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Abstract

Prior mental-health studies using online data primarily ex-
plored English-language dedicated support forums in single-
country settings. In contrast, we investigate high-visibility
mental-health-related discourse on Reddit spanning 7 Nordic
and Baltic countries (Norway, Sweden, Denmark, Finland,
Iceland, Estonia, Lithuania), 3 regional communities, and 8
languages collected over 12 months. Specifically, we study
multilingual general-community subreddits and extend the
analysis to community reply behavior. A two-stage approach
(multilingual keyword lexicon followed by GPT-40-mini an-
notation) yields 820 high-confidence disclosures. Counter-
intuitively, we note no significant differences between win-
ter and summer rates, and daylight models remain non-
significant. Cross-country differences are statistically de-
tectable but substantively tiny and are entangled with cross-
lingual confirmation bias. Alarmingly, our community re-
sponse analysis reveals that stress sharing attracts support-
ive responses, but suicidal-ideation disclosures received the
most fragile response environment (36.5% of responses were
harmful/dismissive).

Introduction

Mental health disorders, such as depression, anxiety,
burnout, loneliness, suicidal ideation, and substance mis-
use, are becoming a major and growing challenge across
the world. Interestingly, the Nordic countries paradoxi-
cally combine high reported well-being (Helliwell et al.
2023) with some of Europe’s highest antidepressant pre-
scription rates (OECD 2023) and self-reported depression
diagnoses (World Health Organization 2023). A potential
antecedent can be seasonality: at latitudes above 55N, win-
ter daylight falls below six hours per day, and photoperiod
stress is a well-established trigger for Seasonal Affective
Disorder (SAD), which affects 1-3% of the Nordic pop-
ulation with subsyndromal “winter blues” affecting a fur-
ther 10-20% (Lam and Levitan 2000; Rosenthal et al. 1984;
Kurlansik and Ibay 2012). The Baltic states share a high-
latitude climate but differ markedly in healthcare infrastruc-
ture, cultural attitudes toward mental illness, and historical
context (Semrau et al. 2011), creating an ideal context to ex-
amine public discourse on mental health.
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Traditional mental health surveillance relies on clini-
cal records and periodic surveys, which are costly, time-
consuming, and subject to social-desirability bias (Chan-
cellor and De Choudhury 2020). Reddit offers a comple-
mentary signal. Here, users disclose mental health experi-
ences pseudonymously, in long-form, and in real time (Cop-
persmith, Dredze, and Harman 2014; Gkotsis et al. 2017;
Wolohan et al. 2018). Prior computational work has stud-
ied depression (Yates, Cohan, and Goharian 2017), suici-
dality (Ji et al. 2020), anxiety (Shen and Rudzicz 2017;
Tsakalidis et al. 2022), and stress (Turcan and McKeown
2019; Birnbaum et al. 2017) on Reddit, and offered mean-
ingful insights. These studies, however, focus primarily on
English-language dedicated support communities such as
r/depression and r/SuicideWatch in single-country datasets.
Intuitively, the vast majority of Reddit users in non-English-
speaking countries may discuss mental health not in special-
ist forums but embedded within general national subreddits,
in their native language, along with everyday topics - a set-
ting that has received almost no computational attention.

Conceptually, we do not treat discourse in general subred-
dits as a proxy of population mental health. Instead, it is a
platform-conditioned disclosure signal. Hence, the tempo-
ral, geographic, and reply patterns should not be interpreted
as direct proxies of mental health in these countries. Overall,
this study makes four incremental contributions to the extant
literature as follows:

1. Temporal Analysis. A systematic examination of
LLM-filtered disclosure rates across monthly, seasonal,
weekly, and diurnal scales in high-latitude communities.

2. Cross-country Analysis. Comparison across 7 countries
together with within-country analyses of language choice
and subreddit scale effects.

3. Community Response Analysis. A reply-level study of
how Reddit users respond to confirmed disclosures, dis-
tinguishing supportive, uncritical, and harmful reply pat-
terns across mental health categories.

4. Dataset Preparation. A multilingual Reddit corpus (8
languages, 29 subreddits, 220,544 comments in the re-
ported corpus, twelve months) and a two-stage ap-
proach combining a 600-term multilingual keyword lex-
icon with full GPT-40-mini annotation - as a discourse-
measurement tool.



