasing valence and self-relevance were linked to higher

NA and lower PA. These patterns were most pronounced with minimal changes in the time



SPONTANEOUS THOUGHT DYNAMIC SIGNATURES OF AFFECTIVITY
change dimension and were distributed along the time dimension, especially in the PA model

(Figs. 4E-F). In the PA model, positive associations between valence and self-relevance spanned
a broader range of temporal transitions (red areas in Fig. 4E) than the negative association
between these variables (blue areas in Fig. 4E). Additionally, comparisons of feature importance
along the time dimension showed that backward (retrospective) transitions were more predictive
than forward (prospective) transitions for both PA and NA models (Supplementary Figure. 6),
highlighting the significance of past-oriented thought dynamics in affectivity.

Comparing the two density maps revealed two major insights. First, the vector density
map provided more reliable predictive features than the rating density map, as shown by a higher
proportion of significant coordinates in the bootstrap analysis (FDR g < 0.05; difference in
proportions = 6.46%, 95% CI [6.41, 6.51], z = 253.136, p < 0.0001 for PA, difference = 0.13,
95% CI [0.10, 0.16], z = 8.711, p < 0.0001 for NA; two-tailed, binomial z-test; Supplementary
Figure. 7). This suggests that the dynamics of thought transition carry greater predictive value
for trait affectivity than thoughts frequency alone. Second, self-relevance emerged as a
consistently critical predictor across both maps. When we divided each map into high and low
self-relevance areas (indicated by horizontal dashed gray lines in Figs. 4B-G), the high self-
relevance areas consistently showed stronger predictive power across all models. In the NA
models in particular, all significant features were concentrated in the high self-relevance area

(Figs. 4C and 4F), underscoring the strong impact of self-related thoughts on NA.
Correlation between spontaneous thought patterns and inflammatory markers

To examine whether inflammatory responses relate to affectivity as predicted from
thought dynamics, we conducted partial correlations between three salivary inflammatory
markers and DMPM-predicted affectivity scores, while controlling for BMI, age, gender,
tobacco usage, and alcohol consumption. IL-1p and IL-6 were not significantly associated with
DMPM-predicted PA and NA (IL-1B, N = 68: PA, r = 0.084, 95% CI [-0.158, 0.316], p = 0.498;
NA, r=-0.100, 95% CI [-0.331, 0.142], p = 0.417; IL-6, N = 47: PA, r =—0.221, 95% ClI
[-0.478, 0.071], p = 0.164; NA, r = 0.256, 95% CI [-0.034, 0.506], p = 0.106; Supplementary
Figure. 8). In contrast, the positive association between DMPM-predicted NA and CRP did not
reach significance (N = 68, r = 0.227, 95% CI [-0.012, 0.442], p = 0.063) whereas CRP showed
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a significant negative correlation with DMPM-predicted PA (r = —0.270, 95% CI [-0.478,

0.034], p = 0.026, Fig. 5). Notably, the association between CRP and the PA scores derived
directly from self-report questionnaire responses was weaker and did not reach significance (r =
—0.226, 95% CI [-0.441, 0.013], p = 0.064). This relationship suggests that the thought-dynamic
features captured by DMPM may reflect aspects of positive affective functioning relevant to

systemic inflammation that are less accessible via direct introspective report.
DiscussION

DMPM combined with FAST was able to predict positive and negative affectivity from
spontaneous thought dynamics represented in the continuous Valence—Self-relevance-Time
(VST) space. By summarizing each participant’s thought stream with rating and vector density
maps, DMPM captures fine-grained dynamics in which thoughts tend to cluster and how they
move across these core experiential dimensions, yielding an interpretable set of features
associated with affective traits. Whereas valence, self-relevance, and temporal orientation have
typically been studied in isolation in studies of autobiographical memory and self-referential
cognition, the VST framework allows an integrated examination of how these dimensions
interact as thought unfolds over time. Across three datasets that varied in experimental
parameters (e.g., seed words, response time limits, experimental environments, and task
modalities), the resulting models showed robust performance and generalizability. Finally, the
observed association between DMPM-derived affect predictions and salivary inflammatory
markers—most notably CRP—suggests that stable patterns in subjective thought dynamics may
relate not only to emotional functioning but also to downstream physiological correlates with

potential implications for long-term health.

At the level of thought content, the rating density map indicated that greater occupancy
in negative, self-relevant, and past-oriented regions of the VST space predicted lower PA and
higher NA. This pattern is consistent with previous work linking affective vulnerability to
sustained engagement with self-focused negative material, including rumination and brooding,
which are well-established risk processes for depression and related disorders™® 767",
Conversely, higher PA and lower NA were associated with a greater density of positive self-

relevant concepts, aligning with evidence that reward-related, positively valenced self-referential
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thought supports well-being. Importantly, these results extend prior findings with FAST by

showing that affective traits are reflected not only in average content ratings of self-generated
thought but also in the spatial distribution of thoughts and their dynamics within a continuous

multidimensional space®®.

