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Abstract

Harmful commenting persists due to interface designs that obscure social con-
sequences and limited awareness of cumulative impact. Most interventions
are momentary, offering little longitudinal reflection support. We developed a
browser-based system that maps comments onto a persistent virtual tree designed
to reduce psychological distance and increase awareness. In a seven-week field
study (N = 50), we examined associations between continuous feedback and
commenting patterns. Positive comments increased from 38.5% to 67.2% (8 =
5.127% /week, 95%CI : 2.08 — 8.18, p = 0.008); neutral decreased from
54.8% to 30.8% (B = —4.16% /week, 95%CI : —6.5to — 1.8, p = 0.004);
negative remained low (6.7%—2.0%). Post-study survey (N = 87) showed
consequences of commenting felt more concrete (Perception: M = 4.28/5,
p < 0.001). However, the single-arm observational design without control
group prevents causal inference; patterns could reflect self-selection or Hawthorne
effects. Findings warrant randomized controlled trials to establish causal efficacy.

Keywords: Psychological Distance, Online Commenting, Information Visualization,
Prosocial Behavior, Cumulative Feedback

1 Introduction

Online social media platforms continue to face persistent challenges related to harmful
and unreflective commenting behavior, despite widespread awareness of moderation
guidelines and community standards. Although overtly abusive content constitutes a
visible portion of the problem, a substantial share of social harm arises from routine,
everyday interactions that are not necessarily malicious but nonetheless accumulate
negative effects over time [1-3]. Prior research demonstrates that such interactions can
undermine individual well-being, discourage participation, and degrade the quality of
online discourse. Existing interventions have largely focused on content-level controls,
including automated toxicity warnings, moderation prompts, reporting mechanisms,



and post-hoc feedback. These approaches typically intervene either immediately before
comment submission or after harm has already occurred. While effective for address-
ing extreme cases, they often fail to confront a more fundamental limitation: users’
restricted perception of how their everyday comments accumulate and affect others
across repeated interactions [4-6].

Two interacting psychological barriers help explain this limitation. First, online
interaction introduces distance from effect, in which the social consequences of one’s
actions are abstracted, delayed, or rendered invisible by interface design. Compared
to face-to-face communication, computer-mediated environments attenuate social cues
and feedback, reducing users’ experiential connection to the downstream impact of
their behavior [4, 5, 7, 8]. Second, users frequently experience a lack of awareness
regarding the cumulative impact of their everyday interactions. Feedback, when avail-
able, is often fragmented, momentary, or detached from the act of commenting itself,
making it difficult for users to recognize how repeated actions contribute to broader
social dynamics [1, 9, 10].

Despite extensive work on momentary prompts, warnings, and moderation cues,
relatively little is known about how persistent, cumulative representations of everyday
online behavior shape users’ awareness and expressive choices over time. Existing
research has examined warning messages, sentiment labels, social norm cues, and
friction-based prompts designed to encourage reflection at the moment of posting [11-
13]. Large-scale experiments suggest that such interventions can influence harmful
or undesirable behavior in the short term [14, 15]. However, these approaches are
typically transient, text-based, and episodic. As a result, they provide limited support
for understanding longer-term consequences or sustaining reflection across repeated
interactions [16, 17]. Prior interventions overwhelmingly target isolated decision points,
leaving open the question of whether interface-level visualizations that externalize
behavioral history can support longitudinal reflection without coercion.

In this work, we investigate an alternative design direction: the persistent visu-
alization of commenting consequences. Rather than intervening through warnings,
restrictions, or moderation actions, the system externalizes the effects of comments
into a continuously evolving visual artifact, a virtual tree, whose state reflects the
accumulation of positive and negative interactions over time(Fig 1), leveraging concep-
tual metaphor to render otherwise intangible consequences perceptible [18].The tree
acts as a powerful, grounding, and organic metaphor that bridges abstract comments
with tangible, visualization. By framing personal development as nurturing a living
thing, it shifts the focus from overwhelming, distant, and complex challenges to man-
ageable, natural stages of growth that encourage awareness and observation. Since
visual encodings can shape interpretation, the visualization is treated as an interface
intervention whose influence may arise from both informational content and repre-
sentational form [19]. By embedding feedback directly into the interaction loop and
maintaining it across repeated engagements, this approach makes consequences visi-
ble, continuous, and cumulative rather than abstract or episodic. This framing builds
on foundational work in reflective and experiential design [20-22] and on evidence that
integrated visual representations can support comprehension and reflection over time
[23].
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Experimental Procedure

Participants install Chrome extension, provide consent, and select initial tree type.
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Fig. 1: System architecture and experimental workflow for the persistent visualization
intervention. Overview of the 7-week tree growth game deployment (N=50). Partic-
ipants installed a Chrome extension that monitored social media interactions. The
system features a proprietary sentiment classification model integrated into a Chrome
extension. This model processes social media interactions in real-time to drive the
virtual tree’s growth (water drops) or deterioration (poison drops) based on detected
linguistic valence. The workflow includes the transition from real-time feedback to lon-
gitudinal data collection and post-study psychological assessment.



