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Abstract

We present a multiresolution framework for an-
alyzing longitudinal Arabic mental-health dis-
course drawn from condition-specific Arabic-
language X (formerly Twitter) communities.
We model each user’s posting history as a
calendar-time semantic trajectory and apply the
Discrete Wavelet Transform (DWT) along the
temporal axis to separate semantic variation
occurring over finer and broader time scales.
To interpret these temporal components lin-
guistically, we introduce semantic gain, which
measures how strongly corpus-derived phrases
become aligned with the reconstructed seman-
tic trajectory when information from a given
temporal scale is introduced. We evaluate the
framework on longitudinal trajectories from
BPD-related and bipolar-related X communi-
ties using independent temporal-change mea-
sures, chronological permutation tests, cross-
scale phrase distinctiveness, and matched high-
versus low-gain events. Finer-scale wavelet
components align most strongly with local
adjacent semantic change, whereas broader-
scale components show greater correspondence
with distributional change measured by Max-
imum Mean Discrepancy (MMD). High-gain
events also exhibit greater semantic coherence
and stronger out-of-window grounding than
matched low-gain controls. These findings sug-
gest that longitudinal mental-health discourse
on X exhibits multiscale semantic structure,
with different forms of linguistic change emerg-
ing over different temporal horizons. Combin-
ing wavelet decomposition with phrase-based
semantic interpretation provides a principled
way to characterize both the temporal scale and
linguistic content of discourse change. Com-
munity labels are treated as discourse contexts
rather than indicators of clinical diagnosis'

1 Introduction

Mental health discourse on social media evolves
over time. Users may shift between discussions
of daily routines, interpersonal relationships, emo-
tional experiences, treatment, support, and cultur-
ally situated interpretations of distress. Such vari-
ation is difficult to characterize using static post-
level representations alone, since the same user
may exhibit both persistent semantic themes and
short-lived changes over weeks or months. Al-
though computational mental-health research has
shown that online language contains measurable
signals associated with mental-health communities
and self-disclosure, much of this work has empha-
sized prediction, classification, and dataset con-
struction rather than the temporal organization of
discourse itself (Coppersmith et al., 2014a, 2015;
Gkotsis et al., 2016; Cohan et al., 2018). We
instead study mental-health discourse as a longi-
tudinal semantic signal and ask how its content
varies across multiple temporal resolutions. Ara-
bic mental-health discourse is shaped by dialec-
tal variation and by social, cultural, and religious
forms of expression, while Arabic mental-health
NLP remains comparatively under-resourced. Re-
cent work has begun to address this gap through
Arabic mental-health datasets and socioculturally
informed analyses (Zaghouani et al., 2026; Alqah-
tani et al., 2026). In particular, Algahtani et al.
(2026) introduced a longitudinal corpus of Arabic
mental-health discourse collected from condition-
specific X Communities. In this study, we use that
corpus as the basis for our temporal analysis and
focus specifically on the borderline personality dis-
order (BPD) and bipolar-related communities. We
treat these community labels as discourse contexts
rather than verified clinical diagnoses.

We investigate the use of Discrete Wavelet Trans-

form (DWT) as a multi-resolution framework for
this setting. DWT decomposes an ordered signal
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into approximation components that capture coarse,
slowly varying structure and detail components
that capture variation at progressively finer scales.
Previous NLP work has applied wavelet and spec-
tral methods to document retrieval, text categoriza-
tion, feature selection, and semantic representation
(Mahajan et al., 2015; Almarwani and Diab, 2021;
Salama et al., 2024, 2025). More recently, DWT
has been used to compress word and sentence em-
beddings while preserving much of their semantic
information (Salama et al., 2024, 2025). Building
on this line of work, we ask whether DWT can also
serve as an interpretable temporal representation
for longitudinal semantic analysis. To the best of
our knowledge, this is the first work to apply DWT
to the analysis of longitudinal semantic change in
Arabic mental-health discourse, providing a multi-
resolution view of how meaning evolves over time.
Our main contributions are:

1. We formulate longitudinal Arabic mental-
health discourse from condition-specific X
communities as a multi-resolution semantic
signal over calendar time and apply DWT to
characterize semantic variation at different
temporal scales.

2. We develop a reconstruction-based semantic
gain framework that maps scale-specific DWT
variation back to corpus-derived language, en-
abling linguistic interpretation of finer- and
broader-scale temporal changes.

3. We evaluate the framework using independent
temporal-change measures, chronological per-
mutation tests, cross-scale semantic distinc-
tiveness, and out-of-window grounding, show-
ing that the identified scale-specific changes
are temporally structured and linguistically
coherent.

2 Related Work

2.1 Computational Analysis of Mental-Health
Discourse

Computational mental-health research has estab-
lished that social-media language contains sig-
nals associated with psychological distress, self-
disclosure, and condition-related communities
(Coppersmith et al., 2014b). Subsequent studies
examined linguistic variation across mental-health
communities and developed large-scale datasets
for condition-level analysis (Gkotsis et al., 2016;

Cohan et al., 2018). While much of this work
has emphasized classification and dataset construc-
tion, more recent research has highlighted the
broader discourse context of mental-health expres-
sion, including interpersonal, cultural, religious,
and treatment-related themes. Our work builds on
this direction by modeling mental-health discourse
as a longitudinal semantic signal and analyzing
how its linguistic content varies across temporal
scales.

