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Abstract 

Semantic variables automatically extracted from spontaneous speech characterize 

anomalous semantic associations generated by groups with schizophrenia spectrum 

disorders (SSD). However, with the use of different language models and numerous 

aspects of semantic associations that could be tracked, the semantic space has become 

very high-dimensional, challenging both theoretical understanding and practical 

applications. This study aimed to summarize this space into a single composite semantic 

index and to test whether it can track diagnosis and symptom profiles over time at an 

individual level. The index was derived from a principal component analysis (PCA) 

yielding a linear combination of 117 semantic variables. It was tested in discourse 

samples of English speakers performing a picture description task, involving a total of 

103 individuals with SSD and 36 healthy controls (HC) compared across four time points. 

Results showed that the index distinguished between SSD and HC groups, identified 

transitions from acute psychosis to remission and stabilization, predicted the sum of 

scores of the Thought, Language and Communication (TLC) index as well as subscores, 

capturing 65% of the variance in the sum of TLC scores. These findings show that a single 

indicator meaningfully summarizes a shift in semantic associations in psychosis and 

tracks symptoms over time, while also pointing to variance unexplained, which is likely 

covered by other semantic and non-semantic factors. 
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1. Introduction 

Disorganized speech is a hallmark of psychotic discourse and remains one of the key 

clinical criteria for diagnosing psychosis (Palaniyappan, 2022). It manifests in 

derailment, incoherence and loss of goal, contributing to the broader positive symptoms 

characteristic of psychotic disorders. Often linked to disruptions in semantic processing 

– the ability to understand and produce meaning in language – these impairments play a 

critical role in coherent communication. Semantic associations are especially important 

for building and maintaining logical connections in discourse, a notion that has sparked 

considerable clinical and research interest since Bleuler’s initial formulation of 

schizophrenia (1911). Subsequent research, such as Andreasen (1979, 1986), attempted 

to manualize assessment of disorganized speech through tools like the Thought, 

Language, and Communication (TLC) scale.  

More recently, natural language processing (NLP) has offered tools to 

automatically extract semantic features based on large language models (LLMs), with 

promising performance in assessing disrupted semantic associations (Tang et al, 2021; 

Voppel et al, 2021; Figueroa-Barra et al., 2022; Alonso-Sánchez et al., 2023; Arslan et 

al., 2024). Semantic variables are often calculated based on the distributional semantics 

hypothesis (Harris, 1954; Firth, 1957; Miller & Charles, 1991), which suggests higher 

semantic similarity between words that are co-occurring in similar contexts. 

Distributional properties of linguistic units (i.e., words or sub-words) in large linguistic 

corpora are then represented computationally as dense, high-dimensional vectors known 

as word embeddings (Mikolov et al., 2013a; Pennington et al., 2014; Grave et al., 2018; 

Devlin et al., 2019). Such representations allow calculation of semantic similarity through 

mathematical operations such as cosine distance between two given vectors. 

Today, various language models have been used in the context of speech in 

psychosis, each with different model-architecture and training corpora. Among them are 

shallow neural network models like word2vec (Mikolov et al., 2013b), which treat words 

as atomic units, and fastText (Grave et al., 2018), which represents words as bags of n-

grams or subword units. More advanced models include BERT (Devlin et al., 2019), a 

transformer-based model trained on bidirectional contextual embeddings, and the GPT 

family, which generates text autoregressively using transformer architectures. Since 

semantic similarity features are extractible from any given model with multiple 

approaches, there has been a significant increase in similarity metrics used for 

classification of patients with psychosis from controls (Bedi et al., 2015; Voppel et al., 

2021; Çabuk et al., 2024; Arslan et al., 2024). Model-dependency of semantic similarity 

measures and multi-algorithmic strategies to compute them, hinder consistent 

interpretation of results within what has become a very high-dimensional variable space.  

