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ABSTRACT

Background. Language models applied to online mental-health communities meet
shifting vocabulary and social context. Temporal transportability matters for
population research but is often conflated with clinical validation.

Objective. To develop and internally validate a Columbia-Suicide Severity Rating
Scale-informed semantic axis and examine aggregate transport across matched
r/SuicideWatch windows, 2018-2020.

Methods. This secondary open-data study used 500 anonymous Reddit users labeled
Supportive, Indicator, Ideation, Behavior or Attempt and 46,203 deduplicated
r/SuicideWatch posts from matched January-April windows in 2018-2020. A two-
stage model (Supportive versus risk-related content, then three cumulative
thresholds) used term frequency-inverse document frequency (TF-IDF) unigrams and
bigrams. Nested repeated cross-validation selected regularization; the locked model
was applied to the temporal corpus. Drift was measured by cosine distance and
Jensen-Shannon divergence. Calendar-matched 2020-minus-2019 differences were
bootstrapped by day, and 2020 daily means underwent exploratory interrupted-time-
series (ITS) analysis.

Results. Internal validation gave an area under the receiver operating characteristic
curve (AUC) of 0.841 (95% confidence interval [CI] 0.799-0.876), Spearman rho
0.568 (0.503-0.624), weighted kappa 0.464 (0.392-0.527) and macro-F1 0.292
(0.257-0.326). Attempt recall was 0%. Mean projected scores were 1.969, 1.923 and
1.928 in 2018, 2019 and 2020; matched 2020-minus-2019 difference was 0.0053
(-0.0020 to 0.0128). Exploratory ITS level change was -0.01976 (-0.04062 to
0.00110). Vocabulary drift was measurable, whereas probability-composition
divergence remained small.

Conclusion. The axis captured moderate ordinal structure, yet no Attempt-labeled
user had Attempt as the highest-probability class. Stable aggregate outputs are not
evidence of individual clinical validity. The model supports aggregate transport
research, not screening, diagnosis or intervention.
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1. Introduction

clinically valid outcome merely because comparable
language appears in a social-media post. A post may
describe a remote event or another person's experience.

Assessing suicidal thoughts and behaviors is a high-
stakes clinical task. It rests on direct inquiry, temporal
context, prior behavior, current intent, access to means,
protective factors and professional judgment. The
Columbia-Suicide Severity Rating Scale (C-SSRS) offers
a structured nomenclature for suicidal ideation and
behavior, and it has shown convergent, divergent and
predictive validity in several clinical samples.! Even so,
a category taken from a clinical interview is not a
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It may reflect hypothetical reasoning, supportive
communication or an immediate personal crisis.
Linguistic evidence and a contemporaneous clinical
state are different things.

Recent Reddit research has gone beyond simple
keyword counts. Gaur and colleagues annotated users
for C-SSRS-informed severity and temporality. Their
time-variant and time-invariant models emphasized
different parts of the construct.2 Temporal analyses of
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suicide-support forums have revealed meaningful
diurnal and longitudinal variation,® and growth-
trajectory modeling has separated heterogeneous
patterns among Reddit users at elevated suicide risk.*
Large-scale linguistic work has recovered dimensions of
suicidality —across mental-health communities.
Movement of users between r/Depression and
r/SuicideWatch alters the thematic context in which
apparent risk language appears.® These studies show
that online language carries structured information, and
they also show that class definition, temporal context
and transport need explicit evaluation.

Online communication sits inside changing social
systems, and this is why the distinction matters.
Campus-level social-media discussions have predicted
later mental-health consultations.” Social-media activity
has been linked to suicidal behavior during a youth
suicide cluster,8 and surveys during the pandemic have
tied patterns of social-media use to mental-health
indicators.® At the individual level, positive and negative
social-media experiences may relate differently to
proximal suicidal ideation.l® Such work supports the
research value of online data, yet none of it makes a
single post equivalent to a contemporaneous clinical
assessment, because posting behavior, moderation,
community composition and outside events can shift
independently of the underlying clinical phenomenon.

Modelling studies report wide heterogeneity.
Transformer models can recognize suicide-note
language.!! Interpretable linguistic features can

separate broad social-media risk strata,'? and ensemble
or deep-learning systems can detect suicidal-ideation
content in benchmark corpora.’314 Newer work has
added explainability,!> turned to the quality of training
datal® and explored continuous learning under
changing online distributions.” A model can still keep
broad discrimination while failing a rare and serious
class; its performance can also shift when vocabulary
and user composition change.

What remains open is whether the learned semantic
axis stays interpretable on later language distributions,
which is a separate matter from classifying suicide-
related language inside a development corpus. Models
that use metadata,!® linguistic analyses of another
platform (Weibo)!® and semi-supervised social-media
classifiers?0 show that the operational signal depends
on text and on context. In the r/SuicideWatch corpus
used here, however, no contemporaneous C-SSRS labels
exist for 2018-2020. A responsible temporal analysis
must therefore evaluate observable properties:
vocabulary coverage, centroid movement, projected
probability composition and aggregate score contrasts;
it can make no claim of external clinical accuracy.

