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Background: Time perception and motion intensity are interrelated factors that may influence symptom
expression and severity in case of various psychiatric conditions, including anxiety and depression.

Aims: The present study aimed to 1) explore the associations between the intensity of physical activity, time
perception, impulsivity, anxiety and depressive symptoms, and to 2) investigate the extent to which resting state
motion intensity can be used to identify the assessed psychiatric conditions.

Methods: 20 healthy controls and 20 psychiatric patients (with either anxiety or depression-related diagnoses)
were included in the study and filled out a questionnaire consisting of validated anxiety, depression and
impulsivity measures. Time perception was measured by a computerized time production task, whereas motion
intensity was analyzed by a motion capture and analysis software. Respondents were randomly assigned to an
experimental (with active motion task) and non-experimental group (resting state conditions). Both subgroups
were repeatedly assessed, in order to explore changes in motion intensity, time perception and psychiatric
symptom levels.

Results: Random forest regression analysis identified the level of impulsivity, depression and anxiety as the
strongest predictors of resting state motion intensity, while a path analysis model indicated that controls and
psychiatric patients show different pathways regarding the connection between motion intensity changes, time
production ratio alterations and symptom reduction.

Conclusions: Our study implies the importance of distinguishing between clinical and subclinical severity of
psychiatric symptoms when considering the association between motion intensity, time perception, anxiety and
depression. Potential transdiagnostic relevance of resting state motion intensity is also addressed.

1. Introduction

The ability of perceiving time (including circadian, interval, and
millisecond timing) is a fundamental function for many species,
affecting the sleep-wake cycle, appetite, motor control, speed estima-
tion, and risk perception (e.g. Zhang et al., 2014; Burge and Geisler,
2015; Monroe et al., 2017; Starling, 2019), and as such, time perception
(TP) should be considered a multifactorial phenomenon. As an attempt
to summarize some of the key genetic, neurobiological and cognitive
psychological factors identified in the past years, Fig. 1 illustrates an
integrative model of TP.

With regard to the scope of the current research, the impact of

physical activity on both TP and the current mood is of heightened
importance. As Behm and Carter highlighted in their review (2020),
physical activity influences TP through a number of factors (e.g., age,
intensity of exercise, contraction types, body temperature, gender, etc.),
implying a complex relationship between TP and motion experiences.
From a psychiatric point of view, the majority of former findings indi-
cated dilated TP (e.g. Yoo and Lee, 2015; Kent et al., 2019a; Choi et al.,
2021) in case of both anxiety and depression, although time dilation was
linked to high-arousal negative stimuli in case of anxiety and
low-arousal negative stimuli in case of depression, suggesting
symptom-specific subtle differences in the subjective experience of
dilated time. As Thones and Oberfeld further noted (2015), the duration
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of the estimated time is also decisive in terms of TP: depressed in-
dividuals, for instance, might show a tendency of overproducing short
and underproducing long duration intervals. Considering the beneficial
effects of physical exercise on anxiety and depression, available
meta-analyses (Kvam et al., 2016; Aylett et al., 2018) support the rele-
vance of implementing exercise as a complementary therapy in psy-
chiatric care.

The aim of the present study was two-fold. As a primary goal, we
aimed to examine the associations between the intensity of physical
activity, TP and specific mental states (anxiety and depressive symp-
toms) in a clinical and non-clinical sample, in order to provide a possible
explanatory model for the beneficial therapeutic effects of physical ac-
tivity among psychiatric patients, through changes in the inner sense of
time. As a secondary goal, we aimed to investigate the extent to which
locomotor activity measured at resting state can be informative
regarding the presence of anxiety and depressive symptoms. Clinical
observations and empirical findings support the assumption that anxiety
and depression may influence the patient’s locomotor activity (Lyra
et al., 2016), with anxiety characterized by muscular tension, inner
turmoil, and restlessness resulting in, for instance, recurring
self-soothing behaviors (e.g. Uvnas-Moberg et al., 2015), such as
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frequent self-tooching and leg bouncing, while former subtle face and
gesture analysis approaches identified reduced facial expressions and
head movements in depressed patients (Kacem et al., 2018). Besides
anxiety and depression, we selected impulsivity as a potential covariate,
as impulsivity is a relevant correlate of both TP (Paasche et al., 2019)
and the intensity of physical activity (Castaner et al., 2020).

