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Abstract

Cognitive distortions (CDs) are systematically
biased patterns of thinking associated with the
onset and maintenance of mental health condi-
tions such as depression and anxiety. Computa-
tional research on CDs has primarily focused
on detection and classification, while the lin-
guistic characterization of distorted language;
what psycholinguistic features distinguish dis-
torted from non-distorted text, and whether in-
dividual distortion types carry distinct language
patterns, remains largely unexplored. Using a
Reddit dataset, we apply a Generalized Lin-
ear Model (GLM) with bootstrap sampling to
LIWC-derived features and find that CD lan-
guage is psycholinguistically distinct from non-
distorted language. We further characterize
type-specific psycholinguistic profiles for each
CD, and through hierarchical clustering show
that CD types are not fully separable, with cer-
tain distortions sharing stable linguistic signa-
tures. Together, these findings contribute to the
linguistic characterization of CDs, offering an
empirically grounded account of the psycholin-
guistic properties that distinguish distorted lan-
guage at the level of CDs as a whole and across
specific distortion types.

1 Introduction

Cognitive distortions (CDs) are systematic patterns
of negatively biased thinking that distort how in-
dividuals interpret events and reality (Beck, 1963;
Beck et al., 1979). Distorted thinking patterns have
been associated with depression, anxiety, and a
range of psychological difficulties, making their
study important for both clinical practice and men-
tal health research (Joormann and Stanton, 2016;
Ouhmad et al., 2024). Crucially, CDs are not purely
internal cognitive events; they can be reflected in
language. Beck (1963)’s work identified distortions
through the verbal content of patient speech, and
subsequent theoretical work has described each dis-
tortion type in terms of characteristic patterns of
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expression (Burns, 1980). This makes language
a natural and accessible medium through which
distorted thinking can be studied.

Computational research on CDs has approached
the phenomenon as a detection and classifica-
tion problem: given a text segment, determining
whether it contains a distortion (binary classifica-
tion) and, if so, which distortion type(s) (multi-
label, multi-class classification) (Sage et al., 2025).
A range of methods have been applied to these
tasks, from rule-based systems to fine-tuned lan-
guage models (Sage et al., 2025), which typically
enable inferences at the instance level.

A complementary but distinct direction is lin-
guistic profiling, which characterizes the psycholin-
guistic! properties of distorted language and ex-
amines whether individual distortion types leave
distinguishable traces in language use. Rather than
classifying individual texts, this approach aims to
make inferences at the population or phenomeno-
logical level, describing what distorted language
looks like as a broader linguistic phenomenon. De-
spite its potential, this direction has so far received
limited attention.

This approach is well-established in the broader
mental health NLP literature, where linguistic
markers have been used to characterize conditions
such as depression, anxiety, PTSD, and suicidality,
yielding interpretable, theoretically grounded in-
sights into the language of these conditions (Homan
etal., 2022; Khuon et al., 2026). These studies have
consistently demonstrated that different psychologi-
cal states leave systematic, identifiable traces in lan-
guage; traces that can be characterized in ways that
are meaningful to both clinicians and researchers.

The groundwork for linguistic profiling of CDs

'In this work, "psycholinguistic" refers to the characteriza-
tion of text through lexical features that capture both linguistic
structure (e.g., word choice, syntactic markers, temporal orien-
tation) and psychological processes (e.g., affective, cognitive,
and social dimensions), as operationalized by LIWC-22
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already exists. Burns (1980) described character-
istic linguistic patterns for individual distortion
types, for example “Overgeneralization” defined as
drawing broad conclusions from a single negative
event, expressed through words such as “always” or
“never.” Bathina et al. (2021) subsequently demon-
strated that these descriptions can be translated into
identifiable linguistic units detectable in text. De-
spite growing computational interest in CDs, sys-
tematic linguistic characterization of individual dis-
tortion types remains limited. The psycholinguistic
profiles that would make distortion-specific lan-
guage patterns interpretable and comparable have
not yet been constructed. This study tries to address
this research gap guided by the following research
questions:

RQ1: Do texts containing cognitive distortions ex-
hibit distinct psycholinguistic characteristics com-
pared to texts without cognitive distortions, as mea-
sured by LIWC-derived features?

RQ2: Can individual cognitive distortion types be
characterized by distinct psycholinguistic profiles,
and to what extent are these profiles linguistically
distinguishable from one another?

Guided by these research questions, we first es-
tablish statistical differences in language between
texts containing CDs v/s those without. We further
construct psycholinguistic profiles for individual
distortion types considered in this study, and ex-
plore similarities between them.

2 Related Work

CD detection has followed a familiar methodolog-
ical progression in NLP, from lexicon-driven ap-
proaches such as curated n-gram schemata (Bathina
et al., 2021), to feature-engineered representa-
tions (e.g., n-grams/TF-IDF and psycholinguistic
features) paired with classical machine learning
(Simms et al., 2017; Shickel et al., 2019; Shreevas-
tava and Foltz, 2021), and more recently to neural
and transformer-based modeling (Rojas-Barahona
et al., 2018; Mostafa et al., 2021; Lybarger et al.,
2022), followed by LLM-based approaches (Chen
et al., 2023; Lim et al., 2024; ?).

While predictive modeling of CDs has been ex-
tensively explored, the linguistic characterization
of distorted language remains comparatively un-
derstudied. Research in mental health NLP has
long used linguistic markers to study conditions
such as depression (Rude et al., 2004; De Choud-
hury et al., 2021; Eichstaedt et al., 2018), anxiety

(Al-Mosaiwi and Johnstone, 2018; Abutara et al.,
2025), PTSD (Coppersmith et al., 2014; Quillivic
et al., 2025), and suicidality (Dobbs et al., 2023;
Agurto et al., 2018), showing that language pat-
terns can provide interpretable insights into un-
derlying psychological states. Linguistic Inquiry
Word Count (LIWC) framework (Boyd et al., 2022;
Tausczik and Pennebaker, 2010) is one such tool
which has consistently revealed systematic differ-
ences in language use across clinical populations.
For example, depressed individuals tend to use
more negative emotion words, first-person singular
pronouns, and absolutist language (Tackman et al.,
2019), while anxious language is associated with
elevated uncertainty and threat-related vocabulary
(Al-Mosaiwi and Johnstone, 2018).

Several studies have also incorporated LIWC fea-
tures into CD detection models, improving classifi-
cation performance (Shreevastava and Foltz, 2021;
Bollen et al., 2021; Simms et al., 2017; Wiemer-
Hastings et al., 2004). However, these studies treat
LIWC features as model inputs rather than objects
of analysis, leaving the linguistic characteristics of
individual distortion types largely unexamined.

Bathina et al. (2021) developed 241 n-grams
(cognitive distortion schemata, CDS) to capture the
linguistic characteristics of 12 CD types, validated
with CBT experts and computational linguists. The
same lexicon was subsequently applied to historical
book corpora (Bollen et al., 2021) and psychother-
apy transcripts (Lalk et al., 2024), demonstrating
that CD-specific language is detectable across di-
verse text sources. However, these operationaliza-
tions remain anchored to surface n-gram matching
and have been used primarily for detection and
prevalence tracking rather than systematic linguis-
tic characterization of individual distortion types.

To our knowledge, no study has examined the
broader linguistic profiles of individual CD types
across a common feature space. This work ad-
dresses this gap by constructing per-CD linguistic
profiles using psycholinguistic features and exam-
ining the differences and similarities between lin-
guistic profiles of different CDs.

3 Data and Annotations

This section describes the dataset, CD labeling pro-
cess, and LIWC features used in this study.
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Stage Users Posts Avg.
C D C D C D
raw 35,753 3,070 ~32.0M ~5.34M|895 1,739
proc. 35,697 3,069 |~19.71M ~3.22M|552 1,048
balanced 3,069 3,069| ~1.69M ~3.22M|551 1,048

final 3,069 3,069| ~1.53M ~3.20M|498 1,041

Table 1: RSDD statistics. proc.: preprocessed. C/D
denote Control/Depression. final: corpus after CD
labeling (§3.2). Avg.: average number of posts per user.