In addition, different semantic similarity metrics relate differently to clinical or 

cognitive correlates (Tang et al., 2022; He et al., 2024a; He et al., 2024b; Alonso-Sánchez 

et al., 2023; Palominos et al., 2024), often creating inconsistencies in the way that 

similarity metrics relate to clinical language disturbances. For example, early studies 

since Elvevåg et al. (2007) have suggested that greater incoherence in speech would 
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translate into lower values in mean semantic similarity (see also Morgan et al., 2022). But 

more recently, a pattern of increased mean semantic similarity in psychosis has been 

documented across different languages, disease stages, and tasks (Pintos et al., 2022; 

Alonso-Sánchez et al., 2023; Parola et al., 2023; He et al., 2024a; Çabuk et al., 2024; 

Arslan et al., 2024). This phenomenon has been conceptualized as a ‘shrinking’ of the 

semantic space, where the scope of semantic differences becomes more constrained (He 

et al., 2024a; Palominos et al., 2024). An emergent subfield has related such semantic and 

other probabilistic LLM-based measures to both brain structure and function, sometimes 

demonstrating their greater sensitivity over traditional clinical or neuropsychological 

metrics in this respect (Palaniyappan et al., 2019; Liang et al., 2022; Limongi et al., 2023; 

Sharpe et al., 2024; Alonso-Sánchez et al., 2024). These findings reinforce the potential 

of LLM-based language features for advancing patient-centered psychiatric assessments 

and for their neurobiological grounding. 

As things stand in this field, a clear theoretical foundation for why certain 

semantic variables offer more explanatory power than others, and under which 

conditions, remains missing. For example, it remains unclear why second-order semantic 

similarities (between two words as separated by another) might be more sensitive than 

the first order ones (between consecutive words) (Parola et al., 2023), or how dynamic 

and static variables might contribute differently to our understanding of semantic 

associations (Palominos et al., 2024). This highlights the need for a reliable approach 

reducing the high-dimensional semantic space to a lower-dimensional one, in a way that 

would retain interpretability and be of clinical utility.  

Here we reasoned that semantic associations are characterized by a large range of 

computational semantic variables, all of which may contribute to understanding the 

variance involved. To characterize this variance in patients and controls, we constructed 

an index derived from a principal component analysis (PCA) of features based on the 

semantic similarity concept. This index is conceived as an agnostic tool, which captures 

the semantic patterns that each variable reveals in relation to psychosis and its symptoms. 

PCA is one of the oldest multivariate statistical techniques, which allows to significantly 

reduce the dimensionality of data (Jolliffe, 2002). It explores the relationships between 

features and transforms correlated variables into a set of uncorrelated variables using a 

covariance matrix (Nardo et al., 2005). The goal of PCA is to compress the original size 

of data while capturing the maximum variances in the features, irrespective of their 

relevance to external factors, such as clinical context. New variables, called principal 

components, are computed as linear combinations of the original variables, with the first 

principal component having the largest possible variance (Abdi & Williams, 2010). 

The aim of this study was to test this PCA-based index as a suitable summary 

indicator of the semantic behavior of an individual in its multiple dimensions, and to 

assess its explanatory power and ability to track both group differences and changing 

symptoms over time. Our three specific objectives were: (i) to determine whether a 

composite index of cross-model semantic similarity metrics can distinguish between 

psychotic patients and healthy controls; (ii) to understand longitudinal changes in the 

calculated composite index over time, particularly as patients transition from an acute 

psychotic stage to remission; and (iii) to assess whether this index can predict various 

symptoms as measured by clinical symptom scales. Achieving these objectives would 

mean that a semantic index automatically calculated for each individual would provide 
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an independent and single score reflecting linguistic behavior at a semantic level along 

with psychotic symptoms. 

 

2. Materials and methods 

2.1 Participants 

Individuals with schizophrenia spectrum disorders and healthy volunteers were recruited 

from inpatient and outpatient facilities and two different cohorts (LPoP and Remora) at 

the Zucker Hillside Hospital in Glen Oaks, New York. The samples together covered up 

to four time points in total, at which speech was collected. For the purpose of this analysis, 

seven SSD and two HC participants were excluded either due to recording issues or 

missing transcripts for the first timepoint. The first session, referred to here as T1 

(timepoint 1), took place at an acute psychiatric unit, as soon as possible after the 

participant was deemed sufficiently stable to participate in research, in the case of the 

LPoP cohort, and either during admission or as a stable outpatient, in the case of Remora. 

