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Abstract

How people narrate their experiences offers a window into how
the mind organizes them. Computational approaches to therapeu-
tic writing have evolved from lexical counting to neural methods,
yet remain fragmented: dictionary tools miss discourse structure,
while embeddings conflate local coherence with global organi-
zation. No existing framework maps these techniques onto the
hierarchical processes through which narratives are constructed.
Here we introduce a three-level framework—micro-level lexi-
cal features, meso-level semantic embeddings, and macro-level
Large Language Model (LLM) narrative evaluation—and show,
across 830 Chinese therapeutic texts spanning depression, anxi-
ety, and trauma, that macro-level evaluation substantially out-
performs lexical and embedding features for mental health pre-
diction. This challenges the field’s emphasis on word-counting:
formal structural features (Labov’s story grammar, Rhetorical
Structure Theory (RST) coherence, propositional composition)
demonstrate that narrative organization per se carries predictive
signal, while clinically-grounded narrative dimensions capture
how psychological states are expressed through discourse. Se-
mantic embeddings add minimal independent value but yield
incremental gains in multi-level classification. By grounding
computational levels in discourse processing theory, this frame-
work identifies macro-structural organization as the primary
locus of clinical signal and generates testable hypotheses for
intervention design and longitudinal research.

Keywords: computational linguistics; mental health; narrative
coherence; semantic embeddings; large language models

Introduction
How we narrate our lives offers a window into how the mind
organizes experience. Individuals experiencing depression,
anxiety, or trauma construct stories that differ from healthy
narratives not merely in content, but in structural organization.
While coherent, integrated life narratives predict psychologi-
cal well-being (Adler et al., 2016), therapeutic writing inter-
ventions demonstrate clinical efficacy across diverse samples
(Pennebaker, 2016). Yet it remains unclear which levels of
narrative construction carry the strongest mental health signal.

Current computational approaches are theoretically frag-
mented. Dictionary-based methods such as Linguistic Inquiry
and Word Count (LIWC) (Pennebaker et al., 2015) capture
word-level frequencies but overlook discourse structures cen-
tral to therapeutic change (Boyd & Schwartz, 2021; Eid & Di-
ener, 2006). Distributional embeddings (Mikolov et al., 2013)
quantify semantic similarity yet conflate local coherence with
global narrative organization. Deep neural classifiers achieve
high accuracy but function as black boxes lacking interpretabil-
ity (Teng et al., 2022). This fragmentation reflects a deeper
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Figure 1: Multi-level analytical framework for therapeutic writ-
ing. Three computational layers—grounded in discourse processing
theory (Kintsch & Van Dijk, 1978)—operationalize hierarchical nar-
rative construction. The micro-level captures lexical patterns via
LIWC; the meso-level quantifies semantic coherence through sen-
tence embeddings; the macro-level employs LLMs as structured
evaluators, distinguishing formal structural features (L3a: Labov’s
story grammar, RST coherence, propositional composition) from
clinically-grounded narrative dimensions (L3b: cognitive bias, affec-
tive tone, distress). Left annotations map each layer onto established
levels of text representation. All three layers feed into prediction of
depression, anxiety, and trauma severity.

theoretical absence: no framework maps these computational
techniques onto the hierarchical processes through which nar-
ratives are constructed.

Established discourse processing models provide a natural
scaffold. Kintsch and Van Dijk (1978) and subsequent work
(Graesser et al., 2004; Van Dijk, Kintsch, et al., 1983) pro-
pose that text comprehension and production operate across
three levels: surface representations (verbatim linguistic form),
textbases (propositional meaning and local coherence), and
situation models (global mental simulations). Mental health
conditions are thought to affect narratives across all three
levels—depression is associated with ruminative, self-focused
surface language (Rude et al., 2004), trauma with fragmented
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propositional flow (Brewin et al., 2010), and both with im-
poverished global narrative structure (Adler et al., 2016). Yet
no existing approach operationalizes this hierarchy to analyze
therapeutic writing.