Related Work

Research on mental health in social media has gained mo-
mentum over the past decade. Coppersmith, Dredze, and
Harman (2014) showed that language patterns on Twitter
discriminate users with diagnosed depression, PTSD, and
bipolar disorder. Subsequently, Yates, Cohan, and Gohar-
ian (2017) extended this to predicting self-disclosed depres-
sion from posting history in Reddit. Gkotsis et al. (2017)
also characterized the linguistic properties of different dis-
order categories in Reddit mental health posts. Similarly, Ji
et al. (2020) demonstrated that transformer models trained
on Reddit can detect suicide risk with clinically meaning-
ful sensitivity. Sabri et al. (2024) also showed that burnout
discourse can be inferred across heterogeneous communi-
ties. LLMs have more recently been validated as annotators
for sensitive mental health content, achieving near-human
agreement on depression and anxiety tasks (Amin, Cam-
bria, and Schuller 2023). Several prior studies have fore-
grounded a humanitarian perspective, with particular atten-
tion to the lived experiences and hardships of migrants as
well as their mental health outcomes (Khatua and Nejdl
2021; Khatua 2025). Across this body of work, the domi-
nant pattern is English-language data from dedicated clin-
ical forums (r/anxiety, 1/ptsd, r/stress) (Turcan and McKe-
own 2019), where mental health disclosure is the community
norm. Consequently, cross-cultural and multilingual work
are crucial research gaps (Rai et al. 2025).

Only a handful of studies explored the temporal di-
mension in this domain. De Choudhury et al. (2013) ob-
served elevated suicidal language on Mondays and in early-
morning hours. Dutta et al. (2021) also confirmed diur-
nal variation in a suicide-support forum. Other studies also
echo this trend. For example, MacAvaney et al. (2018)
showed that temporal annotation materially affects how
mental health timelines should be interpreted. Ashokkumar
and Pennebaker (2021) showed that city-level Reddit lan-
guage tracks population-level psychological shifts over time.

Interestingly, the Nordic high-latitude context makes sea-
sonality a natural antecedent. For instance, Haggarty et al.
(2002) documented winter spikes in help-seeking for depres-
sion in Scandinavia. Hence, whether SAD-consistent pat-
terns survive in general subreddits, and whether Nordic
and Baltic discourse communities respond differently to
disclosures, are the unexplored questions this paper ad-
dresses. Multilingual approaches using models such as
XLM-R (Conneau et al. 2020) and multilingual sentence
transformers (Reimers and Gurevych 2019) enable cross-
lingual transfer, but these have rarely been applied to mental
health specifically, and to our knowledge, none has covered
the multi-lingual NordicBaltic context.

Another under-explored domain is community response
- what happens after a mental health disclosure. Morini et al.
(2025) showed that in dedicated Reddit mental health com-
munities, receiving replies is critical for sustaining partici-
pant engagement, but community response dynamics differ
substantially from general-purpose subreddits. Ferizaj et al.
(2025) identified Yalom’s group therapeutic factors, partic-
ularly universality and altruism, as dominant mechanisms in
anonymous Reddit peer-support discussions, measured us-

ing LLM-based thematic analysis. Accordingly, Rayland
and Andrews (2023) also argued that peer support traverses
shared lived experience and role modeling rather than infor-
mation provision, thereby distinguishing it mechanistically
from professional support. Donnelly et al. (2025) pointed
out that negative and dismissive online responses are a mea-
surable disadvantage for suicidal disclosures on social me-
dia. Notably, all of this work examines moderated, dedi-
cated clinical communities. The response environment sur-
rounding disclosures in general national subreddits, where
no community norms or automated moderation guardrails
exist, has not been studied to the best of our knowledge.

Research Gaps: As noted, extant literature on social-
media mental health has three broad limitations: (1) it pri-
marily uses English data exclusively (Yates, Cohan, and Go-
harian 2017; Ji et al. 2020; GKkotsis et al. 2017), (2) it focuses
on dedicated clinical forums where disclosure is the com-
munity norm rather than from general communities where
it is the exception (Turcan and McKeown 2019), and (3) it
rarely examines how communities respond once a disclosure
is made (Morini et al. 2025). These gaps lead to the follow-
ing intriguingly interlinked research questions (RQ):

RQ1. Frequency Analysis: How often does mental health
discourse appear in Nordic and Baltic subreddits?