Importantly, the design avoids coercive enforcement. The system does not restrict
posting, issue punitive warnings, or impose penalties. Instead, it functions as a reflec-
tive interface that externalizes impact without interrupting user autonomy. This
positions the work within traditions of reflective and experiential design rather than
moderation or compliance-oriented tooling [21, 24]. While such an approach limits
claims about direct behavioral control, it strengthens the contribution as an examina-
tion of how interface-level visualization can reshape users’ experiential understanding
of impact without coercion.

We deployed the system in a seven-week field study with 50 participants recruited
from Prolific and screened for active social media use (at least 7 comments per week).
Rather than testing causal effects, this exploratory observational study examines fea-
sibility, user engagement, and observed associations between exposure to cumulative
feedback and aggregate commenting patterns. Field deployments of behaviour-facing
interfaces are also vulnerable to reactivity. When participants are aware that their
commenting is being tracked or assessed—whether by researchers or by an interface
that makes behavioural history salient—they may alter expression due to Hawthorne
effects, evaluation apprehension, or self-presentation motives, independent of the
intended psychological mechanism (e.g., reduced psychological distance). This concern
is especially relevant for non-coercive systems that embed feedback into everyday inter-
action, because the same visibility that supports reflection can also heighten perceived
monitoring. For this reason, we frame the present study as an exploratory observational
deployment focused on feasibility and temporal patterns rather than causal estimates,
and we treat observed changes as compatible with multiple mechanisms, including
reactivity. We hypothesize that persistent visualization of cumulative commenting
consequences will be associated with (H1) a shift in the distribution of everyday
commenting behavior toward more positively valenced expression and (H2) increased
awareness of comment quality and perceived social impact, consistent with reduced
psychological distance. Observed trends are interpreted conservatively, acknowledging
that contextual, social, and individual factors may also contribute [25]. Accordingly,
we frame our findings as behavioral patterns consistent with increased salience of con-
sequences, reduced distance from effect, and enhanced situational awareness, rather
than as definitive evidence of prosocial intent or moral reasoning.

In addition to behavioral analysis, we assess participants’ self-reported awareness
of the system’s influence on their commenting behavior. While some participants
reported consciously recognizing the visualization’s influence, others did not, despite
exhibiting observable behavioral trends during the deployment. This aligns with prior
work demonstrating that interface-level interventions may shape behavior both reflec-
tively and implicitly [26, 27]. Importantly, a lack of self-reported awareness does not
imply an absence of influence; persistent, ambient feedback can affect behavior without
conscious attribution, particularly when feedback is non-interruptive and embedded
in routine interaction [23].



2 Results

2.1 Overview

This study examined whether exposure to a persistent visualization of cumulative
commenting consequences was associated with changes in commenting behaviour
and perceived awareness during a seven-week field deployment. Because the study
employed a single-condition longitudinal design without a control group, analyses focus
on temporal patterns and associations rather than causal inference.

Table 1: Linear regression results for weekly sentiment proportions and cumulative feedback
metrics across the seven-week deployment. Slopes are unstandardised; 95% Cls are bias-corrected
accelerated bootstrap (10000 samples). Effect-size metric is Cohen’s f2 (f? > 0.35 = large).

Metric Slope Intercept R2 r p  Std. error Sig. 95% CI f?

Trend

Positive sentiment (%) 5.127 34.234 0.789 0.889 0.008 1.186 ** o 2.08, 8.18] 3.73
Negative sentiment (%) -0.965 7.855  0.558 -0.747 0.054  0.384 t [-1.95, 0.02] 1.26

Neutral sentiment (%) -4.162  57.910 0.832 -0.912 0.004 0.836 **-6.31, -2.01] 4.95
Water drops -3.678  478.000 0.012 -0.108 0.817  15.086 ns [-42.5, 35.1] 0.01
Poison drops -25.321 171.000 0.716 -0.846 0.016 7.131 *  [-43.7,-7.0] 2.52
Water /Poison ratio 6.624 -9.811  0.856 0.925 0.003 1.217 **[3.50, 9.75] 5.93

Increasing
Decreasing
Decreasing
Decreasing
Decreasing
Increasing

Significance: 1 p < 0.10, * p < 0.05, ** p < 0.01; ns = not significant.

Two complementary dimensions were assessed. First, weekly proportions of
positive, neutral, and negative comments were examined descriptively and using
linear trend analyses across seven aggregated time points. Second, post-study self-
reports evaluated perceived awareness, psychological distance, behavioural orientation
(Table 3), and perceived influence.

Across the deployment, the proportion of positive sentiment increased from 38.5%
in Week 1 to 67.2% in Week 7. Linear regression analysis indicated a clear upward
pattern (R%? = 0.789, p = 0.008; Table 1). In parallel, neutral sentiment declined
substantially over time (R? = 0.832, p = 0.004; Fig. 2). Negative sentiment showed
a downward trend that approached, but did not reach, conventional statistical
significance (R? = 0.558, p = 0.054).