2.2 Wavelet and Spectral Methods for Text
Representation

Wavelet methods provide a way to analyze sig-
nals at multiple resolutions, separating coarse-scale
trends from fine-scale variation. In NLP, wavelet-
based methods have been explored for document
retrieval, text categorization, feature selection, and
representation learning. Park et al. (2005) use the
Discrete Wavelet Transform for document retrieval,
while Dardnyi et al. (2012) investigate wavelet anal-
ysis for text categorization in digital libraries. Ma-
hajan et al. (2015) apply Wavelet Packet Trans-
form to feature selection for short-text classifica-
tion, showing that wavelet-based representations
can be useful for sparse textual inputs.

More recent work connects spectral and wavelet
methods to neural text representations. Almarwani
and Diab (2021) use the Discrete Cosine Trans-
form to produce efficient sentence embeddings that
preserve order-sensitive information. Salama et al.
(2024, 2025) apply the Discrete Wavelet Transform
to word and sentence embeddings, showing that
DWT can compress semantic representations while
preserving downstream performance. These stud-
ies suggest that transforms developed for signal
processing can be useful for representing linguistic
structure in neural NLP settings.

3 Discrete Wavelet Transform

DWT provides a multi-resolution representation
of a signal by decomposing it into components
associated with different temporal scales. Unlike
Fourier-based methods, which represent a signal
using globally supported frequency components,
wavelets are localized in both time and scale, mak-
ing them well suited for analyzing non-stationary
signals whose behavior changes over time (Vetterli
and Kovacevi¢, 1995; Daubechies, 1992). Wavelet
analysis is defined with respect to a mother wavelet
(t), from which a family of scaled and translated
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functions is generated:

—b
Pas(t) = ;aw (t . ) , (1)

where a controls the scale of analysis and b de-
termines the wavelet’s location along the signal.
Smaller scales capture localized, rapidly varying
structure, whereas larger scales represent broader,
more slowly varying patterns. In the discrete set-
ting, the transform is implemented through a hier-
archical filter bank. At each decomposition level j,
the signal is convolved with complementary low-
pass and high-pass filters and subsequently down-
sampled, yielding approximation and detail coeffi-
cients:

cAjlk] =) " hin —2k]cA; 1[n], ()

cDi[k] = gln—2klcA;[n],  (3)

where h and g denote the low- and high-pass filters,
respectively. The approximation coefficients cA;
retain the lower-frequency structure of the signal,
while the detail coefficients cD; capture variation
occurring at the corresponding finer scale (Vetterli
and Kovacevié, 1995; Daubechies, 1992). Recur-
sively applying the transform to the approximation
component produces a hierarchical decomposition,

f—>{AJ7DJ7"'aD27D1}> (4)

in which A ; represents the coarsest structure and
D1, ..., Dj characterize variation across progres-
sively broader scales. This multi-resolution prop-
erty is particularly useful for longitudinal semantic
analysis. When DWT is applied along the tempo-
ral dimension of an embedding trajectory, the ap-
proximation component represents slowly varying
semantic structure, while the detail components
capture semantic variation occurring at different
temporal resolutions. Importantly, the DWT filters
are fixed rather than learned, yielding a determinis-
tic decomposition whose scales are explicitly deter-
mined by the sampling interval and decomposition
level. Among the available wavelet families, in-
cluding Haar, Daubechies, Symlets, and Coiflets
(Addison, 2017), we use the Haar wavelet. Its com-
pact support and simple pairwise averaging and
differencing operations provide a direct correspon-
dence between wavelet levels and calendar-time
intervals, which is central to the temporal interpre-
tation developed in this work.?

For a broader treatment of wavelet theory and multi-
resolution analysis, see Daubechies (1992); Addison (2017);

4 DWT Temporal Semantic Analysis

To analyze how the semantic content of a user’s
discourse changes over time and study whether
different types of change occur at different tempo-
ral resolutions, we model a user’s posting history
as a semantic time series where each post z; is
preprocessed and encoded using a multilingual sen-
tence encoder. The methodology consists of four
stages: (1) Construction of calendar-time semantic
trajectories, (ii)) DWT multi-resolution temporal de-
composition using Haar DWT, (iii) Scale-specific
reconstruction and phrase-based semantic inter-
pretation, and (iv) validation using independent
temporal-change measures, chronological permuta-
tion models, and cross-scale comparisons. Figure 2
summarizes the framework.

Construction of calendar-time semantic trajecto-
ries Posts are grouped into fixed 14-day calendar
intervals (bins) to preserve a meaningful temporal
axis. For user v and interval ¢, we average the em-
beddings of all posts within that interval: yielding
the longitudinal semantic trajectory. More details
are provided in Appendix 10.2.

Eu = [eu71, Ce ,e%Tu]. (5)

DWT Multi-resolution Temporal Decomposition
Applying DWT repeatedly to trajectories provides
the magnitude and direction of temporal variation
in embedding space. DWT compares neighboring
portions of a signal. At the first level, it captures
relatively local changes between nearby time inter-
vals; at the next level, it compares broader neigh-
boring regions. In this work, we apply a level-2
Haar DWT to each user’s trajectory along its tem-
poral axis. The transform is applied independently
to each embedding dimension, while the semantic
dimensionality of the representation is preserved.
The transform generates a set of approximation
Ay and details coefficients for each level of the
transform, D and Ds . With 14-day bins, D; cap-
tures finer-scale variation over approximately four
weeks, while Dy captures broader variation over
approximately eight weeks; Ao represents the cor-
responding smoothed temporal structure. These
scales refer to the duration of semantic variation,
not to different levels of semantic abstraction. Fig-
ure 1 illustrates the transform for a single scalar
dimension. In the actual experiment, the same oper-

Brunton and Kutz (2019).
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Illustrative level-2 Haar decomposition of a temporal semantic signal
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Figure 1: Illustrative level-2 Haar decomposition of a
single dimension of a temporal semantic trajectory. The
original signal represents eight consecutive 14-day bins.
A captures the slowly varying temporal structure, Do
represents broader variation across approximately four-
bin regions, and D; captures finer differences between
neighboring bins. The actual model applies the same
transform independently across all dimensions of each
semantic embedding.

ation is applied simultaneously to every dimension
of the semantic embedding.