RQ2. Temporal Patterns: How do they vary across sea-
sonal, weekly, and diurnal scales in this high-latitude
setting on general subreddits?

RQ3. Cross-Country Patterns: How do the discourses dif-
fer across countries, and how do language choice and
subreddit scale shape disclosure context?

RQ4. Community Response Patterns: When mental health
discourse receives direct replies, what forms of com-
munity support emerge, and how does the response
environment vary by disclosure severity?

Data Collection

Subreddit Selection: We explore Reddit communities as-
sociated with 8 Nordic and Baltic countries, plus 3 regional
subreddits (r/Nordiccountries, r/BalticStates, r/scandinavia).
We had to exclude Latvia due to data scarcity and insuffi-
cient keyword-lexicon coverage. For each retained country,
we include the primary national subreddit and, where avail-
able, city-level or English-oriented subreddits. Table 1 sum-
marizes the 29 subreddits across 8 country groups.

Dataset Collection: Data were collected using
PRAW (Boe 2024) from February 2025 to January 2026.
For each subreddit, we retrieved up to 200 top-ranked
threads, and for each thread, all comments with at least
30 characters. Language was identified per comment using
langdetect (Danilak 2014). Our initial corpus contained
230,321 comments from 31 subreddits across 8 countries.
After excluding Latvia from the main 7-country analysis
due to data scarcity and insufficient lexicon coverage, the
reported analytical corpus comprises 220,544 comments
from 29 subreddits.

Sampling note: Top-thread sampling over-represents
high-engagement content. Thus, all findings should be in-
terpreted as high-visibility discourse rather than baseline ac-



Table 1: Subreddits per country group.

Country Count Subreddits

Norway 5 r/norge, r/Norway, r/oslo, r/Bergen,
r/trondheim

Sweden 4 r/sweden, r/stockholm, r/Gothen-
burg, r/malmo

Denmark 4 r/Denmark, r/copenhagen,
r/Aarhus, r/odense

Finland 5 r/Suomi, r/Finland, r/helsinki, r/-
Turku, r/tampere

Iceland 2 r/Iceland, r/Reykjavik

Estonia 3 r/Eesti, r/Tallinn, r/Tartu

Latvia 2 r/latvia, r/Riga

Lithuania 3 r/lithuania, r/Vilnius, r/Kaunas

Regional 3 r/Nordiccountries, r/BalticStates,

r/scandinavia

tivity. High-visibility posts also attract more replies, mean-
ing the community-response analysis reflects the response
environment for the most-seen disclosures, which may dif-
fer from disclosures in low-traffic threads. Table 2 gives the
country-wise breakdown.

Language Distribution: Automatic language detection
reveals 8 dominant languages. English accounts for 33.5%
of all comments (77,128), across several subreddits. The 5
Nordic and 2 Baltic languages together cover the remain-
ing majority, emphasizing the need for our multilingual ap-
proach.

Table 2: Dataset summary by country group.

Country Threads Comments Subreddits
Norway 1,000 46,927 5
Sweden 659 35,598 4
Denmark 800 41,316 4
Finland 1,000 41,717 5
Iceland 254 7,218 2
Estonia 400 13,965 3
Lithuania 400 11,754 3
Regional 414 22,049 3
Total 4,927 220,544 29
Methodology

Multilingual Keyword Filtering: We developed a hand-
crafted mental health keyword lexicon covering six cate-
gories - depression, anxiety, stress/burnout, loneliness, sui-
cidal ideation, and substance abuse - across 7 languages.
Each comment is matched against the lexicon for its detected
language, and, if a match is found, we label it as a mental
health candidate.

LLM-based Annotation: Next, we employ GPT-4o-
mini (OpenAl 2024) for multi-label classification. For each
comment, we consider whether it contains a personal or
proximate experiential reference to a mental health con-
dition, ranging from first-person self-report to close-third-

person reference to a family member or intimate contact, as
distinct from general discussion, news references, metaphor-
ical usage, or moderation commentary. Each comment re-
ceives a binary label indicating its category, a confidence rat-
ing (high/medium/low), and a none flag for non-disclosure
use.