3.1 RSDD Dataset

In this study we use the Reddit Self-Reported De-
pression Diagnosis (RSDD) dataset (Yates et al.,
2017), a large corpus of Reddit posts from users
with self-reported depression and a matched control
cohort; for details about the original dataset refer to
the original study. To this dataset, we first applied
basic pre-processing involving removal of empty
strings, posts without user labels, and non-English
text. We then balanced the dataset by taking an
equal number of users in both cohorts. Refer to
Table 1 and Appendix A for additional details.

3.2 Cognitive Distortion Labeling

The RSDD corpus does not contain cognitive dis-
tortion labels. To enable our linguistic analyses, we
therefore need to construct CD labels for RSDD
posts. The publicly available Therapist Q&A
dataset (Shreevastava and Foltz, 2021) provides
CD annotations on user inputs across 2,530 user-
therapist exchanges and has supported prior work
on CD detection and classification.

CD detection is, however, an inherently subjec-
tive task. Sharma et al. (2026) argue that in such do-
mains, where objective ground truth is unattainable,
label reliability provides the practical way forward:
when the same label is consistently produced across
independent annotation passes, this consistency in-
dicates that the underlying text contains genuine
signals rather than annotation-specific noise. This
consideration is directly relevant to Therapist Q&A:
its human inter-annotator agreement of 33.7% re-
flects substantial annotator disagreement, indicat-
ing that any single annotation set on this corpus can-
not be treated as reliable ground truth. We therefore
do not use Therapist Q&A directly for our analyses,
and instead build a labeling pipeline that applies the
reliability principle to generate labels for RSDD
using Therapist Q&A annotations as input.

Sharma et al. (2026) operationalize this principle

through multiple LLM annotation runs, retaining
labels that appear consistently across runs as reli-
able. We adapt the same principle to operate across
two independently produced annotation sets of the
Therapist Q& A dataset: the human annotations of
Shreevastava and Foltz (2021) (IAA 33.7%) and
the LLM-based annotations of Sharma et al. (2026)
(Fleiss’s k 0.78).

We train two  separate  multi-label
mentalRoBERTa-based classifiers (Ji et al.,
2022) with default parameters, one on each annota-
tion set. Both classifiers follow the architecture,
hyperparameters, and data splits of Sharma et al.
(2026), and reproduce classification performance
comparable to that reported in the original study.
Both classifiers are then retrained on the full
Therapist Q&A dataset, leveraging all available
annotated examples to maximize the training signal
for label transfer, and applied to the RSDD corpus,
producing two independent sets of predicted CD
labels per post.

Since our goal is linguistic profiling rather than
classification, label reliability is paramount. We
adopt a conservative agreement-based filtering
strategy; we retain only RSDD posts where the
two label sets agree in one of two forms. Com-
plete agreement indicates that both classifiers as-
sign identical CD label sets to a post. Partial agree-
ment indicates that the two label sets share at least
one common CD label but are not identical; in
this case, we take the shared label(s) as the final
assignment. Posts with entirely disjoint predic-
tions are discarded. The rationale is that labels
that survive this cross-source agreement are more
likely to reflect genuine distortion-relevant linguis-
tic signals than artifacts of any specific annotation
source. The retained labels form the basis for all
downstream linguistic analyses. Table 1 (final row)
reports the resulting labeled corpus, and Table 2
lists the CD types considered. Full details of the la-
beling pipeline and classifier training are provided
in Appendix B.

3.3 LIWC

Psycholinguistic features were extracted for the
dataset using LIWC-222 (Boyd et al., 2022), which
is a dictionary-based tool that maps text onto inter-
pretable linguistic and psychological dimensions.
From the full LIWC feature set (120+ categories),
we selected a subset capturing core linguistic struc-

2LIWC-22 was accessed under a research license
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No. Cognitive Distortion

Description and Example

1.  Emotional Reasoning (ER)
2. Overgeneralization (Over)
3. Should Statements (SS)

4.  All-or-Nothing Thinking (AoN)
5. Mind Reading (MR)

6.  Fortune Telling (FT)
7.  Magnification (Mag)
8. Personalization (Per)
9.  Labeling (La)

10. Mental Filter (MF)

Assuming emotions reflect reality. Example: "I feel worthless, so I must be a
failure."

Drawing broad conclusions from limited experiences. Example: "I failed this
interview, I’ll never get a job."

Holding rigid expectations for oneself or others. Example: "I should always be calm
and never get upset.”

Viewing situations in extremes. Example: "If I'm not the best, I'm a total failure."

Presuming negative judgments from others. Example: "She didn’t say hi, she must
think I’'m annoying."

Predicting negative outcomes with certainty. Example: "There’s no point in applying,
I know I won’t get accepted.”

Exaggerating potential problems. Example: "If I mess up this report, I’ll lose my
job and never recover."

Taking undue responsibility for external events. Example: "My friend is upset, it
must be something I did wrong."

Defining oneself or others by single traits. Example: "I missed a deadline, I'm so
incompetent."

Focusing only on negative aspects. Example: "Everyone said my presentation was
good, but one person criticized it, so it must have been terrible."

Table 2: List of CDs considered in this study based on Shreevastava and Foltz (2021). Mental Filter is excluded

from our analysis due to negligible presence (26 posts out of 4.73M) in the RSDD predictions.

ture, cognitive processing, temporal orientation,
and affective dimensions, excluding hierarchically
redundant or task-irrelevant categories. Appendix
C provides more details on selected features.

4 Methodology

This section details our analysis process with the
following subsections explaining task formulation,
statistical modeling, and sampling strategies used
within the process.

4.1 Task Formulation

To answer our research questions, we define three
complementary tasks.

1. TASK(CD/ND): Posts containing at least one
CD (positive class) are compared against No
Distortion (ND) posts (negative class), cap-
turing broad linguistic differences between
distorted and non-distorted language.

2. TASK(XCD/ND): Identifying CD-specific
features relative to No distortion posts.

3. TASK(XCD/=xXxCDS): Each CD type ( posi-
tive class) is compared against all remaining
CD types (negative class) (one-vs-rest), isolat-
ing what linguistically distinguishes it from
other CDs.

TASK(CD/ND) answers RQ1 and also provides a
reference point for interpreting results for RQ?2.
TASK(XCD/ND) and TASK(XCD/=XCDS) to-
gether drive our CD-type profiling (RQ2).

4.2 Sampling Strategy

Our corpus contains 6,138 users and ~4.73M posts,
with multiple posts per user. Running inference on
the full dataset is computationally expensive and
can yield overly small p-values due to the very
large n. We therefore use a user-clustered boot-
strap with a controlled subsampling procedure that
(i) preserves user-level dependence and (ii) yields
balanced, comparable bootstrap samples. The fol-
lowing procedure generates one bootstrap sample:

1. Eligible users: Identify users who have at
least one positive and one negative class post
under the task definition (§4.1).

2. Stratify users: Sample an equal number of
users from the depression and control groups
(these group labels are not used as predictors;
they are used only to avoid dominance of one
user population in subsamples).

3. Balance classes: Within sampled users, draw
posts to obtain equal numbers of positive and
negative examples for each user.

4. Cap size: Continue sampling users until the
total post count first exceeds 10,000 posts.
Based on pilot experiments, a cap of 10,000
posts provided a practical stability—compute
trade-off.

4.3 Statistical Modeling

We initially considered mixed-effects multivari-
able logistic regression (Generalized Linear Mixed
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Model; GLMM) (Bates et al., 2015) shown in equa-
tion 1 for our analysis. This choice was based on
the binary nature of our tasks §4.1, multiple LIWC
features as predictors (fixed effect), and use of ran-
dom intercept to account for dependency due to
multiple posts per user.

Yy~r1+2r2+-+Tr +
Fixed Effects

(1 |user) (1)
——

Random Intercept

In preliminary analysis, the estimated variance
of the random intercept consistently approached
zero (i.e., boundary/singular fits) under our sam-
pling design, indicating that the user-level random
effect contributed negligibly once LIWC predic-
tors were included and samples were constructed
in a user-aware, balanced manner. In this situation,
the GLMM reduces to a fixed-effects-only Gen-
eralized Linear Model (GLM) (Nelder and Wed-
derburn, 1972). For computational efficiency and
numerical stability we therefore report results from
GLM defined as:

K
logit(Pr(y; =1)) = fo + Zﬁkﬂﬁm 2

k=1

Where, y; € {0, 1} denote the task-specific label
for ith post, x, ; denote the k-th LIWC feature for
it" post, B is corresponding fixed-effect coeffi-
cient, and [ is the intercept.

