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Abstract 

Trained on vast text corpora, large language models (LLMs) encode statistical expectations 

about language. We tested whether deviations from these expectations, quantified as LLM 

surprisal, capture clinically relevant speech alterations. Surprisal was defined as median 

sentence-level cross-entropy of Qwen2.5-32B-Instruct conditioned on a healthy-speaker 

persona. In this cross-sectional German sample with schizophrenia-spectrum (SSD, n=48), 

bipolar (BD, n=26) or depressive disorders (MDD, n=119) and healthy controls (n=178), 

surprisal was elevated in SSD (β=0.49**) and BD (β=0.39*), but not MDD, after adjustment 
for demographic confounders and average sentence length. Surprisal correlated with eight of 

18 symptom scales, including positive formal thought disorder (ρ=0.23**), largely reflecting 
between-group rather than within-group differences. It improved model fit beyond sentence 

length, confounders and semantic coherence, although discrimination remained modest 

(AUC 0.74 SSD, 0.62 BD), and was robust across prompts and models. LLM surprisal may 

provide a scalable marker of language alterations across psychiatric disorders, requiring 

further validation. 



 

 

Introduction 

Psychiatry is, to a large extent, a clinical science of language and speech1,2. In the absence 

of established biological markers3, clinicians infer diagnosis2, symptom severity4 and 

deviations of healthy functioning primarily from patients’ verbal self-report. For this purpose, 

they use mainly speech, supplemented by psychomotor5 and expressive features observed 

during the clinical psychiatric interview6. As specific dimensions of this speech behavior, 

clinicians rate syntactic structure, semantic connectedness, and discourse flow of speech. 

Disruptions across these domains characterize formal thought disorder (FTD)—a 

disturbance in the organization of language7,8 and thought, and a hallmark feature of 

schizophrenia (SZ)7–9. Unlike symptoms inferred primarily from patients’ self-reported inner 

experience, many manifestations of FTD are directly expressed in the form and organization 

of speech and are therefore, in principle, observable and measurable. In practice, however, 

speech assessment relies on trained clinical raters, whose judgments show heterogeneous 

inter-rater reliability despite extensive standardization efforts10 across rating scales11,12 and 

classification of diagnosis13–15. 

To make such speech particularities scalable and objective, computational psychiatry has 

applied natural language processing (NLP) to psychiatric speech 16–22. Approaches like latent 

semantic analysis first quantified incoherence in SZ23, and contextual representations from 

transformer-based architectures24,25 later extended this to automated FTD detection, in some 

cases distinguishing patients from controls even when clinician-rated thought–language 

disturbance did not differ26, suggesting these metrics capture clinically relevant variation 

below the threshold of human observation or may even reflect dimensions of language 

pathology beyond traditional rating scales27. However, these earlier approaches primarily 

measured semantic relatedness, which largely neglects one fundamental property of human 

language: its predictability based on preceding context28,29. 

Autoregressive large language models (LLMs) possess the needed inherent ability and scale 

to extend the idea from relatedness to predictability24,30. These LLMs are trained on vast 

amounts of text to predict the most probable next token given the preceding context. This 

training objective can be turned on its head and repurposed: the same probability estimates 

that drive text generation also provide a direct computational measure of linguistic 

predictability. This can be operationalized via the LLM’s prediction loss, quantified as cross-

entropy loss and its so-called corresponding perplexity31,32. Because the model evaluates 

semantic and contextual likelihood alongside syntax, elevated deviation stems from both 

grammatical breakdown and grammatically fluent yet derailed speech (Figure 1), capturing 

and potentially extending the FTD construct. These LLM-derived measures have already 

yielded initial positive results in SZ32,33, first evidence in bipolar disorder (BD) in a Korean 

cohort34 and findings in dementia35,36. They carry important caveats: they are susceptible to 

social, educational, and demographic confounds37,38, and fundamental methodological 

questions remain, regarding optimal model architecture and scale31,39, as well as the 

mitigation of measurement-inherent text-length artifacts40. 

Developing separately from these measurement advances, a growing corpus of studies 

indicates that speech disturbances such as FTD are not confined to SZ8,41–46.   



 

 

 

Figure 1 Visualization of the concept of LLM surprisal as a measure of 

deviation of statistical expectation 

 

Token-level surprisal from an autoregressive LLM (Qwen-2.5-32B-Instruct) primed with a healthy persona 

(Supplementary Table 9 - English translated). Each box is one model token; the number indicates how "surprised" the 

model was by the token given the context preceding it. Because the LLM was trained on large amounts of text and 

instruction-tuned to produce coherent text, its statistical expectations also reflect typical language. Surprisal therefore 

indexes how far speech departs from the inherently expected next token. 

Panel 1 — Fluent/Normal Speech: low surprisal throughout.  

Panel 2 — Syntactic Disorganization: spikes at the grammatical errors.  

Panel 3 — Semantic/Content Disorganization: high surprisal on perfectly grammatical words, showing the measure 

captures meaning, not just grammar.  



 

 

Panel 4 — Pathological Content (Suicidal/Depressive): one local spike, where content derails to pathological 

content. 

Two patterns are visible in every panel: surprisal is high at the start of a sentence, where the model has little context to 

predict from, and falls as the sentence continues and context builds up. Longer sentences therefore look more 

predictable on average. Therefore sentence-length emerges as an important confounder. 

Given examples are synthetic and no patient data. 

 

FTD dimensions vary continuously across MDD, BD, and SSD, and model-based clustering 

has identified transdiagnostic FTD profiles whose members are distributed across clinical 

diagnoses rather than aligning with them41,44,45,47,48. Additionally dimensional frameworks — 

the Hierarchical Taxonomy of Psychopathology49, Research Domain Criteria50, and the 

proposed language ("L") factor51 — recast language and thought disturbance as a continuum 

crossing diagnostic boundaries52. For example, they place schizophrenia spectrum disorders 

(SSD) and BD along a shared psychosis spectrum53, and disturbed predictive language 

processing has been proposed as a mechanism relevant across conditions54–56. Yet the 

existing evidence derives largely from small, mostly English-language cohorts57, examining 

single diagnoses (primarily SZ) and focusing on limited constructs, such as a thought-

disorder rating or diagnosis discrimination58, rather than the broader symptom and cognitive 

dimensions.  

The present study is motivated by the convergence of these two developments: a language-

model signal, trained on vast amounts of text, that indexes predictability rather than mere 

relatedness, and a dimensional view of language pathology that crosses diagnostic 

boundaries. How such LLM-derived measures behave across a transdiagnostic sample, and 

whether they withstand the methodological limitations noted above, therefore remains 

unknown. 

To address these gaps we quantified the predictability of spontaneous narrative speech as 

the LLM surprisal, computed as the median cross-entropy LLM loss, in a deeply phenotyped 

German sample59 of patients with SSD, BD, and major depressive disorder (MDD) and 

healthy controls (HC), using the Thematic Apperception Test (TAT)60 as a standardized 

narrative stimulus across participants. We tested three primary clinical hypotheses: (i) that 

speech is less predictable - scoring higher for LLM surprisal - in patients than in controls, 

most pronounced along the psychosis spectrum; (ii) that this LLM surprisal reflects clinically 

meaningful variation, associating with symptom and cognitive dimensions across diagnoses, 

in particular FTD; and (iii) that these associations are not reducible to demographic or 

syntactic confounds. Complementing these clinical objectives, and given the lack of 

established best practices for LLM-derived metrics, our secondary analyses focused on key 

methodological questions: specifically, whether the signal provides incremental value 

beyond semantic coherence and whether it remains robust across model architectures, 

prompting techniques, and sensitivity analyses. 