Given the absence of corpus-wide human adjudication,
we had to consider LLM-based classification. For robust-
ness, we re-annotate all 759 confirmed disclosures using
two independent LLMs, i.e., GPT-40 and Claude Haiku (An-
thropic 2024), with the same prompt and taxonomy. Pairwise
Cohen’s k across the three annotators (GPT-40-mini, GPT-
40, Claude Haiku) is reported in Table 3. Mean  ranges
from 0.833 (GPT-40-mini vs. Claude) to 0.868 (GPT-40 vs.
Claude), with an overall mean of 0.854 - in the “almost
perfect” agreement band by Landis and Koch (Landis and
Koch 1977). The lowest individual category is depression
(k = 0.753, “substantial”). Suicidal ideation and anxiety
exceed k = 0.87 across all pairs. The primary 7-country
analysis considers only “high” confidence comments.

In our robustness analysis, we explore the stability of the
filter. Accordingly, we use multi-LLM agreement, thresh-
old sensitivity, and a small qualitative manual audit to ex-
plore the reliability of our methodological approach - dis-
cussed elaborately in the limitations section. For instance,
our threshold sensitivity check compares key findings under
high-only versus high + medium inclusion.

Table 3: Pairwise Cohens x across three independent LLM
annotators. All mean pairwise x values exceed 0.80, indicat-
ing near-perfect agreement.

Annotator pair Depr. Anx. Stress Lone. Suic. Subs. \ Mean
GPT-40-mini vs GPT-40  0.769 0.934 0.813 0.887 0.936 0.829 0.861

GPT-40-mini vs Claude  0.753 0.896 0.807 0.879 0.831 0.832 0.833
GPT-40 vs Claude 0.833 0910 0.785 0931 0.870 0.878 0.868

Due to data scarcity, the reported 7-country corpus ex-
cludes Latvia for RQ1 and RQ2, leaving 5,817 keyword
candidates and 759 high-confidence disclosures. However,
the reply-level analysis (RQ4) considers the full 820 con-
firmed disclosures. We consider confirmed-disclosure rates
normalized by total comment volume within the correspond-
ing temporal unit (month, season, weekday, or local-time
hour). To probe the daylight hypothesis, we consider the 7-
country panel and employed regression analysis. For cross-
country comparison we use two complementary summaries:
a Kruskal-Wallis test on country-month confirmed rates,
and a comment-level chi-square omnibus test with Cramér’s
V' as the effect-size measure. It is worth noting that com-
ments are clustered within threads, subreddits, and coun-
tries, and confirmation rates vary by language. Therefore,
these results should be interpreted carefully.

LLM Prompt: The reply-support analysis classifies each
direct reply to a confirmed mental-health disclosure us-
ing GPT-40-mini (OpenAl 2024), applying a structured
response-style prompt. Each reply is assessed for: (1) pri-
mary response type from the nine-category taxonomy be-
low, (2) stance to poster (supportive / neutral / dismis-
sive), and (3) support quality (constructive / mixed / poor



/ harmful). Category-wise reply profiles are interpreted de-
scriptively because disclosure categories are multi-label and
some replied-category counts are modest.

System: You are annotating a reply to a confirmed
mental health disclosure on Reddit. Classify the reply
using the taxonomy below. Output JSON with keys:
primary_-response_type, stance_to_poster,
support_quality.

Taxonomy: shared_experience (responder discloses a
similar personal struggle), emotional_support (empathy
or validation without personal disclosure), informa-
tional_support (factual advice or coping strategies),
resource_referral (directs to professional help, hotlines,
or services), constructive_challenge (supportive disagree-
ment or grounding), uncritical validation (mirrors the
poster without grounding or nuance), hostile_dismissive
(minimises, mocks, or challenges the disclosure nega-
tively), harmful_escalation (reinforces risky, retaliatory,
or hopeless framing), neutral offtopic (no substantive
engagement with the mental health content).

Findings & Limitations

RQ1: Frequency Analysis

Unless otherwise stated, all reported mental-health disclo-
sure rates are normalized by total comment volume for
that respective category. Excluding Latvia, keyword filtering
identifies 5,817 mental health disclosures (Stage 1 candidate
rate: 2.64%). High-confidence GPT-40-mini filtering retains
only 759 disclosures (0.34% of the full corpus). This is sub-
stantially lower than rates typically observed in dedicated fo-
rums where disclosure is the community norm. (Morini et al.
2025). Table 4 presents category-wise prevalence within the
retained 7-country confirmed-disclosure subset.