For each task, we fit a GLM using the se-
lected LIWC features and quantify uncertainty via
B = 500 bootstrap samples. We use bootstrap
median coefficient (5) as the primary effect esti-
mate, together with 95% confidence interval (CI)
and bootstrap standard error (SE_boot) values. Co-
efficients are reported on the log-odds scale, where
the sign indicates whether a feature is associated
with a higher (3 > 0) or lower (3 < 0) probabil-
ity of the positive class. For interpretability, we
also report odds ratios OR = exp(/3) and the cor-
responding percentage change in odds, computed
as (OR — 1) x 100 (Heyard, 2026). Since predic-
tors are standardized (z-scored), these odds ratios
represent the change in odds associated with one
standard deviation increase in a given LIWC fea-
ture, holding other features constant.

To ensure significance, consistency, and stabil-
ity of reported features, we use 95% CI and Rela-
tive Standard Error (RSE). Excluding features with
zero within their 95% CI ensures that retained fea-
tures are both significant and sign consistent across

bootstraps. Feature stability across bootstraps is
measured using RSE, defined as:

RSE — SP-boot 3)

16l

RSE provides a scale-free measure of stability: the
same absolute bootstrap SE (SE_boot) can imply
high stability for a large effect (large 3) but low
stability for a small effect (small 3 ).

5 Results

This section discusses the results from our statisti-
cal modeling for 3 tasks in §4.1.

5.1 Distorted vs non-distorted language

Table 3 summarizes the significance and effect
of LIWC features for the TASK(CD/ND). Over-
all, CD text corresponds to a more negative Tone
(B:—O.Gl, —45.49%) and shows highest associa-
tion with swear (5=0.65, +91.31%). Temporally
CD language is shown to be less past-oriented
(52—0.18, —16.09%) and more present-focused
(8=0.10, 10.91%). Absolutist vocabulary, cap-
tured by allnone, is strongly elevated in CD posts
(8=0.41, +50.60%), and negations are associated
with higher CD odds (5=0.29, +33.58%).

These results provide a clear answer to RQ1:
texts containing cognitive distortions differ signifi-
cantly from texts without cognitive distortions on a
range of psycholinguistic features. CD text is con-
sistently negative in emotional language, with ele-
vated negative emotion words (emo_neg), reduced
positive emotion words (emo_pos), and an overall
negative tone (Tone). It is more absolutist (allnone)
and has a reduced analytic structure. Linguisti-
cally, CD text is more likely to contain moral lan-
guage (moral) and achievement-related language
(achieve), and is more interpersonally referenced
(socrefs) while being less affiliative and less polite.

5.2 Cognitive Distortion Profiles

TASK(XCD/ND) and TASK(XCD/=XCDS)
(§4.1), together help define the psycholinguistic
profiles of individual CDs considered in this study.
The profiles are defined based on 44 unique LIWC
features obtained from the union of the top 15
features (highest absolute B) for each CD within
beforemetioned tasks. Figure 1 plots these profiles.
TASK(CD/ND) further represents global CD
trends, providing a reference point for analyzing
individual CD profiles. For each CD we group
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Feature B8 OR % A Odds RSE 95% CI
swear 0.65 1.91 91.31 ' [0.50, 0.82]
Tone -0.61 0.55 -45.49 XX} [-0.70, -0.51]
moral 0.44 1.55 55.01 'Y [0.31, 0.59]
wC 0.44 1.55 54.75 ' [0.28, 0.65]
allnone 0.41 1.51 50.60 o0 [0.31, 0.51]
emo_neg 0.33 1.40 39.68 '3 [0.18, 0.51]
negate 0.29 1.34 33.58 'Y [0.19, 0.39]
socrefs 0.24 1.27 26.90 . [0.11, 0.37]
polite -0.18 0.84 -16.49 ° [-0.34, -0.06]
achieve 0.18 1.19 19.33 ' [0.11, 0.25]
focuspast -0.18 0.84 -16.09 ' [-0.26, -0.09]
emo_pos -0.17 0.84 -15.97 . [-0.27, -0.08]
affiliation -0.16 0.85 -14.70 ° [-0.25, -0.07]
Analytic -0.16 0.85 -14.59 ° [-0.25, -0.07]
insight 0.15 1.16 16.24 ' [0.08, 0.21]
conflict -0.13 0.88 -12.00 ° [-0.21, -0.04]
power 0.12 1.12 12.33 ° [0.04, 0.19]
focuspresent 0.10 1.11 1091 . [0.02, 0.18]
certitude 0.09 1.10 9.78 ° [0.04, 0.15]
discrep -0.08 0.92 -7.91 ° [-0.15, -0.01]
cause 0.08 1.08 8.35 . [0.02, 0.14]
curiosity -0.08 0.92 -7.60 . [-0.16, -0.01]
lack 0.07 1.07 7.29 ° [0.02, 0.15]

Table 3: TASK(CD/ND): GLM feature effects (median across bootstraps) with uncertainty and stability. B and

OR = exp(3) denote bootstrap medians. Relative Standard Error (RSE) encodes stability categories: o e o =
extrgrgely stable (RSE < 0.10), ee = stable (0.10-0.25], = moderately stable (0.25-0.50]. %A Odds is computed
as (OR — 1) x 100. All reported effects are extremely sign-consistent across bootstraps (consistency > 99%).

the features into two categories: Core markers
and Global markers. Core markers are features
where individual CD values deviate considerably
from global trends i.e. substantial 3 values for
TASK(XCD/ND) and TASK(XCD/=XCDs),
while Global markers are features where CD
closely follows global distortion values. For
example, in All-or-Nothing Thinking (AoN),
Authentic & socrefs are Core markers whereas
Tone & i are Global markers. Appendix D Table
8 presents the complete list of Core and Global
markers for individual CDs.

Figure 1 highlights patterns that are character-
istic of individual CDs and can help differentiate
them from other CDs as well as non-distorted text.
Anxiety-related words (emo_anx) are characteristic
of Emotional Reasoning (ER) and Fortune Telling
(FT), while social references (socrefs) are charac-
teristic of Mind Reading (MR) and Magnification
(Mag). These examples illustrate that individual
CDs can be characterized by distinct psycholinguis-
tic patterns in LIWC-derived features, positively
answering our second research question.

6 CD Profile Clustering

While constructing individual CD profiles, we
observed that many psycholinguistic features ap-

peared across multiple CD types, suggesting sub-
stantial overlap in their linguistic signatures. This
indicates that CD types are not fully distinct at the
linguistic level, and the overlap in their profiles is
worth exploring. To this end, we apply hierarchical
clustering (Ward, 1963) using the GLM median
coefficient (BN) values of the CD profiles (see Ap-
pendix E for the full tables of feature and B).
Figure 2 presents the clustering results for both
TASK(XCD/ND) and TASK(XCD/=XCDSs). Al-
though some differences exist, certain groupings
remain consistent: Fortune Telling, Emotional Rea-
soning, and Magnification cluster together, and this
grouping is stable across both tasks, appearing with
low within-cluster correlation distance, as do Per-
sonalization and Labeling. The top 10 features
driving each cluster are reported in Table 4.

7 Discussion

Our findings confirm that CD language is psy-
cholinguistically distinct from non-distorted lan-
guage. Our results show a positive association
between CD and LIWC features representing nega-
tive emotions (emo_neg, swear), absolutist vocab-
ulary (allnone, certitude), and negation language
(negate). These findings align with Burns (1980)’s
characterization of CDs as patterns of systemati-
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Figure 1: Psycholinguistic profiles of 9 CDs from TASK(CD/ND): A, TASK(XCD/ND): ——, and
textscTask(xCD/—xCDs): —. X-axis plots the 44 union LIWC features considered and Y-axis plots the boot-
strap median coefficient (5).