The novelty of the study is an integrated, role-aware
transport framework with three linked parts. The first
is a two-stage ordinal semantic instrument that keeps
supportive communication apart from risk-related
content, and the second is repeated out-of-fold
evaluation of whether the learned ordering holds within
the labeled source corpus. The third is a locked-feature
transport analysis. It separates movement in recognized
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vocabulary from movement in projected class
composition. Together these parts keep semantic
transport distinct from clinical validation. The primary
aim was to develop and internally validate a C-SSRS-
informed ordinal semantic axis in an anonymous
labeled Reddit corpus. The secondary aims were to
quantify aggregate transport across matched 2018-
2020 r/SuicideWatch windows through paired-day
contrasts and supporting drift measures. The 11 March
2020 interrupted time series (ITS) was exploratory. A
final objective was to define a safe intended use for the
resulting evidence.

2. Methods

2.1. Study design and reporting

This was a secondary open-data study of model
development and temporal transport. Internal
validation in a labeled user-level corpus was combined
with aggregate application to an unlabeled post-level
temporal corpus. The development estimands were
discrimination between Supportive and risk-related
content, the monotonic association between the
probabilistic ordinal score and observed labels,
agreement of exact predicted categories, class-specific
recall and expected-score error. The primary temporal
estimands were paired mean differences between 2020
and 2019 calendar-day aggregates. Two descriptive
transport measures were tracked: monthly vocabulary-
centroid distance from a 2018 reference, and
divergence of projected class composition from that
reference. Level and slope changes around 11 March
2020 were exploratory. Reporting was structured with
reference to the Transparent Reporting of a
multivariable prediction model for Individual Prognosis
Or Diagnosis, extended for artificial intelligence
(TRIPOD+AI) statement.?!

2.2. Data sources and analytic samples

The labeled corpus was the version 2 open release that
accompanies the study by Gaur and colleagues.?2 The
released dataset (doi:10.5281/zenodo.4543776) held
500 rows, 500 anonymous user identifiers, one
aggregated text field per user and one label. Every row
had non-empty text. There were no duplicate identifiers
or duplicate aggregated text fields. The release holds
108 Supportive, 99 Indicator, 171 Ideation, 77 Behavior
and 45 Attempt labels. The repository narrative
describes 448 annotated users, but the released CSV
contains 500. The present analysis followed the
auditable released file and reports the discrepancy as
provenance instead of altering the data.

The temporal corpus was the Reddit Mental Health
Dataset (doi:10.17605/0SF.10/7PEYQ). The
r/SuicideWatch files that cover the same seasonal
window, 1 January through 20 April, in 2018, 2019 and
2020 were selected. The broader “pre” file was
excluded. It runs from December 2018 through
December 2019 and overlaps the matched 2019
window. The source files held 10,215, 14,592 and
21,410 rows, respectively. Dates were parsed, and posts
with missing or empty text were excluded. Exact
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duplicates after whitespace normalization were
removed in chronological order, with the first
occurrence retained: none in 2018, threein 2019 and 11

Table 1. Data sources, sampling windows and analytic flow.

in 2020; the final temporal sample comprised 46,203
unique posts across 331 observed days and 12 calendar
months, as detailed in Table 1.

Component Source and unit Source records
Labeled corpus Zenodo 4543776; anonymous 500

user
r/SuicideWatch Post; 1 Jan-20 Apr 10,215
2018
r/SuicideWatch Post; 1 Jan-20 Apr 14,592
2019
r/SuicideWatch Post; 1 Jan-20 Apr 21,410
2020

Exclusions Analysed Analyticrole
0 500 Development and internal
validation
0 10,215 Temporal reference
3 duplicates 14,589 Calendar comparator
11 duplicates 21,399 Temporal application

Notes: Duplicate detection used whitespace-normalized text and retained the earliest occurrence. The broader “pre” file was excluded because it overlapped 2019.

2.3. Outcome definitions, text representation and
model fitting

Outcome definitions and ordinal structure. The source
labels were kept as documented. Supportive covered
users whose language mainly offered support. It was not
treated as a C-SSRS severity level. Among the risk-
related labels, Indicator denoted indirect signals or
factors that did not reach explicit ideation. Ideation
denoted suicidal thoughts or wishes as annotated in the
source. Behavior denoted preparatory or other suicide-
related behavior. Attempt denoted a stated or
documented attempt in the source annotation. An
Attempt label did not necessarily mean imminent
current risk, since the text could refer to an earlier
event.

The model accordingly used two linked probability
structures. Stage 1 estimated the probability that a user
text was risk related rather than Supportive. Stage 2
estimated three cumulative probabilities among risk-
related texts: greater than Indicator, greater than
Ideation and greater than Behavior. A cumulative
minimum was applied to constrain these probabilities
monotonically. A more severe threshold therefore could
not receive a higher probability than a less severe one.
Conditional probabilities for Indicator, Ideation,
Behavior and Attempt came from differences between
adjacent cumulative thresholds. Final five-class
probabilities  multiplied the conditional risk
probabilities by the Stage 1 risk probability. Supportive
probability equalled one minus the Stage 1 probability;
the continuous semantic-axis score was the expected
value across the five ordered classes coded 0-4.
Projected Behavior-plus-Attempt probability was the
sum of those two output probabilities. These quantities
are model outputs. They are not probabilities of a
contemporaneous clinical state or of a future event.