Table 4: Category label prevalence (multi-label, hence, per-
centages do not sum to 100%).

Category Count % of Confirmed
Substance abuse 298 39.3
Depression 165 21.7
Stress / burnout 130 17.1
Anxiety 116 15.3
Suicidal ideation 114 15.0
Loneliness 100 13.2

RQ2: Temporal Patterns

Figure 1 reports the temporal pattern. We note that monthly
trends vary within a narrow band, with the highest rate in
December (0.53%) and a secondary elevation in late summer
(August: 0.39%). Aggregated seasonally, Winter (0.38%)
and Summer (0.36%) are close (ratio = 1.05). Furthermore,
our regression analysis doesn’t yield statistically significant
results. In other words, we do not detect a robust associa-
tion with daylight. Given the small number of countries and
the possibility that the filter misses subtle or implicit cases,
it would be problematic to conclude that no SAD-related ef-
fect exists.

Table 5: Cross-lingual confirmation rates for high-
confidence disclosures (Latvia and Iceland excluded). The
confirmation rate is defined as the proportion of keyword-
matched candidates retained after LLM filtering. Differ-
ences across languages primarily reflect variation in the pre-
cision of the lexicon rather than true differences in disclo-
sure prevalence.

Language Candidates Confirmed Rate (%)
Finnish 150 51 34.0
Lithuanian 117 27 23.1
Norwegian 841 128 15.2
Swedish 1,175 159 13.5
English 1,715 231 13.5
Danish 1,236 120 9.7
Estonian 558 38 6.8

Category-level temporal structure is more differentiated.
Anxiety remains winter-peaked, whereas suicidal ideation is
relatively more prominent in Summer than Winter, consis-
tent with the documented spring—summer peak in Scandina-
vian suicide rates (Partonen et al. 2004). Weekly and diur-
nal rhythms are clearer than the seasonal gradient: Monday
has the highest confirmed rate (0.42%), confirming the Mon-
day elevation in suicidal language reported by De Choud-
hury et al. (2013), and the hourly profile concentrates in
overnight hours (01h—06h local time per country; peak at
06h: 0.71%), consistent with diurnal patterns observed in
dedicated suicide-support forums by Dutta et al. (2021).
Both patterns persist after country-specific time zone cor-
rection (UTC+0 to UTC+3), confirming that they are not ar-
tifacts of UTC.

RQ3: Cross-Country Patterns

We find that Sweden has the highest observed disclosure
rate (2.31%), followed by Estonia (1.78%) and Norway
(1.71%), while Finland (1.24%), Lithuania (1.16%), and Ice-
land (0.68%) display lower disclosure rates. The effect is
statistically detectable but substantively minimal. Also, Ta-
ble 5 shows large cross-lingual confirmation differences,
so these country contrasts are entangled with language-
specific pipeline sensitivity. Country-category composi-
tion also varies within the retained subset. In the Nordic
group, substance abuse is the most frequent confirmed la-
bel (37.9%), followed by depression (20.5%) and stress
(17.5%). In Estonia and Lithuania combined, substance
abuse is still dominant (49.3%), but depression (35.6%) and
suicidal ideation (20.5%) are more prominent than in the
Nordic group. However, these composition differences are
best read as differences in the posts that survive the filter
rather than direct cross-national comparisons of disclosure
propensity. Figure 3 shows the full cross-country structure.
Within-country contextual analyses reveal mixed effects.
On language of disclosure (Figure 4), Estonia and Sweden
show higher native-language confirmed rates, while Finland
shows a reverse gaps, offering no support for a universal
native-language advantage. On subreddit scale (Figure 5),
city subreddits exceed national ones in Denmark, Estonia,



A B C
Monthly disclosure rate Category X season Weekday x hour (local time)

05 ‘Winter months shaded Depression 007 007 008 0.16 Mo I o
S . 0.14 Tu I I 14
504 Anxiety 0.05 0.03 0.04
2 12
o 0.12 We
3 Stress / burnout ~ 0.06 007 005 007 _ Lo~
£03 g g
el -0.10 3 Th 2
5 5 083
=t Loneliness 006 0.04 0.05 005 ~ 08
E 02 0.08 Fr 0.6
E Suicidal ideation = 0.06 004 005 003
So.l -0.06 Sa 04