Given that regression analyses were conducted on seven weekly aggregates (N =
7), statistical estimates should be interpreted cautiously. Observed trends represent
descriptive temporal regularities during system exposure rather than confirmatory
evidence of intervention-driven change. Together, these results indicate a systematic
redistribution of sentiment composition over the study period.

Robustness Check: Permutation Testing

To verify that the observed linear trends were not artifacts of limited temporal aggre-
gation (N = 7 weeks), we conducted a permutation test for the primary outcome



Sentiment Trends with Linear Regression Analysis
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Fig. 2: Weekly proportions of positive, neutral, and negative comments across the
seven-week field deployment. Lines represent linear regression trends fitted to weekly
aggregates. Positive sentiment increased over time, neutral sentiment declined, and
negative sentiment remained low throughout the study period.

(positive sentiment). The observed slope (5 = 5.04) was compared against a null dis-
tribution generated from 10,000 random permutations of weekly sentiment values. The
permutation p-value (p = 0.0009) indicates that fewer than 0.1% of random shuffles
produced slopes of equal or greater magnitude, confirming that the positive sentiment
trend is statistically robust to temporal ordering.

At the system level, cumulative feedback dynamics were examined using the Water-
to-Poison ratio as a proxy for the evolving feedback environment. With the exception
of total water drops, all regression slopes exhibited large effect sizes (f2? > 1.2; Table 1).
While the volume of water drops showed no significant linear trend (p = 0.817), poison
drops declined significantly over time (p = 0.0164). As a result, the Water-to-Poison
ratio increased steadily, reflecting an increasing separation between constructive and
harmful feedback signals.

Self-report measures aligned with these behavioural observations. Participants
reported that the visualization made the consequences of their comments feel more
concrete and immediate. While a majority of participants explicitly reported that the
tree influenced their commenting behaviour, comparable behavioural trends were also
observed among participants reporting limited conscious awareness. These responses
indicate that the visualization was experienced both reflectively and as an ambient
background cue during routine interaction.



2.2 Longitudinal shifts in commenting sentiment

Weekly sentiment proportions (Fig 2) showed a steady upward trajectory for positive
comments and a corresponding decline in neutral comments. Linear trend estimates
indicated increasing positive sentiment (R? = 0.789, p = 0.008 Table 2) and decreasing
neutral sentiment (R = 0.832, p = 0.004). Negative sentiment displayed a downward
pattern (R? = 0.558, p = 0.054) but remained near floor levels across all weeks.

The dominant behavioural shift consisted of redistribution from neutral toward
positive expression rather than substantial suppression of negative content. This dis-
tinction is important given the low baseline of negative comments, which introduces
a floor effect limiting detectable reductions.

Week-level inspection revealed that change was gradual rather than strictly mono-
tonic. Week 3 showed a temporary increase in negative and neutral proportions.
Subsequent weeks returned to the broader directional pattern.

Table 2: Field-deployment sentiment trends: com-
parison between week 1 and 7

Category Week 1 % Week 7 % A change
Positive (+3) 38.5 67.2 +28.7
Neutral (+2) 54.9 30.9 —24.0
Negative (—3) 6.7 2.0 —4.7

Neutral sentiment declined substantially over the same period, decreasing from
approximately 54.8% in Week 1 to 30.8% in Week 7 (Fig. 2). This decline was captured
by a significant negative linear trend (R? = 0.832, p = 0.0042; Table 1). The opposing
trajectories of positive and neutral sentiment indicate a redistribution of sentiment
composition rather than a uniform change in overall commenting volume.

Negative sentiment accounted for a small proportion of comments throughout the
study, decreasing from 6.7% in Week 1 to 2.0% in Week 7 (Fig. 3). Although the
fitted regression line suggested a downward trend (R? = 0.558), this trend did not
reach conventional significance (p = 0.054). Negative sentiment remained low across
all weeks, limiting the scope for large absolute change.

2.3 Absolute comment volume and robustness of sentiment
shifts

Weekly comment counts ranged from 204 to 390 comments. Although participation
fluctuated, proportional sentiment redistribution persisted across these variations. Pos-
itive comment counts increased in later weeks, while neutral comment counts declined
both proportionally and in absolute terms. Negative comment counts remained low
throughout.

Because analyses were conducted at the aggregate weekly level, individual-level
heterogeneity was not modeled. It therefore remains unclear whether changes reflect
uniform shifts across participants or stronger effects among a subset of users.



Sentiment Trends 1ze0) Sentiment Poisson

(¢) Cumulative growth (d) Sentiment intensity heatmap

Fig. 3: Longitudinal sentiment dynamics of user comments across the
seven-week intervention period (Poisson Standard Error was applied). (a)
Percentage distribution of Positive, Neutral, and Negative comments with 95% con-
fidence intervals (normalized). (b) Absolute weekly comment counts with Poisson
standard errors (raw). (¢) Cumulative comment growth across weeks. (d) Normalized
week-by-week sentiment intensity heatmap. Together, the panels depict a systematic
transition toward increasing positive engagement and diminishing neutral and nega-
tive expression over the course of the study.