By situating a language-model-derived signal within this broader clinical picture, we take a 

step toward objective tools that could complement clinical assessment in measuring and 



 

 

monitoring language pathology, and that could supplement existing rating scales with a more 

automated, cross-diagnostic description of psychiatric patients. 

Results 

Participants 

The initial sample comprised 372 participants: 178 HC and 194 patients (27 BD, 119 MDD, 

48 SSD). Years of education (YoE) were missing for 15 participants and were imputed by k-

nearest-neighbour imputation (KNN). For one BD patient, the variables used to identify 

neighbours were themselves incomplete, and this participant was excluded. All analyses 

were therefore based on 371 participants, including 26 BD patients. SSD, BD and MDD did 

not differ significantly in age or verbal IQ (Table 1). Regarding clinical presentation, patients 

with SSD exhibited the highest overall symptom severity across multiple domains, showing 

the highest scores for positive symptoms (Scale for the Assessment of Positive Symptoms - 

SAPS61), negative symptoms (Scale for the Assessment of Negative Symptoms - SANS62), 

manic symptoms (Young Mania Rating Scale  - YMRS63), and depressive symptoms 

(Hamilton Depression Rating Scale  - HAMD-1764), while demonstrating the lowest global 

functioning scores (Global Assessment of Functioning - GAF65) (Table 1). Further sample 

characteristics for this cohort have been reported in previous publications43,59,66.  

Confounding Variables 

To ensure demographic and syntactic variance did not drive our findings, we residualized 

raw LLM surprisal against age, sex, YoE, and average sentence length (ASL); throughout, 

we refer to raw LLM surprisal as unadjusted and corrected surprisal as residualized. 

Unadjusted LLM surprisal was most strongly associated with ASL (ρ = -0.556, P < 0.001), 

and weakly but significantly with YoE, age, and sex. Residualization removed any significant 

association with all tested covariates (Supplementary Table 1; Supplementary Figure 1). 

We additionally controlled for medication influences. Residualized surprisal showed no 

significant correlation with chlorpromazine-equivalent antipsychotic dosage within the SSD 

or with general polypharmacy load transdiagnostically, and all primary symptom associations 

remained robust, and in some cases strengthened, when controlling for medication dosage 

(Supplementary Figures 2-3; Supplementary Table 2). Given the absence of strong 

pharmacological influences we did not include these as primary covariates.  



 

 

Table 1 Demographic, linguistic, and clinical characteristics by diagnostic 

group 

 

Variable HC BD MDD SSD H / χ²  df P 

n 178 26 119 48    

Age, years 44.4 ± 13.5 44.4 ± 12.4 44.3 ± 13.8 41.2 ± 12.2 2.51 3 0.47 

Education, 

years 14.5 ± 3.1 13.2 ± 3.0 13.4 ± 3.0 12.3 ± 2.3 21.24 3 < 0.001 

Verbal IQ 116.1 ± 12.8 111.5 ± 13.4 116.4 ± 14.2 111.9 ± 15.1 4.21 3 0.24 

Female, n 

(%) 114 (64.0%) 17 (65.4%) 74 (62.2%) 18 (37.5%) 11.90 3 0.008 

Comorbidity

, n (%) 0 (0.0%) 16 (61.5%) 44 (37.0%) 26 (54.2%) 113.79 3 < 0.001 

Words per 

sentence 20.3 ± 11.1 19.6 ± 13.3 18.9 ± 9.8 15.6 ± 6.4 12.64 3 0.005 

Clinical measures 

HAMD-17 

total 1.3 ± 2.2 5.9 ± 5.9 5.6 ± 5.8 9.2 ± 8.4 8.56 2 0.01 

YMRS total 0.4 ± 1.3 4.5 ± 5.7 0.4 ± 1.0 6.0 ± 7.2 55.86 2 < 0.001 

GAF 85.4 ± 9.0 60.4 ± 13.0 67.4 ± 12.6 51.9 ± 15.7 31.80 2 < 0.001 

SAPS total 0.5 ± 1.3 4.6 ± 5.6 1.5 ± 2.9 13.2 ± 13.8 47.49 2 < 0.001 

SANS 

alogia 0.2 ± 0.8 1.5 ± 2.6 1.1 ± 1.9 2.7 ± 2.9 15.85 2 < 0.001 

SANS 

affective 

flattening 0.6 ± 1.8 3.9 ± 5.5 2.5 ± 3.3 6.7 ± 5.8 14.62 2 < 0.001 

SANS 

abulia/apath

y 0.2 ± 0.7 2.6 ± 3.0 1.3 ± 2.0 4.4 ± 3.7 31.60 2 < 0.001 



 

 

SANS 

anhedonia 0.2 ± 0.9 2.4 ± 3.9 2.4 ± 4.0 4.6 ± 4.8 11.34 2 0.003 

SAPS 

positive 

FTD 0.5 ± 1.5 3.6 ± 4.9 1.2 ± 2.5 6.1 ± 7.6 25.79 2 < 0.001 

SAPS 

delusions 0.0 ± 0.2 0.5 ± 1.3 0.1 ± 0.3 4.6 ± 5.9 65.62 2 < 0.001 

SAPS 

hallucinatio

ns 0.0 ± 0.1 0.2 ± 0.7 0.0 ± 0.2 2.5 ± 4.6 36.94 2 < 0.001 

SAPS 

bizarre 

behaviour 0.0 ± 0.2 0.2 ± 0.7 0.2 ± 0.7 0.6 ± 0.9 15.87 2 < 0.001 

TLI 

impoverishe

d 0.3 ± 0.6 0.6 ± 0.7 0.5 ± 1.1 0.7 ± 1.1 4.94 2 0.08 

TLI 

disorganizat

ion 0.6 ± 0.8 0.9 ± 1.2 1.0 ± 1.2 0.8 ± 0.9 0.49 2 0.78 

TLI non-

specific 0.2 ± 0.3 0.2 ± 0.3 0.3 ± 0.5 0.2 ± 0.3 0.79 2 0.67 

Lexical 

verbal 

fluency 11.8 ± 4.1 9.2 ± 3.2 11.1 ± 4.3 9.2 ± 4.2 8.68 2 0.01 

Semantic 

verbal 

fluency 23.4 ± 5.0 20.8 ± 5.1 23.5 ± 5.3 18.5 ± 5.7 25.67 2 < 0.001 

Antipsychot

ic dose 

(CPZ 

equivalent) 0.0 ± 0.0 

119.8 ± 

312.3 9.4 ± 47.2 

245.5 ± 

331.9 60.02 2 < 0.001 

Antidepress

ant load 0.0 ± 0.1 1.6 ± 2.0 1.1 ± 1.8 0.7 ± 1.2 3.54 2 0.17 

General 

medication 

index 0.0 ± 0.1 2.6 ± 1.9 0.7 ± 1.2 1.7 ± 1.7 33.46 2 < 0.001 

Data are mean ± S.D. for continuous variables and n (%) for categorical variables. For demographic and linguistic 

variables, the four groups (HC, BD, MDD, SSD) were compared using Kruskal–Wallis tests (H statistic, df = 3), 

except sex, which was compared using a χ² test (df = 3). Clinical measures were compared across the three 
patient groups (BD, MDD, SSD) using Kruskal–Wallis tests (H statistic, df = 2); healthy-control values are shown 

for reference only and were not included in these tests. H / χ² column reports H for Kruskal–Wallis tests and χ² for 
the sex comparison. HC, healthy controls; BD, bipolar disorder; MDD, major depressive disorder; SSD, 

schizophrenia spectrum disorder GAF, Global Assessment of Functioning; HAMD-17, 17-item Hamilton 