00 — 0% S I [

: -0.0
Jan FebMarApiMayJun Jul AugSep OctNovDec Winter Spring SummerAutumn Oh 4h 8h 12h 16h 20h

Hour of day (local)

Figure 1: Temporal profile of mental-health disclosures; all timestamps converted to each country’s local time (UTC+0 to
UTC+3). (A) Monthly disclosure rate. December is the highest, but the annual range is modest. (B) Category—season pro-
file normalised by total seasonal volume. Anxiety and substance abuse show the strongest winter elevation, while suicidal
ideation peaks in summer. (C) Weekday-hour heatmap (local time per country, UTC+0 to UTC+3) of confirmed disclosure rate.
Overnight hours (01h-06h local time) and Monday show the strongest concentration.
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Figure 2: Geographic overview of mental-health disclosure rates. (a) Country-level rate across 8 countries. (b) Ranked rates for
city subreddits with total comment volume.

Finland, Iceland, and Norway, but Sweden and Lithuania RQ4: Community Response Patterns

show the opposite pattern. Both analyses point to platform

context as a moderator of observed disclosure behaviour Prior work on mental health in social media primarily fo-
rather than a universal driver. cuses on the disclosure side: detecting who discloses, when,

and to what extent. The response side - what happens once
a disclosure is made - has received much less attention, and
what exists focuses on moderated, dedicated clinical com-
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Figure 3: Cross-country structure of confirmed disclosures. (A) Country-month profile. (B) Country-level category composition,
illustrating differences in retained category mix between the Baltic and Nordic subsets.
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Figure 4: Mental-health disclosure rate by language (English
vs. native) within each country. Native-language rates are
higher in Sweden and Estonia. Finland shows a reverse gap,
indicating that language-of-disclosure effects are context-
dependent.

munities such as r/depression and r/SuicideWatch, where
community norms actively encourage supportive reply be-
havior (Morini et al. 2025; Ferizaj et al. 2025). General
national subreddits are structurally different environments:
mental health disclosure is incidental and off-norm, and
there are no community moderation rules or auto-posted
crisis links to shape replies. Hence, whether these spaces
function as impromptu peer-support networks or expose dis-
closers to harmful responses is an unanswered question with
direct implications for platform safety design.

To address this, we analyze the direct-reply chains of all
820 confirmed disclosures. The sub-50% reply rate (409 of
820 disclosures received at least one direct reply) is itself
informative: in dedicated support forums, virtually every
post receives a reply, because reply-giving is the community
norm (Morini et al. 2025). Conversely, here, mental health
content competes with the full range of everyday discussion
topics, and a post that receives no reply simply goes unno-
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Figure 5: Mental-health disclosure rate in national versus
city subreddits within each country. City subreddits are
higher in Denmark, Estonia, Finland, Iceland, and Nor-
way. Sweden and Lithuania show the reverse, indicating that
subreddit-scale effects are country-dependent rather than
universal.

ticed rather than being ignored. The 654 classified replies
therefore represent organic peer responses to incidental dis-
closures in ordinary public discourse, structurally different
from studies that considered dedicated forums.

Among replied disclosures, 72.4% receive at least one
supportive reply and 18.1% receive at least one harmful or
dismissive reply. At the reply level, LLM-classified response
patterns suggest that the dominant primary type is shared ex-
perience (41.1% of replies), followed by constructive chal-
lenge (14.5%), hostile/dismissive (13.6%), neutral/off-topic
(13.1%), uncritical validation (9.2%), and informational
support (7.0%). Emotional support (0.6%), resource refer-
ral (0.5%), and harmful escalation (0.3%) are rare as pri-
mary reply styles.