The second session (T2) for LPoP participants was held after one to three weeks, at 

stabilization or discharge from the hospital. The range of 1-3 weeks was set to limit 

variability in follow-up time. If participants were discharged prior to 1 week, then the 

second timepoint occurred soon after discharge, and if the admission lasted longer than 3 

weeks (often due to housing and dispositional issues), the participant was assessed in 

advance of their discharge at the third week mark. The third follow-up assessment was 3 

months (T3) after the second timepoint, and the fourth one after 6 months (T4). The final 

analysis included speech samples from 139 participants (SSD = 103 and HC = 36) for T1; 

47 SSD participants for T2; 57 participants (SSD = 33; HC = 24) for T3 and 13 SSD 

participants for T4. 

Table 1 shows all the time points as well as how the participants from the two 

cohorts were grouped for comparability in our analysis, based on when their assessments 

took place. LPoP participants were between 18 and 40 years old on admission, with a 

current psychotic episode or significant positive or disorganized symptoms of psychosis. 

Remora healthy volunteers were between 21 and 38 years old, while the patients were 

between 18 and 51 years old and they were both inpatients and outpatients, which means 

they were more mixed compared to LPoP. 

Table 1: Participants from LPoP and Remora across 4 sessions. 

______________________________________________________________________ 

Timepoints T1 T2 T3 T4 

 First Session 1-3 weeks 

Discharge 

3 months 6 months 

LPoP SSD SSD SSD 

 

SSD 

N participants 60 47 16 13 
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Remora SSD + HC  SSD + HC  

N  participants 43 + 36  17 + 24  

 

Samples from the two cohorts were formed for each of two main analyses 

separately, as specified in Tables 2 and 3, respectively. The initial index calculation 

included all available SSD participants, in order to maximize the number of observations 

and variance. In the first main analysis, group comparisons were then performed between 

LPoP SSD and Remora HC participants (Table 2), to capture group and time effects. As 

our focus was on patients transitioning from an acute to a remitted stage, Remora SSD 

participants were excluded from this analysis due to the variability of acuity at the first 

timepoint, while LPoP SSD participants were all in an acute stage. To assess the evolution 

of the index over time and its relationship with symptoms, the LPoP-only SSD cohort 

was analyzed (Table 3). There were no significant differences in demographic 

characteristics between the time points in the case of LPoP-only, however there were 

differences in TLC scores. Age, education and sex differences were controlled for in the 

statistical analyses by including them as covariates in all mixed-effects linear models. 

Table 2:                   Demographic Characteristics LPoP SSD + Remora HC 

 T1  T3 (3 months) 

 SSD HC p-value  SSD HC p-value 

n 60 36   16 24  

Age 25.90 (7.65) 29.15 (7.1) <0.001***  27.50 (8.08)  32.50 (8.03) 0.08 

Sex   –    – 

Female 19 19   1 15  

Male 40 17   15 9  

Intersex 1       

Education 15.00 (3.00) 16.00 (2.00) <0.001***  15.00 (0.25) 17.00 (2.00) <0.001*** 

TLC total 18.00 (23.25) 2.00 (3.25) <0.001***  7.00 (10.75) 2.00 (4.00) <0.01** 

SANS total  27.00 (13.25)  2.00 (5.50) <0.001***  21.00 (17.75) 4.00 (6.50) <0.001** 

BPRS total 49.00 (13.50) 21.00 (3.50) <0.001***  43.00 (21.50) 20.00 (5.50) <0.001*** 

The significant associations are tagged by asterisks (*<0.05, **<0.01, and ***<0.001). 

Age, education and TLC, SANS, BPRS total scores are reported by medians and 

interquartile ranges (IQRs). P-values were calculated using the Mann-Whitney U test.  

Sex was excluded from calculation due to low counts for ‘Intersex’ and ‘Female’ 

categories. TLC - Scale for the Assessment of Thought Language and Communication. 