Depression Rating Scale; YMRS, Young Mania Rating Scale; SAPS, Scale for the Assessment of Positive 

Symptoms; SANS, Scale for the Assessment of Negative Symptoms; FTD, formal thought disorder; TLI, Thought 

and Language Index; CPZ, Chlorpromazine equivalent doses. 



 

 

Group Differences in LLM surprisal 

After deconfounding for age, sex, YoE, and ASL, the overall patient–control difference in 

LLM surprisal was small and did not reach significance (Figure 2; Table 2 and 

Supplementary Table 3). 

Table 2 Group differences in median LLM surprisal across language 

models 

Comparison Qwen-2.5-32B-Instruct Qwen-2.5-7B-Instruct LeoMistral-Hessianai-7b 

HC vs. All Patients 

β=0.15 [-0.02, 0.33], 

P=0.09 

β=0.14 [-0.04, 0.33], 

P=0.13 

β=0.12 [-0.01, 0.25], 

P=0.08 

HC vs. SSD 

β=0.49 [0.21, 0.76], 
P=0.002 

β=0.61 [0.32, 0.90], P=< 
0.001 

β=0.32 [0.11, 0.53], 
P=0.009 

HC vs. MDD 

β=-0.02 [-0.21, 0.18], 

P=0.87 

β=-0.05 [-0.26, 0.15], 

P=0.61 

β=0.00 [-0.14, 0.15], 

P=0.97 

HC vs. BD 

β=0.39 [0.04, 0.73], 
P=0.04 

β=0.30 [-0.05, 0.66], 

P=0.14 

β=0.34 [0.08, 0.60], 
P=0.01 

MDD vs BD 

β=0.40 [0.05, 0.75], 
P=0.04 

β=0.36 [-0.01, 0.73], 

P=0.08 

β=0.34 [0.07, 0.61], 
P=0.02 

MDD vs SSD 

β=0.50 [0.22, 0.79], 
P=0.002 

β=0.66 [0.37, 0.96], P=< 
0.001 

β=0.32 [0.10, 0.53], 
P=0.01 

BD vs SSD 

β=0.10 [-0.30, 0.50], 

P=0.62 

β=0.31 [-0.11, 0.73], 

P=0.15 

β=-0.02 [-0.33, 0.28], 

P=0.89 

Standardized beta β coefficients, 95% confidence intervals [in brackets], and P-values derived from OLS 

regression models comparing group differences in residualized median surprisal. Values represent residualized 

median surprisal after regressing out age, sex, YoE, and ASL via OLS. Positive β values denote higher 
residualized surprisal (lower text predictability). Estimates are shown for the primary model (Qwen2.5-32B-

Instruct) and two validation models: a smaller same-family model (Qwen2.5-7B) and a German-language model 

(LeoMistral-Hessianai-7b). Significant results (P < 0.05) are indicated in bold. n = 178 HC, 48 SSD, 26 BD, 119 

MDD. HC, healthy controls; SSD, schizophrenia spectrum disorder; BD, bipolar disorder; MDD, major depressive 

disorder.  



 

 

 In contrast to this null finding, patients with SSD showed the strongest elevation over HC (β 
= 0.49 [0.21, 0.76], P = 0.002), followed by patients with BD (β = 0.39 [0.04, 0.73], P = 0.04), 
whereas patients with MDD were indistinguishable from HC.  

In the in-between group comparison LLM surprisal was significantly higher in SSD than in 

MDD and significantly higher in BD than in MDD, while SSD and BD did not differ 

significantly.  

Additionally controlling for Verbal IQ, group elevations relative to controls remained 

significant for SSD (β = 0.18, P = 0.001) and non-significant for MDD (β = 0.00, P = 0.912), 
but became non-significant for BD (β = 0.12, P = 0.068). 

Clinical Correlations 

Initially, unadjusted LLM surprisal was significantly correlated (Spearman) with 13 of 18 

clinical variables after FDR correction (Supplementary Table 4; Supplementary Figure 4), 

reduced to eight following residualization (Figure 3). The surviving associations spanned 

manic symptoms, positive symptoms, negative symptoms, and cognition, with effects for 

verbal IQ (ρ = -0.25, q = 0.009) and FTD (ρ = 0.23, q = 0.009) among the strongest. 
Associations with global functioning, structural speech impoverishment, and semantic 

fluency were attenuated after deconfounding and no longer survived correction, whereas 

bizarre behavior reached significance only after residualization. When post hoc controlling 

for verbal IQ, correlations with manic, positive, and SANS abulia/apathy survived FDR 

correction (Supplementary Table 5) 

However, all symptom-based correlations were attenuated below the significance threshold 

when accounting for diagnostic group membership. Within the MDD cohort, higher 

residualized LLM surprisal remained significantly associated with lower verbal IQ, reduced 

lexical verbal fluency, and SANS abulia/apathy. Within the smaller SSD and BD cohorts, no 

clinical or cognitive variables survived FDR correction for the diagnostic subgroups 

(Supplementary Table 6 and accompanying text).  

Incremental Predictive Value of LLM surprisal 

To determine whether median LLM surprisal provides diagnostic utility beyond basic speech 

and demographic features, we evaluated nested predictive models, using Akaike Information 

Criterion (AIC)67 for model fit, leave-one-out cross-validated Area Under the Curve for 

predictive accuracy, likelihood ratio tests (LRT) for improvement in fit, and DeLong tests for 

improvement in cross-validated discrimination68. We tested whether adding LLM surprisal 

improved on a semantic baseline model comprising the confounders and semantic 

coherence between sentences.  



 

 

 

Figure 2 Group differences in median LLM surprisal, unadjusted and 

residualized 

 
 

In each panel, individual points denote participants, the box marks the median and interquartile range (whiskers at 1.5× 

IQR), and the half-violin shows the kernel density estimate. Group differences were tested by OLS regression with HC 

as the reference; standardized betas, confidence intervals, and p-values are reported in Table 2. 

 



 

 

(a) Unadjusted LLM surprisal across the individual diagnostic groups (MDD, BD, SSD) and the combined patient cohort 
(All Patients) relative to HC. Overall, patients showed higher unadjusted surprisal than controls (HC: 3.56 ± 0.34; 
patients: 3.68 ± 0.39), with significant elevations visible in the SSD, BD groups and all patients, whereas MDD did not 
differ. 
(b) Residualized LLM surprisal across the same groups after residualizing for age, sex, years of education, and average 
sentence length. Under this deconfounded model, SSD (β = 0.49 [0.21,0.76], P = 0.002) and BD (β = 0.39 [0.04,0.73], P 
= 0.04) remained significantly elevated relative to HC, whereas MDD (β = -0.02 [-0.21,0.18], P = 0.87) and the overall 
combined patient cohort (β = 0.15 [-0.02,0.33], P = 0.09) were non-significant. 
   