We address this gap by integrating symbolic, distributional,
and generative methods into a unified framework grounded
in this three-level architecture (see Fig. 1). The micro-level
layer employs Chinese LIWC to capture automatic lexical
choices reflecting psycho-affective states. The meso-level
layer uses text embeddings to quantify semantic coherence
through sentence-to-sentence propositional flow. At the macro-
level, LLMs function as structured evaluators extracting multi-
dimensional narrative assessments. Critically, we distinguish
two analytically separable sub-components within this layer:
(i) formal structural features—Labov’s story grammar compo-
nents, RST coherence ratings, and compositional ratios—that
capture the organizational architecture of the narrative; and
(ii) clinically-grounded narrative dimensions that assess how
psychological states (cognitive bias, distress, affective tone)
are organized and expressed through discourse.

Analyzing 830 Chinese therapeutic writing samples from an
ecologically diverse sample spanning ages 9–50 across clinical
and community settings, we find that macro-level evaluation
substantially outperforms lexical and semantic features for
predicting depression, anxiety, and trauma severity. We make
three contributions: (i) a theoretically grounded multi-level
framework that aligns computational methods with established
discourse processing theory; (ii) evidence that narrative organi-
zation, not vocabulary, is the primary carrier of mental health
signal in therapeutic writing; and (iii) condition-specific narra-
tive signatures (e.g., temporal disorganization in depression,
spatial grounding deficits in anxiety) that generate testable
hypotheses for future intervention and longitudinal research.

Related Work
Therapeutic writing and mental health Expressive writ-
ing about emotional experiences produces measurable im-
provements in psychological and physical health (Pennebaker,
2016), with meta-analyses demonstrating moderate effect sizes
across depression, anxiety, and trauma-related disorders (Frat-
taroli, 2006). The dominant tool for quantifying these shifts,
LIWC (Pennebaker et al., 2015), categorizes words into psy-
cholinguistic dimensions and has identified reliable linguistic
markers—elevated negative emotion words and first-person
singular pronouns in depression, increased causal and cog-
nitive processing terms during recovery (Rude et al., 2004).
However, LIWC’s reliance on fixed word lists prevents it from
capturing context-dependent meanings, and its bag-of-words
architecture neglects the semantic relationships and discourse
structures that are central to therapeutic change (Taraban &
Abusal, 2019). These limitations motivate approaches that
move beyond surface-level word counting.
Semantic coherence and computational analysis One such
direction targets semantic coherence, the local integration
of adjacent discourse units, serving as a clinical marker of

cognitive-linguistic stability. Disorganized propositional flow
and ruminative fragmentation are characteristic of both de-
pression and trauma-related symptoms (Brewin et al., 2010;
Nolen-Hoeksema, 1991). Computational methods have quan-
tified coherence through lexical overlap (Halliday & Hasan,
1976), entity grids (Barzilay & Lapata, 2008), and semantic
vector similarity (Zirikly et al., 2019), but these features pre-
dominantly capture local, sentence-to-sentence transitions. A
persistent gap remains: existing approaches often conflate such
meso-level transitions with macro-level narrative organization,
failing to distinguish the maintenance of local semantic flow
from the global construction of narrative meaning.
LLMs as structured evaluators in mental health LLMs
offer a potential path beyond this conflation. Their application
in computational psychiatry has expanded rapidly, spanning
suicide risk assessment, psychological consulting, and clinical
text analysis (Sharma et al., 2023; Song et al., 2025; Yang
et al., 2023). Yet most LLM applications remain end-to-end
classifiers that inherit the “black-box” opacity of deep learning
(Guo et al., 2024). An emerging alternative employs LLMs
not as classifiers but as structured evaluators, using prompt en-
gineering to operationalize theoretically grounded dimensions
(Guo et al., 2024; Stade et al., 2024). This zero-shot evaluative
paradigm has shown promise in educational assessment (Mizu-
moto & Eguchi, 2023) and cognitive bias detection (Ke et al.,
2024), but its potential for decoding the macro-structural orga-
nization of clinical narratives—where global coherence and
rhetorical logic are paramount—remains largely unexplored.