2. Materials and methods
2.1. Sample and procedure

The clinical subsample of our study consisted of treatment seeking
individuals diagnosed with either anxiety disorders, mood disorders, or
mixed anxiety and depressive disorder. These participants were
recruited from the patients of the National Institute of Mental Health,
Neurology and Neurosurgery — Nyir6 Gyula Hospital (Budapest,
Hungary). Control subjects were students of the Faculty of Health Sci-
ences of Semmelweis University (Budapest, Hungary), and were invited
via mailing lists. Exclusion criteria included any psychiatric diagnosis in
these cases. Considering the limited sample size of the study, re-
spondents from both subgroups were randomly assigned to either the
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experimental group (i.e. resting state at first measurement and active
motion task at second measurement) or the non-experimental group (i.e.
resting state at both measurement points) by following the method of
block randomization. Block randomization is usually applied in case of
small samples in order to still ensure equal subgroup sizes. Blocks rep-
resented predetermined group assignments (experimental vs. non-
experimental). As regards to block size, which is a multiple of the
number of subgroups, we selected an 8 block-solution for our study. The
active motion task of the experimental group (consisting of healthy
controls and psychiatric patients in equal numbers) was to ride an in-
door minibike for 2 min during the time production task. All participants
were video recorded during both the resting state and/or the active
motion task during this 2 x 2 minute time interval. These videos were
then analyzed with a motion capture and analysis software. A comput-
erized time production task was applied as a measure of TP. The research
adhered to all ethical principles for the conduct of research with humans
outlined by the Declaration of Helsinki. Ethical approval was provided
by Semmelweis University Regional and Institutional Committee of
Science and Research Ethics (ethical approval number: SE RKEB 49/
2021).

2.2. Measures

Basic demographic variables consisted of age, gender, perceived
socioeconomic status (1 = much below the average; 7 = much higher
than the average) and educational background (1 = elementary school
or less; 7 = PhD or postdoctoral degree).

2.2.1. Current mood: depression and anxiety measures

Depression severity was assessed by the 9-item Hungarian version of
the Beck Depression Inventory (BDI-9) (Beck et al., 1961; Rozsa et al.,
2001). Respondents evaluate nine statements regarding their current
mood on a 4-point Likert scale (1 = not at all; 4 = completely true). In
the current study we used the total score of BDI-9 as a measure of
depression severity. Good internal consistency of the total scale justified
its application (Chronbach’s alpha = 0.88).

Anxiety level was measured by the Spielberger State Anxiety In-
ventory (STAIL-S) (Spielberger et al., 1970; Szigethy and Takacs, 2015).
STAI-S consists of 20 items, and uses a 4-point Likert scale (1 = almost
never, 4 = almost always). The scale’s total score (with a maximum of 80
points) was used as an estimate of the current severity of anxiety.
Excellent internal consistency was found for the total scale (Chronbach’s
alpha = 0.91).

Changes between pre- and post-experimental situations were
measured by using the depression and anxiety scores of the Emotion
Thermometers (ET) (Mitchell et al.,, 2010). ET is mostly used and
adopted for the population of oncological patients as a visual analog
screening tool to identify emotional disorders. It consists of five sub-
scores (from O to 10) representing the level of distress, anxiety,
depression, anger, and a need for help. Participants were instructed to
circle the number on each scale that best desribes their actual emotional
state.