2.4 Week-by-week dynamics and transient deviations

Week-level inspection revealed that sentiment change was gradual rather than mono-
tonic (Fig 5). Notably, Week 3 exhibited a temporary increase in negative sentiment
(8.8%) alongside a rebound in neutral comments (51.9%). This deviation coincided
with a reduction in overall participation and represents the largest single-week fluctu-
ation in the series. Subsequent weeks returned to the prevailing pattern of declining
neutral sentiment and increasing positive sentiment. No comparable rebound was
observed after Week 4, indicating that transient deviations did not alter the overall
trajectory.

2.5 Cumulative feedback signals: water and poison drops

The visualization translated comments into cumulative “water” (positive) and “poi-
son” (negative) feedback signals (Fig. 4). Across the deployment, participants received



3,243 water drops and 488 poison drops, yielding an overall Water-to-Poison ratio of
6.65:1.

Weekly poison drops declined significantly over time (R? = 0.716, p = 0.0164),
whereas weekly water drops did not exhibit a reliable linear trend (R? = 0.012, p =
0.817). As a result, the Water-to-Poison ratio increased from 2.95:1 in Week 1 to
45.44:1 in Week 7. Because poison counts were small in later weeks, ratio growth should
be interpreted cautiously. Regression analysis (Fig 5)indicated no significant trend in
total weekly water drops , whereas poison drops declined significantly over time .
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Fig. 4: Temporal dynamics of feedback signals (Water and Poison drops)
across the seven-week intervention period. (a) Weekly counts of Water and Poi-
son drops with Poisson standard errors (raw counts), showing consistently high levels
of Water drops throughout the study, with pronounced peaks in Weeks 2 and 4 and
sustained elevation through Week 6, while Poison drops concentrate in the early weeks
and decline sharply after Week 3. (b) Normalized percentage distribution of Water and
Poison drops with 95% confidence intervals, demonstrating increasing dominance of
Water feedback over time and a corresponding reduction in Poison feedback to near-
zero levels by Week 7. (¢) Weekly Water-to-Poison drop ratio with annotated values
and a 1:1 reference line, revealing a strong monotonic increase after Week 3; the ratio
exceeds 10:1 by Week 4 and reaches its maximum by Week 7. (d) Weekly activity
heatmap of Water versus Poison drops, confirming the divergence between high and
stable Water activity and rapidly diminishing Poison activity over time. Collectively,
the panels illustrate a systematic shift toward increasingly positive feedback dynamics
over the course of the study.



Water vs Poison Drops Trends with Linear Regression Analysis
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longitudinal study.

Across sentiment proportions, absolute counts, and cumulative feedback metrics,
a consistent pattern of sentiment redistribution was observed, characterised primarily
by reductions in neutral expression alongside stable or increasing positive expression.

2.6 Statistical Self-reported awareness and psychological
outcomes

Thirty-seven participants voluntarily completed the post-study questionnaire. One-
sample Wilcoxon signed-rank tests comparing each section to the neutral midpoint
(Zo = 3) indicated that all four constructs scored significantly above neutrality after
Bonferroni correction (Table 3).This approach was selected due to the ordinal nature
of the data and to avoid assumptions of normality [28].

All questionnaire sections yielded scores significantly above the neutral midpoint.
Perception of the Tree Visualization (S1) indicated consistent attention to the visu-
alization throughout the study. Distance from Effect (S2) scores suggested reduced
perceived abstraction of commenting consequences. Awareness of Comment Qual-
ity (S3) showed the strongest deviation from neutrality, with low dispersion across
respondents. Behavioural Orientation (S4) also exceeded the midpoint, with greater
variability, reflecting individual differences in how participants related visual feedback
to motivation and behaviour.

10



Table 3: Post-study self-report results for awareness and
behavioural orientation. For each questionnaire section (n = 37),
median, mean, standard deviation, and Wilcoxon signed-rank
test statistics are reported relative to the neutral midpoint of
the Likert scale.

Section n Median Mean SD Wilcoxon W p-value
S1-Perception 37 4.50 4.28 0.81 15 <0.0011
S2-Distance 37  4.33 3.98 0.88 58 <0.001
S3-Awareness 37 4.50 4.38 059 1 <0.001
S4-Behavioural 37  4.33 4.06 0.96 64 <0.001

1Exact two-tailed p-values; all sections remain significant after Bonferroni
correction for four comparisons.

2.7 Perceived Influence and Qualitative Responses

When asked directly whether the tree visualization influenced their commenting
behaviour (N = 37), 67.6% responded “Yes,” 10.8% “Maybe,” and 21.6% “No.”

Open-ended responses from 29 participants were analyzed using an exploratory
thematic approach. Responses were reviewed iteratively to identify recurring patterns
in perceived influence. Three primary themes emerged:

1. Increased Awareness and Reflection
Many participants described heightened mindfulness of tone and impact:
® “It made me more aware of my comments.”

e “It made me be more conscious about how I comment.”
® “More visibility of my commenting behaviour.”