Scale-Specific Reconstruction We then progres-
sively reconstruct the signal by applying inverse
DWT to identify the linguistic information con-
tributed at different temporal scales. Where Ry
represents the coarse temporal approximation, R
incorporates the broader-scale variation captured
by D, and Ry further adds the finer-scale variation
captured by D, thereby reconstructing the original
semantic trajectory up to numerical precision.

Ro = Ao, (6)
R, = Ay + Dy, @)
Ry = Ay + Dy + D;. (8)

The contribution of each detail level can then
be expressed as a scale-specific semantic displace-
ment:

Sp,(t) = Ri(t) — Ro(t), ©)
Sp, (t) = Ra(t) — Ry(?). (10)

These quantities describe how the semantic rep-
resentation at a given time point changes when
information from a particular temporal scale is in-
troduced. Yet, to provide a linguistic interpretation
of the scale-specific displacements, we construct a
phrase vocabulary (10.3) directly from the cleaned
corpus. The vocabulary consists of short lexical
expressions observed in the discourse. Each phrase
w is assigned an embedding using the same multi-
lingual sentence encoder employed for post repre-
sentations.

Level-2 DWT

Calendar-Time
Semantic Trajectories
Arabic Mental N
Health Dataset posts
=906
=eo2e
F a 14-daybins  +
user
== o -

=

Approximations  Details
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= ° + Semantic Gain
posts  time ¢} i
LU Ry 4,
4 g R = A+,
i ¥ Ry=Ay+ D+ D\~ E
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embeddings
e J * l within each bir ety
— 2 A(1,8) = cos(t R (1)) = c0(vies Ri- (1))

User trajectory: Identify phrases that become more relevant

Eu=[ez €, €2, €2] when each temporal scale is added,

Figure 2: Progressive multi-resolution analysis of longi-
tudinal Arabic mental-health discourse.

4.1 Scale-Specific Semantic Gain

To interpret the linguistic contribution of different
coefficients we define the semantic gain introduced
by level j as

Aj(w,t) = cos(vy, Rj(t)) — cos(vy, Rj—1(1)).

(1)
A positive value indicates that phrase w becomes
more semantically relevant after the correspond-
ing temporal detail is introduced. We rank phrases
by Aj(w,t) to characterize the information con-
tributed by D5 and D;. To reduce circularity, can-
didate phrases used for interpretation must occur
outside the temporal window that generated the cor-
responding DWT component. We similarly ground
the coarse approximation Ag by retrieving seman-
tically related posts and phrases from other periods
of the same user’s history. Because semantic gain
is derived from the wavelet reconstruction, we eval-
uate whether the detected variation corresponds to
independently measurable changes in the semantic
trajectory.

S Experiments

5.1 Dataset

We use the Arabic mental health discourse cor-
pus introduced by Algahtani et al. (2026), col-
lected from condition-specific Arabic-language X
Communities between March 2022 and February
2026. The preprocessed corpus contains 9,582
posts from 1,286 users, covering discourse associ-
ated with BPD), bipolar disorder, and ADHD, with
6,324, 2,668, and 590 posts, respectively (Alqah-
tani et al., 2026). The dataset is predominantly
Arabic (9,428 posts), with a small number of En-
glish or language-undetermined posts. Each record
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contains the post text, timestamp, community label,
and anonymized user identifier, enabling the con-
struction of user-level semantic trajectories over
calendar time. Community labels are treated as
discourse contexts rather than verified clinical di-
agnoses. Because the present study focuses on lon-
gitudinal multi-resolution analysis, we restrict the
experiments to the BPD- and bipolar-related com-
munities and remove users appearing in more than
one community, leaving 7,944 posts from 1,140
users. Retaining users with at least 20 posts and
at least six active 14-day bins, and requiring a
contiguous trajectory of at least eight bins (Ap-
pendix 10.2), this yields 35 users (22 BPD-related
and 13 bipolar-related) with 3,910 posts for our
experimental setup. The full filtering pipeline is
reported in Appendix 10.1.

5.2 Evaluation Metrics

We evaluate the framework along four dimensions:
(i) agreement with alternative embedding-based
temporal-change measures, (ii) dependence on
chronological ordering, (iii) linguistic distinctive-
ness across temporal scales, and (iv) semantic qual-
ity of high-gain events relative to matched low-gain
controls.

Temporal Change Validation. We compare
DWT-derived variation with two temporal-change
measures that are computationally distinct from the
Haar transform but derived from the same embed-
ding trajectories. Agreement with them therefore
serves as a consistency check rather than fully ex-
ternal validation.

Maximum Mean Discrepancy. We use RBF-
kernel Maximum Mean Discrepancy (MMD) (Gret-
ton et al., 2012) to measure distributional change.
At each temporal boundary, the bin-level embed-
dings of the two preceding bins are compared with
those of the two subsequent bins, with the kernel
bandwidth set by the median heuristic. Because
MMD is not derived from the Haar transform and
compares a wider temporal neighborhood than a
single pair of bins, it provides a complementary
view of broader semantic change. Adjacent cosine
change. As alocal baseline, we compute cosine dis-
tance between consecutive bin-level embeddings.
Agreement with both MMD and adjacent cosine
change is quantified using Spearman rank correla-
tion.