2.2.2. Impulsivity

As a potential confounder/covariate of both TP and the intensity of
physical activity, impulsivity was measured by the 21-item Barratt
Impulsiveness Scale Revised (BIS-R-21) (Kapitany-Fovény et al., 2020),
a brief version of the Barratt Impulsiveness Scale (Patton et al., 1995),
one of the most widely used measure of impulsivity. The scale, using a
4-point Likert scale (1 = rarely never/never; 4 = almost always/always),
consists of three subscales with acceptable internal consistency identi-
fied in the present study: 1) Cognitive impulsivity (Chronbach’s alpha =
0.65); 2) Behavioral impulsivity (Chronbach’s alpha = 0.75); 3) Impa-
tience/restlessness (Chronbach’s alpha = 0.68). We used the total score
of the scale as a general estimate of the level of impulsivity (Chronbach’s
alpha = 0.65).
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2.2.3. Time perception: a time production task

A computerized verbal time production task was used as a measure of
TP. Participants counted the seconds aloud, while the investigator
administered the respondents’ current time estimations at six mea-
surement points (at 15, 30, 45, 60, 75 and 90s) indicated by a flashing
signal on screen. In this way, it became possible to compare chrono-
logical/objective and subjective time. The whole computerized task
lasted for 2 min (with a brief instruction part at the beginning), and it
was repeated again after the participants had filled out the question-
naire. Similarly to the approach followed by O’Regan et al. (2017), a
time production ratio was calculated: each time interval produced by the
respondents were divided by the actual, chronological intervals. A time
production ratio smaller than 1 represented underproduction, whereas a
score above 1 implied overproduction of time duration. Within the
confines of this trial, overproduction of time meant that the participant
showed an accelerated rate of counting the seconds (i.e. estimating and
producing more seconds than the actual elapsed time), suggesting a
faster perception of time, in other words, acceleration. Since, unlike
many other researchers, we did not apply any distractors and therefore
allowed counting during the time production task, participants even-
tually evaluated the passage of time in small time units throughout the
90 s duration of the task. Chronometric counting is usually regarded as a
confounder in the study of human TP as it may conceal existing timing
alterations and result in deviations from the scalar property of temporal
processing (e.g. Riemer et al., 2022). The reason why we still allowed
chronometric counting was based on the insights that 1) the engagement
in counting can have methodological benefits as well, such as partici-
pants may apply the same strategy (e.g. Perbal et al., 2003), 2) counting
is indeed a natural human strategy to employ in TP tasks (Ben-Soussan
and Glicksohn, 2018), while adding distractors (e.g. by using a dual-task
paradigm) can introduce a different unnaturalistic confound, 3) count-
ing, but not timing, activates the primary motor cortex (Hinton et al.,
2004), while, as recent evidence highlights, the experience of time itself
is computed within the motor system (Wiener et al., 2019), and 4)
timing with and without counting may still lead to comparable results
(Barholomew et al., 2015). Finally, as an analogue to the formula
describing the deviation from a balanced time perspective suggested by
Jankowski et al. (2020), perceptive deviation from chronological time
was calculated as the square root of the sum of squared differences be-
tween one’s subjective time production scores, and the objective time
points, both at baseline and second measurements.

2.2.4. Motion capture and analysis

The Kinovea v.0.8.15., an open source, freely available motion
analysis software under GPLv2 license, was used for motion capture and
analysis. Motion distance data was first exported to Excel and then
measured as the average deviation from a fixed point - located on either
the knees or the hand - in terms of x (i.e. horizontal movement) and y
axis (i.e. vertical movement) score ranges. In both cases, the following
formula was applied: =SQRT(AVERAGE(POWER(cell range; 2))). We
also created a variable labeled as ‘motion distance’, calculated as the
mean of both leg (such as tapping or bouncing) and arm motions’ (such
as scratching or stretching) distance values. This variable thus repre-
sented the intensity of the overall movements captured during either the
resting state or the active motion test situations.

2.3. Statistical analyses

Descriptive and basic comparative statistics were computed in rela-
tion to subgroup differences. In order to use the anxiety and depression
subscores of the ET as measures of active motion induced changes, we
first explored their correlation with the STAI-S and BDI-9 total scores,
using Spearman’s rank correlation analyses. A similar statistical
approach was used to investigate the associations between perceptive
deviation from chronological time at baseline measurement and the
severity of psychiatric symptoms. All of these calculations were
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performed in SPSS v. 26 (IBM Corp, 2019).