Horizontal brackets denote pairwise significance contrasts against HC;  
*P < 0.05, **P < 0.01, ***P < 0.001. MDD, Major Depressive Disorder; BD, Bipolar Disorder; HC, Healthy Controls.  

  



 

 

 

Figure 3 Association of median LLM surprisal with clinical metrics 

 

Values are Spearman rank correlation coefficients (ρ) between median surprisal and each measure, computed within patients. 
Residualized, LLM median surprisal adjusted for age, sex, YoE, and log-transformed ASL. Positive ρ indicates that higher 
surprisal is associated with a higher score of the measure. Significance is based on Benjamini–Hochberg FDR-corrected q 

values within each column: *q < 0.05, **q < 0.01, ***q < 0.001. YMRS, Young Mania Rating Scale; HAMD-17, 17-item 

Hamilton Depression Rating Scale;  SAPS, Scale for the Assessment of Positive Symptoms; TLI, Thought and Language 

Index; GAF, Global Assessment of Functioning 

  



 

 

In the full, mixed-diagnosis cohort, adding LLM surprisal to the semantic model improved fit (LRT - P 

= 0.033) but did not yield a significant gain in cross-validated discrimination (DeLong P = 0.133; Table 

3). This pattern held in disease-specific subanalyses: LLM surprisal consistently improved model fit in 

SSD and BD, but the corresponding DeLong tests were non-significant, with CIs that crossed zero. 

For MDD, LLM surprisal added no value in fit and worsened performance (Supplementary Table 7; 

Supplementary Figure 5). When evaluated against clinician-rated scales in SSD (Supplementary 

Table 8), adding median LLM surprisal significantly improved cross-validated classification over SAPS 

positive FTD alone (∆ = 0.115, DeLong P = 0.003), but did not yield significant gains over the TLI 

baseline or the combined SAPS and TLI clinician-rated baseline. 

Table 3 Incremental predictive value of median LLM surprisal for 

patient–control classification 

 

Cohort 

Model 

Specification AIC 

CV-AUC [95% 

DeLong CI] LRT p-value 

DeLong p-

value 

All Patients vs. HC 

 

Median LLM 

surprisal Only 508.2 

0.580 [0.521, 

0.638] — — 

 

Confounders + 

Semantic 

Coherence 499.3 

0.610 [0.553, 

0.667] — — 

 

Confounders + 

Semantic 

Coherence + 

Median LLM 

surprisal 496.7 

0.627 [0.571, 

0.684] 0.033 0.133 

SSD vs. HC 

 

Median LLM 

surprisal Only 215.2 

0.676 [0.584, 

0.767] — — 

 

Confounders + 

Semantic 

Coherence 212.4 

0.706 [0.622, 

0.789] — — 

 

Confounders + 

Semantic 

Coherence + 

Median LLM 

surprisal 203.6 

0.744 [0.665, 

0.824] < 0.001 0.059 

BD vs. HC 

 

Median LLM 

surprisal Only 152.8 

0.622 [0.502, 

0.741] — — 



 

 

 

Confounders + 

Semantic 

Coherence 158.5 

0.590 [0.464, 

0.715] — — 

 

Confounders + 

Semantic 

Coherence + 

Median LLM 

surprisal 155.1 

0.622 [0.495, 

0.749] 0.021 0.252 

MDD vs. HC 

 

Median LLM 

surprisal Only 403.4 

0.476 [0.409, 

0.544] — — 

 

Confounders + 

Semantic 

Coherence 401.6 

0.558 [0.493, 

0.624] — — 

 

Confounders + 

Semantic 

Coherence + 

Median LLM 

surprisal 403.5 

0.550 [0.484, 

0.615] 0.730 0.011 

Nested logistic regression models predicting patient status versus healthy controls (HC), fitted separately for 

each cohort. The likelihood-ratio test (LRT) P-value and DeLong P-value evaluate whether adding Median LLM 

surprisal significantly improves model fit and discrimination (CV-AUC), respectively, over the baseline model 

containing Confounders + Semantic Coherence. Confounders include age, sex, YoE, and ASL. Semantic 

Coherence represents the mean cosine similarity between embeddings of utterances (see Methods). AIC, Akaike 

information criterion (lower indicates better fit); CV-AUC, leave-one-out cross-validated area under the receiver 

operating characteristic curve; CI, confidence interval; LRT, likelihood-ratio test; HC, healthy controls; SSD, 

schizophrenia spectrum disorder; BD, bipolar disorder; MDD, major depressive disorder. 

Cross-Model and Cross-Prompt Stability 

We compared the primary Qwen2.5-32B-Instruct model with a smaller same-family model 

(Qwen2.5-7B-Instruct) and a German-language model (LeoMistral-Hessianai-7b). Subject-

level LLM surprisal correlated strongly with the primary model, with a uniform upward shift 

for the smaller models (Supplementary Figure 6). Group and clinical effects were stable: 

SSD was robustly elevated in every model, BD elevations were significant in the large model 

and German Model but attenuated only in the smallest multilanguage model, and MDD 

never differed from controls (Table 2). Clinical correlations were likewise consistent 

(Supplementary Figure 7). Comparing the instruction-tuned Qwen-7B against its base 

counterpart, subject-level estimates agreed near-perfectly, indicating the metric reflects the 

underlying probability distribution rather than an artifact of instruction tuning (Supplementary 

Figure 8). 

Additionally we repeated the pipeline across four system-prompt configurations (healthy 

persona, patient persona, neutral, and none; Supplementary Table 9). Subject-level LLM 

surprisal agreed almost perfectly (Supplementary Figure 9), and effects were essentially 

invariant: SSD remained robustly elevated throughout, BD elevations held under all prompts 



 

 

except the no-prompt condition, and MDD remained non-significant (Supplementary Table 

10). Clinical correlations were stable (Supplementary Figure 10). 

Sentence-Level Moderation and Mediation Analyses 

To confirm that group differences in surprisal were not artifacts of ASL, we ran two 

complementary analyses on the unadjusted LLM surprisal. The first asked whether the ASL–
surprisal relationship itself differed by group (moderation); the second asked whether each 

group's elevation was carried by differences in sentence length (mediation). The first 

modeled surprisal at the individual sentence level, estimating each group's difference from 

controls at the ASL while allowing the length–surprisal relationship to differ by group. At the 

ASL, SSD patients scored higher surprisal than controls (β = 0.19, P < 0.001), with no group 
difference in how length related to surprisal (interaction P = 0.60). BD showed a nuanced 

pattern: the elevation at average length was non-significant (β = 0.11, P = 0.056) but the 
length–surprisal slope differed from controls (interaction β = 0.07, P = 0.012). MDD differed 
from controls on neither (both P > 0.70). Across the sample, longer sentences showed lower 

surprisal (β = −0.54, P < 0.001) (Figure 4).  

 

Figure 4 Interaction between sentence length and sentence-level LLM surprisal 
across diagnostic cohorts.  