312



Task Cluster CDs Top 10 driver features

ER, FT, Mag +emo_anx, —socrefs, +focusfuture, +death, +Authentic, +swear, —discrep, —Tone, +illness, —emo_pos
TASK(CD/ND) AoN, Over —emo_anx, +i, +-allnone, +emo_anger, —socrefs, +-negate, —emo_pos, —Tone, +emo_neg, +-achieve

La, Per, SS +moral, —emo_anx, +swear, —focusfuture, —death, +socrefs, —Authentic, +WC, +i, +auxverb

MR +socrefs, 4-insight, —you, —swear, —Authentic, —death, 4-tentat, —affiliation, —discrep, —focuspast

AoN, ER, FT, Mag —socrefs, +emo_anx, +focusfuture, 4-death, +Authentic, —moral, —insight, —differ, +discrep, +you
TASK(XCD/—~XCDS) La, Per ~+moral, —efnofanx, ~+swear, —focusfl}ture, — Authentic, fsocrefs, —dealt‘l,A—i-‘emofneg, —discrep, —Tone

MR, SS ~+socrefs, +insight, —death, —Authentic, +Tone, —you, +i, —swear, —affiliation, +auxverb

Over —emo_anx, —i, +negate, +Tone, —you, +-allnone, 4-focuspast, —focusfuture, —death, —feeling

Table 4: Top 10 driver features per cluster for TASK(CD/ND) and TASK(XCD/=XCDS). These features indicate
which shared positive and negative patterns underlie the observed clustering.

Task(CD/ND)

T

FT ER Mag MR AoN Over SS La Per

Task(xCD/—-xCDs)

-
o
L

o
n

Correlation distance

o
IS)

1.0 |

0.5

Correlation distance

0.0

Over AoN FT ER  Mag La Per MR SS

Figure 2: Hierarchal clustering of CDs in
TASK(XCD/ND) and TASK(XCD/=XCDs) based on
their lingustic profiles and corresponding 3 values.

cally negative and absolutist thinking. Furthermore,
these inferences align with findings from previous
studies (Simms et al., 2017; Al-Mosaiwi and John-
stone, 2018), that also show higher use of negative
emotions and absolutist language in CD text as
compared to control.

Additionally, our results also show that individ-
ual CDs carry distinct linguistic cues, not only
enabling the characterization of type-specific psy-
cholinguistic profiles, but also allowing differenti-
ation between them. For example, future orienta-
tion (focusfuture) and anxiety language (emo_anx),
combined with elevated tentative language (tentat),
are characteristic features of Fortune Telling pro-
file, which directly reflect its clinical definition of
predicting negative outcomes as facts without ev-
idence (Burns, 1980, p. 37). Similarly Emotional
Reasoning profile shows strong anxiety (emo_anx)
and feeling (feeling) and highly self-referential
language (i), which is consistent with its clinical
definition of treating emotional states as evidence
(Burns, 1980, p. 38). These patterns are further sup-
ported by Shreevastava and Foltz (2021), who also
found elevated future-focused language for Fortune
Telling and elevated feel language for Emotional

Reasoning. Similar patterns were observed across
all remaining CD types, with each profile reflect-
ing its corresponding clinical definition from Burns
(1980, p. 32-43).

The psycholinguistic profiles identified in this
study contribute to the linguistic characterization
gap in prior work. Rather than treating CD as
an opaque categorical label, these profiles spec-
ify which linguistic dimensions are elevated or
suppressed in distorted text, and how strongly, en-
abling inferences at the population and phenomeno-
logical level. Furthermore, the estimated § values
provide a quantifiable, and continuous measure of
each LIWC-feature and its association with a given
CD. This can be used to estimate the severity of pre-
dicted distortion by comparing the linguistic profile
of a given text with reference to the profile of the
corresponding CD. This can also enable longitu-
dinal tracking of changes in a person’s cognitive
distortion patterns, offering more insights into a per-
son’s mental health. This kind of evidence-based
linguistic profiling is particularly valuable in clin-
ical and research contexts, where understanding
the psycholinguistic nature of distorted thinking
at the population level complements downstream
applications such as detection and classification.

Beyond individual CD profiles, clustering analy-
sis revealed linguistic similarity across CD types.
The consistent grouping of Fortune Telling, Emo-
tional Reasoning, and Magnification across both
tasks is theoretically coherent: following Burns
(1980, p. 32-43), these distortions share a negative
future outlook, reflected in their driver features;
anxiety language (emo_anx), future orientation (fo-
cusfuture), and death/illness vocabulary (death, ill-
ness). This aligns with Shickel et al. (2019), who
similarly found natural groupings among overlap-
ping CD types, reinforcing that CD categories are
not fully separable linguistically, however, their
specific cluster compositions differ from our find-
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ings, likely due to the use of different datasets and
CD taxonomies.

8 Future Work

In the future, we plan to leverage the temporal
structure of the RSDD dataset alongside CD psy-
cholinguistic profiles to track how distortion pat-
terns evolve over time. This would enable estima-
tion of distortion severity and longitudinal moni-
toring. Additionally, integrating CD profiles with
mental health measures, such as self-reported de-
pression, could reveal how specific distortions co-
occur with these conditions. This may help identify
early indicators or risk factors, providing a more
nuanced understanding of the relationship between
cognitive distortions and mental health.

9 Conclusion

This study investigated the psycholinguistic prop-
erties of cognitive distortions, motivated by a gap
in prior research: while detection systems are well-
studied, the linguistic cues underlying distorted
thinking remain relatively unexplored. We pro-
posed that psycholinguistic profiling via LIWC-
derived features offers a viable path toward ad-
dressing this. Our results confirm that CD language
is psycholinguistically distinct from non-distorted
language. Beyond the global distinction, individual
CD types exhibit meaningful psycholinguistic pro-
files that broadly mirror their clinical definitions,
demonstrating that linguistic markers can charac-
terize not only whether a text is distorted but also
what kind of distortion it reflects. Hierarchical clus-
tering further reveals that CD types are not fully
separable at the linguistic level, certain distortions
share stable psycholinguistic signatures, reflecting
their linguistic overlap.

Together, these findings suggest that psycholin-
guistic profiling provides an empirically grounded
and human-interpretable characterization of cogni-
tive distortions at the population level by revealing
how cognitive distortions manifest linguistically, a
particularly valuable property in the mental health
domain where understanding the nature of the phe-
nomenon is as important as its detection.

Limitations

The RSDD dataset consists of Reddit posts, which
differ substantially from clinical text; findings may
therefore not generalize to clinical populations or
settings. Furthermore, although depression and

control labels are not used as predictors, they
guide sampling, meaning results may be implicitly
shaped by this divide. Additionally, since cognitive
distortions are inherently context-dependent, the
variable length and informal nature of Reddit posts
may also introduce noise into the profiles.

The CD labels carry additional uncertainty given
the subjective nature of the task. Although we try
to mitigate this by combining two different label-
ing sources for our CD predictions, the final CD
labels can still carry noisy predictions arising from
original training labels.

As a lexicon-based framework, LIWC lacks sen-
sitivity to meaning and context, meaning psycho-
logically distinct expressions may receive identi-
cal feature representation. Furthermore, the ini-
tial LIWC feature selection was guided by the
researchers’ domain knowledge and subjective
judgment, and may therefore vary across research
teams, potentially yielding different feature sets.

Finally, while the GLMM random intercept col-
lapsing to zero justified the simplification to GLM,
this may partly reflect an artifact of the sampling
procedure itself, equal per-user balancing may have
removed the very user-level variance the random
intercept was intended to capture, rather than in-
dicating a genuine absence of user dependency in
data.
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Appendix
A Dataset

We use RSDD dataset (Yates et al., 2017) for two
reasons. First, it is one of the most widely used
datasets in mental health NLP, and was available
to us under a data use agreement. Second, its post-
level timestamps make it suitable for longitudinal
study, where tracking distortion patterns over time
is of future interest to us.

The RSDD dataset consists of Reddit posts from
users assigned to a depression cohort, identified
through high-precision diagnosis patterns (e.g.,
“I was diagnosed with depression”) with crowd-
sourced verification, and a matched control cohort.
Controls were selected from users with no mental-
health-related posts and matched to the diagnosed
cohort based on subreddit-usage similarity. All
mental-health-related posts were removed from the
diagnosed cohort during dataset construction. We
refer readers to Yates et al. (2017) for full details
of cohort construction.