Building on these content-level findings, the vector density maps revealed that thought
transitions carry additional and more reliable information about trait affectivity than static
frequency patterns alone. Specifically, transitions in which valence and self-relevance shifted
together (i.e., becoming more positive and more self-relevant, or more negative and less self-
relevant states) were associated with higher PA and lower NA, whereas transitions toward more
negative and more self-relevant states were associated with higher NA and lower PA. This
coupling between valence and self-relevance is consistent with a dynamic analogue of self-
positivity bias, the tendency for self-related information to be evaluated more positively than
other-related information in non-clinical contexts’®"®. Furthermore, lower PA/higher NA was
characterized not only by a tendency toward negative self-referential thoughts, but also by
trajectories that shifted toward positive content that remained relatively self-irrelevant. In other
words, their thought flow reflected a more negative “self” alongside more positive “others”. This
pattern aligns with cognitive accounts of depression in which negative self-schemas are
preferentially encoded and elaborated, whereas positive information is less likely to be integrated
into the self-concept®®-83. Converging neuroimaging evidence likewise suggests that, in
depression, positive concepts are less likely to engage self-referential systems®+-8¢ and reward-
related circuitry®”88, By making these processes observable as temporal transitions in
spontaneous thought, the vector density maps provide a mechanistically interpretable dynamic
phenotype that would be difficult to recover from summary statistics (e.g., mean ratings) or
questionnaire measures alone. This dynamical system approach aligns with recent network
science models of psychotherapeutic change, which emphasize the importance of mental state
transitions and cognitive fluidity as indicators of psychological health®.

In line with the valence—self-relevance coupling observed in the dynamic features, self-
relevance emerged as a central organizing dimension of affectivity. Significant NA features were
concentrated almost exclusively in high self-relevance regions of both the rating and vector

density maps, supporting the view that negative affectivity is tightly coupled to self-focused
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processing and that the personal meaning of spontaneous thought shapes its emotional

impact!®>%°! This interpretation is consistent with neuroimaging evidence that self-related
mental states are represented with greater distinctiveness and granularity in neural systems than
self-irrelevant thoughts®?, and with prior FAST work highlighting self-relevance as a particularly
informative dimension for characterizing affect-linked thought patterns®.

While the selection of the VST dimensions was motivated by prior research showing
that they constitute key components for predicting individual differences in affective traits, the
specific findings regarding temporal dynamics in this study emerged in a data-driven manner.
Importantly, these findings were made possible by the DMPM framework, which enables a fully
continuous, multidimensional characterization of thought dynamics, and thus would have been
difficult to detect using more conventional approaches. More specifically, the finding that higher
PA is associated with sustaining positive, self-relevant thought across a broader temporal range
(e.g., from past through future) could be consistent with the ‘broaden-and-build’ theory of
positive emotions, which suggests that positive affect expands an individual’s cognitive and
experiential repertoire?®3!, In contrast, NA-related features were more concentrated in regions of
negative self-relevance with comparatively smaller shifts along the time axis, implying a
narrower or more persistent temporal focus. This pattern is consistent with clinical accounts of
depressive rumination and “sticky” thoughts, which are often characterized by a reduced ability
to flexibly disengage from specific memories or to explore a broader range of thought

topics018:9,

Moreover, our analysis revealed that retrospective (backward) transitions, compared to
prospective (forward) transitions, were more predictive of both PA and NA. The stronger
influence of past-oriented thought content and transitions, relative to future-oriented ones, is
consistent with accounts proposing that autobiographical memory is more idiosyncratic and
affectively heterogeneous than future simulation®*, and supports the constructive episodic
simulation hypothesis, which posits that future imagination relies on recombining past
experiences®%, Given that negatively valenced, past-oriented thought is associated with
depressive symptoms and reduced well-being*>%, these results suggest that affective traits may
be expressed especially strongly in how individuals revisit and shift away from autobiographical

memories. By representing these dimensions as a continuous trajectory, the current study extends
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prior FAST work by identifying the temporal flexibility of thought as a crucial dynamic marker

of affective health.