SANS - Scale for the Assessment of Negative Symptoms. BPRS - Brief Psychiatric 

Rating Scale. 
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Table 3:                               Demographic Characteristics LPoP   

 T1 T2 T3 T4 p-value 

n 60 47 16 13  

Age 25.90 (7.65) 25.30 (6.65) 27.50 (8.08) 25.70 (5.30) 0.7 

Sex     – 

Female 19 14 1 2  

Male 40 32 15 11  

Intersex 1 1    

Education 15.00 (3.00) 15.00 (3.00) 15.00 (0.25) 15.00 (1.00) 0.9 

TLC total  18.00 (23.25) 14.00 (15.50) 7.00 (10.75) 10.00 (12.00) <0.01** 

SANS total  27.00 (13.25) 24.50 (13.75) 21.00 (17.75) 22.00 (28.00) 0.3 

BPRS total  49.00 (13.50) 40.50 (19.00) 43.00 (21.50) 31.00 (10.00) <0.001*** 

Age, education, SANS, TLC, and BPRS total scores are reported by median (IQR). P-

values were calculated using the Kruskal-Wallis test. Sex was excluded from calculation 

due to low counts for ‘Intersex’ and ‘Female’ categories. 

 

 

 

2.2 Materials and procedure 

Participants in both studies were recorded while providing their responses to different 

tasks (fluency and journaling tasks, picture descriptions and paragraph reading). For the 

present study, speech samples from the first picture description task were extracted to be 

assessed. The picture description task was chosen as this task provides naturalistic speech, 

which is nonetheless constrained (or anchored) in an external stimulus, thereby restricting 

variance, unlike free speech. To ensure consistency across the LPoP and Remora cohorts, 

similar pictures were used. These pictures depicted common, everyday scenes (e.g., 

people engaged in various activities in a living room, kitchen, market, celebrating a 

birthday). The choice of pictures aimed to allow for a variety of responses while 

maintaining a similar stimulus across participants. All healthy volunteers were assessed 

virtually through a video call software. Recordings were transcribed by human 

annotators, de-identified, and reviewed for accuracy. All transcripts featured utterance 

boundaries that were determined based on pauses and syntactic completeness. 

 To assess psychosis symptoms, participants underwent clinical semi-structured 

interviews for the DSM-IV (First & Gibbon, 2004) and met DSM-5 criteria for SSD. The 

Scale for the Assessment of Thought Language and Communication (TLC) (Andreasen, 

1986) and the Scale for the Assessment of Negative Symptoms (SANS) were used for 

clinical language ratings. Healthy volunteers were confirmed to be free of current 

psychiatric disorders. Among exclusion criteria were substance-induced disorders, 

intellectual disability (IQ<70), autism spectrum disorder, language or speech disorders, 

physical impairments affecting speech, serious neurological or endocrine disorders, and 

any condition or treatment affecting brain or language function, as well as any factor 

preventing informed consent. Participants were evaluated with the WRAT (Wide Range 
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Achievement Test, reading test) to assess reading proficiency in English. All participants 

signed a written informed consent. The research procedures were approved by the 

Institutional Review Boards at the Feinstein Institutes for Medical Research, Northwell 

Health. 

2.3 LLM embeddings 

Three pre-trained language models were used to generate similarity measures. For word-

level analysis, we used the static fastText (Grave et al., 2018) model and contextual BERT 

(Bidirectional Encoder Representations from Transformers, Devlin et al., 2019), utilizing 

the pre-trained model for English ‘bert-base-cased’, fine-tuned for each sample; while at 

sentence-level, a SentenceTransformers model was employed (Reimers & Gurevych, 

2019), using specifically the ‘all-mpnet-base-v2’ model. Compared to other static models, 

fastText provides more flexibility, covering out-of-vocabulary words, considering 

subword information and incorporating morphological information into word 

representation (Bojanowski et al., 2017). Although its static nature may limit the model’s 

awareness of context, fastText shows effectiveness in the studies of semantics in 

psychosis (Pintos et al., 2022; Choe et al., 2023; He et al., 2024, Palominos et al., 2024). 