Chronological Permutation. We randomly per-
mute calendar-bin embeddings within each user

and recompute DWT detail energy over 1,000 per-
mutations. Embeddings are centered before decom-
position, and component energy is computed as
the proportion of squared coefficient magnitude
assigned to each wavelet component. Compar-
ing observed energy with the permutation distri-
bution tests whether the multi-resolution structure
depends on chronological ordering rather than only
the marginal distribution of semantic states.

Cross-Scale Semantic Distinctiveness. For each
user, we construct phrase profiles from the highest-
gain expressions associated with D; and D,. Lexi-
cal overlap is measured using Jaccard similarity,

_ |PD1QPD2‘

J(PD17PD2) - m»
1 2

(12)

with lexical distinctiveness defined as 1 —
J(Pp,, Pp,). Semantic separation is measured
using cosine distance between phrase profiles. Sig-
nificance is assessed using 1,000 within-user per-
mutations that randomly exchange the D; and D>
labels.

Semantic-Gain Quality. High-gain events are
compared with low- gain controls matched within
the same user and temporal scale. Events are
ranked by mean semantic gain, with candidate
phrases restricted to discourse outside the source
temporal support and its one-bin buffer.

We evaluate phrase coherence, representation
shift, and out-of-window grounding. Phrase co-
herence is the mean pairwise cosine similarity
among the highest-gain phrase embeddings. Rep-
resentation shift is the cosine distance between re-
constructed states before and after adding the de-
tail component. Out-of-window grounding is the
mean cosine similarity between the centroid of the
event’s highest-gain phrase embeddings and the
three most similar posts by the same user outside
the event’s temporal support and buffer. Because
candidate phrases are drawn from the same out-of-
window posts, this measure assesses whether the
gained content is consistently retrievable from the
user’s discourse rather than providing fully inde-
pendent grounding.

Statistical Testing. To avoid treating multiple
events from the same user as independent, event-
level measurements are summarized by their me-
dian within each user, scale, and event type be-
fore testing. Paired user-level comparisons use the
Wilcoxon signed-rank test (Wilcoxon, 1945), and
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the chronological permutation result is addition-
ally assessed with a sign test. Because each com-
parison has a pre-specified direction (high-gain >
control, Dy > D5 semantic gain, and observed <
permuted detail energy), these tests are one-sided.
Per-user permutation p-values are corrected with
the Benjamini—Hochberg procedure. Exploratory
comparisons between BPD- and bipolar-related tra-
jectories use the two-sided Mann—Whitney U test
with Holm correction across energy components.

6 Results

We evaluate the framework on 35 longitudinal tra-
jectories. The trajectories span 8 to 24 consecu-
tive 14-day intervals, representing roughly 16 to 48
weeks of discourse for each user.

6.1 Multi-Resolution Temporal Structure

Figure 3(a) shows the centered DWT energy across
temporal scales. Median energy is 0.203 for As,
0.303 for D5, and 0.489 for Dy, with a combined
median detail energy of 0.797. The larger D; con-
tribution indicates prominent short-range variation,
while the non-negligible D5 energy reflects broader
multi-week changes, supporting a multiscale rep-
resentation of the trajectories. Median user-level
semantic gain is 0.053 for D; and 0.041 for Ds,
with a significant paired difference (p = .002).
This indicates that finer-scale variation generally
produces larger local changes in phrase similar-
ity, without implying that D; is inherently more
informative. Exploratory condition-level analysis
showed a nominal difference in D9 between BPD-
related and bipolar-related trajectories (p = .046),
while differences in the other energy components
were not significant. Given the small sample and
multiple comparisons, we treat this result as ex-
ploratory.

6.2 Comparison with Embedding-Based
Change Measures

Figure 3(b) compares the two detail levels with
alternative embedding-based measures of tempo-
ral semantic change, computed per user over 5-21
boundaries (median 9). D; exhibits a strong as-
sociation with adjacent-bin cosine change (p =
0.848), but a weaker association with RBF-MMD
(p = 0.367). In contrast, Dy correlates more
strongly with MMD (p = 0.524) than with adja-
cent cosine change (p = 0.316). This complemen-
tary pattern is consistent with the intended multi-
resolution interpretation: D primarily reflects lo-

calized semantic variation between neighboring
states, whereas Dy is more closely associated with
broader changes in the surrounding semantic distri-
bution. The median top-3 overlap between DWT
and MMD change locations is 0.667 for both de-
tail levels. Because first-level Haar details are
computed from differences between neighboring
bins, the strong D; association with adjacent co-
sine change is partly expected by construction and
serves mainly as a sanity check. The stronger align-
ment of Dy with MMD, which is not derived from
the Haar transform, is the more informative result,
although both measures share the same embedding
representation.

6.3 Chronological Structure

The chronological permutation test further indi-
cates that the observed wavelet structure depends
on temporal ordering. Mean detail energy is 0.781
for the observed trajectories, compared with 0.832
after randomizing chronology. The median within-
user difference is —0.046, and 28 of 35 users ex-
hibit lower detail energy in their original ordering.
The difference is significant under both a paired
Wilcoxon test (p = 4.36 x 107%) and a one-sided
sign test (p = 2.54 x 10~%). These results suggest
that the observed trajectories exhibit greater tem-
poral coherence than random re-orderings of the
same semantic states.