As a second step, we performed random forest regression analysis
using the RandomForestSRC package (Ishwaran and Kogalur, 2021).
Resting state motion intensity was entered as the dependent variable
while the following variables were entered as predictors: age, gender,
clinical grouping variable (clinical vs. control), ET anxiety, ET depres-
sion, STAI total, BDI total, BIS-R-21 total, perceptive deviation from
chronological time, and time production ratio. Nodesize and the number
of variables randomly selected as candidates for splitting a node were
selected to achieve the lowest out of bag error. The forest consisted of
500 trees. We applied swor (sampling without replacement) resampling
to grow the trees and all variables were included. Minimal Depth and
permutation Variable Importance measures (VIMPs) were calculated
(Ehrlinger, 2016; Ishwaran, 2007).

Finally, as a structural equation modelling (SEM) approach, a path
analysis model was tested to explore structural relationship between
group membership (control vs. clinical), differences in motion intensity
and time production ratio (covariates) and the differences in ET anxiety
and depression scores between first and second measurements. A case-
wise/full-information ML (maximum likelihood) estimation with
nlminb optimization was used. A model was acceptable if root-mean-
square error of approximation (RMSEA) < 0.08, comparative fit index
(CFI) > 0.95, non-normed fit index or Tucker-Lewis index (TLI) > 0.95.
For this model, the lavaan (Latent Variable Analysis) package (Rosseel,
2012) was used. Besides the aforementioned model fit indices, best
performing models were selected on the basis of lower BIC (Bayesian
Information Criterion) scores, and avoiding over-fitting/saturation by
reducing the number of explanatory variables.

Calculations were performed with R 4.0.5 (The R Core Team, 2021).

3. Results
3.1. Sample characteristics

Altogether, 40 participants were included in the study (20 healthy
controls and 20 psychiatric patients), with a majority of female re-
spondents (57.5%). The mean age was 28.6 (SD = 6.97). The two sub-
groups showed no significant differences in terms of age (t = 1.82, p >
0.05), gender distribution (y2 = 2.56, p > 0.05), educational back-
ground (U = 182, p > 0.05), perceived socioeconomic status (U =199, p
> 0.05), impulsivity level (t = 1.67, p > 0.05) or motion intensity
captured at baseline resting state measurement (t = 0.67, p > 0.05).
Significant differences, however, occurred in case of the level of anxiety
(t=5.84,p < 0.001; t = 4.43, p < 0.001) and depression (t = 3.93, p <
0.001; 4.62, p < 0.001) as measured by STAI-S and BDI-9 total scores
and the ET subscores, respectively, the level of perceptive deviation
from chronological time (t = 3.08, p < 0.01) and time production ratio
(t = 2.59, p < 0.05) at baseline resting state measurement.

As regards to the distribution of psychiatric diagnoses within the
clinical subgroup, 6 patients were diagnosed with major depressive
disorder (30%), 5 patients with generalized anxiety disorder (25%), 4
patients with mixed anxiety-depressive disorder (20%), 3 patients with
panic disorder (episodic paroxysmal anxiety) (15%), 1 patient with
anxiety disorder, unspecified (5%), 1 patient with recurrent depressive
disorder (5%). Regarding randomized assignments to the experimental
and non-experimental conditions, both subgroups consisted of 20 par-
ticipants (with 10 healthy controls and 10 psychiatric patients randomly
assigned to each condition). Table 1 summarizes detailed sample char-
acteristics and differences between the subgroups of healthy controls
and psychiatric patients.

3.1.1. Concurrent validity of the emotion thermometer subscores
Regarding the results of Spearman’s rank correlation analyses in
terms of the associations between anxiety and depression levels
measured by the STAI-S and BDI and the ET anxiety and depression
subscores, moderate correlations between STAI-S and ET anxiety (rs =
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Table 1
Sample characteristics and subgroup differences.
Healthy Psychiatric %2 test/
controls patients (n independent
(n = 20) =20) sample t-test/
Mann
Whitney U test
Demographics Age Mean (SD) 26.65 30.55 t=1.18
(6.34) (7.19)
Gender 14 (70) 9 (45) x2 = 2.56
distribution n of
female (%)
Level of 5.20 5.25 (0.91) U =182
education Mean (0.41)
(SD)
Perceived 4.60 4.60 (0.99) U=199
socioeconomic (0.88)
status
Time Baseline motion 18.86 20.80 t=0.67
perception intensity Mean (6.09) (11.47)
and motion (SD)
data Perceptive 15.11 28.44 t = 3.08%*
deviation from (8.95) (17.14)
chronological
time at baseline
measurement
Mean (SD)
Time production 0.89 0.81 (0.13) t = 2.59*
ratio Mean (SD) (0.07)
Level of STAI-S total score ~ 33.75 50.75 t = 5.84%**
anxiety and Mean (SD) (6.52) (11.27)
depression BDI-9 total score 14.60 21.55 t = 3.93%%*
Mean (SD) (3.49) (7.10)
ET: baseline 1.90 4.70 (2.58) t = 4.43%**
anxiety score 1.17)
Mean (SD)
ET: baseline 1.25 4.85 (3.31) t = 4.62%**
depression score (1.07)
Mean (SD)
Level of BIS-R-21 total 40.80 44.85 t=1.67
impulsivity score Mean (SD) (7.72) (7.60)