 



 

 

Bold lines depict fitted linear regression curves with shaded 95% confidence intervals for Healthy Controls (HC, blue), Major 
Depressive Disorder (MDD, orange), Bipolar Disorder (BD, purple), and Schizophrenia Spectrum Disorder (SSD, red). 
Individual sentence-level observations are plotted as ultra-light background dots to depict sample density. Sentence length 
(x-axis) is plotted in log-transformed space but labeled with raw word counts. While the MDD group (orange) is virtually 
indistinguishable from controls in both slope and baseline elevation (p > 0.70), the SSD group (red) displays a significant, 
constant vertical elevation across all sentence lengths (β = 0.19, p < 0.001, no interaction). In contrast, the BD group (purple) 
exhibits a significant slope interaction with controls (β = 0.07, p = 0.012), where its LLM surprisal elevation is marginal for 
short utterances but diverges sharply as sentences grow longer. 

 

The second analysis partitioned each group's total difference into a length-dependent 

(indirect) and a length-independent (direct) component. For SSD, the direct component was 

significant (c′ = 0.19, P < 0.001) while the indirect path did not reach significance (ab = 

0.057, 95% CI [−0.002, 0.120]), indicating the elevation was largely independent of ASL. For 
BD, the direct component was likewise significant (c′ = 0.15, P = 0.015) and the indirect path 
was near zero (ab = 0.008, 95% CI [−0.064, 0.077]). For MDD, the total effect was 

negligible.  

Exploratory Distributional Analysis  

Because some speech disturbances are intermittent and may concentrate in occasional, 

highly unpredictable sentences, we examined whether distributional features of the LLM 

surprisal captured associations the median missed. In patients, the rate of high-surprisal 

sentences, defined as the proportion of a participant's sentences whose surprisal exceeded 

the healthy-control 95th percentile, was associated with TLI disorganization (Supplementary 

Table 11) and remained significant after partialling out the median (partial ρ = 0.19, q = 
0.009; Supplementary Table 12). The association was specific to disorganization and absent 

for FTD, impoverishment, and non-specific subscales (Supplementary Table 11-12). 

Comparing tail metrics across the three diagnostic groups, only the 90th-percentile surprisal 

was elevated in SSD relative to controls (Supplementary Table 13). Trimming the 

contextless first word as baseline noise resulted in largely stable correlations and showed no 

robust changes with clinical metrics (Supplementary Figure 11-12). 

Sensitivity to the Residualization Reference 

Our primary analyses deconfounded LLM surprisal across the full sample. Because our 

framework treats surprisal as deviation from healthy speech, we repeated the analysis with 

the covariate model estimated in HC only and applied it to all participants. Under this HC 

reference, the group elevations were essentially undiminished relative to the unadjusted 

metric and larger than under the full-sample residualization (SSD β = 0.68 [0.37, 0.99], P < 
0.001; BD β = 0.46 [0.06, 0.87], P = 0.024; MDD β = 0.014 [-0.213, 0.240]). Whereas only 

verbal IQ survived simultaneous adjustment for demographics and diagnosis under the full-

sample reference, manic symptoms (YMRS), verbal IQ, lexical and semantic verbal fluency 

and TLI Impoverished all survived under the HC reference (Supplementary Table 14).  



 

 

Post-hoc Verbal IQ Analyses  

Verbal IQ was available for 355 of 371 participants (170 controls, 185 patients). Within 

patients, residualized LLM surprisal correlated negatively with verbal IQ (ρ = −0.26, P < 
0.001), whereas within controls the association was weak and non-significant (ρ = −0.08, P = 
0.28); the group-by-IQ interaction was negative at trend level (β = -0.19, P = 0.071). The 

patient-level association was unchanged after controlling for polypharmacy and 

chlorpromazine-equivalent antipsychotic dose, and remained significant in the pooled 

sample after adjusting for patient status (ρ = −0.18, P < 0.001). A quadratic verbal IQ term 

improved fit in the pooled sample and within HC alone (Supplementary Table 15), describing 

a U-shaped relationship with minimum surprisal near average verbal IQ and higher surprisal 

toward both extremes. The curvature did not differ between groups (group × quadratic P = 

0.42); within patients alone it was significant under OLS but did not survive removal of 

influential observations or trimming of the highest IQ scores (Supplementary Table 16). 

Discussion 

In this study, we evaluated whether the LLM surprisal of spontaneous narrative speech, 

quantified as the median cross-entropy loss of a state-of-the-art LLM, is associated with 

psychiatric diagnosis and with clinical symptom severity in a transdiagnostic sample of 

patients with SSD, BD, and MDD in comparison with a HC reference. Three principal 

findings emerged. First, speech from patients with SSD scored consistently higher on LLM 

surprisal than from HC, with intermediate effects in BD and no detectable elevation in MDD. 

Second, higher LLM surprisal was associated with lower verbal ability and with greater 

symptom severity across positive (SAPS total, positive FTD), negative (alogia, 

abulia/apathy) and manic dimensions; of these, only the association with verbal ability 

persisted after adjustment for diagnostic group, indicating that the symptom associations 

were carried largely by between-diagnosis variance. Third, these effects were not reducible 

to demographic or syntactic confounds: the pattern held after adjustment for demographics, 

YoE, ASL and for almost all model or prompt configurations. Together, these findings align 

with earlier research in schizophrenia by demonstrating that LLM-derived predictability—
operationalized here as LLM surprisal—captures clinically relevant dimensions of speech 

disturbance, while extending these insights to the bipolar spectrum and showing no 

significant deviation in MDD. LLM surprisal overlaps only partially with established semantic 

and syntactic features. 

A central methodological concern was whether higher surprisal in patients simply reflected 

shorter sentences40. ASL was by far the strongest correlate of unadjusted LLM surprisal, 

substantially larger than any demographic association due to the nature of the measurement 

(Figure 1). Several convergent analyses argue against this concern. Although ASL was 

strongly related to unadjusted LLM surprisal, the elevations in SSD and BD persisted after 

adjustment for sentence length, and in neither group was the effect attributable to patients 

producing shorter sentences. Likewise, decomposition analyses indicated that most of the 

SSD effect was attributable to a length-independent component, and LLM surprisal 

contributed information beyond models that already accounted for ASL and semantic 

coherence. Across all speakers, longer sentences carried lower surprisal, consistent with 



 

 

more preceding context making each next word easier to predict. This relationship was the 

same in SSD patients and HC, but SSD patients sat higher on the surprisal scale at every 

sentence length. The elevation is therefore a level shift that holds when sentences of equal 

length are compared, not a by-product of shorter sentences in patients. BD-surprisal showed 

a more nuanced behavior. The gap from controls was not constant but widened with 

sentence length: in shorter sentences BD speakers stayed close to controls, in longer ones 

they departed further. This is not a shortness artifact, since it reflects how surprisal scales 

with length rather than patients producing shorter sentences, and it sets BD apart from the 

uniform elevation seen in SSD (Figure 4). 