6.4 Cross-Scale Semantic Distinctiveness

The linguistic profiles associated with the two de-
tail levels are also distinct. For each user and scale,
the profile is the mean embedding of the 30 phrases
with the highest mean semantic gain. The observed
mean cosine distance between D; and Ds phrase
profiles across the 35 users is 0.078, compared
with 0.039 under randomized scale assignments. A
within-user permutation test (Section 5.2) yields
p < .001, the smallest attainable value with 1,000
permutations. Lexical overlap is similarly limited:
the median Jaccard similarity between D and D2
phrase sets is 0.091, corresponding to a median
lexical distinctiveness of 0.909. These results in-
dicate that the two temporal scales select largely
different phrases rather than simply recovering the
same content at different resolutions. Because the
two sets are selected by different criteria, this test
establishes that they differ, not that they correspond
to distinct themes; the absolute profile distance is
small, and the thematic interpretation of each scale
relies on the qualitative analysis in Section 11.7.
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Figure 3: Summary of the main experimental results. (a) Median centered energy across wavelet components. (b)
Median user-level Spearman correlations between D and D5 and embedding-based temporal-change measures.
(c) Median semantic coherence for high-gain events and matched low-gain controls. (d) Median out-of-window
grounding (mean similarity to the three most similar out-of-window posts) for high-gain events and controls.

6.5 Semantic-Gain Evaluation

We evaluate 606 events, comprising 303 high-gain
events and 303 matched low-gain controls. High-
gain events consistently exhibit stronger semantic
organization.

As shown in Figure 3¢, median phrase coherence
for Dy increases from 0.489 in low-gain controls
to 0.627 in high-gain events (p = 8.9 x 107?).
For D,, coherence increases from 0.467 to 0.581
(p=3.9x1079).

A similar pattern is observed for independent
grounding (Figure 3d). Median out-of-window sim-
ilarity increases from 0.640 to 0.691 for D; and
from 0.617 to 0.662 for D,. These differences are
significant for both scales (p = 4.3 x 10~7 for Dy;
p = .003 for D3).

Representation shift provides additional evi-
dence at the finer scale. For D1, high-gain events
exhibit a larger median shift than controls (p =
.00087). The corresponding difference forDs
is smaller and not significant (0.048 vs. 0.042;
p = .364), indicating that displacement magni-
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tude alone is insufficient to characterize semantic
relevance.

Overall, the results suggest that longitudinal
mental-health discourse evolves across complemen-
tary temporal scales: D; captures more localized
semantic fluctuations, whereas D5 reflects broader
shifts in discourse context. Semantic gain fur-
ther identifies the linguistic themes associated with
these changes, offering a way to trace how mental-
health-related topics emerge and evolve over time.

7 Discussion

7.1 Multiscale Structure of Mental-Health
Discourse

The results indicate that longitudinal Arabic mental-
health discourse varies across multiple temporal
resolutions. D; is most strongly associated with
adjacent-bin cosine change, whereas D shows
greater correspondence with RBF-MMD. This sup-
ports the intended multi-resolution interpretation
of the Haar decomposition: D; primarily reflects
localized semantic variation between neighboring
intervals, while Dy captures broader changes in the



surrounding semantic distribution.

These scales reflect temporal resolution rather
than semantic abstraction. A broader component
does not necessarily encode more general language;
instead, it represents variation developing over a
longer time span. This distinction is particularly
relevant for mental-health discourse, where themes
such as emotions, relationships, treatment, and self-
perception may emerge over different temporal
horizons.

Chronological permutation further suggests that
the observed multi-resolution structure depends on
discourse ordering. Most users exhibit lower detail
energy in the original trajectory than under random
reordering, indicating greater temporal coherence.
This supports the interpretation that the wavelet
representation captures chronological structure be-
yond the overall distribution of embeddings, while
not implying any specific psychological or clinical
process.

Exploratory condition-level comparisons also
suggest that BPD-related and bipolar-related dis-
course may differ more at the broader D scale
than in overall wavelet energy. Although the Do
difference is only nominally significant (p = .046),
it motivates future work on whether condition-
specific discourse differs in the temporal scale over
which semantic changes develop.

7.2 Interpretability of Scale-Specific Semantic
Change

Semantic gain provides a linguistic interpretation
of the temporal decomposition. High-gain events
yield more coherent phrase sets than matched low-
gain controls at both Dy and D5, with stronger out-
of-window grounding elsewhere in the same user’s
history. This suggests that large DWT-derived
gains correspond to semantically consistent and
independently supported patterns rather than arbi-
trary movement in embedding space.

The cross-scale analysis further shows low lex-
ical overlap and significant semantic separation
between D; and Do, indicating that different tem-
poral scales emphasize distinguishable linguistic
content. At the same time, representation-shift
magnitude alone is insufficient for interpretation:
while high-gain D; events show larger shifts than
controls, the corresponding D5 difference is not
significant. This suggests that the direction and se-
mantic coherence of change are more informative
than magnitude alone.

Accordingly, the framework separates two com-

plementary functions: DWT identifies when and
at what temporal scale semantic variation occurs,
while semantic gain characterizes what linguistic
content is associated with that variation. For BPD-
related and bipolar-related X communities, this en-
ables the study of both short-range fluctuations and
broader thematic transitions without treating them
as indicators of clinical state.

7.3 Implications for Longitudinal
Mental-Health Discourse Analysis

A multi-resolution perspective is useful because
mental-health discourse may evolve through both
localized fluctuations and broader thematic tran-
sitions. Distinguishing these patterns may help
examine how themes related to emotions, relation-
ships, treatment, and social support emerge, recur,
or persist over time within condition-specific online
communities.

These patterns characterize discourse rather than
clinical state. With larger cohorts and validated the-
matic annotations, future work could test whether
different mental-health communities exhibit re-
producible multiscale discourse signatures and
whether particular themes preferentially occur at
finer or broader temporal resolutions.