2. Positive Tone Adjustment and Reinforcement Sensitivity
Several participants reported actively modifying wording to obtain positive reinforce-
ment:

® “] sometimes deleted my comments if they showed as negative.”
® “T would also add nice positive words to get more water drops.”
e “T wanted more positivity so it changed my tone.”

3. Monitoring and Constraint Effects

A minority expressed feelings of surveillance or inhibition:

® “You wouldn’t comment honestly out of fear the tree would be poisoned.”
e “I felt monitored.”

These responses suggest that behavioural redistribution observed at the aggregate
level was, for many participants, consciously attributed to the visualization, though
perceived mechanisms varied.
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3 Discussion

This study examined whether making the cumulative consequences of online com-
menting persistently visible through an interface-level visualization is associated with
changes in commenting behaviour. Across a seven-week field deployment, positive
comments increased while neutral comments decreased—declining from 54.8% to
30.8%—with negative comments remaining low. Post-study self-reports indicated high
awareness of comment quality and cumulative impact, alongside heterogeneous con-
scious attribution of influence. Open-ended responses further revealed that many
participants perceived the visualization as increasing mindfulness of tone and impact,
while others described deliberate tone adjustment to obtain positive reinforcement,
and a minority reported feelings of monitoring or constraint. Together, these find-
ings suggest that persistent visualization may support behavioural reorientation
through increased awareness and reduced psychological distance, rather than through
deterrence or enforcement. This interpretation aligns with evidence that persistent,
interpretable visual representations can support reflection by stabilizing otherwise
transient behavioural information [29, 30].

A central contribution of this work is the dissociation between situational aware-
ness and explicit attribution of influence. Participants consistently reported awareness
of comment tone, valence, and accumulation, while attribution of behavioural influence
was more variable. Notably, although 67.6% explicitly reported that the visualiza-
tion influenced their commenting, qualitative responses indicated variation in how
that influence was experienced—ranging from reflective awareness (“It made me more
aware of my comments”) to strategic adaptation (“I sometimes deleted my comments
if they showed as negative”) to perceived monitoring (“I felt monitored”). This disso-
ciation is theoretically expected: individuals often lack accurate introspection about
the factors shaping their behaviour, particularly when influence operates implicitly or
through environmental structure [26]. In interface contexts, such influence is commonly
produced by ambient feedback that alters interpretation without demanding focal
attention [27, 31]. Behavioural trends emerged despite inconsistent attribution, sug-
gesting that awareness functioned as a background condition rather than a uniformly
conscious decision process. Persistently externalizing consequences altered how users
evaluated their behaviour over time, consistent with theories of social translucence
that emphasize visibility over sanction [32]. Research on reflection support similarly
highlights sustained exposure and interpretability as prerequisites for reflection [33].

Interpretation of effectiveness warrants caution. Negative comments were infre-
quent at baseline, introducing a floor effect [25]. An important competing explana-
tion is reactivity. Because the system explicitly tracks comments and externalizes
their valence into a persistent artefact, participants may have adjusted behaviour
due to Hawthorne effects, evaluation apprehension, or impression-management
goals—particularly in a paid study context—rather than through the hypothesized
pathway of reduced psychological distance. This interpretation is supported by quali-
tative responses indicating perceived surveillance or inhibition (e.g., “I felt monitored”;
“fear the tree would be poisoned”). In other words, the visualization may function not
only as a reflective mirror but also as an evaluative presence, and these mechanisms
are difficult to disentangle in a single-arm deployment. Future work should therefore

12



incorporate randomized controlled or staggered rollout designs, include baseline mea-
surement, and use analytic strategies that can separate novelty/observation effects
from sustained changes attributable to the visualization itself (e.g., longer follow-up
after habituation, blinded outcome coding, or comparison to a logging-only condition).

The dominant behavioural signal was a reconfiguration of everyday expression:
neutral comments declined as positive comments increased. Prior work shows that
online degradation often arises from cumulative low-intensity interactions rather than
rare extreme behaviour [1, 2]. Shifting routine expression may be more impact-
ful at scale than suppressing already infrequent negativity. Neutral comments often
reflect low-effort engagement; by contrast, positive contributions shape participation
climates through reinforcement and norm perception [34, 35], and influence conver-
sational norms and subsequent participation [36], [12]. However, because the present
study employed a single-condition longitudinal design without randomization or base-
line behavioural measurement, observed redistribution should be interpreted as an
association during system exposure rather than definitive evidence of causal change.

One plausible mechanism is linguistic convergence under persistent feedback con-
straints. Qualitative responses indicate that some participants intentionally adjusted
phrasing to align with the system’s reinforcement logic, suggesting sensitivity to
embedded reward structures. Over time, an asymmetric feedback structure may have
encouraged clearer positive expression—an adjustment consistent with differential
reinforcement [34] and evidence that persistent feedback can scaffold reflection without
interruption [37-39]. Conservative handling of multilingual or informal input may have
introduced ”linguistic friction,” increasing the salience of expressive clarity [40]. Even
if users modified phrasing to ”game” the tree metaphor, this represents reflective self-
regulation rather than mere compliance [41, 42]. At the same time, reports of feeling
monitored suggest that evaluative salience may have contributed alongside reflection
and reinforcement. Unlike competitive gamification that can undermine intrinsic moti-
vation [43], this approach leverages the generative role of positive affect in broadening
social repertoires [44], though the durability of such effects remains to be established.