**¥*p < 0.001, **p < 0.01. Note: Although nonparametric comparative analyzes
were rank-based (education and socioeconomic status), the table shows mean
values in these cases as well for ease of intelegerpretation.

0.56, p < 0.001) and between BDI-9 and ET depression (rs = 0.47, p <
0.01) indicated acceptable concurrent validity, and therefore justified
the use of the ET indices as measures of active motion induced changes.

3.1.2. Intercorrelations between time perception measures and psychiatric
symptoms

Perceptive deviation from chronological time significantly corre-
lated with BDI total score (rs = 0.48, p < 0.01), BIS total score (rs =
—0.29, p < 0.05) and resting state locomotor activity (rs = —0.35, p <
0.05). Time production ratio was a significant correlate of resting state
locomotor activity (rs = 0.42, p < 0.01), BIS total score (rs = 0.32, p <
0.05), and BDI total score (r’ = —0.44, p < 0.01), implying that par-
ticipants showing greater movement intensity and higher impulsivity
are more likely to overproduce time, while those with more severe
depressive symptoms tend to underproduce it. Anxiety (STAI-S total)
and impulsivity (BIS total) were also significant correlates (rs = 0.44, p
< 0.01). Impulsivity showed no significant connection with the level of
depression (rs = —0.18, p > 0.05).

3.1.3. Predicting resting state motion intensity

Tuning of the Random Forest identified the lowest error rate on the
training dataset with 2 as nodesize and 2 as the mtry parameter (i.e. the
number of randomly sampled variables at each split). Random forest
model achieved an error rate of 11.38%. The highest variable impor-
tance factor was linked to BIS-R-21 total (13.173), the BDI total (8.40),
and the STAI total (4.98679), followed by ET anxiety (2.788), time
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production ratio (2.574), ET depression (1.943), gender (1.399), clinical
grouping variable (clinical vs. control) (0.037), perceptive deviation
from chronological time (0.0249) and age (1.221). The importance of
these variables were also backed by the rank order of the minimal depth
values. An overall nearly linear positive association was detected with
STAI total und BIS-R-21 total and an overall nearly linear negative as-
sociation with BDI total score (Fig. 2).

3.1.4. Results of the path analysis model

Fit indices (RMSEA< 0.08, CFI >0.95, TLI >0.95) indicated a well-
fitting model. Different pathways were identified in case of controls
and psychiatric patients. Differences in motion intensity was a signifi-
cant negative estimate of anxiety changes (Beta = —0.06, std. Error =
0.03, p < 0.05) only among controls, that is, higher motion intensity
predicted greater reduction in anxiety (T2-T1). Furthermore, changes in
time production ratio was a positive predictor of depression symptom
changes in case of controls (Beta = 10.10, std. Error = 3.55, p < 0.01),
but a negative predictor of the same in case of psychiatric patients (Beta
= —8.53, std. Error = 3.40, p < 0.05). That means, that in case of healthy
subjects, a shift towards overproduction of time may be linked to an
exacerbation of depressive symptoms, while an under productive
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tendency in case of psychiatric patients may be associated with the
same. Fig. 3 illustrates the results.