Finally, the association between DMPM-derived affectivity predictions and CRP
provides preliminary evidence that spontaneous thought dynamics may relate to physiological
processes relevant for health. IL-1p and IL-6 did not show reliable associations in this sample,
and the CRP effect was modest even after controlling for BMI, age, gender, tobacco use, and
alcohol consumption. These results warrant caution in mechanistic interpretation. Nevertheless,
CRP related more strongly to DMPM-predicted PA than to self-reported PA, raising the
possibility that FAST-derived thought dynamics capture variance in affective functioning that is

less accessible to introspective report yet relevant to inflammatory status.
Limitations

The lack of significant correlations for IL-1f and IL-6 (Supplementary Figure. 8) may
reflect methodological considerations. Although these cytokines have been studied in depression,
salivary IL-1pB and IL-6 can be strongly influenced by local oral immune activity and periodontal
inflammation®”%8, which may obscure associations with affectivity. In contrast, CRP, produced
primarily by the liver, is less affected by local oral factors and more closely indexes systemic
low-grade inflammation®>°. Moreover, IL-1B and IL-6 are often studied as relatively acute
stress-responsive markers®>2, while CRP is commonly interpreted as a more stable indicator of
chronic inflammation and disease risk®. Because FAST was not designed as a stress-induction
paradigm and our analyses targeted stable individual differences in a relatively young, healthy
sample, CRP may be better suited than salivary cytokines for detecting trait-like physiological

correlates of affect-linked thought dynamics.

Future studies should test the generalizability of the DMPM framework and its
predictive models in more diverse populations, including samples drawn from different cultural
contexts, community cohorts, and clinical settings. Thought dynamics may also differ
qualitatively across disorders. For example, MDD may involve more perseverative and less
variable thought trajectories, whereas bipolar-spectrum conditions may involve larger and more
rapid shifts in affectively salient content. An important next step is to evaluate whether DMPM

can identify disorder-relevant dynamical phenotypes and support differential prediction across
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diagnostic groups. This approach could provide a scalable way to detect certain thought patterns

that indicate affective vulnerability, with potential utility for risk stratification and treatment
monitoring. Also, the observed CRP association remains correlational and does not establish
directionality. Larger biomarker samples, repeated biomarker assessments, and longitudinal or
experimental designs will be required to determine whether thought-dynamic signatures
prospectively predict inflammatory change, whether inflammatory activity shapes thought

dynamics, or whether both reflect shared upstream factors.

CONCLUSION

Together, this work introduces a quantitative approach for linking everyday spontaneous
thought dynamics to stable affective traits and the immune biology, with potential translational
relevance. By characterizing how individuals move through affectively and self-referentially
meaningful states in the continuous VST space, the combination of FAST and DMPM enables
tests of whether the unfolding of thought in daily life corresponds to biomarkers implicated in
long-term health risk. Such dynamical signatures may reflect early vulnerability before overt
clinical impairment and may also be useful for tracking change over time. Specifically, the
FAST/DMPM framework could serve as a tool for monitoring risk, with persistently recurring
negative or past-oriented patterns potentially serving as behavioral markers of vulnerability to
depression. These signatures may also help identify personalized intervention targets by
highlighting how thought patterns unfold over time, beyond thought content alone. More
broadly, this approach may provide a scalable way to assess changes in thought dynamics during
the course of psychotherapy or recovery. The preliminary association with CRP further suggests
that thought dynamics may relate to broader biological risk pathways, motivating integrative
models that span subjective experience and physiology. Overall, these findings position FAST
and DMPM as a scalable tool for identifying maladaptive thought-dynamic phenotypes,
potentially supporting longitudinal prediction and mechanistic investigation, and informing
personalized prevention and intervention strategies that target not only what people think, but

how their thoughts evolve.
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A Experimental Overview
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Fig. 1. Overview of experimental design and sample data visualization. (a) Experimental
procedure of the web-based Free Association Semantic Task (FAST) involved concept
generation and concept rating. During concept generation, participants in Study 1 and Study 2
were instructed to type a word or phrase related to the previous concept every 10 and 7 seconds,
respectively, starting from a given seed word. Each participant generated 40 consecutive
concepts per seed word. In the subsequent concept rating phase, participants evaluated these self-
generated concepts across three content dimensions, including valence, self-relevance, and time.
Two consecutive concepts were displayed for context, with participants rating the target concept
on the three scales. This dual-phase task was repeated for four different pre-selected seed words.
Participants also completed a series of self-report questionnaires prior to the web-based FAST
experiment, assessing their affectivity and mental health. (b) A network representation of one
participant’s self-generated concepts. Nodes represent individual concepts, while directed edges
(arrows) show the associative connections between concepts. Node size reflects the degree
centrality (number of connected edges), and node color indicates the mean valence scores of
each concept. (c) A word cloud visualizes the 50 most frequently reported concepts aggregated
from the first session of Study 1 (N = 117). The size of each word in the cloud corresponds to its
frequency of occurrence, and the color indicates the mean valence scores of each concept.
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A Constructing Rating Density Map and Vector Density Map
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Fig. 2. Implementation of Dynamic Density Map-Based Predictive Modeling (DMPM) (a)
The development of DMPM involved creating two types of density maps: rating and vector
density maps. The process began by plotting one participant’s self-generated concept ratings and
the directional vectors between consecutive concepts within a three-dimensional space defined
by valence, self-relevance, and time. The rating density map (upper panel) visualizes the
frequency of concepts at specific coordinates, creating an accumulative value matrix. The vector
density map depicts the directional transitions between concepts. The difference vectors between
concepts are shifted to originate from a common origin point, and their heads are mapped to
show frequency across coordinates. Both maps undergo refinement through convolution and
smoothing. (b) Utilizing these density maps as input features, we constructed the Positive
Affectivity (PA) model and Negative Affectivity (NA) model through Principal Component