The raw training set contains ~40K users and
~38.15M posts, with strong class imbalance be-
tween cohorts. We applied the following cleaning
steps:

1. removed posts with empty user labels or
empty text,

2. detected language using fastText (Joulin et al.,
2017) and retained English-only posts,

3. performed standard text cleaning including re-
moval of URLs and non-linguistic characters,

4. discarded texts with fewer than 3 tokens, as
shorter texts lack sufficient linguistic content
for meaningful feature extraction and are more
likely to represent noise than genuine linguis-
tic expression.

5. To address user-level class imbalance, we ran-
domly downsampled control users to match
the size of the depression cohort.

Cleaned corpus contains ~4.91M posts for 6,138
users. Full corpus statistics at each filtering stage
are reported in §3.1, Table 1.

B CD Annotations

This appendix provides further details on the CD
labeling pipeline introduced in §3.2.

Annotation Sources: Both Shreevastava and
Foltz (2021) and Sharma et al. (2026) use the
publicly available Therapist Q&A dataset*. The
dataset consists of 2,530 user/therapist pairs, with
CD annotations applied to the user inputs only.
Two independent annotation sets exist for this data:
(1) human annotations from Shreevastava and
Foltz (2021), with a reported inter-annotator agree-
ment of 33.7%, and (2) LLM-based annotations
from Sharma et al. (2026), obtained via five re-
peated GPT-4 passes (temperature 0.5), selecting
the most recurrent label across runs, achieving a
Fleiss’ kappa of 0.78. Both annotation sets follow
the same label schema: one dominant CD and one
secondary CD, where applicable (See Table 2 for
CD classes).

Classifier Training: To transfer CD labels to the
RSDD corpus, we train two separate multi-label
mentalRoBERTa-based classifiers (Ji et al., 2022),
one on each annotation set. We follow the same
experimental setup as Sharma et al. (2026), using
their data splits and default hyperparameters, and
reproduce comparable classification performance
on their test set (refer to original study for more de-
tails and classification results). Both classifiers are
then retrained on the full Therapist Q&A dataset
and applied to the RSDD corpus, producing two
independent sets of predicted CD labels per post.

Agreement-Based Filtering: We adopt a conser-
vative agreement-based filtering strategy: we re-
tain labels where the two models agree completely
(identical label sets) or partially (at least one shared
CD label), and discard posts with entirely disjoint
predictions. For example, if one classifier predicts
Labeling, Personalization and the other predicts
Labeling, Overgeneralization, the post is retained
with the single shared label Labeling. The rationale
mirrors the reliability principle underlying multi-
pass LLM annotation (Sharma et al., 2026): labels
that survive both independently trained models are
more likely grounded in consistent textual signals
rather than model-specific noise. Table 5 reports
the distribution of the resulting CD labels used in
this study, overall and by cohort. Since posts may
carry multiple CD labels, percentages reflect post-
based prevalence and do not necessarily sum to
100%.

4https://www.kaggle.com/datasets/arnmaud/
therapist-ga/data
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Cognitive Distortion Overall Control Depression
Overgeneralization 7.02 5.94 7.54
Labeling 2.04 1.16 2.46
Personalization 1.78 1.17 2.07
All-or-Nothing 0.95 0.51 1.16
Should Statements 0.83 0.52 0.97
Emotional Reasoning  0.48 0.22 0.60
Mind Reading 0.44 0.30 0.50
Magnification 0.41 0.17 0.53
Fortune Telling 0.29 0.22 0.33
Mental Filter 0.00 0.00 0.00
No Distortion 87.21 90.69 85.55

Table 5: CD label distribution (%). Percentages do not
sum to 100% as posts may contain multiple CD labels.
Mental Filter is excluded from our analysis due to its
negligible presence in the RSDD predictions.

C LIWC

LIWC-22 computes feature scores by counting the
proportion of words in a text that match each pre-
defined dictionary category, normalizing by total
word count to produce comparable scores across
texts of varying length (Boyd et al., 2022). From
the full set of 120+ categories, we selected features
relevant to cognitive distortion profiling across four
dimensions: affective processes (e.g., emotional
tone, positive and negative emotion, anxiety, anger,
etc.), cognitive processes (e.g., analytical thinking,
causation, insight, certainty, etc.), temporal orien-
tation (past, present, and future focus), and social
and interpersonal language (e.g., social references,
affiliation, prosocial behavior, first person pronoun
etc.). We excluded categories that were hierarchi-
cally redundant, where a broad category and its
subcategories would introduce collinearity, as well
as highly specific categories with limited relevance
to our research questions. The full list of selected
features with descriptions is provided in Table 6.

C.1 Descriptive Statistics of LIWC Features

Table 7 reports descriptive statistics for the LIWC
features used in this study, computed over the final
RSDD corpus (n =~ 4.73M posts). For each feature,
we report the mean, median, standard deviation,
minimum, maximum, and the percentage of posts
with a zero value (% Zero) and non-zero value (%
Non-zero).

Several categories exhibit a high proportion of
zero values, with the modal post containing no
words from the corresponding LIWC dictionary.
For example, moral (91.5% zero), death (95.7%
zero), and emo_anx (96.7% zero) appear in fewer

than 10% of posts each. We note that a zero value
here is not a missing or invalid observation; it is a
valid measurement indicating that the post sim-
ply does not contain any words from that cate-
gory. Such sparsity is expected for content-specific
LIWC categories, particularly in short informal text
such as Reddit posts.

Given the corpus size, even sparse categories
contain substantial absolute numbers of non-zero
observations (e.g., moral appears in ~404K posts,
emo_anx in ~154K), providing sufficient observa-
tions for stable coefficient estimation under boot-
strap resampling. Effects involving such categories
should be interpreted as reflecting differences in
feature prevalence across CD and ND posts rather
than continuous variation in usage intensity. In
contrast, features with broader non-zero variation
(e.g., socrefs, i, focuspresent, auxverb) support a
continuous-gradient interpretation.

D Cognitive Distortion Linguistic Profiles
(Core and Global Markers)

Table 8 shows the Core and Global markers for
each CD, which constructs their Linguistic pro-
files. Core markers are the most CD-specific fea-
tures, while global-like markers capture features
that are relevant for the CD but align more closely
with broader distorted-language patterns. Features
within each cell are listed in descending order of
profile strength, based on the median coefficient
(B). The sign indicates the direction of the effect;
when two signs are shown (e.g., (—, +) or (+, —)),
the first corresponds to the TASK(XCD/ND) and
the second to the TASK(XCD/—=xCDs).

E GLM Feature Effects for Tasks

Table 9 and Table 10 report the GLM feature ef-
fects used in the CD profiling and clustering anal-
yses. The tables present the union of linguistic
markers identified during the CD profiling stage.
Specifically, the top 15 features from each CD
were combined, resulting in a set of 44 unique
features. For each feature, the tables report the
median coefficient (5’) obtained from the GLM
models along with the corresponding Relative Stan-
dard Error (RSE) stability indicators. Results are
shown separately for TASK(XCD/ND) in Table 9
and TASK(XCD/—-xXCDs) in Table 10.
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Category

Description

| Category

Description

Summary Variables

Social Processes

Word count Total word count Prosocial behavior care, help, thank, please

Analytical thinking ~ Metric of logical, formal thinking Politeness thank, please, thanks, good morning

Clout Language of leadership, status Interpersonal conflict fight, kill, killed, attack

Authentic Perceived honesty, genuineness Moralization wrong, honor*, deserv*, judge

Emotional tone Degree of positive (negative) tone Social referents you, we, he, she

Linguistic Dimensions Expanded Dictionary

1st person singular I, me, my, myself Illness hospital*, cancer*, sick, pain

1st person plural we, our, us, lets Wellness healthy, gym*, supported, diet

2nd person you, your, u, yourself Mental health mental health, depressed, suicid*

3rd person plural they, their, them, themsel* Death death*, dead, die, kill

Auxiliary verbs is, was, be, have States

Adverbs S0, just, about, there Need have to, need, had to, must

Conjunctions and, but, so, as Want want, hope, wanted, wish

Negations not, no, never, nothing Acquire get, got, take, getting
Lack don’t have, didn’t have, *less, hungry
Fulfilled enough, full, complete, extra
Fatigue tired, bored, don’t care, boring