As a robustness check, collapsing to a binary scheme
(supportive = shared_experience + emotional_support +
informational_support + resource_referral + construc-



tive_challenge, non-supportive = hostile_dismissive + harm-
ful_escalation + neutral offtopic + uncritical_validation)
yields 63.7% supportive primary replies overall, and the sui-
cidality gap remains the largest cross-category contrast. Peer
response is expressed primarily through personal testimony
rather than overt counseling or resource referral - consis-
tent with Yalom’s universality factor (Ferizaj et al. 2025)
and with the peer-vs-professional distinction (Rayland and
Andrews 2023). The very low resource-referral rate (0.5%)
indicates that these communities rarely route disclosers to
formal services (Morini et al. 2025). The category profile is
uneven (Figure 6). Stress disclosures attract the most sup-
portive reply environment (95.2% receive at least one sup-
portive reply, only 6.0% receive a harmful/dismissive reply),
whereas suicidal-ideation disclosures receive the most frag-
ile response mix (60.3% supportive, 36.5% harmful/dismis-
sive). Overall, the social response environment varies mate-
rially by disclosure severity - a pattern that holds under both
the fine-grained taxonomy and the binary collapsed scheme.

Limitations

At the outset, we acknowledge that online platforms may
not reflect reality. For example, Reddit users are primarily
younger and more educated (Pew Research Center 2021),
making them demographically unrepresentative. Despite
this limitation, online platforms provide a timely measure
of how mental-health-related disclosure and reply behavior
appear in sampled high-visibility threads.

Some of the limitations of our study open avenues for
future research. For instance, we mostly rely on a multi-
LLM agreement that demonstrates consistency. However,
we also conducted an informal manual annotation of two
small random samples from the annotated pool: 60 LLM-
rejected candidates and 30 medium-confidence positives.
Across the 60 randomly sampled rejected candidates, we
note generic policy/news discussion, and idiomatic or oth-
erwise non-self-disclosive uses of terms such as depres-
sion, anxiety, addiction, or loneliness. Across the 30 sam-
pled medium-confidence positives, we mostly find border-
line cases in which the context was too weak or figurative to
justify a high-confidence label. This indicates that the high-
only threshold is conservative: it removes a large amount
of obvious keyword noise and many borderline cases, while
also likely undercounting mild, implicit, or weakly contex-
tualized disclosure.

We note cross-lingual pipeline bias (Table 5). Confirma-
tion rates within keyword-matched disclosures vary substan-
tially by detected language (Table 5). Finnish (34.0%) and
Lithuanian (23.1%) show markedly higher within-candidate
confirmation rates than Danish (9.7%) and Estonian (6.8%),
suggesting that keyword-lexicon precision differs across
languages. This variation means that cross-language and
cross-country comparisons of confirmed-disclosure counts
may partly reflect differences in detection sensitivity. There-
fore, cross-country comparisons should be interpreted with
this possible limitation in mind.

Additionally, keyword detection fails to detect implicit
distress expressions lacking recognized vocabulary. Also,

top-thread sampling over-represents high-engagement con-
tent and under-represents low-visibility disclosures. Intu-
itively, our proposed approach may be more applicable for
high-visibility discourse. Hence, we conducted a thresh-
old sensitivity analysis. To assess whether the choice
of confidence threshold drives the main findings, we re-
peat the key analyses, including medium-confidence la-
bels (high+medium: 1,550 disclosures vs. 759 high-only).
The core qualitative conclusions are stable: Monday re-
mains the peak weekday under both thresholds, and the
winter-to-summer ratio remains consistent - 1.05 (high-
only) versus 1.01 (high+medium) - both near-null and di-
rectionally consistent. Combined with the audit of medium-
confidence cases above, this suggests that the high-only
threshold mainly trades recall for a cleaner retained set
rather than flipping the substantive temporal conclusions.
Finally, hourly and weekday analyses use country-specific
local time (UTC+0 to UTC+3), and monthly and seasonal
analyses use UTC, where a <3 h offset does not significantly
affect month or seasonal pattern.