Methods
Dataset and Participants
We analyzed 830 Chinese therapeutic writing samples (> 100
words) from individuals aged 9 to 50 years (M = 20.7,
SD = 7.7; 76.4% female) who completed 20–30 minute
expressive writing sessions about emotionally significant ex-
periences. Samples were drawn from six therapeutic interven-
tions conducted between 2018 and 2024, spanning clinical,
post-disaster, school-based, and online settings. The clinical
adult sample comprised Writing Exposure Therapy (M. Li,
Zhao, Guo, et al., 2025; n = 30; Mage = 28.6±7.9; 73.3% fe-
male) and Guided Writing Exposure (M. Li, Zhao, Rosenfield,
et al., 2025; n = 84; Mage = 27.0± 6.0; 86.9% female). Post-
disaster child and adolescent samples included the Sichuan
Earthquake Children study (n = 159; Mage = 11.1 ± 1.2;
52.8% female) and the Jishishan Group Intervention (n = 43;
Mage = 14.3 ± 0.8; 62.8% female). Additional samples
came from Hubei Primary Students preventive interventions
(n = 50; Mage = 10.0 ± 0.2; 74.0% female) and Tencent
Medical Platform online users (n = 464; Mage = 24.0± 5.1;
84.3% female). Across the pool, 137 participants (16.5%)
met criteria for clinical depression, 100 (12.0%) for clinical
anxiety, and 323 (38.9%) for probable Post-Traumatic Stress
Disorder (PTSD).

Depression was measured using the Beck Depression
Inventory-II (BDI-II; Beck et al., 1996), Patient Health



Questionnaire-9 (PHQ-9; Kroenke et al., 2001), Patient Health
Questionnaire-4 (PHQ-4; Kroenke et al., 2009), or the Revised
Child Anxiety and Depression Scale (RCADS-47 or RCADS-
25; Chorpita et al., 2000; Ebesutani et al., 2012). Anxiety was
assessed via the Beck Anxiety Inventory (BAI; Beck et al.,
1988), Generalized Anxiety Disorder-7 (GAD-7; Spitzer et al.,
2006), PHQ-4, or RCADS. Trauma symptoms were evalu-
ated using the PTSD Symptom Scale Interview for DSM-5
(PSSI-5; Foa et al., 2016), Child PTSD Symptom Scale for
DSM-5 – Interview Version (CPSS-5-I; Foa et al., 2018), Chil-
dren’s Revised Impact of Event Scale (CRIES; Smith et al.,
2003), or Primary Care PTSD Screen (PC-PTSD-5; Prins et al.,
2016). Because the six sub-studies employed different instru-
ments, raw scores were normalized to a 0–1 range by dividing
by each instrument’s maximum possible score. This linear
rescaling preserves within-instrument rank ordering while en-
abling cross-study pooling, though it assumes approximate
comparability of severity thresholds across instruments—a
simplification we acknowledge as a limitation. Normalized
scores were then converted into ordinal severity levels: four
for depression and anxiety (none, mild, moderate, severe) and
five for trauma (none, mild, moderate, severe, very severe).
All participants provided informed consent; all contributing
studies received institutional ethics approval.

Multi-Level Analytical Framework

Layer 1: Micro-level (lexical features) The micro-level
captures linguistic patterns through theory-driven feature se-
lection from Simplified Chinese LIWC (Gao et al., 2013).
Each feature maps to a specific psychological mechanism:
first-person singular pronouns reflect self-focused attention
(Pyszczynski & Greenberg, 1987); negative emotion words
index negative cognitive bias (Beck et al., 1979); certitude
and discrepancy markers (certain, discrep) capture abso-
lutist thinking versus recognition of situational gaps (Egan
et al., 2011); social words indicate interpersonal engagement
(Teo et al., 2013); past-tense focus marks rumination (Nolen-
Hoeksema, 1991); death-related terms signal suicidal ideation
(Pennebaker et al., 2015); and negation words (negate) proxy
defensive cognitive operations (Pennebaker, 1997).
Layer 2: Meso-level (semantic coherence) The meso-
level quantifies semantic integration using OpenAI’s
text-embedding-3-small model, generating 1536-
dimensional vectors for each sentence and the complete text.
Local coherence was operationalized via sentence-to-sentence
(s2s) cosine similarity, yielding indices of average proposi-
tional flow (s2s_mean), abrupt thematic shifts (s2s_min), and
transition variability (s2s_std). Global coherence was captured
through sentence-to-document (s2d) similarity, measuring the-
matic alignment (s2d_mean), wandering (s2d_std), and rep-
resentative extremes (s2d_max/min). Local measures reflect
the fluidity of adjacent idea transitions; global measures index
the narrator’s ability to anchor propositions to a central theme
(J. Li & Hovy, 2014).