Psychological Processes Motives

Affiliation we, our, us, help Reward opportun*, win, gain*, benefit*

Achievement work, better, best, working Risk secur*®, protect*, pain, risk*

Power own, order, allow, power Curiosity scien*, look* for, research*, wonder

All-or-none all, no, never, always Allure have, like, out, know

Insight know, how, think, feel [Perception

Causation how, because, make, why Attention look, look* for, watch, check

Discrepancy would, can, want, could Feeling feel, hard, cool, felt

Tentative if, or, any, something Time Orientation

Certitude really, actually, of course, real Past focus was, had, were, been

Differentiation but, not, if, or Present focus is, are, I'm, can

Positive emotion good, love, happy, hope Future focus will, going to, have to, may

Negative emotion bad, hate, hurt, tired

Anxiety worry, fear, afraid, nervous

Anger hate, mad, angry, frustr*

Sadness :(, sad, disappoint*, cry

Swear words shit, fuckin®*, fuck, damn

Table 6: Selected LIWC-22 features used in this study. Example words illustrate dictionary entries; * denotes
wildcard matching.
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Feature Mean Median SD Min Max % 7Zero % Non-zero

wC 41.03 23.00 61.58 3.0 5934.00 0.00 100.00
Analytic 38.30 30.52 32.92 1.0 99.00 0.00 99.12
Clout 39.33 25.50 37.98 1.0 99.00 0.00 91.70
Authentic 55.45 63.35 37.00 1.0 99.00 0.00 93.05
Tone 59.75 74.09 39.20 1.0 99.00 0.00 69.30
i 5.09 3.45 591 0.0 75.00 38.24 61.76
we 0.43 0.00 1.85 0.0 66.67 89.53 10.47
you 2.59 0.00 4.86 0.0 75.00 61.84 38.16
they 091 0.00 2.53 0.0 66.67 78.46 21.54
auxverb 10.22 10.00 7.02 0.0 100.00 14.52 85.48
adverb 6.68 5.88 6.55 0.0 100.00 26.37 73.63
conj 6.00 5.95 532 0.0 100.00 29.09 70.91
negate 2.07 0.00 3.76 0.0 80.00 56.89 43.11
affiliation 1.32 0.00 3.42 0.0 100.00 73.75 26.25
achieve 1.07 0.00 2.74 0.0 100.00 73.15 26.85
power 0.95 0.00 2.69 0.0 100.00 77.26 22.74
allnone 1.36 0.00 3.37 0.0 100.00 69.81 30.19
insight 2.57 0.00 421 0.0 100.00 53.34 46.66
cause 1.58 0.00 3.15 0.0 100.00 63.82 36.18
discrep 2.12 0.00 3.70 0.0 75.00 57.08 42.92
tentat 3.05 0.96 4.56 0.0 100.00 49.36 50.64
certitude 0.99 0.00 2.96 0.0 100.00 76.69 23.31
differ 3.96 2.99 4.83 0.0 100.00 40.92 59.08
emo_pos 1.79 0.00 4.79 0.0 100.00 71.60 28.40
emo_neg 0.58 0.00 2.20 0.0 100.00 84.70 15.30
emo_anx 0.10 0.00 0.91 0.0 75.00 96.74 3.26
emo_anger 0.13 0.00 0.98 0.0 100.00 95.74 4.26
emo_sad 0.10 0.00 0.94 0.0 66.67 97.21 2.79
swear 0.53 0.00 2.57 0.0 100.00 90.24 9.76
prosocial 0.98 0.00 3.55 0.0 100.00 81.83 18.17
polite 0.69 0.00 3.34 0.0 100.00 90.24 9.76
conflict 0.29 0.00 1.49 0.0 100.00 91.53 8.47
moral 0.29 0.00 1.54 0.0 100.00 91.45 8.55
socrefs 7.24 5.88 7.55 0.0 100.00 29.30 70.70
illness 0.10 0.00 0.92 0.0 66.67 97.17 2.83
wellness 0.05 0.00 0.62 0.0 100.00 98.33 1.67
mental 0.04 0.00 0.55 0.0 66.67 98.92 1.08
death 0.16 0.00 1.15 0.0 66.67 95.70 4.30
need 0.42 0.00 1.80 0.0 75.00 88.80 11.20
want 0.38 0.00 1.64 0.0 66.67 88.49 11.51
acquire 0.96 0.00 243 0.0 66.67 74.02 25.98
lack 0.14 0.00 1.16 0.0 80.00 96.27 3.73
fulfill 0.16 0.00 1.01 0.0 66.67 93.81 6.19
fatigue 0.04 0.00 0.61 0.0 100.00 98.70 1.30
reward 0.13 0.00 0.96 0.0 66.67 95.53 4.47
risk 0.24 0.00 1.30 0.0 66.67 91.88 8.12
curiosity 0.37 0.00 1.85 0.0 100.00 90.56 9.44
allure 7.71 6.67 7.28 0.0 100.00 23.38 76.62
attention 0.54 0.00 2.13 0.0 100.00 86.28 13.72
feeling 0.46 0.00 1.90 0.0 100.00 86.82 13.18
focuspast 3.73 0.76 5.47 0.0 100.00 49.52 50.48
focuspresent 6.31 5.45 6.28 0.0 80.00 27.84 72.16
focusfuture 1.36 0.00 3.40 0.0 100.00 72.22 27.78

Table 7: Descriptive statistics of LIWC features on the final RSDD corpus (n ~ 4.73M posts). Values are computed
on raw LIWC-22 output, where each score represents the percentage of words in a post matching the corresponding
dictionary category, except for summary variables (WC, Analytic, Clout, Authentic, Tone) which follow LIWC’s
own scaling. % Zero indicates the percentage of posts with a value of zero for the corresponding feature; % Non-zero
is its complement. SD = Standard Deviation, Min= Minimum, Max = Maximum
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emo_anger(+), socrefs(-), focuspast(-), Authentic(+), fa-
tigue(+), differ(-), you(+), death(+), wellness(+), allure(+),
swear(+), Analytic(-), emo_anx(-), achieve(+), want(+),
tentat(-), emo_pos(-,+), need(+), focuspresent(+)

emo_anx(+), socrefs(-), i(+), discrep(+), Authentic(+),
feeling(+), you(+), death(+), emo_pos(-), focusfuture(+),
want(+), swear(+,-), mental(+), differ(-), polite(-), focuspre-
sent(+), Tone(-), illness(+), allure(+), focuspast(-), need(+),
auxverb(-), risk(+), emo_neg(+,-), negate(+,-), power(+),
adverb(-)

emo_anx(+), focusfuture(+), swear(+,-), death(+), need(-),
focuspast(-), emo_pos(-), risk(+), tentat(+), Tone(-), differ(-
), adverb(-), allnone(+,-), you(-), Analytic(-), focuspresent(-
), Authentic(+), discrep(+), Clout(-), auxverb(+), want(-),
conflict(-), insight(+,-)

swear(+), moral(+), i(+), you(+), Tone(-), allnone(+,-), men-
tal(+), Authentic(-), emo_neg(+,-), focuspast(-), negate(+,-),
discrep(-), they(-), focusfuture(-), risk(-), death(-), adverb(-
), feeling(-), affiliation(-), emo_sad(-), socrefs(+)

death(+), socrefs(-), emo_anx(+), Tone(-), illness(+),
negate(-), Authentic(+), mental(+), focusfuture(+), dis-
crep(+), differ(-), focuspast(-), insight(-), you(+), swear(+,-),
adverb(-), conflict(-), allnone(+,-), auxverb(-), feeling(+),
risk(+), Analytic(-), WC(+), emo_neg(+,-)

swear(+,-), emo_anx(-), moral(+,-), i(-), allnone(+), you(-),
Tone(-,+), negate(+), focuspast(-,+), feeling(-), affiliation(-
,+), conflict(-,+)