Opposite to fastText, BERT (trained on the English Wikipedia and the GoogleBooks 

Corpus) provides more precise and nuanced word representations that change depending 

on the context surrounding the word. Instead of processing text sequentially, BERT 

approaches the context of words in an utterance bi-directionally. The combination of 

static (fastText), contextualized (BERT) word embeddings and sentence-level 

representations (SentenceTransformers) helped to ensure a comprehensive analysis that 

captures both word-level and sentence-level semantics. The selected models have 

demonstrated strong performance in prior research and semantic analysis in psychosis 

(He et al., 2024a; Alonso-Sánchez et al., 2024; Palominos et al., 2024), making them 

reliable choices for this task. Moreover, incorporating models with distinct architectures 

and training methodologies allowed for a more diverse set of embeddings, minimizing 

biases that might arise from relying on a single type of model. 

2.4 Data analysis and semantic similarity measures 

Speech transcripts were pre-processed and cleaned in Python so as to remove any 

irrelevant information (about the interviewer, speaker, clusters, etc.) and extra symbols 

or whitespaces. The texts were normalized and tokenized with spaCy (version 3.7.4), 

using the ‘en_core_web_sm’ model for English. The list of default stop words in spaCy 

was updated accordingly for the task. The stop word lists can be found in the 

supplementary materials (SM). The three language models mentioned above were used 

to calculate embeddings on the word and sentence levels for each participant. Only 

content words were embedded in fastText. In order to retain contextual and syntactic 

nuances in word representations, BERT embeddings were first calculated using complete 

sentences that included punctuation and stop words. Special tokens and punctuations were 

then dropped for semantic similarity calculation. Sentence embeddings were calculated 

using SentenceTransformers for the sentences within the boundaries previously 

determined by the annotators. Once all the embeddings were generated, cosine semantic 

similarities between content words, between all words and between sentences were 

calculated. Finally, based on semantic similarities, a total of 117 dynamic and static 

semantic features were computed in order to perform the PCA analysis. Feature selection 

was motivated by the desire to include a comprehensive list of variables covering the 
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semantic variable space as used in previous computational semantic analyses of speech 

in psychosis. The feature list is summarized in Table 4 (for a complete list see Table S1 

in SM). Semantic similarities values equal to one (for fastText and 

SentenceTransformers) were excluded from calculations in order not to bias the values 

because of the effect of repetitions. 

Table 4: Semantic features. 

Static variables 

Average Euclidean 

distance 
Cumulative Euclidean distance between consecutive 

embeddings divided by the number of distances 

Mean, median, max, 

min, std 
mean, median, maximum, minimum, standard deviation of all 

semantic similarity values (word window = 5) 

p10, p25, p75, p90 
10th, 25th, 75th, 90th percentile of the consecutive similarity 

curve (word window = 5) 

Dynamic variables (for consecutive similarities only) 

Autocorrelation 

first, second, third lag coefficient of autocorrelation of 

differences between points of consecutive similarity times 

series 

Slope sign changes  

number of times the consecutive similarity time series 

changes the sign of the slope (normalized by the number of 

opportunities of change) 

Crossings 

number of times the consecutive similarity curve crosses the 

mean value (normalized by the number of possible pairs in 

the list) 

Note: The word window for fastText and BERT semantic similarities calculation was 

equal to 5 (1st-5th order), while only consecutive semantic similarities were calculated 

for sentences. Mean, median, maximum, minimum, standard deviation, percentiles were 

calculated for semantic similarities from the 1st to the 5th order. 

2.5 Principal component analysis and composite index 

In order to reduce the dimensionality of 117 semantic measures, while keeping its 

intrinsic complexity, PCA was performed, using the ‘scikit-learn’ package in Python. We 

identified 54 missing values across the 4 timepoints for sentence similarity 

autocorrelations lag 1-3, total of 54 across four timepoints; there were no other missing 

values. To prepare the data to perform the PCA, these missing values were imputed 

separately for SSD and HC groups, using Iterative Imputer with Linear Regression model 
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as estimator. Initial PCA was performed on a data frame with 117 features, 139 

observations for T1 and a random seed equal to 8. To decide on the optimal number of 

components to retain for the following steps, the Kaiser Criterion (Kaiser, 1960) was 

applied, i.e. components with Eigenvalues higher than 1 were retained. 24 principal 

components were initially chosen. 