SPONTANEOUS THOUGHT DYNAMIC SIGNATURES OF AFFECTIVITY
Regression (PCR) with leave-one-subject-out cross-validation. PA and NA scores, the outcome

variables for predictive modeling, were calculated through factor analysis of self-report
questionnaires. The models were trained using data from the first session of Study 1 (N = 117)
and tested on three test datasets: the re-test session of Study 1 (N = 49), Study 2 (N = 213), and
Study 3 data (N = 62).



SPONTANEOUS THOUGHT DYNAMIC SIGNATURES OF AFFECTIVITY

A Predictive Performance of the Positive Affectivity (PA) Model
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Fig. 3. Evaluation of predictive model performance. (a) Performances of Positive Affectivity
(PA) predictive models. The left panel illustrates a schematic representation of the PA predictive
model, where the larger cube represents the rating density-based features, and the smaller cube
represents the vector density-based features. The color scheme in the diagram corresponds to the
predictive weights (details in Fig. 4). The right panel displays three sets of results: 1) the leave-
one-participant-out cross-validated predictive performance within the training dataset (N = 117,
Study 1 session 1), 2) test results on the re-test data of Study 1 with different seed words (N =
49), and 3) test results on Study 2 data (N = 213). The plots represent the correlation between
actual and predicted PA scores for each participant. The PA model was not evaluated in Study 3
due to a limited number of PA-related questionnaires. Model performance was assessed using a
robust correlation method to provide more accurate estimates by down-weighting the influences
of outliers. (b) Performances of Negative Affectivity (NA) predictive models. The left panel
shows a schematic representation of the NA model. The right panel presents results from 1)
cross-validated predictions within the training dataset, followed by test results on 2) the re-test
data of Study 1, 3) Study 2 data, and 4) Study 3 data (N = 62). Note that the y-axis scales vary
across study panels because Study 3 utilized a distinct set of questionnaires for factor analysis,
resulting in outcome variables with different scales. ““p < 0.01, ™“p < 0.001, *“p < 0.0001, two-
tailed, one-sample t-test.
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Fig. 4. Significant features of the DMPM predictive models. To identify reliable predictive
features, we conducted bootstrap analyses with 10,000 iterations. (a) The density maps were
segmented along the temporal axis into seven slices, outlined in different colors to represent
distinct time coordinates. Each slice is shown as a small square: for the rating density map, axes
correspond to valence and self-relevance; for vector density map, axes correspond to Avalence
and Aself-relevance. (b-c) Rating density features for Positive Affectivity (PA) and Negative
Affectivity (MA) models. Upper panels show unthresholded rating density feature weights;
lower panels show significant features after FDR thresholding (g < 0.05). The dashed line in the
lower panel divides high versus low self-relevance areas. Blue indicates features predicting
lower PA or NA, whereas red indicates features predicting higher PA or NA. Overall, positive,
present-focused, and highly self-relevant concepts predict higher PA and lower NA. (d) Contrast
map showing differences in rating density features between the PA and NA models. (e-f) Vector
density features for the PA and NA models. For PA, predictive transitions were characterized by
(1) increased transitions towards more positive/more self-relevance, with forward (prospective)
temporal change, (2) reduced transitions toward more negative/self-relevant and more
positive/self-irrelevant concepts, with minimal temporal change, and (3) increased transitions
toward more negative, less self-relevance, and backward (retrospective) temporal change. In
contrast, NA showed an overall opposing pattern, with more temporally restricted predictive
features, including (1) increased transitions toward more negative, more self-relevance, without
temporal change and (2) reduced transitions toward more positive and more self-relevance, and
forward (prospective) temporal change. (g) Contrast map showing differences in vector density
features between the PA and NA models.
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Fig. 5. Association between CRP and the model-predicted affectivity. To investigate the
relationship inflammatory markers and model-predicted Positive Affectivity and Negative
Affectivity, we conducted partial correlation analyses controlling for Body Mass Index (BMI),
age, gender, tobacco use, and alcohol consumption. Each point represents an individual
participant (N = 68). Residualized CRP levels were negatively correlation with residualized
predicted PA scores, suggesting that lower CRP levels were associated with higher PA scores
after accounting for covariates. In contrast, the correlation between residualized CRP and
residualized predicted NA scores was not significant. ™not significant, “p < 0.05.
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