4. Discussion

Our results indicated that the extent of resting state locomotor ac-
tivity is highly dependent on the level of impulsivity, depression and
anxiety. Based on the findings of our random forest regression analysis,
impulsivity and anxiety were, as expected, associated with enhanced
resting state motion intensity, while depression showed an inverse as-
sociation with the same. Former observations identified physical
passivity in depression, and assigned important implications to reduced
psychomotor performance, such as changes in the affective movements
in maternal caregiving interactions (Young et al., 2015). Motion capture
and analysis is a promising and fastly evolving approach in contempo-
rary psychiatry that is able to infer intrapsychic processes from subtle
bodily signals, such as the rate and direction of eye movements, changes
in head movements, or facial expressions. Motion analysis may even
identify mood episodes at an earlier stage, or detect dementia at its
prodromal phase (Collier et al., 2018). Our observations similarly
implicate that motion analysis of resting state locomotor activity can be
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Fig. 2. Partial dependence plots. The yhat on the y-axis represents the predicted resting state motion intensity values. Pointed red lines represent the 95% error
bounds, Marks on the x-axis indicate the data distribution. Red dots represent the OOB (out of box) predicted values.
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ET Anxiety
difference

(T2-T1)

Motion intensity

difference p) -0-01: b) -0.00

(T2-T1)

Time production
ratio difference

(T2-T1)

a) -0.61; b) -6.05

a) -8.53%: b) 10.10**

Fig. 3. Different pathways within the control and clinical subsample

a) -0.03; b) 0.02

ET Depression
difference

(T2-T1)

Note: *p < 0.05, **p < 0.01; a) SEM estimates for clinical subgroup; b) SEM estimates for control subgroup. Significant estimators are boldfaced.

a useful means in diagnostic work, aiding the estimations of anxiety,
depression and impulsivity levels. However, due care and diligence is
needed when interpreting the results of motion analysis, as resting state
locomotor activity provides transdiagnostic and not disorder-specific
information about the current mental state of the individual. To exem-
plify this phenomenon with our own research results, higher locomotor
activity was associated with both anxiety and impulsivity, while the goal
of increased activity — or even hyperkinesis in more severe impulsivity
cases - may be similar in both disorders: to reduce internal tension or
ease the feeling of restlessness. The result that impulsivity was a stronger
predictor of enhanced resting state locomotor activity than anxiety,
suggests that the level of resting state locomotor activity (including
voluntary and unintentional motions) can express or represent certain
disorders in a dimensional way, in which higher than average resting
state activity may primarily indicate conditions such as anxiety, ADHD,
or even early signs of psychosis (Dean et al., 2018), while lower than
average resting state locomotor activity may indicate the presence of, for
instance, depression, or the negative symptoms of schizophrenia (Kup-
per et al., 2010).

Considering the associations between deviations from chronological
time (including the under- and overproduction of time) and psychiatric
symptoms, impulsivity and depression showed an opposite relationship
with TP, with impulsive respondents characterized by greater motion
intensity tend to overproduce time, while depressed individuals tend to
underproduce it.What we call overproduction in this study, is an accel-
erated rate of counting (i.e. the participants perceived time to pass faster
than in reality), and as such, this is the exact opposite of what is called
overproduction in numerous studies. At the same time, since we allowed
chronometric counting, the participants actually evaluated the passage
of time in short time units (i.e. constantly estimating shorter durations)
as sequenced by the ryhtm of counting. Still, a much more complex,
multifactorial association between TP and mood disorders can be hy-
pothesized. Our path analysis results further confirmed this assumption,
as the clinical and control groups showed opposite directions in terms of
the association between time production ratio and depressive symptom
changes, with only the clinical subgroup showing a significant connec-
tion between a shift towards underproductive tendencies and the
worsening of depressive symptoms. The fact that the clinical subgroup
showed a higher perceptive deviation from chronological time and a
stronger tendency to underproduce time than healthy controls, might
imply that alterations in TP can be a general difference between the
clinical population and healthy individuals. Underproduction of tem-
poral intervals within this trial assumed slower perception of time, a
marked characteristic of depressed individuals. As Caceda et al. (2020)
pointed out, time slowing may be triggered by psychological pain,
possibly leading to the feeling of inescapability, a risk factor for suicidal
behavior as well. Additionally, and to add a further dimension:
conscious awareness might also have temporal limits. As for instance
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Wittmann suggested (2016), in the range of milliseconds, we try to
differentiate between simultaneous or temporally ordered events (i.e.
Wittmann calls it the functional moment); in the range of up to 2-3 s, we
are able to temporally segmentate the experience which leads us to the
conscious awareness of the moment (i.e. the experienced moment), while
in the range of up to 30-100 s (e.g. the approximate duration we
measured in the present study), working memory processes contribute
to the continuity of the experience and thus the sense of mental presence.
If chronometric counting is considered as an estimation of shorter du-
rations, our participants actually perceived each moment of the trial as
an experienced moment, implying that the perceived slowing in
depressed participants (or their worsening symptoms) might be related
to their perception of the experienced moment (2-3s in duration). In
that sense, our results are comparable to the findings of Kent et al.
(2019a), who argue that the experienced moment is dilated in depressed
individuals but the mental present is accelerated.