7.4 Future Directions

The analysis is limited to 35 users with sufficiently
long and contiguous histories, a selection that fa-
vors consistently active posters. Larger cohorts
and longer trajectories would support deeper de-
compositions and better-powered condition com-
parisons. The findings also depend on the 14-day
bins and their alignment, single-bin interpolation,
the level-2 Haar decomposition, and a single mul-
tilingual encoder on which all measures rely. Fu-
ture work should test robustness to these choices,
including Arabic-specific or alternative encoders.
Phrase interpretation would benefit from Arabic or-
thographic normalization, clitic segmentation, and
dialect-aware stopword lists, and from human eval-
uation in which annotators judge whether high-gain
events reflect meaningful shifts and whether the
gained phrases describe them accurately. Commu-
nity labels should be treated as discourse contexts,
not clinically verified populations.

8 Conclusion

We presented a proof-of-concept multi-resolution
framework that models each user’s posting his-
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tory as a calendar-time semantic trajectory, sep-
arates finer and broader semantic variation with
DWT, and interprets each temporal scale through
semantic gain. Because both components oper-
ate on sentence embeddings, the framework is not
tied to Arabic and can be applied to other lan-
guages by replacing the condition lexicon, stop-
word list, and, if needed, the encoder. On BPD-
and bipolar-related X trajectories, D aligned with
local adjacent change and D5 with broader distribu-
tional change measured by MMD; high-gain events
showed more coherent phrases and stronger out-
of-window grounding than matched controls; and
the two scales selected largely different phrases.
These results suggest that online mental-health dis-
course changes at multiple temporal resolutions, al-
though the current sample does not support strong
condition-level comparisons. Community labels
are treated solely as discourse contexts, not evi-
dence of clinical diagnosis.

9 Limitations

The data come from condition-specific Arabic-
language X communities. Community participa-
tion should not be interpreted as evidence of clin-
ical diagnosis, symptom severity, or individual
mental-health status. The findings therefore char-
acterize patterns of online discourse rather than
clinical trajectories and may not generalize to other
languages, platforms, or populations.

Use of AI Assistance. OpenAl ChatGPT was
used during manuscript preparation for language
editing, organizational and drafting assistance. The
tool was also used to assist in exploring alternative
presentations of the analyses. Generative Al was
not treated as an author and was not used as an
authoritative source of scientific evidence.

Ethics Statement

This study uses an existing corpus of public posts
from Arabic-language X Communities (Algahtani
et al., 2026). User identifiers were hashed, con-
dition mentions were masked, and only aggregate
statistics and short phrases are reported; raw posts
are not redistributed, in line with X’s terms of ser-
vice. Community membership is treated solely as
a discourse context: the framework does not infer
diagnosis, severity, or individual mental-health sta-
tus and should not be used for clinical decisions.
Because methods that track individual discourse
over time could be misused to profile or monitor

users, we restrict their use to aggregate research
under appropriate ethical oversight.
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10 Appendix

10.1 Sample Construction

Table 1 reports the number of posts and users re-
tained after each filtering step. The largest reduc-
tion comes from the longitudinal requirements: of
the 1,140 eligible users, only 65 have at least 20
posts across at least six active 14-day bins, and 35
of these have a contiguous trajectory of at least
eight bins (approximately 16 weeks). Retained
trajectories span 8 to 24 bins (16 to 48 weeks).

Filtering step Posts  Users
Full corpus 9,582 1,289
BPD- and bipolar-related communities 8,992 1,179
Cross-community users removed 7,965 1,145
Non-empty after cleaning 7,944 1,140
>20 posts and >6 active bins 4,972 65
Contiguous trajectory >8 bins 3,910 35

Table 1: Sample attrition from the full corpus to the
longitudinal analysis set (22 BPD-related and 13 bipolar-
related users).

10.2 Calendar-Time Semantic Trajectories

We first represent each user’s posting history as
a regularly sampled semantic time series. Posts
are preprocessed by removing duplicate content,
URLS, user mentions, and explicit condition-name
variants that could trivially reveal the source
community. Each post z; is encoded using
paraphrase-multilingual-mpnet-base-v2,
yielding

Z; = f(xz)v

where z; € R? denotes the semantic embedding of
post ¢. Posts are then grouped into non-overlapping
14-day calendar intervals. For user v and temporal
bin ¢, the bin-level representation is defined as

1
ewi= = S 7
’Bu7t|

’ieBu,t

(13)

(14)

where B, ; denotes the set of posts authored by
user u during interval ¢. The resulting longitudinal
semantic trajectory is
(15)

Eu = [e%l, eu’Q, . ,eu,Tu]_

Calendar-time aggregation is essential to the pro-
posed analysis because it assigns a consistent tem-
poral interpretation to the wavelet scales across
users. We interpolate only isolated single-bin gaps;
longer gaps define breaks in the trajectory. We
retain users with at least 20 posts, at least six ac-
tive temporal bins, and a contiguous segment of at
least eight bins. Trajectory lengths are truncated,
when necessary, to a multiple of four to support the
level-2 decomposition.

10.3 Phrase Dictionary and Semantic-Gain
Interpretation

To interpret the semantic contribution of each DWT
component, we construct a phrase dictionary di-
rectly from the cleaned discourse corpus. The dic-
tionary contains short lexical units extracted from
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ID Arabic phrase English gloss
160 & jsi medications
704 L4 JK;\N negative thoughts
875 bl sl emotional attachment
939 ;MG ! university
997 4! love
1047 alaed! praise be to God
1119 <yt medication
1123 el gl dopamine
1285 Jp‘\.ﬂ\ &‘J“J\ internal conflict
1408 C>LJ ! treatment
1413 L"}l,\i-\ d/ PYW] CM;J‘ dialectical behavior therapy
1608 J:-L:."J | emotions
1702 sl sleep
2081 B in relationships
2877 ol ce self-love
3243l Ramadan
3553 b doctor

Table 2: Sample entries from the phrase dictionary ex-
tracted from the Arabic mental-health discourse corpus.
English glosses are provided only for readability and
are not used by the model.

the observed posts, including unigrams and short
multiword expressions. Each phrase is assigned
a unique identifier and encoded using the same
multilingual sentence encoder used for the post rep-
resentations. Thus, every phrase w is associated
with an embedding v, in the same semantic space
as the longitudinal trajectory.