To obtain a composite index as a single indicator that summarizes the features for 

each participant, we calculated a weighted average of the first selected principal 

components (Nardo et al., 2005; Chao, 2017). Specifically, for each participant, the values 

of the first retained principal components were calculated, and the proportion of variance 

explained was used as the weight for calculating the average. This was performed in two 

steps to ensure that different aspects of semantic behavior were fairly represented. Since 

we do not a priori know how various semantic features relate to distinct aspects of speech, 

many may be correlated and capture similar dimensions. Without addressing this, an 

index could overrepresent certain aspects simply because more features contribute to 

them. To mitigate this, we first applied PCA to balance the contributions of different 

features and prevent overweighting. 

First, a preliminary index was calculated for the initially retained components. 

While PCA reduces the dimensionality of the space, the number of the original features 

does not change. Therefore, it is useful to discard redundant variables. For that, a 

Spearman correlation matrix was calculated to exclude highly correlated variables (r > 

0.8). From the pairs of highly correlated features, the one with lower correlation with the 

previously calculated index was dropped. This step helped to reduce the number of 

semantic features by 49, bringing the total of 117 features down to 68. The final PCA for 

the first timepoint was then run with this reduced number of features. 20 principal 

components with eigenvalues higher than 1 were retained this time and explained 78% of 

the total variance. The final composite index calculation was performed based on the final 

number of components (n = 20) and features (n = 68). For the purpose of comparability 

of data across four timepoints, the indices for timepoints 2 - 4 were calculated using the 

projection matrix from the final PCA for the first timepoint (using the same eigenvectors 

and same final weights). All the composite indices were normalized by z-score and scaled 

from 1 to 10, for interpretability. In Figure S1 of the supplementary materials, a flow-

chart summarizing the calculation of the indices as well as the steps of the PCAs can be 

found. For the scree plot of the Eigenvalues for each principal component, including 

Kaiser criterion, see Figure S2. 

2.6  Statistical analyses 

Linear mixed-effects models were used to estimate group differences (SSD vs. HC) in the 

transition between two timepoints, to assess changes in the index over four timepoints for 

the SSD group only, as well as to regress the sum of TLC scores on the index. The index 

was log-transformed to address skewness in the distribution both as a predictor and 

response variable. In the first model, we examined how the interaction between group and 

time influenced the index, while controlling for participant-level random effects and 

covariates such as age, education, and sex. In the second model, time was included as a 

factor with forward differences coding; the indices were regressed on time as a fixed 

effect, participants as random effects while the same covariates of age, education and sex 

were added. Pearson correlation was applied to see the correlation between the TLC 

scores and the index. Additionally, an ordinal logistic regression model was employed to 
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examine whether discrete changes from one score to the next could be explained by the 

index. Statistical analyses and visualizations were done in RStudio, version 4.4.1, and 

Python, version 3.12.7. 

 

3. Results 

3.1 Group differences in the composite index 

We first evaluated differences in the composite indices of all the patients (acute and 

stable) and controls between T1 and T3 (3 months apart) (see Figure S3). Results of the 

mixed-effects linear regression model, which includes only acute SSD in LPoP and HC 

in Remora, are shown in Table 5. There was a significant group effect (p = 0.004), while 

the effect of time (p = 0.806) and the interaction of group and time (p = 0.061) were non-

significant. There were no significant effects of sex, education or age. The plots with the 

model predictions are shown in Figure 1. There was a significantly lower index score in 

SSD compared to HC at T1 in the acute stage, but a similar score at T3 outpatient follow-

up. 

Table 5: Results of the mixed-effect linear regression for LPoP SSD and Remora HCs 

showing the interaction of group and time on index between T1 and T3. 