Text representation and model fitting. Text was lower-
cased within the vectorizer, and white space was
normalized. Stemming and stop-word removal were
avoided because they can strip negation or function-
word signals that carry meaning. The representation
used term frequency-inverse document frequency (TF-
IDF) unigrams and bigrams with sublinear term
frequency. The minimum document frequency was two,
the maximum document frequency 0.98 and the feature
cap 25,000. Logistic regression used inverse-frequency
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class weights computed separately within each fitted
training partition. The candidate inverse-regularization
parameters were 0.25, 1, 4 and 16.

Each training partition received one binary logistic
model for Supportive versus risk-related content. Three
further logistic models handled the cumulative
thresholds among risk-related observations. No
individual n-gram coefficients were exported. Rare
combinations can expose sensitive details or form an
unsafe catalog of language linked to self-harm. Model
development and temporal projection ran in Python
3.14 with NumPy 2.4.4, pandas 3.0.2, SciPy 1.17.0 and
scikit-learn 1.8.0. The deterministic random seed was
20260831.

2.4. Internal validation and uncertainty

Internal validation used five-fold stratified cross-
validation repeated five times. Inside each outer
training set, an inner three-fold stratified cross-
validation chose the regularization parameter by
minimizing the mean absolute error of the expected
ordinal score. The vectorizer and all four logistic models
were refitted within every inner training fold. After
selection, they were fitted on the full outer training set
and used to predict its held-out fold. Each user therefore
received five outer held-out probability vectors, one per
repeat. These were averaged before the final metrics
and the confusion matrix were calculated. All 25 outer
folds selected C = 16. In the final locked model,
deterministic monotonic correction was needed for 110
of 500 labeled probability vectors (22.0%; maximum
threshold adjustment 0.114) and for 9 of 46,203
temporal vectors (0.02%; maximum adjustment 0.031).
This audit describes an enforced modeling constraint. It
does not describe an ordering learned without
correction.

The primary internal measures were the area under the
receiver operating characteristic curve (AUC) for
Supportive versus risk-related content and the
Spearman correlation between observed class and
expected score. Quadratic weighted kappa, macro-
averaged F1, exact accuracy, balanced accuracy,
accuracy within one adjacent category and the mean
absolute error of the expected score completed the set.
The 95% confidence intervals (Cls) came from 1,000
user-level bootstrap samples. Class recall was
calculated from the averaged out-of-fold confusion
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matrix. Predicted probabilities did not correspond to a
target clinical prevalence, and no independent labeled
sample existed. Clinical calibration and decision-curve
analysis were therefore not estimated.

2.5. Temporal projection, drift and interrupted-
time-series analyses

Temporal projection and drift. The final vectorizer and
models were fitted on all 500 labeled users with C = 16
and then locked. Every temporal post was transformed
in that feature space. Vocabulary coverage was the
proportion of posts with atleast one recognized feature.
Post-level probability vectors and expected scores were
aggregated by day, month and year, and only aggregates
without author fields or raw text were exported.

Vocabulary-centroid drift for each month was one
minus the cosine similarity between its mean locked TF-
IDF vector and the mean vector of all 2018 posts.
Projected class-composition drift was the Jensen-
Shannon divergence, with base-2 logarithms, between
each month's mean five-class probability vector and the
matching 2018 reference. The two measures answer
different questions. Cosine distance tracks movement in
recognized vocabulary. Jensen-Shannon divergence
tracks movement once that vocabulary is compressed
into the model's five output probabilities. Eleven
precomputed semantic domains supplied with the
temporal dataset were used for triangulation. The 2020-
minus-2019 difference in each domain was divided by
the pooled post-level standard deviation. These
descriptive standardized differences were not treated
as independent clinical outcomes.

Calendar-matched and interrupted-time-series analyses.
The primary temporal contrast matched 2020 and 2019
by month and day. This gave 110 paired calendar days;
29 February 2020 had no match and was omitted.
Differences in daily mean expected score and daily
mean projected Behavior-plus-Attempt probability
were resampled at the calendar-day level 2,000 times;
this yielded percentile confidence intervals and two-
sided bootstrap p values. The day, rather than the tens
of thousands of individual posts, was thereby kept as the
unit of uncertainty.

An exploratory interrupted time series used the 111
daily observations from 1 January to 20 April 2020, of
which 70 fell before the interruption and 41 on or after
it. The predefined interruption was 11 March 2020, the
date on which the World Health Organization stated that
COVID-19 could be characterized as a pandemic.??
Weighted least squares with the daily number of posts
as weights estimated a post-volume-weighted daily
trajectory; the model included continuous time, an
indicator for observations on or after the interruption,
time after the interruption and six day-of-week
indicators. Newey-West standard errors with seven
lags, covering one weekly cycle, were robust to
heteroskedasticity and autocorrelation; the analysis
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was observational and had no external control series. It
was not interpreted as a causal effect of the pandemic.
No multiplicity adjustment was applied because the two
correlated outcomes and the interruption parameters
were exploratory. Exact effect estimates with
confidence intervals were prioritized. An equal-day-
weight sensitivity model tested dependence on volume
weighting.