Table 2 shows a small sample of phrases ap-
pearing in the dictionary. The dictionary is not
manually defined and does not rely on an external
mental-health lexicon; rather, it reflects expressions
occurring naturally in the corpus.

For a given user and temporal position, the com-
plete dictionary is further restricted to an out-of-
window candidate set. Specifically, phrases oc-
curring within the temporal support of the DWT
component being interpreted are excluded, together
with the neighboring buffer interval. Candidate
phrases therefore originate from other portions of
the observed discourse rather than from the same
temporal window that generated the wavelet com-
ponent. This restriction reduces the possibility
of trivially recovering phrases that were already
present in the source interval.

Let Vy +,; denote the candidate phrase set for user
u, time ¢, and detail level j. For each candidate
phrase w € V, j, we compare its embedding with

the reconstructed semantic representation before
and after adding the corresponding detail compo-
nent:

Aj(w,t) = cos (v, Rj(t)) —cos (v, Rj—1()) .
(16)
A positive value of Aj;(w,t) indicates that the
reconstructed semantic state becomes more similar
to phrase w after the DWT detail component is
introduced. The phrases are then ranked by this
increase in similarity.
For example, suppose the out-of-window candi-
date set for one D5 event contains expressions such
as o4 (love), ol L (self-love), abldl sl

(emotional attachment), Cwl (treatment), and ; 3
(sleep). If the similarity of _.4|changes from

cos(v_}, Ro(t)) =0.4787 (17)

to

cos(v_,}, Ri(?)) = 0.5369, (18)

then its semantic gain is

Ap, () t) = 0.5369 — 0.4787 = 0.0582. (19)

The interpretation is therefore not that DWT
directly assigns a linguistic label such as “love.”
Instead, the DWT component moves the recon-
structed embedding in a particular semantic di-
rection, and the phrase dictionary is used to iden-
tify which naturally occurring expressions become
more compatible with that reconstructed state. This
provides a linguistic interpretation of the otherwise
continuous wavelet representation while grounding
the interpretation in expressions that occur in the
observed corpus.

11 Interpreting the Haar DWT on
Semantic Trajectories

This appendix provides an intuitive description of
how the Discrete Wavelet Transform (DWT) is ap-
plied to the longitudinal semantic trajectories used
in this study and how the resulting coefficients
should be interpreted. The explanation focuses on
the level-2 Haar transform used in our experiments.
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11.1 From Posts to a Temporal Semantic
Signal

For each user, posts are first aggregated into con-
secutive 14-day calendar bins. All posts within a
bin are encoded and averaged, producing one se-
mantic vector per interval. A user’s trajectory can
therefore be written as

Eu: [81782,...,81“], (20)

where each e; € R? is a semantic embedding.

The temporal ordering is essential. The DWT is
applied along this time axis, independently across
the d embedding dimensions. Thus, the transform
does not decompose the embedding into more or
less abstract meanings. Instead, it decomposes how
the semantic representation varies over time.

11.2 First-Level Haar Decomposition

The Haar transform begins by considering neigh-
boring temporal bins in pairs. For two adjacent
semantic states eg;_1 and eqg, it computes an ap-
proximation coefficient and a detail coefficient:

Ay = W @1)
Dy, = €2k—1 — er. 22)

T V2

The approximation coefficient A j, summarizes
what is shared across the two neighboring intervals,
while D1 j represents their difference.

Because each temporal bin covers 14 days, a D;
coefficient is based on approximately four weeks
of temporal support. A large magnitude ||D; ||
indicates that the semantic representations of the
two neighboring bins differ substantially, whereas
a small magnitude indicates relative semantic sta-
bility.

Importantly, the sign of an individual wavelet co-
efficient does not represent positive or negative sen-
timent. It indicates the direction of change along a
particular embedding dimension. The magnitude
of the coefficient, or its energy, is used to quantify
the strength of temporal variation.

11.3 Second-Level Haar Decomposition

The first-level approximation sequence is then de-
composed again. Two neighboring A coefficients
are combined as

Ao+ Al

A ) 23
2k NG (23)
Ay o1 — Aq g
Dy =— —. 24
2.k NG (24)
The resulting decomposition is therefore
E, — {A3,Dy,Dy}. (25)

Ay summarizes the slowly varying temporal
structure, while D measures differences between
broader neighboring portions of the trajectory.
With 14-day bins, D2 has approximately eight
weeks of temporal support.

The three components can therefore be inter-
preted as

Component Temporal support Interpretation

Ao ~8-week aggregation smoothed level-2 temporal structure
Do ~8-week support broader semantic variation
Dy ~4-week support finer semantic variation

These descriptions refer to temporal resolution
rather than semantic abstraction. Both A and Do
are derived at the second decomposition level, but
Aj is the smoothed approximation whereas D5 cap-
tures the corresponding broader-scale detail.

11.4 What Do the Coefficients Represent?

A wavelet coefficient should be interpreted as a
scale-specific temporal difference. For example,
D, compares two neighboring 14-day semantic
states, whereas Do compares two broader neigh-
boring regions after local variation has first been
averaged.