Layer 3: Macro-level (narrative evaluation) At the macro-
level, GPT-4o functions as a structured evaluator, extracting
multi-dimensional narrative assessments via deterministic sam-
pling (temperature = 0) with JSON-formatted outputs and sup-
porting textual evidence, ensuring reproducibility and external
auditability. We distinguish two sub-components within this
layer, operationalized through three complementary evaluation
protocols.

L3a: Formal structural features This sub-component
captures the organizational architecture of the narrative inde-
pendent of clinical content, via two evaluation protocols: (i)
Propositional and rhetorical logic. Guided by macrostructure
theory (Van Dijk, 2019), LLMs decomposed narratives into
minimal semantic units—each comprising a core predicate
and its subject—and categorized them into Actions & Facts,
Sensory Perception, Direct Emotion, Indirect Emotion, and
Cognition. These were aggregated into three functional di-
mensions: cognitive processing, affective engagement, and
narrative grounding, capturing the allocation of conceptual
resources during writing (Bruner, 1991). Concurrently, fol-
lowing RST (Mann & Thompson, 1988), LLMs identified
rhetorical relations (e.g., Elaboration, Cause, Contrast) and
assessed transition quality on 0–5 scales, aggregated into a
global coherence score. (ii) Canonical narrative organization.
LLMs evaluated texts against Labov’s story grammar (Labov,
1972), rating 6 structural components (abstract, orientation,
complicating action, evaluation, resolution, and coda) on 5-
point scales with supporting evidence. These scores index the
narrator’s capacity for coherent macrostructure and meaning-
making, both robust predictors of psychological well-being
(Adler, 2012; Adler et al., 2016).

L3b: Clinically-grounded narrative dimensions This
sub-component assesses how mental health states are ex-
pressed and organized via narrative discourse. LLMs eval-
uated 15 dimensions drawn from trauma-focused CBT (Cohen
et al., 2006) and cognitive therapy models (Beck et al., 1979),
organized into 4 categories: (i) structural trauma process-
ing examines whether the narrative macrostructure supports
exposure acceptance or manifests avoidance, overgeneraliza-
tion, and episodic specificity loss (Williams et al., 2007); (ii)
cognitive processing identifies how structural organization
expresses cognitive biases and depth of sense-making; (iii)
affective/agentic integration measures agency and affective
tone within the story arc; and (iv) global structural coherence
assesses spatio-temporal consistency and contextual density.
Crucially, these dimensions capture the narrative expression
of psychological states—how cognitive patterns and affective
experiences are organized within discourse—rather than direct
symptom reports. For instance, cognitive_bias_score
reflects how reasoning patterns structure narrative (e.g., the
degree to which causal attributions, absolutist language, and
negative schema are narratively organized), not a questionnaire
response about thought frequency.



Figure 2: Performance across layered feature sets. Radar plot
comparing regression (R2) and classification (AUC) performance
across five tasks. Each line represents a feature combination, from
the baseline alone (B) through sequential layer addition up to B +
L1 + L2 + L3. All metrics are normalized to a maximum of 1.00.
Layer 3 (macro-level) alone approaches full-model performance,
while Layer 2 (meso-level) alone falls near the plot center, indicating
near-chance accuracy. Sequential integration shows incremental gains
for classification but plateauing R2 until Layer 3 is added.

Evaluation and Metrics
We evaluated predictive utility through two complementary
tasks: continuous symptom regression (depression and anxi-
ety) and multi-class severity classification (depression, anxiety,
and trauma). Trauma was excluded from regression due to the
absence of continuous symptom scores in the source datasets.
Regression employed ExtraTreesRegressor; classification used
Gradient Boosting and ExtraTrees with class-balanced weights
to accommodate severity-level imbalance. All models were
validated via stratified 5-fold cross-validation across 7 feature
combinations—from baseline demographics (age and gender)
alone to the full B+L1+L2+L3 suite—enabling systematic
assessment of each layer’s marginal contribution. Given mini-
mal L3 missingness (0.4%), zero-filling preserved cross-model
comparability without introducing synthetic bias. Regression
performance was assessed with R2, Root Mean Square Er-
ror (RMSE), and Mean Absolute Error (MAE); classification
with Area Under the Curve (AUC), Balanced Accuracy, and
Macro-F1.

Results
Model Performance Across Feature Combinations
Performance varied substantially across computational layers
and their combinations (Tab. 1 and Fig. 2). The full model
(B+L1+L2+L3) achieved the best performance across all tasks:
depression R2 = 0.332 and anxiety R2 = 0.235 for regres-
sion; depression AUC=0.699, anxiety AUC=0.718, and trauma
AUC=0.676 for classification.