2.6. Ethics, privacy and safety

The CMHC Research Center Ethics Committee Indonesia
granted ethical approval (No. 2026/020). The analysis
used secondary public datasets and involved no direct
contact with participants. Public availability was not
taken to remove ethical responsibility. Raw files were
kept in a restricted case directory. Usernames, author
fields, raw text, text quotations and user hashes were
left out of analytic exports, manuscript tables and
figures. The separate unlabeled JSON release, which can
contain identifiable usernames, was neither
downloaded nor analyzed. The model was evaluated as
a research instrument. It was never used to contact,
label, diagnose, triage or intervene with any individual.

3. Results

3.1. Analytic flow and corpus composition

All four downloaded CSV files matched their repository
checksums. The labeled corpus included all 500
anonymous users. The temporal flow retained 10,215
posts from 2018, 14,589 from 2019 and 21,399 from
2020 after removal of 14 duplicate posts; the complete
year-specific flow is detailed in Table 1. Dates were
complete after parsing and all retained posts contained
text. Locked-vocabulary coverage was 99.98% in 2018
and 100% in both 2019 and 2020. Sensitivity analyses
using exact-string deduplication (46,205 posts) or
retaining all 46,217 posts produced substantively
unchanged paired contrasts: the maximum absolute
change was 0.00013 for expected score and 0.00003 for
projected Behavior-plus-Attempt probability. The
alternative deduplication and weighting estimates are
detailed in Table 4.

3.2. Internal validation

The binary Supportive-versus-risk AUC was 0.841 (95%
CI 0.799-0.876). The expected ordinal score showed a
moderate monotonic association with observed class
(Spearman rho 0.568, 95% CI 0.503-0.624), and
quadratic weighted kappa was 0.464 (0.392-0.527).
Exact five-class accuracy was 43.2% (38.8%-47.6%),
balanced accuracy 33.1% (30.0%-36.0%) and macro-
F1 0.292 (0.257-0.326). Accuracy within one category
was 80.0% (76.6%-83.2%), while mean absolute error
of the probabilistic score was 0.830 (0.779-0.884). The
complete metric set, including class-specific recall, is
detailed in Table 2.
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Table 2. Internal validation performance of the five-class semantic axis.

Metric

AUC, Supportive versus risk related
Spearman rho, observed label versus expected score
Quadratic weighted kappa

Accuracy within one category

Exact five-class accuracy

Balanced accuracy

Macro-F1

Mean absolute error, expected score
Recall, Supportive

Recall, Indicator

Recall, Ideation

Recall, Behavior

Recall, Attempt

Estimate 95% confidence interval
0.841 0.799-0.876
0.568 0.503-0.624
0.464 0.392-0.527
0.800 0.766-0.832
0.432 0.388-0.476
0.331 0.300-0.360
0.292 0.257-0.326
0.830 0.779-0.884
0.741 Not bootstrapped
0.081 Not bootstrapped
0.678 Not bootstrapped
0.156 Not bootstrapped
0.000 Not bootstrapped

Notes: Confidence intervals used 1,000 anonymous-user bootstrap samples. AUC, area under the receiver operating characteristic curve.

The confusion matrix revealed substantial class
asymmetry, as shown in Figure 1A. Recall was 74.1% for
Supportive, 8.1% for Indicator, 67.8% for Ideation,
15.6% for Behavior and 0% for Attempt. Of 45 Attempt-
labeled wusers, 27 were predicted Ideation, eight
Behavior, six Supportive and four Indicator; none had

Attempt as the highest-probability class. The expected-
score distributions increased from Supportive through
Behavior, whereas Attempt overlapped the Behavior
and Ideation distributions rather than separating above
them (Figure 1B).

A. Five-class out-of-fold confusion matrix B. Probabilistic score by observed label
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Figure 1. Internal validation of the semantic axis. Panel A shows the averaged repeated out-of-fold confusion matrix; each cell gives count and
row percentage. Panel B shows expected ordinal score distributions by observed source label. Exact Attempt recall was 0%, despite a monotonic

rise in median score through Behavior.

3.3. Aggregate temporal projections

Mean expected scores were 1.969 in 2018, 1.923 in
2019 and 1.928 in 2020. Corresponding mean projected
Behavior-plus-Attempt probabilities were 29.61%,
28.37% and 28.63%. These were averages of model
outputs and were not clinical prevalence estimates. The
temporal corpus contained no contemporaneous C-
SSRS assessment, clinical outcome or prediction
horizon. In the 110 matched calendar days, the mean
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2020-minus-2019 score difference was 0.00531 (95%
bootstrap CI -0.00204 to 0.01280; p = 0.176). The
difference in  projected Behavior-plus-Attempt
probability was 0.00279 (0.00017-0.00551; p = 0.034).
Although the latter interval excluded zero, its absolute
magnitude was 0.279 percentage points and it could not
be mapped to clinical risk without temporal labels. The
annual projections and paired-day contrasts are
detailed in Table 3.
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Table 3. Aggregate temporal projections and paired-day contrasts.