moral(+), i(+), emo_neg(+), Tone(-), WC(+), emo_anx(-),
allnone(+,-), Authentic(-), cause(+), prosocial(+), emo_sad(-
), death(-), feeling(+), you(+), illness(-), achieve(+,-),
socrefs(+), polite(-,+)

i(+), auxverb(+), WC(+), Tone(-,+), need(+), focuspast(-
), focuspresent(-), discrep(+), prosocial(+), socrefs(+), al-
lure(+), death(-), focusfuture(-), moral(+), affiliation(-),
swear(+,-), allnone(+,-), emo_neg(+,-), risk(-), tentat(-),
feeling(+), want(+), they(-), negate(+,-), differ(+), illness(-)

socrefs(+), insight(+), swear(+,-), you(-), Authentic(-),
focusfuture(+), i(+), tentat(+), affiliation(-), Analytic(-),
emo_anx(+), moral(+,-), emo_anger(+), fatigue(+), focusp-
resent(+), death(-), emo_pos(-), Clout(-), want(+), need(-),
discrep(-), auxverb(-), they(+), negate(+,-)

i(+), mental(+), insight(-), Tone(-), moral(+,-), allnone(+),
emo_neg(+), they(-), polite(-), cause(-), conflict(-), risk(-),
WC(+), negate(+), focusfuture(-)

moral(-), affiliation(+), WC(+), cause(+), allnone(+,-),
Analytic(-), conflict(-), achieve(+), wellness(-)

moral(-), emo_neg(-), negate(-), polite(-), socrefs(-), af-
filiation(+), WC(+), feeling(+), achieve(+,-), cause(+),
power(+), i(-), prosocial(-), emo_anger(-), fatigue(-),
wellness(-)

Analytic(+), emo_anger(+), emo_anx(-), achieve(+,-), fo-
cuspresent(+), emo_pos(-,+), conflict(-), insight(+), WC(+),
prosocial(-), allure(-)

moral(-), i(+), achieve(-), emo_pos(-), focuspresent(+),
cause(+), power(+), polite(-), emo_anger(-), prosocial(-),
want(-), fatigue(-), Clout(+), allure(-)

focuspresent(-), differ(-), wellness(+), achieve(+), discrep(-
), socrefs(+), emo_neg(+), insight(+), WC(+,-), power(+),
Analytic(-), emo_pos(-), polite(-), focusfuture(-), Authen-
tic(+), death(-), want(-), mental(-), adverb(+), they(+)

focuspast(+), focuspresent(+), negate(+,-), risk(-),
affiliation(-,+), Analytic(-), discrep(-), emo_pos(-), in-
sight(+), power(+), swear(+), focusfuture(-), emo_anger(-),
differ(+), need(+), fatigue(-), auxverb(-), they(+), wellness(-
)

achieve(+), conflict(+), power(+), polite(-), Analytic(-), in-
sight(+), emo_pos(-), cause(+), mental(-), adverb(-)

allnone(-), emo_neg(-), polite(-), prosocial(+), achieve(-),
conflict(+), power(-), WC(+,-), illness(-), focuspast(-,+),
Tone(-), allure(-)

Table 8: Linguistic profiles of the nine CD types. Core markers are the most CD-specific features, while Global
markers capture features that are relevant for the CD but align more closely with broader distorted-language patterns
or weaker CD-specific effects. Features within each cell are ordered by descending profile strength. The sign
indicates the direction of the effect; when two signs are shown, the first corresponds to the TASK(XCD/ND) and the
second to the TASK(XCD/=XCDS).
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AoN ER FT La Mag MR Over Per SS

Feature B RSE B RSE B RSE B RSE B RSE B RSE B RSE 8 RSE 8 RSE
Tone —0.73000/—0.8100e/—086000—0.8300e/—1.17000/—0.53000e/—0.50000/—0.906000e—0.26 oo
socrefs —042 ee|—0.50 oo — —{4+0.32 ee|—0.64 ee|+1.32000e+(0.22 ¢+0.32 ee|/+0.46 oo
€mo_anx —0.15 o/+1.10 ee|+1.760 0 0—0.10 o/ +0.68 ee|+0.26 o/—0.19 ee|/—0.26 ee = =
i +0.16 o/+0.73 000 —  —{40.39 ee|+0.28 ee|4+0.39 ee|—0.15 ¢+046 ee|+(0.52000
Authentic  |+0.24 ee(+0.42000|+020 ee/—0.19 ee|+0.40 ee(—0.39 oo — —(—0.22 ee = =
moral +0.32 oo — — — —|40.96 ee — —[40.18 ee|+0.28 ee|+1.09000/+0.6300 0
focuspast |—0.47 ee|—0.34 ee|—0.50000¢ —0.36 eeo/—04300e¢—0.09 —-009 e — —|—051leee
swear +0.82000(+0.35 ee|+0.11 o+177000/+0.43 ee|40.13 0+0.43 ee|+0.65000|+-047000
you +0.22 o[+0.38 e0|—022 e0/+0.26 ee|+023 ee/—042 ee|—0.13 o[+0.14 . ==
emo_neg |+0.44 ee|+0.21 ° — —|40.15 o|+030 e — —|40.32 ee|+0.72 ee/+020 e
WwC +0.42 eo0|+0.28 e0/+0.55 ee/+0.43 e0|+047 ee/+0.33 ee|+043 ee/+0.70 ee|+0.800 e e
death +0.21 ee(+0.36 ee|+0.39 ee/—0.11 o/+1.12000(—(0.18 oo — —|-0.16 ¢—0.19 oo
allnone +0.52000/+0.29 ee/+0.13 ee/+0.20 ee|+0.23 ee — —|4+0.55000(+0.17 e0|+0.25 ee
focusfuture —  —[4+0.33 ee|+1.52000e—0.14 ¢/+0.34 ee[+0.3000 e —_— — — —|—0.19 ee
focuspresent|+-0.19 e|+0.33 ee/—0.10 o|+0.17 ee|+0.17 ee/+0.29 oo — —|+0.25 ee|—0.18 oo
Analytic —0.31 ee/—0.25 ee¢|—-0.38 oo — —|—024 ee|—043 ee|—0.16 /—0.19 —0.10 o
polite —0.27 o —042 ee|—0.47 ° — —|-0.18 o —045 ee|—0.18 o—0.11 —0.25 °
negate +0.29 ee|+0.17 o —  —|40.11 ¢ —0.16 ¢[+0.23 ee|+0.39 ee|+0.16 +0.19 oo
discrep — —|4+0.36 ee|+0.11 o—0.24 ee|+024 ee/—0.22 ee/—0.11 o[—0.11 +0.18 oo
affiliation — —|—0.25 oo

€mo_pos —0.08 0 —0.53 ee/—047 ee/—0.12 ¢ —0.26 ee—035 ee/—0.18 ee—0.15

.
°
.
°

—|—0.46 ee|—0.11 o —0.12 ¢—034 oo
o —0.21 oo
°
°
°

insight — — —  —]40.08 o|+0.16 ee|—0.09 o+0.960 00 +0.14 ee/+0.13 +0.19 ee
differ —0.22 oe¢/—0.26 e0/—0.25 oo — —|—0.26 ee — —[—0.08 ) — +0.09 )
feeling —  —|40.42 ee|+0.09 o —0.09 o|+0.10 ° — —|=0.07 o/ +0.15 +0.12 oo
achieve +0.31 ee|+0.183 ee|+0.10 o|+0.08 . — — — —|4+0.21 ee|+0.08 +0.31 oo
need +0.09 o/+0.16 ee/—0.38 ee - — — —[—0.14 oo - — — +0.33 oo
tentat —0.10 . — —(4+0.25 oo [ — —  —|4+0.37 ee — = — —]-0.12 °
prosocial - = = - - -4 — — — —|4+020 e — —|40.20 ee|+0.24 oo
mental +0.16 o|+0.27 ° —  —[4+0.20 ¢/+0.37 ee — = SR — — = SN —
emo_anger |+0.70 ee — — — —|40.13 e — —|4+020 e _ = = - - —
illness — —|40.18 ee — — —  —|4+0.55 ee|—0.09 ) — —|—=0.12 e —0.08 °
auxverb — —|-=0.14 o +0.14 . — —|-=0.15 o|—0.11 . — —|4+050e0e
risk —0.07 o|+0.12 o +0.27 ee|—0.12 e|+0.09 o — — — —|—0.09 e —0.13 oo
fatigue +0.28 o _- - = - - — — —[4+0.19 e S —
conflict —0.20 o —0.15 e —022 ee|—0.17 o|—0.31 oo — —|—=0.11 . — — — —
want +0.11 o|+0.31 ee|—0.10 . — — —  —|40.15 . — — —  —|40.12 °
cause — —[4+0.20 ee|+0.11 . — —|40.11 ee — — — —[4+0.29 ee|+0.11 ee
adverb — —]-0.09 o —0.25 ee|—0.10 ¢—0.19 ee — — — — — — — —
Clout — — — —{=0.15 . — — — —|=0.17 . — — — — — —
power —  —|4+0.23 ee|+0.12 ° —  —|40.09 . —  —|40.12 e/+0.10 o +0.23 oo
they —0.09 ° — — — —|—0.15 oo —  —|40.09 o — — — —|—=0.10 °
allure +0.18 ee|+0.17 ee — — —_ — — — — — — — — —|40.20 ee
emo_sad — — — — —{—0.09 . — — — — —|—0.16 . — —