Interpreting LLM cross-entropy loss as a measure of contextual surprise bridges 

computational psychiatry and clinical theories of FTD. That this signal is reproduced across 

model architectures, including smaller open-weight models39, suggests the underlying 

baseline of expected language is a relatively stable property rather than an artifact of any 

single model. In psychiatric terms, this may reflect reduced contextual constraint during 

language production, a mechanism closely related to clinical concepts of disorganization, 

derailment, and impaired discourse coherence. This interpretation extends prior work 

showing altered perplexity and contextual language processing in psychosis31–33, bipolar 

disorder 34and dementia35,36. But describing LLM surprisal as a measure of FTD alone is 

probably too narrow. Because surprisal reflects contextual word predictability, elevated 

values may arise even in grammatically correct speech when contextual expectations are 

violated (Figure 1). LLM surprisal may therefore capture a broader dimension of contextual 

language organization than is captured by conventional clinical ratings of thought disorder. 

The SSD ablation experiment showed that once surprisal was residualized against 

confounders, it still improved diagnostic classification on top of clinician-rated positive FTD 

(Supplementary Table 8), meaning it carries diagnostic information the FTD rating does not. 

Surprisal did not add value over the TLI, because the TLI scale itself performed no better 

than chance in our cohort and therefore carried no signal for the distinction between SSD 

and HC. 

A central question is whether LLM surprisal has clinical potential in terms of diagnosis and 

associations with symptom severity. The dominant pattern in this study was gradual: LLM 

surprisal followed a diagnostic gradient, clearly elevated in SSD, intermediate in BD, and 

absent in MDD, and this ordering held across sensitivity analyses. A comparable 

schizophrenia–bipolar ordering was also reported in a Korean cohort using written 

language34, suggesting an effect across languages. Symptom associations fell below 

significance once the diagnostic group was added to the model, indicating they were carried 

largely by between-diagnosis differences rather than within-patient severity. Just one 

association behaved dimensionally across the full sample. The correlation with verbal IQ 

survived simultaneous adjustment for demographics and diagnosis and remained within the 

MDD subgroup, which showed no group elevation of its own. MDD cohort likewise retained 

associations with lexical fluency and abulia/apathy despite no group-level elevation. We 

therefore read LLM surprisal primarily as a graded marker of psychosis-spectrum status, 

with a narrower dimensional component carried mainly by verbal ability and by residual 

MDD-subgroup associations. This fits dimensional interpretations only marginally49,51: a 

continuum account predicts LLM surprisal should track severity across diagnoses, yet most 

of our signal tracked diagnostic category, with a clearly dimensional component only for 



 

 

verbal ability and within MDD. Given the strong collinearity between diagnosis and severity, 

and small sample sizes in SSD and BD we cannot fully separate a categorical from a 

dimensional interpretation.  

The described robust association between surprisal and verbal ability measured as verbal IQ 

requires careful interpretation. This coupling emerged specifically within patients and was 

weak and non-significant in HC, so surprisal is not a simple index of verbal ability in 

unaffected speakers but becomes tied to it in the presence of pathology37. Surprisal also did 

not collapse into verbal ability: the schizophrenia-spectrum elevation persisted after verbal 

IQ was added to the deconfounding pipeline, and associations with manic, positive and 

negative symptoms survived additional adjustment for verbal IQ. Higher surprisal therefore 

cannot be reduced to lower verbal ability alone; rather, surprisal sits at the intersection of 

psychopathology and verbal ability. Consistent with surprisal reflecting distance from an 

inherent norm in LLMs of typical language, its relationship with verbal ability was U-shaped 

across the full sample and within controls, rising at both extremes. This shows surprisal may 

reflect more than FTD, being sensitive also to verbal ability. 

Sensitivity analyses showed that the shape of the surprisal distribution, not only its median, 

carried clinical information. Within patients, the upper tail of the sentence-level surprisal 

correlated with clinician-rated disorganization, and did so after partialling out the median. 

The association appeared specific to disorganization. This fits the intermittent nature of 

disorganized speech: derailment and tangentiality surface as occasional sentences that 

depart sharply from expectation rather than as a uniform elevation. That a text-trained model 

recovers a disorganization signal specifically in the tail is a small but suggestive pointer to 

localized breakdowns in language predictability. Results were stable to first word trimming, 

showing that the noise first tokens with preceding context did not influence the metrics 

performance.  

Three methodological findings emerging from our sensitivity analyses merit further 

consideration. First, the primary analyses employed full-sample deconfounding, a 

conservative approach that is likely to attenuate illness-related variance. Consistent with this 

interpretation, a model estimated exclusively from HC yielded comparable group effects 

while recovering additional symptom and cognitive associations, suggesting that the 

reported effects may represent a conservative lower-bound estimate. These findings 

highlight an unresolved challenge for LLM based language metrics: balancing statistical 

conservatism against the preservation of clinically meaningful variance. Secondly, surprisal 

estimates were remarkably stable across prompt configurations. The near-perfect agreement 

between system-prompt conditions suggests that model-derived estimates of speech 

surprisal are largely insensitive to simple persona instructions. A plausible explanation is that 

the statistical regularities acquired during large-scale pretraining dominate next-token 

predictions, rendering brief prompts insufficient to meaningfully alter the model's 

expectations. Thirdly, the signal was largely stable across model scales. The smallest 

multilingual model was, however, the one condition where the weaker BD elevation fell 

below significance. In contrast to that finding prior work reports that smaller models can be 

more sensitive39. The optimal scale therefore remains unresolved. One speculative 

hypothesis could be that smaller models, while adequate for the strong SSD effect, lack the 

resolution to capture subtler elevations such as of BD patients.  



 

 

Several limitations temper the conclusions. The design is cross-sectional and observational, 

so we cannot determine whether elevated surprisal reflects a current clinical state, a stable 

trait, or both. Although adding surprisal significantly improved model fit for SSD and BD, the 

absolute cross-validated discrimination was at best moderate for SSD and weak for BD, so 

the metric does not support standalone diagnostic use. Symptom severity in the patient 

groups was predominantly mild to moderate, with MDD and BD patients showing low 

depressive and manic symptom levels, which limits sensitivity and constrains generalization 

to acutely ill populations. The BD and SSD subgroups were small; the BD incremental 

results are based on just 26 patients, and the fact that the univariate surprisal model 

outperformed the fully adjusted model in this subgroup is more plausibly a sign of statistical 

instability than of superior performance, so it should be regarded as preliminary. 

Furthermore, while the SSD elevation remained robust after adjusting for verbal IQ, the BD 

elevation did not survive this control, underscoring that the effect in bipolar disorder is less 

robust, probably also due to sample size. The data derive from a single site, a single 

language, and a constrained narrative task (TAT); although cross-model replication with a 

German and a multilingual model is reassuring, cross-linguistic and cross-task 

generalizability remains to be established. Finally, cross-entropy loss is mechanistically 

opaque: it aggregates unpredictability arising from semantic, syntactic, pragmatic, and 

topical sources and cannot, on its own, identify which of these drives the effect. 

These results point to several next steps. Longitudinal designs that track LLM-derived 

predictability measures across symptomatic and remitted states would establish whether it 

indexes state, trait, or both, and whether it is sensitive to clinical change. Larger and acutely 

symptomatic samples, particularly within the psychosis spectrum, would test clinical utility 

and reduce the floor effects seen here. Framing the metric explicitly as a normative model69, 

in which expected loss is modelled as a function of demographic and cognitive variables 

such as age, sex, and ASL, would yield individual deviation scores against a healthy 

reference and directly absorb these confounders rather than treating them as nuisance 

covariates, placing loss on a more interpretable, person-level footing. Future work should 

also explore task-specific fine-tuning by training open-weight LLMs on HC narratives from 

the exact same TAT task, to enforce better discrimination from HC.  