The water—poison metaphor played a key role in making cumulative con-
sequences legible. By mapping comment valence onto an ecologically grounded
metaphor—nourishing or degrading a tree—the system grounded abstract processes
in intuitive schemas [45]. The Water-to-Poison ratio operationalized accumulation as
a trajectory, consistent with eco-feedback research showing that metaphor and accu-
mulation support sustained awareness beyond momentary cues [46]. This differs from
episodic prompt- or warning-based interventions, which are prone to habituation and
warning fatigue [11, 14, 47]. Instead, the visualization may have functioned as a per-
sistent background representation, aligning with reflective design frameworks that
prioritize sense-making over enforcement [20, 21]. One might interpret the shift as
participants simply substituting neutral comments for positive ones to obtain favor-
able feedback (e.g., water drops). However, from a behavioral design perspective, this
does not undermine the intervention. Feedback structures consistently reshape expres-
sive choices without coercion [48, 49], and positive affect can foster more creative and
socially constructive behavior [44]. Whether users were ”gaming” the system is less
significant than the fact that they modified their expressive framing to align with a

13



persistent representation of impact—a core tenet of reflective self-regulation [41, 42].
Nevertheless, behavioural shifts cannot be disentangled from the classification architec-
ture and reinforcement thresholds embedded in the system, which constitute integral
components of the intervention.

Finally, persistence is critical. By maintaining consequence visibility, the visual-
ization counteracted present bias [48] and mitigated the ephemerality of social media
that encourages impulsive engagement [49, 50]. This aligns with recent syntheses
emphasizing that durable behaviour change requires mechanisms that support sus-
tained attention alongside point-of-action nudges [51]. While causal efficacy cannot be
established within the present design, the findings provide preliminary evidence that
persistent visualization infrastructures may reshape everyday expressive behaviour by
increasing salience, stabilizing cumulative feedback, and embedding reflection within
routine interaction.

4 Limitations and Future Work

Several limitations should be considered when interpreting these findings. First, the
study employed a single-condition longitudinal field deployment without a randomized
control group or pre-intervention baseline. Consequently, observed behavioural pat-
terns cannot be causally attributed to the visualization alone and may reflect platform
dynamics, temporal effects, or external influences. In addition, behavioural trends were
estimated from seven weekly aggregated time points, which limits statistical power and
precision. Results are therefore interpreted as observed associations rather than evi-
dence of causal change [25]. Future work should incorporate randomized or staggered
designs and participant-level modelling to isolate causal mechanisms.

Second, negative comments were infrequent at baseline, introducing a floor
effect that limits conclusions about suppression of harmful behaviour. The primary
behavioural signal was a redistribution of everyday expression from neutral toward pos-
itive comments. Deployments in higher-conflict contexts are needed to assess whether
similar mechanisms operate under different baseline conditions.

Third, post-study self-reports were completed by a subset of participants and
should be interpreted as descriptive indicators rather than representative of the full
cohort. Future studies could integrate in-situ or repeated measures of awareness to
capture temporal dynamics more directly.

Fourth, the sentiment classification pipeline handled multilingual and ambiguous
input conservatively, which may have influenced expressive clarity and reinforcement
dynamics. Future work should explore multilingual or adaptive models and examine
how persistent visual feedback functions across cultural and linguistic contexts.

Finally, this study focused on commenters’ behaviour and awareness, not down-
stream effects on recipients or community-level outcomes. Future research should
examine how persistent visualization influences conversational reciprocity, perceived
climate, and longer-term social dynamics.
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5 Conclusion

This work provides evidence that persistently visualizing the cumulative consequences
of online commenting is associated with shifts in everyday expressive behaviour and
heightened awareness of social impact during a seven-week field deployment. Rather
than suppressing negative behaviour directly, the intervention was accompanied by
a redistribution of routine expression toward more positive contributions, consistent
with increased salience of consequences and reduced psychological distance.

While causal efficacy cannot be established within the present single-condition
design, the findings suggest that interface-level systems that externalize cumula-
tive impact may function as reflective infrastructures embedded within everyday
interaction. By foregrounding behavioural accumulation over time, such designs
may support longitudinal reflection and expressive recalibration without reliance on
coercive enforcement or interruptive prompts.

These results underscore the potential of persistent visualization approaches as a
complementary direction in the design of online discourse environments, warranting
further experimental validation and examination of longer-term and community-level
outcomes.

6 Methods

The study employed a single-condition longitudinal field design without a control
group; consequently, analyses focus on temporal patterns and associations rather than
causal attribution.