wellness +0.20 — — — — —_ — — — —  —]40.07 ° —_ — —_ —

Table 9: B coefficients and Relative Standard Error (RSE) stability per feature and CD for TASK(XCD/ND). ‘—’
indicates non-significant result. OR can be calculated as exp(B). %A Odds can be computed as (6ﬁ —1) x 100.
RSE encode stability categories: e ® e = extremely stable (RSE < 0.10), ee = stable (0.10-0.25], @ = moderately
stable (0.25-0.50].
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AoN ER FT La Mag MR Over Per SS
Feature B RSE B RSE B RSE B RSE B RSE B RSE B RSE 8 RSE 8 RSE
Tone —0.09 o|—0.14 ee|—031 ee/—0.26 ee|—04000e — —|4+024 ee/—0.38000|+0.31 ee
socrefs —0.70 0 0 0|—0.850 00 —0.17 ¢|+0.19 o—095000e|+1.2]100e —  —]40.11 ¢+022 oo
€mo_anx —0.17 ee|+121000|+1.56000 — —|4+0.80 ee[+0.38 e0|—0.46 ee/—0.31 ee = =
i — —[40.46 ee|—0.24 ee|+029 ee — —[4029 ee|—0.5900e/+031 ee+0.36 e
Authentic |[+0.26 ee|+0.37 ee|+02]1 ee/—0.21 ee|+042000e/—0.44 ee|}+0.15 ¢ —023 oo ==
moral —0.07 o —0.60 e0/—0.52 e0|+032 e0/—0.49 ee|—032 ee/—0.22 ee/+0.35 ee/+0.07 .
focuspast |—0.28 ee|—0.16 ee|—0.31 ee/—020 ee/—0.24 ee/{0.10 0/+0.22 ee/+0.14 ee/—03800e
swear +0.10 o|—0.14 o0/—0.56 ee|+0.74000/—0.13 ee|—054000e/—0.3]1 oo — —0.07 .
you +0.24 e0|+0.49 ee|—0.15 o+0.30 ee|+0.27 ee|—0.36 ee|—0.28 ee|+0.15 ° N —
emo_neg — —|—-0.23 o —(0.54 ee/—0.18 ee|—0.13 o —0.42 oo — —|40.33 ee|—0.15 °
wC — — —  —|40.09 ee —  —|4+0.15 ee|—0.10 e|—0.09 ¢|+0.20 ee|+0.19 ee
death 4+0.15 ee|+0.21 ee|+0.26 ee/—0.08 o+1.17000/—0.21 ee|—0.14 e —0.14 ee|—0.21 oo
allnone +0.07 ¢/—0.10 o —0.25 e0/—0.13 e0|—0.15 e0/—0.37 e0/+0.24 ee/—0.17 ee/—0.13 ee
focusfuture |—0.06 o/+033 ee|+1.72000/—0.19 ee/+0.30 ee|+0.39 e ee—0.08 ¢—0.09 ¢—021 oo
focuspresent|+0.11 o[1+0.21 ee/—0.29 ee|0.08 ° — —|4+0.15 o[—0.12 o[-1+0.10 o—034e0e
Analytic —0.19 ee|—0.09 o —0.21 wee/+0.13 o —0.12 o —0.28 oo — — — — — —
polite — —|—0.08 . - — = — = — = —  —|4+0.12 ° S —
negate — —|—-0.11 e—0.40 e0/—0.15 o/—0.44 ee|—0.18 o0 +023 ee/—0.08 ¢ —-0.10 o
discrep — —|4+046000/+-023 e0/—0.19 ee/+-0.33 ee|—0.15 ee — = — +0.33 oo
affiliation —  —]4+0.09 o[+0.23 ee|—0.14 ° —  —[—=0.21 ee|+0.11 o+0.07 e —0.19 ee
emo_pos +0.10 o—0.19 ee|—0.11 o|-+-0.08 ° — —|—0.08 o[—0.07 ° — - —
insight —0.20 oo — —-0.12 . — —[—025 ee[+0.84000 - — - — - —
differ —0.18 e¢/—0.2]1 ee/—023 ee — —|—=0.25 ee SR — — —|40.11 o +0.12 oo
feeling — —|4+043 ee — —0.10 o|-+0.09 ° — —|—0.18 ee|+0.21 ee|+0.11 °
achieve +0.13 oo — —{—0.08 o —0.08 o—021 ee/—0.15 ee/+0.09 o —0.12 ee|+0.08 .
need +0.05 o|+0.12 e —041 ee - — — —|—=0.18 ee —  —|4+0.05 ¢|+0.29 ee
tentat —0.10 ee — —|4+0.26 ee — = — —[4+04leee — — — —]-=0.10 °
prosocial — — — —|-0.08 —0.09 ¢—0.12 e — - - 4+0.16 ee|+0.14 o
mental — —|40.16 ° — —|4+0.11 o|+0.21 ° — —|-0.10 . — —|-0.14 °
emo_anger |+0.50 ee — —|—=0.17 e — —|—0.09 e/+0.16 o — —0.20 oo — —
illness — —|+0.15 . = = — —|4+0.57 ee — = — —|—0.15 ee|—0.09 °
auxverb — —|—0.17 ee|+0.16 . — —[—0.26 ee|—0.14 . — —|-0.13 o+0460 00
risk — —[40.19 ee|+0.31 ee/—0.07 ¢|+0.16 oo — — — — — —0.09 .
fatigue +0.19 . — —|=0.12 ° — —|-0.13 o|-+0.12 . — —|=0.18 ° - —
conflict —0.08 . — —|-=0.11 . — —|-0.13 ¢|+0.10 ¢|+0.10 . — +0.06 °
want +0.08 o|+0.23 ee|—0.16 . — —|-0.13 o|-+0.15 o|—0.11 ° —[+0.08 °
cause —0.07 ¢|+0.08 . — — — — — — — — — —|4+0.23 ee — —
adverb — —|=0.07 o—0.25 ee/—0.10 o|—0.17 ee —  —]4+0.09 ° —[—0.06 °
Clout — — — —{=0.15 ° — —|+0.13 ¢—0.29 oo — RN — - —
power — —|40.11 ° — — — — — —|-021 ee — — — —|4+0.09 e
they — — — — — —|—0.18 ee —  —|40.07 e|+0.10 e|+0.07 e —0.10 °
allure +0.16 ee|+0.06 ° — —|-0.11 o|—0.09 o|—0.09 . — — — —|40.13 ee
emo_sad — — — — — —{—0.10 ° — = — = — —(—0.11 ° S —
wellness +0.14 ¢|—0.09 o|—0.07 ° — — — — —_ — — —{—0.08 ° - —

Table 10: B coefficients and Relative Standard Error (RSE) stability per feature and CD forTASK(XCD/—-XCDS).

‘—’ indicates non-significant result. OR can be calculated as exp(/3). %A Odds can be computed as (OR—1) x 100.
RSE encode stability categories: e ® e = extremely stable (RSE < 0.10), ee = stable (0.10-0.25], @ = moderately
stable (0.25-0.50].
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