When evaluated in isolation, the three layers exhibited a
clear hierarchy. Layer 3 (macro-level) was the strongest single

predictor, approaching full-model performance (depression
R2 = 0.295, anxiety R2 = 0.204, trauma AUC=0.692) and
substantially outperforming baseline demographics. Layer 1
(micro-level) showed moderate standalone capability compa-
rable to the baseline. Layer 2 (meso-level) demonstrated negli-
gible independent utility, yielding negative regression scores
(R2 = −0.014 for depression, −0.034 for anxiety) and near-
chance classification (AUC≤0.566 across all conditions)—
indicating that isolated semantic coherence features fail to
capture meaningful variance beyond a mean-only baseline.

Sequential layer integration, however, revealed a more
nuanced picture. Adding L1 to baseline consistently im-
proved classification (depression AUC: 0.629→0.662; anxiety:
0.651→0.690; trauma: 0.567→0.617), and incorporating L2
yielded further incremental gains (depression: 0.675; anxiety:
0.701; trauma: 0.635)—despite L2’s poor standalone perfor-
mance. This suggests that semantic coherence features capture
complementary variance when combined with lexical and de-
mographic information. The two task types showed divergent
integration trajectories: classification accuracy improved in-
crementally with each added layer, whereas regression R2

plateaued across B, B+L1, and B+L1+L2 combinations, in-
creasing substantially only upon inclusion of Layer 3.

Feature Importance Patterns
SHapley Additive exPlanations (SHAP) analysis revealed hi-
erarchical importance patterns across the three computational
layers (Fig. 3). The top 15 features for depression and anxiety
showed substantial overlap (11 shared predictors), spanning
L3 narrative assessments, L1 lexical markers, and baseline
demographics.

Clinically-grounded narrative dimensions (L3b) ranked
highest within L3. cognitive_bias_score emerged
as the single strongest predictor for both depression
(SHAP = 0.024) and anxiety (SHAP = 0.019), followed
by self_reported_distress_score (3rd for both).
These features capture how cognitive distortions and affective
distress are organized and elaborated in narrative discourse,
rather than direct responses to symptom questionnaires.

Formal structural features (L3a) provided convergent ev-

Table 1: Performance comparison across feature combinations.
R2 is reported for regression (depression and anxiety); AUC for
multi-class classification (depression, anxiety, and trauma). Values
denote mean±SD across stratified 5-fold cross-validation. Individual
layers are shown above the rule; cumulative combinations below.
Bold indicates best performance per column. Trauma regression is
omitted due to the absence of continuous scores in source datasets.

Feature Set Regression (R2)↑ Classification (AUC)↑
Dep. Anx. Dep. Anx. Trauma

Baseline (B) 0.311±0.115 0.130±0.050 0.629±0.017 0.651±0.047 0.567±0.040

L1 0.207±0.030 0.140±0.048 0.574±0.014 0.617±0.037 0.617±0.075

L2 -0.014±0.039 -0.034±0.019 0.566±0.058 0.527±0.058 0.484±0.076

L3 0.295±0.021 0.204±0.045 0.647±0.017 0.661±0.039 0.692±0.062

B + L1 0.308±0.027 0.199±0.037 0.662±0.014 0.690±0.022 0.617±0.064

B + L1 + L2 0.294±0.036 0.192±0.034 0.675±0.021 0.701±0.021 0.635±0.079

B + L1 + L2 + L3 0.332±0.020 0.235±0.039 0.699±0.018 0.718±0.040 0.676±0.085



(a) Depression. cognitive_bias_score (L3b) and age (Base-
line) are the two most influential predictors. Higher cognitive
bias scores drive increased predicted severity; higher Labovian
evaluation and resolution scores (L3a) are associated with
lower severity.

(b) Anxiety. cognitive_bias_score (L3b) again ranks first,
followed by age and self_reported_distress_score
(L3b). Anxiety-specific predictors include spatial grounding
(narrative_location_score, L3a) and uncertainty markers
(certain, discrep, L1).