Analysis Outcome/parameter

Yearly 2018 Mean score / Behavior+Attempt
probability

Yearly 2019 Mean score / Behavior+Attempt
probability

Yearly 2020 Mean score / Behavior+Attempt

probability
Paired 2020-2019
Paired 2020-2019

Mean score difference

Behavior+Attempt probability difference

Estimate 95% confidence interval p
1.969 / 0.2961 Descriptive —
1.923 /0.2837 Descriptive —
1.928 / 0.2863 Descriptive —

0.00531 -0.00204 to 0.01280 0.176

0.00279 0.00017 to 0.00551 0.034

Notes: Paired analyses used 110 common month-days and 2,000 bootstrap samples. Behavior+Attempt probability is P(Behavior) + P(Attempt), a model output

rather than absolute clinical risk. CI, confidence interval.

Monthly means varied within a narrow range, as shown
in Figure 2A. Vocabulary-centroid distance from the
combined 2018 reference was measurable and reached
0.0046 in April 2020. Jensen-Shannon divergence of
projected class composition remained below 0.0007

across all months (Figure 2B). The combination
indicates detectable movement in recognized
vocabulary with much smaller movement after
projection onto the five-class output space.

A. Monthly projected ordinal score

1.98 A
1.97 A
1.96 ~
1.95 1
1.94 ~
1.93 1

Mean expected score

1.92 1
1.91 A

—— 2018 —@— 2019 —@— 2020

B. Vocabulary-centroid and probability-composition drift

0.0045 A
0.0040 -
0.0035 A
0.0030 A

0.0025 A

Cosine distance

0.0020 -

0.0015 4

- 0.0006

- 0.0005

- 0.0004

- 0.0003

- 0.0002

- 0.0001

Jensen-Shannon divergence

- 0.0000

2018-01 2018-04 2018-07 2018-10 2019-01 2019-04 2019-07 2019-10 2020-01 2020-04

Figure 2. Monthly temporal projections and semantic drift. Panel A shows monthly mean expected scores; gaps between years intentionally
represent matched January-April observation windows. Panel B shows cosine distance between each monthly locked-feature centroid and the
combined 2018 reference (left axis), with Jensen-Shannon divergence between each monthly five-class probability composition and the 2018

reference (right axis).

3.4. Interrupted time series and semantic-domain
triangulation

The observed daily series and fitted pre- and post-
interruption trajectories are shown in Figure 3. Before
11 March 2020, mean score increased by 0.000498 per
day (95% CI 0.000088-0.000908; p = 0.017). The
estimated level change at the interruption was
-0.01976 (-0.04062 to 0.00110; p = 0.063), and the
change in slope was 0.000240 per day (-0.000583 to
0.001064; p = 0.567). For projected Behavior-plus-
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Attempt probability, the pre-interruption trend was
0.000152 per day (0.000023-0.000281; p = 0.021), the
level change was -0.00814 (-0.01678 to 0.00050; p =
0.065) and the slope change was 0.000169 (-0.000117
to 0.000454; p = 0.247). Equal-day weighting gave
similar effect directions and magnitudes: level changes
were -0.02037 for score and -0.00861 for projected
Behavior-plus-Attempt probability, while slope changes
remained small. The equal-day-weight level changes did
differ inferentially from the primary estimates: their
intervals excluded zero (-0.03928 to -0.00146, p =
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0.035, and -0.01636 to -0.00087, p = 0.029), whereas and 0.065). The complete interrupted-time-series and
those of the primary weighted models did not (p = 0.063 robustness estimates are detailed in Table 4.

A. Daily mean expected ordinal score

Observed day === Fitted ITS trajectory
2.000 4 =—— 7-day moving mean - -- 11 March 2020
1.975 A
1.950
1.925 A ~[\_\
1.900 4 < \,\/
1.875 A

1.850 +
1.825

Mean expected score

B. Daily projected Behavior-plus-Attempt probability
0.31 +

0.30

0.29

0.28 A

0.27 A

Projected probability

0.26

0.25

T T T
Jan 2020 Feb 2020 Mar 2020 Apr 2020
Date

Figure 3. Daily 2020 trajectories around the prespecified interruption. Observed daily mean expected score (Panel A) and projected Behavior-
plus-Attempt probability (Panel B) are shown with seven-day moving means and fitted post-volume-weighted interrupted-time-series
trajectories. The vertical line marks 11 March 2020. Fitted segments are descriptive and are not causal estimates of a pandemic effect.

Table 4. Interrupted-time-series and robustness analyses.