6.1 Participants

Fifty active social media users (Male = 29, Female = 21, M,g. = 29.78, 5D = 6.28)
were recruited via Prolific. Eligibility criteria required participants to:

be active on Instagram or Twitter;

use Google Chrome as their primary browser;

post at least seven comments per week;

use English as a primary language; and

provide informed consent for automated comment analysis.

U LN

Participants were compensated weekly via Prolific, contingent on active partici-
pation throughout the deployment. While all 50 participants contributed behavioural
data during the study period, 37 completed the optional post-study questionnaire.
Behavioural data from all enrolled participants were retained for longitudinal analysis.

6.2 The Virtual Tree Intervention

The intervention centered on a browser-based visualization that externalized the cumu-
lative impact of a user’s online discourse. Upon enrollment, participants selected one
of six tree species (e.g., apple, cherry, coconut palm) to serve as a persistent visual
metaphor for their social behavior.
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1. Water drops (positive reinforcement): Comments classified as constructive, sup-
portive, or positively valenced increased tree health (0-100%) and growth progress.

2. Poison drops (negative consequence): Hostile or toxic comments triggered reduced
growth percentage and decreased health.

The system was non-coercive; it did not block content or issue warnings, functioning
solely as a behavioral mirror.

6.2.1 Platform-Specific Data Collection

Data collection was facilitated by a custom Google Chrome extension operating across
Instagram and Twitter. The system utilized content scripts to detect comment sub-
mission events in real-time. Upon submission, the text was processed via a multi-tiered
pipeline:

1. Lexical Filter: A deterministic keyword check for high-intent prosocial or harmful
terms.

2. Neural Classification: A transformer-based model (BERT) categorized the senti-
ment and intent of the discourse.

3. Scoring Logic: Comments were mapped to reinforcement states (43 for positive, -3
for negative, and +2 for neutral/ambiguous).

Classifier validation metrics are reported in Extended Data (Section A1.2): the
fine-tuned BERT model achieved 86.7% accuracy and F1 = 0.864 on held-out test
data (30,252 comments across six categories). A hybrid architecture combining neural
classification with deterministic keyword filtering ensured robustness against model
uncertainty and out-of-distribution inputs

Detailed technical specifications of the BERT architecture, training datasets, and
platform-specific CSS selectors are provided in the Extended Data section A.

6.3 Procedure
6.3.1 Onboarding (Week 0)

Installation, demographic screening, and system tutorial.

Active intervention(Weeks 1-7).

Participants used social media naturally. The extension provided real-time feedback
via post-comment overlays, a persistent ambient health indicator, and a progress
dashboard.

Post-study.

An exit survey assessed perceived awareness and behavioral reflection (N = 37).
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6.4 Measures
6.4.1

Primary behavioural outcome.

Weekly sentiment distribution of comments (positive, neutral, negative), derived from
automated classification.

Secondary behavioural outcomes.

1. Water-to-poison ratio per week
2. Longitudinal trends in sentiment proportions

Self-report outcomes.

Post-study questionnaire assessing awareness of comment quality, perceived distance
from effect, behavioural orientation, and perceived influence (N = 37 respondents).

6.5 Statistical Analysis

Behavioural data were analysed descriptively and longitudinally using Python (v3.11).
Weekly sentiment proportions (N = 7) and cumulative feedback metrics (Water/Poi-
son counts and ratios) were examined using Ordinary Least Squares (OLS) linear
regression via the SciPy linregress module to assess temporal trends over the
seven-week deployment. For each metric, we calculated the unstandardised slope (),
coefficient of determination (R?), and the two-sided p-value. To ensure the robust-
ness of our trend estimates, 95% confidence intervals were derived using bias-corrected
accelerated (BCa) bootstrapping with 10000 resamples. Effect sizes were quantified
using Cohen’s f2 = R%/(1 — R?), where f? > 0.35 was interpreted as a large effect.

Post-study self-report results (n = 37) were analysed using non-parametric statis-
tics via the Pingouin (v0.5) and SciPy libraries. For each of the four questionnaire
sections (Perception, Distance, Awareness, and Behavioural Orientation), participant-
level mean scores were compared against the neutral midpoint of the 5-point Likert
scale (Zg = 3) using one-sample Wilcoxon signed-rank tests (scipy.stats.wilcoxon,
zeromethod = 7zsplit”, mode = "exact”). To control for family-wise error across
the four predefined theoretical sections, a Bonferroni correction was applied, setting
the significance threshold at o = 0.0125. Effect sizes for these tests were calculated as
r = Z/+/n. All reported p-values are exact and two-tailed. Data processing, statisti-
cal computation, and visualization were supported by pandas (v2.0), SciPy (v1.10),
Seaborn (v0.12), and Matplotlib (v3.7).
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The Supplementary Information is provided as a separate PDF file and includes
the following:

® Supplementary Note 1: Detailed design logic of the Tree Growth Game browser
extension.

e Supplementary Figure 1: Interface gallery illustrating the participant onboard-
ing process, tree species selection, and dashboard.

The source code for the Chrome extension and the anonymized sentiment dataset
(mapped via randomized Tree IDs) are available via the provided repository link.