Figure 3: SHAP summary plots for depression and anxiety score prediction. Features are ranked top-to-bottom by mean absolute SHAP
value (global importance). Each dot represents one sample; horizontal position indicates the SHAP value (contribution to model output), and
color encodes the original feature magnitude (red = high, blue = low). Feature labels indicate their computational layer: L3a (formal structural),
L3b (clinically-grounded narrative dimensions), L1 (lexical), L2 (semantic coherence), or Baseline (demographics). Of the top 15 predictors,
11 are shared across both conditions, with L3 features dominating.

idence that narrative organization carries predictive signal
independent of expressed clinical content. Labovian compo-
nents (evaluation, resolution) and propositional or-
ganization scores (narrative_time_score, C_ratio,
narrative_detail_score) appeared consistently in
the top 15 for both conditions, with a negative association
with symptom severity: narratives exhibiting greater meaning-
making capacity, temporal organization, and compositional
balance predicted lower distress, consistent with clinical theo-
ries of narrative integration (Adler, 2012; Adler et al., 2016).

Age ranked second overall (depression SHAP = 0.017; anxi-
ety SHAP = 0.012). Given that the six sub-samples span ages
9–50 and differ systematically in therapeutic context, age in
the pooled model likely partially indexes population member-
ship and baseline severity rather than developmental effects
alone—an interpretive constraint we address in the Discussion.

Despite this shared core, condition-specific signa-
tures emerged. Depression models favored cognitive
composition (C_ratio) and temporal organization
(narrative_time_score), while anxiety models priori-
tized uncertainty markers (certain, discrep) and spatial
grounding (narrative_location_score). Across
both conditions, protective narrative features—structural
coherence, compositional balance, narrative detail, and
Labovian closure—consistently predicted lower symptom
scores. Layer 2 semantic coherence features showed min-
imal predictive utility: all metrics fell outside the top 15
for depression, and only s2s_std appeared at rank 15
for anxiety (SHAP = 0.004), suggesting that variability
in sentence-to-sentence semantic flow may specifically
characterize anxious narratives.

Discussion
This study introduced a theoretically grounded, multi-level
computational framework that integrates symbolic, distribu-
tional, and generative approaches for analyzing mental health
states in therapeutic writing. Across 830 Chinese narratives
spanning depression, anxiety, and trauma, three key findings
emerged: macro-level narrative features were the dominant pre-
dictor of symptom severity, semantic coherence contributed
minimally in isolation but added value in combined mod-
els, and sequential layer integration revealed task-dependent
patterns—classification benefited incrementally from each
layer, while regression improved substantially only upon in-
clusion of macro-level structural features.

Macro-Level Narrative Evaluation Outperforms
Lexical and Embedding Approaches
Our central finding—that macro-level narrative (L3) features
explain substantially more variance than lexical or seman-
tic features—challenges the historical emphasis on word-
counting in computational psycholinguistics. This suggests
that mental health status is not merely associated with the
frequency of specific distress words, but is more strongly
linked to the hierarchical organization of the narrator’s situ-
ation model (Kintsch & Van Dijk, 1978). The performance
superiority of Layer 3 indicates that the way a story is con-
structed is more informative than the specific vocabulary or
textbase representations (L2 embeddings) used to tell it.

Within the macro-level layer, formal structural features
(L3a) provide convergent evidence that narrative organiza-
tion carries predictive signal independent of expressed con-
tent. Elements such as narrative_time_score and
narrative_location_score capture the narrator’s ca-
pacity to maintain a stable spatiotemporal field. Our results
are consistent with the possibility that psychological distress



is associated with a breakdown in this scaffolding, where high
cognitive load or trauma-related dissociation may impair the
construction of a coherent situational model. This pattern is
particularly salient in high-severity samples, where narrative
structural integrity tends to give way to disjointed proposi-
tions. These formal properties index the narrator’s capacity for
meaning-making closure, a robust predictor of psychological
well-being (Adler, 2012) that remains invisible to traditional
lexical or embedding-based metrics.

Concurrently, the predictive power of clinically-grounded
narrative dimensions (L3b) suggests that psychopathology
may function as a structural filter that reshapes narrative out-
put. Rather than appearing as isolated errors, cognitive bi-
ases (e.g., catastrophizing, all-or-nothing thinking, and over-
generalization) appear to operate as systemic organizing prin-
ciples that shape the narrative arc and causal reasoning. These
dimensions may reflect the expansion of negative self-schema
(Beck et al., 1979), wherein idiosyncratic failures are codified
into universal laws within the text. This suggests that LLMs
are not merely detecting distress markers in the text, but are
capturing how distress is organized and expressed across the
discourse.