Analysis/specification Outcome or diagnostic Estimate 95% CI or comparison

A. Interrupted time series (primary post-volume-weighted and equal-day-weight models)

Post-volume-weighted ITS Mean-score pre-interruption trend/day 0.000498 0.000088 to 0.000908; p=0.017

Post-volume-weighted ITS Mean-score level change -0.01976 -0.04062 to 0.00110; p = 0.063

Post-volume-weighted ITS Mean-score slope change/day 0.000240 -0.000583 t0 0.001064; p = 0.567

Post-volume-weighted ITS Behavior+Attempt pre-trend/day 0.000152 0.000023 to 0.000281; p=0.021

Post-volume-weighted ITS Behavior+Attempt level change -0.00814 -0.01678 to 0.00050; p = 0.065

Post-volume-weighted ITS Behavior+Attempt slope change/day 0.000169 -0.000117 to 0.000454; p = 0.247

Equal-day-weight ITS Mean-score level change -0.02037 -0.03928 to -0.00146; p = 0.035

Equal-day-weight ITS Mean-score slope change/day 0.000508 -0.000267 to 0.001282; p=0.199

Equal-day-weight ITS Behavior+Attempt level change -0.00861 -0.01636 to -0.00087; p = 0.029

Equal-day-weight ITS Behavior+Attempt slope change/day 0.000250 -0.000017 to 0.000518; p = 0.067

B. Deduplication sensitivity

Exact-string deduplication n; score difference; Behavior+Attempt 46,205; 0.005337; Versus primary: +0.000025;
difference 0.002794 +0.000006

No deduplication n; score difference; Behavior+Attempt 46,217;0.005183; Versus primary: -0.000129;
difference 0.002761 -0.000028

C. Monotonic-correction diagnostics

Monotonic correction, labeled Corrected vectors; maximum adjustment 110/58015%}2.0%); Diagnostic

Monotonic correction, temporal Corrected vectors; maximum adjustment 9/46,2(())1(%)5(;.02%); Diagnostic

Notes: CI, confidence interval; ITS, interrupted time series. The primary deduplication analysis used whitespace-normalized text and retained 46,203 posts.
Differences are 2020 minus 2019 over 110 matched month-days.
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The precomputed semantic domains changed
heterogeneously, as shown in Figure 4. The largest
positive standardized differences in 2020 versus 2019
were negative sentiment (0.050), isolation (0.029),
domestic stress (0.016) and anxiety language (0.012).
Economic-stress, sadness, positive-emotion, substance-

use, guns and suicidality domains were lower, and LIWC
negative emotion was essentially unchanged, with all
absolute standardized differences below 0.051. This
mixed profile did not support a uniform increase across
negative-language dimensions.

sentiment neg

isolation A

domestic stress -

LIWC anxiety A

LIWC negative emotion -
suicidality -

guns -

substance use

LIWC positive emotion -
economic stress -

LIWC sadness -

g

—0.02

T

0.00 0.02 0.04

Standardized mean change (2020 minus 2019)

Figure 4. Standardised changes in precomputed semantic domains, 2020 versus 2019. Bars are mean differences divided by the pooled
standard deviation. Positive values indicate higher means in 2020. All absolute standardized differences were smaller than 0.051. LIWC,

Linguistic Inquiry and Word Count.

4. Discussion

4.1. Principal findings

In this open-data reanalysis, a transparent two-stage
text model captured a moderate ordinal semantic axis.
[t separated supportive from risk-related language well.
It did not, however, reliably identify the highest source
label. An AUC above 0.84 alongside zero Attempt recall
is the result with the most consequence. It shows that
broad discrimination can coexist with failure at a
clinically important end of the label distribution;
applied across the matched 2018-2020 windows, the
model showed near-complete vocabulary coverage and
small changes in probability composition despite
measurable centroid movement. The calendar-matched
difference in mean score was close to zero. The
difference in  projected  Behavior-plus-Attempt
probability was statistically distinguishable but very
small in absolute terms. It did not establish a change in
clinical prevalence.

Two different questions are therefore answered. Within
the source corpus, the expected score kept meaningful
rank information, as the monotonic correlation and
weighted kappa show; across time, the locked model
kept recognising vocabulary and produced fairly stable
aggregate outputs. Neither finding tells us the
sensitivity, specificity, calibration or decision value that
would result if clinicians assessed the temporal posts or
their authors. Temporal semantic transport describes
how a measurement pipeline behaves when the
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distribution changes. Clinical external validation needs
an independently labeled population and a defined
clinical time horizon.

4.2. Comparison with existing literature

The internal findings agree with recent social-media
studies in which suicide-related language carries a
learnable but imperfect signal. Gaur and colleagues
found that severity and temporality cannot be swapped
for each other.?2 Work on interpretable linguistic
evaluation,!? metadata-enhanced modeling!® and semi-
supervised learning?? reported performance that varied
by label and representation. The present two-stage
model is deliberately simpler. Its error pattern,
however, makes the same point sharper. A post that
mentions an attempt may describe a remote history. A
post that conveys imminent intent may lack the
vocabulary tied to earlier attempts; the expected score
can therefore rise monotonically even when exact
classification at the highest category is inadequate.