Appendix A Extended Data

A.1 Chrome Extension Architecture

We developed a custom Google Chrome extension that operated continuously in the
background while participants used social media. The extension consisted of three
components:

1. Content scripts injected into supported social media pages to detect comment
submission events

2. A background service worker responsible for communication with external APIs
and data persistence

3. A visual feedback layer that rendered tree animations and status indicators within
the browser

Comment detection occurred at the moment of submission, after which the text
was processed by the classification pipeline and feedback was rendered.

A.1.1 Visual Feedback System

The intervention’s interface included multiple components designed to balance salience
and non-intrusiveness:

1. Post-comment overlay: A brief, non-blocking notification indicating the drops
awarded and tree status

2. Tree visualization: An animated tree graphic reflecting health and growth

3. Progress dashboard: A cumulative summary of comment activity, sentiment
ratios, and trends

4. Ambient health indicator: A persistent but unobtrusive bar reflecting tree
condition
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Priority-Based Lexical Filtering.

Before model inference, comments passed through a deterministic keyword filter, trig-
gering immediate feedback for high-priority terms across toxic categories: (1) Hate
Speech, (2) Derogatory, (3) Microaggression, (4) Profanity, and (5) Trolling. Positive
keywords (e.g., “thanks”, “insightful”) were also included to ensure reinforcement for
constructive behavior.

Inference and Punctuated Scoring Logic.

Each comment was assigned a label and confidence score (conf), mapped to
reinforcement states:

1. Positive Sentiment (+3): High-confidence Normal comments received maximum
reward

2. Negative Sentiment (—3): Toxic category matches triggered penalties

3. Neutral Sentiment (+2): Low-confidence or OOD comments (e.g., Spanish or
Hindi) received fallback neutral reward

System Resilience and Fallback Logic.

A fail-safe mechanism ensured consistent feedback: if the BERT model was unavailable,
keyword filtering ensured continuity (see Table A2).

Linguistic Bias and Fallback Interpretation.

Deployment-time logic (keyword + model) reduced the negative sentiment baseline to
6.7%, compared to 51.03% under raw Al-only reanalysis. This illustrates the filter’s
role in mitigating semantic over-sensitivity and avoiding penalization of ambiguous
user input.

A.2 Hybrid Al-Lexical Comment Classification

Model Architecture.

We used a 12-layer BERT transformer architecture fine-tuned from dbmdz/bert-
base-turkish-uncased, retrained on English corpora. This architecture introduced
conservative confidence thresholds to reward only high-certainty prosocial expression.

Training Data and Labels.

Using the Trawling for Trolling dataset [52], we fine-tuned the model on six categories:
Normal, Trolling, Profanity, Derogatory, Hate Speech, and Microaggression. Oversam-
pling was used to balance underrepresented classes, yielding N = 30,252 comments
across standard train/val/test splits.

Training Procedure and Performance.

Model training used PyTorch and GPU acceleration. Final test accuracy was 0.867,
with an F1 score of 0.864 (see Table Al).

24



Table A1: Model performance across splits

Split Accuracy F1 Precision  Recall
Train 0.951 0.951 0.951 0.951
Validation 0.860 0.860 0.859 0.861
Test 0.867 0.864 0.864 0.865

Keyword Lexicons and Priority Mapping.

The full keyword lexicon used in the deterministic layer is shown in Table A2. Word-
boundary regular expressions prevented false positives.

Scope and Limitations.

This classifier was designed for coarse sentiment and harm labeling to drive visual
feedback—mnot for granular moderation. Outputs were treated as probabilistic signals.
Classification errors and biases (e.g., around irony or reclaimed language) may per-
sist, particularly for linguistically or culturally ambiguous expressions. The keyword
filtering layer reduced baseline negative classification from 51% (raw model) to 6.7%
(deployment), mitigating semantic over-sensitivity to ambiguous or informal language
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Table A2: Harmful and Prosocial Category Keyword Lexicons by Priority Order

Priority Category Keywords

1 HATE SPEECH hate, kill, die, death, racist, nazi, kys, hang, lynch, genocide, terrorist

2 DEROGATORY idiot, moron, stupid, dumb, loser, pathetic, worthless, trash, scum, garbage, waste

3 MICROAGGRESSION actually, mansplain, you people, one of the good ones, not like other, surprisingly articulate,
exotic, where are you really from

4 PROFANITY fuck, shit, damn, bitch, ass, bastard, crap, piss, cock, hell, goddamn

5 TROLLING lol, Imao, cry, cope, seethe, mald, ratio, 14ratio, bozo, skill issue, mad, salty, triggered

- POSITIVE great, awesome, love, amazing, wonderful, excellent, fantastic, good, nice, beautiful, helpful,

thanks, thank you, appreciate, well done, brilliant, perfect, agree, support, insightful, inter-
esting, cool, respect




Table A3: Raw model sensitivity analysis (strict Al-
only logic)

Category Week 1 % Week 7 % A change
Positive (+3) 35.13 55.88 +20.75
Negative (—3) 51.03 41.67 —9.36
Neutral (+2) 13.85 2.45 —11.40
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