Importantly, the condition-specific signatures identi-
fied through SHAP analysis offer theoretically inter-
pretable contrasts. Depression models favored cogni-
tive composition (C_ratio) and temporal organization
(narrative_time_score), consistent with the rumina-
tive temporal disorientation characteristic of depressive cogni-
tion (Nolen-Hoeksema, 1991). Anxiety models, by contrast,
prioritized uncertainty markers (certain, discrep) and spa-
tial grounding (narrative_location_score), aligning
with the hypervigilance and environmental scanning associ-
ated with anxiety disorders. These differential patterns gener-
ate testable hypotheses: if temporal scaffolding is specifically
disrupted in depression, interventions that explicitly structure
narrative chronology may prove more effective for depressive
symptoms than generic expressive writing.

Methodological Contributions and the Challenge of
Semantic Coherence
This work advances computational psycholinguistics through
three methodological contributions. First, we replace opaque
“black-box” extractions with a theory-driven framework where
each feature maps to specific psychological hypotheses. By
operationalizing micro-level (LIWC), semantic (embeddings),
and macro-structural (RST, Labovian, Cognitive Behavioral
Therapy (CBT)) dimensions, this multi-level approach pro-
vides a transparent and interpretable link between linguistic
form and psychological state.

Second, employing LLMs as structured evaluators—rather
than end-to-end classifiers—enhances analytical transparency.
By requiring JSON-formatted outputs with supporting textual
evidence, this framework ensures that Layer 3 assessments
are externally auditable. This approach provides a rigorous
alternative to open-ended generative assessment, bridging the

gap between qualitative clinical judgment and quantitative
prediction.

Third, the multi-level integration reveals a hierarchical dom-
inance in clinical signaling: macro-structural features cap-
ture the core variance associated with psychological distress,
whereas surface-level markers provide only peripheral infor-
mation. This decomposition identifies the boundaries of each
linguistic level, demonstrating that structural organization is
a more robust correlate of psychopathology than lexical or
semantic density in clinical narratives.

Notably, Layer 2’s limited predictive power despite its the-
oretical prominence warrants reflection. While embedding-
based similarity captures semantic overlap, it fails to model
the sequential logic of psychological coherence. We hypothe-
size that in therapeutic writing, task constraints force narratives
to cluster around trauma-related concepts, creating a ceiling
effect for Layer 2 variance: all participants write about dis-
tressing experiences, compressing the semantic space in which
embeddings operate. Layer 3, by contrast, reveals dramatic dif-
ferences in how these shared themes are structurally organized.
This interpretation suggests that distributional metrics may
retain diagnostic value in unconstrained corpora (e.g., social
media), where topic variance is higher, but that structured clini-
cal narratives require more granular operationalizations—such
as discourse relation classifiers, argument structure analysis,
or concept network graphs—to capture meaningful disruptions
at the meso-level.

Limitations and Future Directions
Several limitations warrant consideration. First, sample hetero-
geneity across ages (9–50), therapeutic contexts, and assess-
ment instruments introduces variance that age-as-covariate
only partially addresses; the prominence of age in SHAP
rankings likely reflects sub-sample differences rather than
pure developmental effects. Second, while we distinguish L3a
and L3b conceptually, the current analysis reports them as a
combined set; future ablation studies—coupled with valida-
tion against human expert ratings—are needed to clarify if
these LLM-generated signals reflect genuine psychological
constructs or redundant surface features like text length. Third,
our cross-sectional design precludes causal inference: the asso-
ciations between narrative disorganization and higher severity
are equally consistent with distress causing fragmentation,
fragmented capacity maintaining distress, or both reflecting a
shared process. Longitudinal studies tracking within-person
narrative evolution across treatment could illuminate causal di-
rection. Fourth, narrative conventions and coherence markers
are culturally contingent, and whether patterns in our Chinese
sample generalize to typologically different languages remains
an open question. Finally, translational impact requires ex-
perimental validation—the condition-specific signatures we
identified suggest that scaffolding particular narrative dimen-
sions (temporal organization for depression, spatial grounding
for anxiety) could enhance therapeutic writing, a hypothesis
testable through randomized controlled trials.
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