Recent external studies also show why success in one
setting does not carry over automatically to another. A
deep-learning model applied to social-media data from
US servicemembers and veterans found a useful risk
signal;23 an independently validated model tied social-
media trajectories after suicidal mentions to later risk
classification.2* A Taiwanese internet-message system
paired automated identification with monitoring,
tracking and rescue procedures.?> These studies
differed in population, outcome and action pathway.
They support the feasibility of language-based research.
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They say nothing about the calibration or severe-class
sensitivity of the present Reddit model.

Clinical-text studies offer a further benchmark, because
their reference standards and denominators are more
explicit. Natural-language features from mental-health
notes may add predictive value to structured models.2¢
Emergency-department triage notes can be used to
identify self-harm or suicidal ideation.2’ Large-scale
clinical natural language processing (NLP) has
improved ascertainment of suicidal ideation and
attempt,?® made population-specific risk models
possible2? and combined structured with unstructured
information to predict suicidal behavior after
discharge.30 Parser-based models in text-based mental-
health services3! and zero-shot identification of suicide
documentation3? show that task definition and
documentation context shape performance
considerably. These systems work with information
that a single online text aggregate lacks. The 0%
Attempt recall of the present model therefore marks a
boundary. On one side lies an aggregate semantic
instrument. On the other lies a safety-critical clinical
classifier.

Temporal and subgroup studies reinforce the case for
transport analysis. NLP has exposed time-varying
suicide-risk patterns among high-risk veterans33 and
distinct performance profiles across risk tiers.3* Models
enriched with social determinants have tied
documented context to suicide mortality.3> NLP of
death-investigation records has revealed
inconsistencies in the recorded circumstances.36
Explainable modeling has found subgroup-specific
mortality associations,?” and work on racial variation
has shown that suicide classification cannot be assumed
to behave the same way across groups.38 Research on
multimodal speech and language likewise suggests that
the available signal depends on the population and the
measurement channel.3? Taken together, these studies
favour monitoring both the input representation and
the output distribution. A stable score should not be
assumed to have an unchanging meaning.

Population surveillance studies give another point of
comparison. Time-series modeling in Japan connected
social-media signals with national suicide statistics.4?
Analyses of more than seven million suicide-related
tweets related online content to crisis-line calls and
suicide counts.#! Other work has looked at how Twitter
events correspond to suicides,*? at sentiment around
suicides at a landmark site*? and at potentially harmful
versus protective suicide-related content.** Those
designs had external events, outcomes or content
standards. The present study had none. Stable
probability composition could therefore reflect real
stability, model insensitivity or opposing shifts in the
people and topics present on Reddit; the small
divergence after projection may mean that vocabulary
movement was largely orthogonal to the learned C-
SSRS-informed axis. Only newly labeled temporal data
could separate that explanation from compression by
the linear model.
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4.3. Interpretation and mechanism

Treating Supportive as a separate role matters
conceptually. Mental-health communities include
people who offer reassurance, people who disclose
personal distress, people who discuss another person
and people who move between these roles. A support
provider and a distressed author may write about the
same topic while the personal meaning of their words
differs. Forcing Supportive into the lowest position of a
single severity scale would let topic similarity stand as
evidence about the provider's own state. The two-stage
structure reduced that mismatch and may have
contributed to the strong binary AUC. An aggregated
text field cannot reliably establish speaker role, event
timing or personal history, however. Role separation by
itself therefore cannot recover clinical intent or
behavior.

The ordinal threshold construction encodes a
reasonable monotonic relationship. Evidence that is
enough for a more severe threshold should also support
the less severe ones; the construction also gives a
smooth expected score that is less brittle than exact
class assignment. Accuracy within one category reached
80%, but this metric has an asymmetric clinical
meaning. Misclassifying Attempt as Ideation is
numerically close on an ordinal scale. It could matter
greatly if the model allocated care. In this retrospective
dataset, on the other hand, an Attempt label may refer
to past behavior and not to immediate danger. A
clinically deployable system would need explicit
prediction windows, validated event timing, calibration
to the intended population, sensitivity-oriented
thresholds, human review and prospective evaluation of
impact.

The gap between centroid drift and probability drift
offers a further mechanism. Centroid distance
summarizes the average direction of the words that the
locked vectorizer recognizes. The output distribution
summarizes how those features combine after
weighting by the four logistic models. Vocabulary can
thus move while its weighted projection stays stable;
three explanations remain open: real stability on the
learned axis, new language moving largely orthogonally
to the axis, or insensitivity produced by the compressed
linear representation. Only new labeled temporal
samples can tell them apart. Monitoring both levels
gives more information than monitoring output
prevalence alone.

4.4. Implications for research, practice and policy

The immediate use of this model is methodological
research in a controlled setting; it can support studies of
aggregate semantic transport, help in designing
annotation protocols and show why class-wise
evaluation is needed; it should not generate individual
alerts, diagnostic labels, clinical referrals or moderation
sanctions. No score should be presented to a user or
clinician as an estimate of imminent suicide risk.