Consider an illustrative eight-bin scalar trajec-
tory. A level-2 Haar transform may produce

Ay = [0.950, 1.365], (26)
Dy = [—0.050, 0.185], (27)
Dy = [-0.071, 0.071, —0.035, 0.014]. (28)

The values themselves are expressed in the or-
thonormal Haar basis and should therefore not be
read as raw semantic scores. Rather, their relative
magnitudes indicate how much variation is present
at each temporal location and scale. For example,
the second D5 coefficient (0.185) is larger in mag-
nitude than the first (—0.050), indicating a stronger
broader-scale transition in the second half of the
illustrative trajectory.

In the actual experiment, these coefficients are
vectors rather than scalars:
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D, € R% (29)

We therefore summarize their strength using
their magnitude or energy. For a detail level Dj,
the corresponding energy can be expressed as

2
Ep, =Y _IDjxll5-
k

Higher energy indicates greater temporal seman-
tic variation represented at that scale.

(30)

11.5 Reconstructing Each Temporal Scale

Although wavelet coefficients quantify temporal
variation, they are not themselves ordinary seman-
tic embeddings. To interpret them linguistically,
we use the inverse DWT to reconstruct each com-
ponent at the original temporal resolution.

Let Ay, Doy, and Dy denote the reconstructed
components. We progressively recover the trajec-
tory as

Ro = Ao, (31)
R, = Ay + Dy, (32)
Ry = Ay + Dy + D;. (33)

Here, R represents the temporally smoothed
semantic trajectory. Adding D5 produces R; and
reveals the broader-scale variation that was absent
from the approximation. Adding D; produces R,
which restores the finer-scale variation and recon-
structs the original trajectory up to numerical pre-
cision.

This provides a useful interpretation of each
wavelet level as a semantic displacement:

Sp, (t) = Ru(t) — Ro(t),
Sp, (t) = Ra(t) — Ry (t).

Thus, rather than interpreting the raw coefficient
directly, we ask how the semantic state changes
when information from a particular temporal scale
is restored.

(34)
(33)

11.6 From Wavelet Variation to Linguistic
Interpretation

DWT determines the temporal scale and magnitude
of change, but it does not directly assign linguistic
meaning to that change. We therefore compare the
reconstructed states with embeddings of phrases
observed in the corpus.

For phrase w with embedding v,,, semantic gain
is defined as

Aj(w,t) = cos(vy, Rj(t)) — cos(vy, Rj—1(t)).
(36)
If Aj(w,t) > 0, adding the corresponding
wavelet detail component moves the semantic tra-
jectory closer to phrase w. The largest-gain phrases
therefore provide a linguistic description of the
scale-specific semantic displacement.
The complete interpretation can be summarized
as

Calendar-time semantic trajectory

4
Haar DWT

]
Az, Do, D
1 (37

Inverse reconstruction

!

Scale-specific semantic displacement

!

Phrase-based semantic gain

Accordingly, the DWT answers at what tempo-
ral scale semantic variation occurs, while semantic
gain provides evidence about which linguistic con-
tent is associated with that variation.

11.7 Case Study: Scale-Specific Semantic
Change

To examine whether the learned wavelet compo-
nents correspond to observable discourse changes,
we inspect an anonymized BPD-related user with a
16-bin trajectory covering approximately 32 weeks.
The Dy component reveals a sequence of broader
semantic shifts. Early intervals emphasize pain-
related expressions (¢ ~ ¢ (N‘ «8L\ll), followed

by self-confidence (.2l &), perceived worth

and invalidation (¢l (s » ¥ 5= b)), and sub-
sequently a highly coherent relationship-related
cluster (wBMa (3! v« (& 1). Later inter-
vals shift toward freedom and control and eventu-
ally toward negative thoughts and internal conflict.

The strongest relationship-related D> event
yields a mean semantic gain of approximately
0.052 and phrase coherence of 0.889. For exam-
ple, the similarity of _41to the reconstructed se-

mantic state increases from 0.479 before adding
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D5 to 0.537 afterward (A = 0.058). Importantly,
this region also corresponds to the largest inde-
pendent distributional change measured by RBF-
MMD (MMD = 0.639). Across the trajectory,
Dy, correlates significantly with MMD (p = 0.691,
p = 0.0089), supporting the interpretation that
the broader wavelet component captures genuine
changes in the surrounding semantic distribution.

In contrast, D; shows weaker agreement with
independent change measures for this user, indi-
cating that fine-scale components are not equally
interpretable in every trajectory. This case therefore
illustrates both the utility and the limitation of the
proposed multi-resolution analysis: D2 captures a
coherent broader thematic transition, whereas finer-
scale variation may remain comparatively noisy.

Figure 4 illustrates the temporal behavior of the
two detail levels for the same user. The Dy compo-
nent shows clearer correspondence with the inde-
pendent MMD signal, whereas the D1 component
exhibits weaker alignment with adjacent cosine
change. This case illustrates that different wavelet
scales can capture different forms of temporal se-
mantic variation and that their interpretability may
vary across users.

Real case: D2 variation vs. independent distributional change

1.0
0.8

0.6 1

—e— D2 boundary score
RBF-MMD change

0.4

Normalized score

0.21

2 4 6 8 10 12 14
Temporal boundary (14-day bins)

Real case: D1 variation vs. local semantic change

1.0 1 —e— D1 boundary score
Adjacent cosine change
0.8 4

0.6 4

0.4+

A
NS \

Normalized score

0.0+

Temporal boundary (14-day bins)

Figure 4: Case-study comparison between DWT-derived
temporal variation and independent semantic-change
measures for one anonymized user. Top: the D2 bound-
ary score tracks broader distributional change measured
by RBF-MMD. Bottom: the D; boundary score is com-
pared with adjacent cosine change, reflecting finer local
variation. Scores are min—max normalized within each
series for visualization.

158