In summary, the median cross-entropy loss, operationalized as LLM surprisal, of a general-

purpose LLM applied to spontaneous narrative speech seems to behave as a data-driven 

model of speech peculiarities: patient speech, most clearly in SSD and partly in BD, deviates 

from the model's expectation in a way that is not reducible to ASL, demographic 

confounders or semantic coherence. The effect is graded by diagnosis along the psychosis 

spectrum, mapping at least partly to FTD. In reference to the growing literature the cross-

entropy loss and perplexity of LLMs provides an intriguing hint that these measures can 

serve as an additional automated marker to characterize language deviations in psychiatric 

diseases. However, as this field expands, it remains a critical point of discussion as to what 

the correct deconfounding strategy should be to isolate pure clinical signals from broader 

demographic, social, or cognitive variance. With longitudinal validation, larger acutely ill 

samples, and mechanistic dissection, LLM-derived measures may offer a scalable, privacy-

preserving, language-level window onto disordered speech across transdiagnostic cohorts. 



 

 

Methods 

Participants 

In this cross-sectional, observational subsample, participants were recruited between 2018 

and 2021 as part of the FOR2107 cohort59 at the Department of Psychiatry, University of 

Marburg, and affiliated outpatient clinics. This subsample comprised 178 HC and 194 

patients, including 48 patients with a SSD (schizophrenia: n = 11; schizoaffective disorder: n 

= 37), 119 patients with MDD, and 27 patients with BD. Exclusion criteria included 

neurological disorders, a history of significant head injury, current substance dependence, 

other severe medical conditions, current benzodiazepine use, intellectual disability, and 

insufficient proficiency in the German language. HC participants were additionally screened 

to exclude any current or past psychiatric diagnosis or treatment. Sample size was 

determined by data availability. All participants provided written informed consent prior to 

inclusion. The study protocol was approved by the local ethics committee and conducted in 

accordance with the Declaration of Helsinki. 

Speech Elicitation and Text Processing 

Narrative speech was elicited with four pictures from the TAT60, with three minutes per 

picture to tell a story about the depicted scene. Speech was audio-recorded and transcribed 

verbatim, including hesitations, by trained linguists using f4transkript 

(www.audiotranskription.de/f4transkript), blind to diagnostic group. These transcripts served 

as input for both the TLI ratings and all computational analyses.  

For the computational analyses, German filler words and verbal hesitations (e.g. "mh", "äh") 

were removed to prevent tokenization anomalies. Text was segmented into sentences 

deterministically at terminal punctuation marks, and the average number of words per 

sentence (ASL) was computed per participant for use as a covariate. 

Psychopathological Assessment 

Each participant's diagnosis was ascertained through a semi-structured clinical interview 

conducted in line with the SCID-I, with classification based on DSM-IV-TR criteria70. Current 

psychopathology was characterized using a panel of standardized, clinician-rated instruments. 

Negative and positive symptom domains were rated with the SANS62 and the SAPS61, 

respectively. Beyond the total scores, which index global negative and positive symptom 

severity, FTD was captured through two dedicated measures: the negative FTD score derived 

from the SANS and the positive FTD score derived from the SAPS. Depressive, anxiety, and 

manic symptomatology were additionally quantified with the HAMD-17 64, the Hamilton Anxiety 

Rating Scale71, and the YMRS63. 

To characterize disturbances in thought and language more directly, we applied the TLI72, 

which yields impoverishment and disorganization scores from transcribed speech. Trained 

raters, kept blind to participants' diagnostic group, scored the TLI from verbatim transcripts. 

Speech elicited by each TAT picture was divided into three successive one-minute segments, 



 

 

with ratings assigned at the segment level. These segment-level ratings were first summed 

within each picture and then combined across the four pictures, yielding a single 

disorganization total and a single impoverishment total per participant. Overall functional 

status was rated with the GAF65. Verbal IQ was measured using the Multiple-Choice 

Vocabulary Intelligence Test73. 

Neurocognitive Assessment 

Neurocognitive functioning was characterized using a set of standardized tests spanning 

verbal memory, executive control, and verbal fluency. Verbal learning and memory were 

assessed with the Verbal Learning and Memory Test74 from which retrieval and recognition 

indices were obtained. The Trail Making Test75 served to index executive functioning and 

processing speed. Lexical access and semantic retrieval were probed through verbal fluency 

tasks76 administered under semantic (animals), phonemic (p-letters), and alternating 

conditions (sports/fruits). 

Sample Characteristics 

Group descriptive statistics are reported as mean ± standard deviation for continuous 

variables and as counts and percentages for categorical variables. Differences across the 

four diagnostic groups (HC, BD, MDD, SSD) in continuous demographic and linguistic 

variables were evaluated using Kruskal–Wallis H-tests. Group differences in categorial 

variables were assessed using a chi-squared contingency test on the diagnosis × variable 

table. 

Language Models and Loss Computation 

Linguistic feature extraction was executed using three autoregressive LLMs deployed locally 

on private inference servers via the vLLM engine77, guaranteeing data privacy. Qwen2.5-

32B-Instruct78  was executed across four NVIDIA L40 GPUs, while the smaller model 

Qwen2.5-7B was executed from two NVIDIA L40 GPUs and LeoMistral-Hessianai-7b79 was 

deployed on a single NVIDIA L40 GPU to serve as an independent architectural validation. 

To quantify the structural and semantic predictability of patient speech, we utilized the cross-

entropy loss derived from the language models24. While clinical NLP studies frequently 

report perplexity, we used cross-entropy loss, termed LLM surprisal, because perplexity is 

the exponential of loss and can disproportionately stretch higher values, increasing 

skewness, heteroscedasticity, and nonlinear relationships with covariates. Loss therefore 

provides a more suitable scale for OLS residualization. For every segmented sentence 

within a participant's transcript, the sequence-level loss was computed as the negative 

average of the token log-probabilities, conditioned on the prompt text. Formally, for a 

sequence of N tokens, the cross-entropy loss is defined as:  
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System instructions and prompt tokens provided context for the model but were masked and 

omitted from the final loss computation. All evaluations were performed using greedy 

decoding (temperature = 0) to ensure reproducibility. To establish a robust, subject-level 

metric not too sensitive to outliers, sentence-level losses were aggregated to the participant 

level using the median across all transcribed sentences.  

To systematically evaluate whether model-side contextual expectations introduced 

systematic bias, this entire pipeline was repeated across four prompt configurations: a 

healthy persona prompt, a patient persona prompt, a neutral prompt, and a baseline 

condition devoid of any system prompt (Supplementary Table 9).  

The healthy-persona configuration paired with Qwen2.5-32B-Instruct was pre-specified as 

the primary architecture. 

Subject-level agreement between the primary model and the validation models, as well as 

between the four prompt configurations, was quantified using Spearman rank correlations of 

the participant-level median LLM surprisal scores.  