Discussion

What the LLM Filter Measures: Our multi-LLM agree-
ment indicates that the retained labels are stable, but our
manual audit suggests that this approach is not impeccable.
This LLM-based approach produces a consistent measure-
ment of explicit, high-confidence disclosure under stated
assumptions, but may ignore weakly contextualized first-
person distress. We also note that the temporal pattern
is slightly counterintuitive. Winter and summer rates are
broadly similar (ratio = 1.05), and the 7-country daylight
tests remain non-significant. We therefore do not observe a
robust daylight association in this dataset, but a ‘no SAD ef-
fect’ conclusion might be problematic because the country
panel is small and subtle or implicit disclosures may be fil-
tered out. What appears more stable is a December spike,
a Monday concentration, and consistent overnight elevation
(01h—06h local time). The December anomaly may reflect
holiday-related discussion or year-end reflection rather than
photoperiod, whereas the weekly and diurnal effects may
serve as a (weak) indicator of underlying societal distress.
Cross-Country Differences and Contextual Factors:
As noted, our analysis based on community-specific Reddit
data may not reflect the offline reality. Despite this limita-
tion, Sweden’s higher observed rate and Iceland’s lower one
are descriptively true within this corpus, but the effect size is
nominal, and cross-lingual confirmation rates differ sharply.
Hence, we may conclude that general-community disclosure
looks different across language communities and subreddit
ecologies, while country-level magnitude differences remain
highly confounded by measurement sensitivity.
Interestingly, online and offline rankings did not con-
verge. However, this does not make the Reddit signal use-
less, but it means the signal is better understood as public
expression in a platform setting than as a proxy for real-
ity. Language choice and subreddit scale also matter, but not
uniformly. The absence of a consistent native-language ad-
vantage and the reversal of the city-effect sign across coun-
tries suggest that context moderates disclosure behaviour in
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ways that aggregate country-level analysis cannot fully cap-
ture.

Community Response and the Suicidality Gap: To our
knowledge, this is the first reply-level analysis of men-
tal health disclosure responses in multilingual, general-
community Reddit across Nordic and Baltic countries. As
noted, prior work on community response is confined to
dedicated clinical subreddits (Morini et al. 2025; Ferizaj
et al. 2025), where reply-giving is a community norm and
the response environment is shaped by explicit moderation
policies. Without moderation policies, the 41.1% shared-
experience dominance is not an artifact of a help-seeking
community but a recurring response mode to incidental dis-
closure in ordinary public discourse. The result aligns with
prior work on universality and peer testimony (Ferizaj et al.
2025; Rayland and Andrews 2023), but it also shows the
limits of informal peer responses: explicit resource referrals
are extremely rare.

The more actionable finding is the suicidality gap. While
stress disclosures attract a largely safe response environ-
ment (95.2% supportive), suicidal-ideation disclosures at-
tract the most harmful/dismissive replies (36.5%). Donnelly
et al. (2025) documents a comparable pattern in broader
social-media suicidal disclosure data, identifying negative
responses, including dismissal and the framing of disclo-
sures as attention-seeking, as a measurable disadvantage of
public online disclosure. In our setting, community support
is least reliable where disclosure severity is highest. Dedi-
cated clinical subreddits such as r/SuicideWatch use mod-
eration rules and auto-posted crisis resources to buffer that
risk, but general national subreddits do not. Therefore, the
platform safety tooling should pay particular attention to sui-
cidal disclosure in ordinary community spaces rather than

only in specialist forums.

Conclusion

We explored a multilingual corpus of mental-health-related
discourse in Nordic and Baltic Reddit, covering 220,544
comments in 8 languages across 7 countries over a full an-
nual cycle. Unlike prior studies, we have not considered fo-
cused subreddits, but generic subreddits. The core contri-
bution of our study is community response: peer sharing
dominates, but the reply environment for suicidal-ideation
disclosures is a concern for platform safety tooling. Coun-
terintuitively, daylight-linked seasonality is not evident in
our analysis, and raw cross-country differences are both tiny
in effect size and confounded by cross-lingual confirmation
bias. However, Monday and overnight concentrations (01h-
06h local time) survive as the more stable temporal patterns.

Overall, our findings suggest that general-purpose subred-
dits in local languages contain an interpretable, platform-
conditioned signal of high-visibility mental-health disclo-
sure and reply behavior, but this signal should be treated as
a discourse measure rather than as a prevalence proxy or a
country-burden ranking. Reddit is therefore best used as a
complementary source for monitoring public expression and
response behavior in multilingual, high-latitude communi-
ties.

Ethical Statement

This study uses publicly accessible Reddit content in read-
only mode and analyzes it only at the aggregate level. We do
not infer individual diagnoses, identities, or treatment status,
and we avoid reproducing identifiable user content. Findings
should inform aggregate monitoring and hypothesis genera-
tion, not automated decision-making about individual users.
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