The next validation program should assemble
temporally stratified, independently adjudicated
samples with explicit event timing and several
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clinicians. Where governance permits, the unit of
analysis should be longitudinal. Historical behavior,
current state and future outcome should be kept apart.
Evaluation should report class-specific sensitivity,
precision-recall, calibration, decision curves and the
consequences of errors. Severe labels are uncommon.
Sampling and loss functions may therefore need to
prioritize clinically important false negatives without
making positive predictive value unusable. External
validation should span different platforms, time periods
and English-speaking populations before any cross-
cultural extension.

Such a program should also separate three deployment
questions that are often merged into one performance
claim. The first concerns measurement: whether the
model reproduces a clearly defined annotation
construct when assessors see the same text. The second
concerns prognosis: whether the output predicts a
future suicidal thought, behavior, attempt or death
within a stated time horizon. The third concerns
decision support: whether showing the output to a
trained professional improves care without avoidable
surveillance, coercion, missed crises or diversion of
resources. Each question needs its own reference
standard and denominator. A model can perform
acceptably for corpus measurement and still be
unsuitable for prognosis. A prognostic model can lack
clinical utility if alerts are too frequent or action
pathways are undefined. The current results address
the first question internally and otherwise only the
transport of its language representation over time.

Prospective work should start with a silent evaluation,
in which predictions are generated without being
shown or acted upon; that design allows calibration,
alert burden, subgroup performance and temporal
degradation to be estimated without changing care.
Predefined stopping rules should be triggered by
severe-class false negatives, marked calibration drift,
inequitable error rates or evidence that the model
changes user behavior harmfully. If an assisted-use
study is later justified, human factors, escalation
pathways and documentation responsibility should be
evaluated together with conventional discrimination
statistics. Continuous monitoring would have to track
input drift, outcome drift, calibration and the
consequences of both alerts and non-alerts.

For Indonesian and other non-English settings, direct
transfer would be inappropriate. Translating English
features alone would miss differences in idiom, indirect
expression, help-seeking norms, stigma and platform
use. A local corpus would call for culturally and
linguistically appropriate constructs, community
involvement, bilingual or local-language clinical
adjudication and independent ethics oversight. Fairness
cannot be inferred from a dataset that lacks the relevant
demographic variables. Governance should also name
intended and prohibited uses, access controls, audit
logs, incident response and human authority; it should
include a process for retiring the model when language
or platform conditions change.
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Policy should keep a firm line between aggregate
research and intervention on identifiable people;
aggregate analyses may help investigators choose
periods for closer qualitative study, check whether a
research instrument has become stale or compare
broad community-level themes. Intervention demands
far more: a lawful basis for processing, evidence of
clinical benefit, consent or another defensible authority,
rapid access to trained responders, mechanisms for
appeal and correction, and explicit protection against
punitive use. Platform moderation and clinical triage are
different decisions. A score built for one should not
move silently to the other. The privacy-minimizing
design used here (no quotations, identifiers or exported
individual features) should be seen as a minimum. It is
not a complete governance framework.

4.5. Strengths and limitations

The study used checksum-verified open releases, a fully
nested repeated validation procedure, user-level
bootstrap intervals and a locked final model. Rank-
based and exact class performance were both reported.
The severe-class error pattern was exposed, and two
drift measures that answer different questions were
used. Calendar matching reduced seasonal imbalance.
Day-level bootstrap with autocorrelation-robust
inference avoided treating all posts as independent.
Every exported analytic product was stripped of
identities, quotations and raw text. The transparent
linear architecture and deterministic code keep the
analysis auditable.

Several constraints shape interpretation. First, the
labeled sample was modest, particularly for Attempt,
and the source adjudication details did not allow re-
review of every label. Second, the temporal corpus had
no C-SSRS labels. Projected probabilities therefore
cannot be read as clinical prevalence, accuracy or
calibration. Third, Reddit users are self-selected, the
temporal corpus represents posts and not a defined
clinical population, and platform demographics were
unavailable. Fairness across age, sex, ethnicity, language
or clinical setting could not be estimated. Posting
behavior may also change with moderation, access or
external events. Fourth, one user may have written
several posts. Even so, user identifiers were not
retained in aggregate outputs. Day-level inference does
not fully model within-user dependence. Fifth, the
interrupted time series had no control community and
could reflect changes in volume, moderation,
composition or calendar conditions instead of a
pandemic effect. Sixth, English-language corpora were
used, and transport to clinical services was not
evaluated. Finally, the model was deliberately simple.
More expressive models might capture additional
structure, but they would still need external labels,
calibration and safety governance.

5. Conclusion

A two-stage, C-SSRS-informed semantic axis captured
moderate ordinal structure and separated supportive
from risk-related Reddit language well, but it did not
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identify Attempt as the highest-probability class; across
the matched 2018-2020 windows, vocabulary drift was
measurable while aggregate projected severity changed
little. The findings support transparent research on
population-level semantic transport and do not support
individual screening, diagnosis, triage or automated
intervention. Before any prospective use, external
validation on temporally labeled data with clinical
adjudication is required.
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