Locomotor activity was a significant positive correlate of the over-
production of time. This is consistent with the findings of others (e.g.
Edwards and McCormick, 2017), namely, that the intensity of physical
exercise may increase the estimated duration of time. The most plausible
explanation for this phenomenon - as it was presented by Behm and
Carter as well (2020) - relies on scalar expectancy theory, that is, with
increasing number of pulses collected in the “accumulator” due to
motion-induced hyperarousal, the amount of processable neural infor-
mation grows, and this evokes the feeling that more time has passed than
in reality. Our findings may also be linked to former observations that
more time is generally perceived when arousal levels are higher (e.g.
Mella et al., 2011; Gil and Droit-Volet, 2012). With regard to the po-
tential beneficial impacts of active motion on immediate psychiatric
symptom reduction, the results of our path analysis model - and taking
into account baseline differences between the control and the clinical
subgroups in the level of psychiatric symptoms - may suggest that mo-
tion intensity can only reduce less severe, subclinical symptoms.

4.1. Limitations and future considerations

The primary limitation of the study clearly lies in the low number of
respondents, negatively influencing the generalizability of the findings.
This becomes a critical issue especially when we talk about the inter-
pretation of the results of multivariate statistical analyses. Furthermore,
changes in anxiety and depressive symptoms were examined immedi-
ately after the active motion task, without follow-up testing that could
have been used to estimate the temporal duration of the outcomes. TP
can be measured in a number of other ways in addition to the time
production task. Potential TP paradigms encompass the measurement of
verbal time estimation, detection of time shifts (O’Regan et al., 2017),
applying temporal bisection tasks, and so on. Moreover, we hypothe-
sized that alterations in TP depend on motion intensity and psychiatric
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symptoms, however, a number of factors beyond our control may as well
explain changes in TP. Such factors include marked individual differ-
ences, context effects, learning effects, and timing strategies (e.g.
interval-vs. beat-based perception) (Matthews and Meck, 2014). Finally,
time production tasks generally ask the participants to indicate the start
and/or end of the interval without asking them to count all the way
through (e.g. Thones and Stocker, 2019), which makes our findings
(obtained with a less traditional time production task without assessing
shorter intervals under 10 s) more difficult to compare with the results of
others, even if they used similar methodology (i.e. measuring a 90s in-
terval and allowing counting as well), such as the study of Kent et al.
(2019b).

Based on our findings and the reviewed body of knowledge, we
assumed that resting state motion intensity may function as a trans-
diagnostic dimension, differentiating between various psychiatric con-
ditions. Future research is, however, needed to adequately address this
issue. In order to increase the accuracy of motion-based predictions,
further behavioral factors should also be monitored, such as vocal pa-
rameters, eye movements, or respiratory rates.

5. Conclusions

Our experimental study demonstrated that motion intensity may be
associated with both subjective time experience and the changes of
psychiatric symptoms. Different pathways, however, were identified in
case of healthy controls and psychiatric patients, implying the relevance
of distinguishing between clinical and subclinical severity of psychiatric
symptoms. Future research on the extent to which resting state motion
activity can be used as a transdiagnostic dimension is encouraged.
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