Confound Control and Residualization 

We examined associations between our primary LLM  surprisal metric and four potential 

confounding variables: sex, age, YoE, and ASL, using Spearman rank correlations for all 

variables. Missing values for YoE were estimated via KNN imputation (k=5)80, utilizing the 

HC distribution as the reference space.  

To isolate disease-related semantic and structural predictability from variance driven by 

baseline demographic and syntactic differences, we employed an OLS regression model 81 

predicting median participant surprisal from age, sex, YoE, and log-transformed ASL across 

the entire participant cohort. The resulting residuals were then extracted.  As a sensitivity 

analysis, we repeated this procedure with the covariate model estimated in HC only and then 

applied to all participants, so that the residuals express each participant's deviation from the 

expected surprisal of healthy speakers given the confounders. 

Statistical Group Comparisons 

To evaluate variation in language predictability across diagnostic groups, we fitted OLS 

regression models with surprisal as the outcome and diagnostic group as a categorical 

predictor, using HC as the reference category. This yielded, for each patient group, a 

standardized beta expressing its difference from controls, with 95% confidence intervals and 

two-sided p-values, separately for unadjusted and residualized surprisal metrics. The overall 

patient–control contrast was estimated from the same framework by comparing the 

combined patient group against controls. Between-patient contrasts (SSD, BD, MDD) were 



 

 

likewise estimated as OLS group coefficients. Unless stated otherwise, significance was 

assessed at Benjamini–Hochberg FDR-corrected threshold of alpha=0.05 for this and all 

following analyses82. 

Clinical Correlation Analyses 

To map how LLM surprisal interacts with distinct clinical and cognitive dimensions, 18 

specific variables were selected a priori based on their established relationships with speech 

production in psychiatric populations43. Exploratory Spearman rank correlation analyses 

were performed between both unadjusted and residualized LLM surprisal metrics and these 

18 clinical variables across patients. To determine whether these clinical associations 

persisted independently of diagnosis, a secondary OLS regression framework was 

evaluated. In this model, the clinical variable served as the dependent variable, while 

unadjusted LLM surprisal, covariates, and diagnosis (dummy-coded using HC as the 

baseline reference group) were entered simultaneously as predictors. 

Finally, to isolate disease-specific effects, Spearman rank correlations were calculated within 

each individual patient diagnostic subgroup using the residualized LLM surprisal metrics.  

In a post hoc exploratory analysis, we used Spearman correlations within patients to test 

whether distributional features of residualized sentence-level surprisal (standard deviation, 

90th and 95th percentiles, and proportion of sentences exceeding the healthy-control 90th 

percentile) related to thought and language measures (TLI disorganization, impoverishment, 

and non-specific subscales, and SAPS-FTD). 

Incremental Predictive Value Analysis 

To determine whether LLM surprisal provides unique diagnostic utility beyond basic speech 

and demographic features, we evaluated a series of nested logistic regression models 

predicting patient status. In all models, LLM surprisal and the covariates were entered 

directly as predictors; surprisal was not residualized beforehand, so covariate adjustment 

was performed within each model rather than as a separate preprocessing step, to avoid 

data leakage. Model performance was assessed using Leave-One-Out Cross-Validated 

Area Under the Curve to measure predictive accuracy, and the AIC67 to evaluate model fit 

relative to complexity. Cross-validated predictions were generated with L2-regularized 

logistic regression (scikit-learn, default: C = 1.0) and not tuned, whereas AIC and LRT were 

based on unregularized maximum-likelihood logistic regression. 

To quantify the unique contribution of the LLM, we tested whether adding surprisal improved 

on a series of increasingly rigorous baseline models along two axes: LRT assessed 

improvement in model fit, and DeLong tests68 for two correlated AUC curves assessed 

improvement in cross-validated discrimination. The baseline models were: 1) a ASL only 

model; 2) a full confounder model (age, sex, YoE, and ASL); and 3) a comprehensive 

semantic model that supplemented the full confounders with a semantic coherence metric.  



 

 

To calculate semantic coherence, individual utterances were encoded using a multilingual 

SentenceTransformer 83,84 (multilingual-e5-large). From the cosine similarities between 

sentences we derived four coherence features per transcript: mean and standard deviation 

of first-order (adjacent-sentence) coherence, the minimum first-order value, and mean 

second-order coherence. These formed the semantic baseline23. This incremental analysis 

was performed on the combined, mixed-diagnosis patient cohort, and subsequently stratified 

for each specific psychiatric subgroup (SSD, BD, and MDD) versus HC.  

Separately, in SSD versus HC we tested whether confounder-residualized surprisal 

improved discrimination (DeLong) over clinician-rated FTD, using SAPS positive FTD and 

the TLI as baselines.  

Additional Sentence-Length Sensitivity Analyses 

ASL was the strongest baseline correlate of surprisal, so we ran two analyses to check that 

group differences in surprisal were not simply driven by differences in ASL. Both used 

unadjusted surprisal and the full sample. 

The first analysis compared patients and controls at the same sentence length. Instead of 

using each participant's median, we modeled every individual sentence, with sentence LLM 

surprisal as the outcome. The model included diagnostic group, sentence length (log-

transformed and centered), and their interaction, plus age, sex, and YoE, and a separate 

intercept for each participant to account for their multiple sentences. Because length was 

centered, the group term gives the patient–control difference at average sentence length, 

and the interaction term tests whether the effect of length on surprisal differs between 

groups. Models were fitted with restricted maximum likelihood, using HC as the reference, 

both for each group separately and for all four groups together. 

The second analysis asked how much of the group difference in surprisal ran through 

sentence length rather than being independent of it. Using mediation analysis, we set 

diagnostic group as the predictor, sentence length as the mediator, and median surprisal as 

the outcome, adjusting for age, sex, and YoE. The part of the effect carried by sentence 

length was estimated as the product of the relevant coefficients, with 95% confidence 

intervals from 5,000 bootstrap resamples85, using pingouin86. This was repeated for each 

group against controls and for the combined patient group.  

Post-hoc verbal IQ analyses  

In post-hoc analyses, we computed Spearman correlations between surprisal and verbal IQ 

separately in controls and patients, a partial correlation in the full sample controlling for 

patient status, and, within patients, a further partial correlation controlling for the 

polypharmacy index and chlorpromazine-equivalent dose. To test whether the association 

differed by clinical status, we fitted an OLS model with verbal IQ, patient status, and their 

interaction. To test for non-linearity, we compared linear and quadratic models by likelihood-

ratio test, pooled and within each group; where a quadratic term was significant, vertices 

were back-transformed to the raw verbal-IQ scale. The patient-level quadratic term was then 



 

 

checked for robustness by excluding high-influence observations (Cook's distance > 4/n) 

and trimming the top 5% of verbal IQ. These exploratory analyses were not corrected for 

multiple comparisons.  

Data Availability 

The raw data collected in this study is not openly accessible to protect participant consent 

and confidentiality. Nevertheless, the data used in this study is, in principle, available to 

qualified scientific researchers affiliated with non-commercial research organizations 

worldwide. Researchers interested in accessing the data must submit a formal research 

proposal that clearly defines the specific research questions, methodology, and intended 

statistical analyses using this form: https://redcap.link/data_sharing. 

Code Availability 

All code used for the analyses can be found at https://github.com/42elenz/mnm_ppl. 
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