________________________________________________________ 

log(index) 

 

Predictors Estimates CI p 

(Intercept) 1.81 1.00 – 2.62 <0.001 

SSD -0.32 -0.53 – -0.10 0.004 

T 0.03 -0.18 – 0.23 0.806 

Age 0.01 -0.01 – 0.02 0.318 

Education -0.04 -0.08 – 0.01 0.083 

Sex [Intersex] 0.47 -0.38 – 1.32 0.277 

Sex [Male] -0.14 -0.30 – 0.02 0.094 

SSD × T 0.29 -0.01 – 0.60 0.061 

    

Random Effects 

σ2 0.15 

τ00 participant 0.03 

ICC 0.17 

N participant 96 
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Observations 136 

Marginal R2 / 

Conditional R2 

0.145 / 0.289 

 

 

 

Figure 1: Model predictions of effect of time and group interaction on index in SSD and 

HC cohorts. 

3.2 Composite index across time 

To assess the evolution of the index over a longer time frame involving four timepoints, 

an analysis of SSDs from LPoP-only was performed. Descriptive box plots with the 

changing indices across four timepoints can be found in Figure 2. 
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Figure 2: Descriptive box plots with the changing indices for LPoP SSD participants 

across four timepoints. Further statistical analysis of the pairwise timepoints comparisons 

can be found in Table S2. 

The results of the mixed-effects linear model are shown in Table 6. In particular, there 

was a significant effect of time between T1 and T2 (p = 0.005), indicating a high increase 

in the index from T1 to T2. On the other hand, the time effect between T2 and T3 was 

non-significant (p = 0.814), indicating no significant change in the index within this 

period. The time effect between T3 and T4 was not significant either (p = 0.645), 

confirming a plateauing of the index between 3 and 6 months after the acute stage. The 

plot with the model predictions can be found in Figure 3. 

Table 6: Results of the mixed-effect regression model showing the effect of time on index 

between the timepoints in LPoP-only cohort. 

__________________________________________________ 

log(index) 

Predictors Estimates CI p 

(Intercept) 1.48 0.50 – 2.45 0.003 

timepoint 2-1 0.26 0.08 – 0.43 0.005 

timepoint 3-2 0.03 -0.24 – 0.31 0.814 

timepoint 4-3 0.08 -0.26 – 0.42 0.645 

age 0.02 -0.00 – 0.04 0.07 

education -0.05 -0.10 – 0.01 0.089 

sex [Intersex] 0.45 -0.33 – 1.22 0.256 

sex [Male] 0.06 -0.17 – 0.28 0.606 

Random Effects 
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σ2 0.21 

τ00 

participant 0.04 

ICC 0.17 

N participant 60 

Observations 136 

Marginal R2 / 

Conditional 

R2 0.145 / 0.290 

 

 

Figure 3: Effect of time on index in LPoP participants between T1-T2 (1-3 weeks), T2-

T3 (3 months), T3-T4 (6 months). 

 

3.3 Relation to symptoms 

The results of a mixed-effects model regressing the sum of individual TLC scores on the 

index across timepoints are shown in Table 7. The model explained 65.6% of the variance 

in the sum of TLC scores (Conditional R² = 0.656), revealing a significant effect of the 

index while also highlighting the variability between participants. For better visualization, 

Figure 4 illustrates the correlation between the index and the sum of TLC scores, with a 
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Pearson correlation coefficient of r = -0.24 (p = 0.004). As a reference, Figure 5 shows 

how the TLC scores change over the four time points, considering the average value and 

standard deviation (A), all the transitions for individual participants (B), and only 

transition from T1 to T2 (C). 

Table 7: Summary of mixed linear model regression results for sum of TLC scores. 

________________________________________________ 

tlc_sum 

Predictors Estimates CI p 

(Intercept) 39.31 8.93 – 69.69 0.012 

index [log] -9.03 -12.61 – -5.45 <0.001 

age 0.23 -0.38 – 0.84 0.457 

education -1.2 -3.02 – 0.61 0.192 

sex [Intersex] 12.84 -11.74 – 37.42 0.303 

sex [Male] 0.68 -6.37 – 7.73 0.849 

Random Effects 

σ2 70.17 

τ00 

participant 

109.71 

ICC 0.61 

N participant 60 

Observations 136 

Marginal R2 / 

Conditional R2 

0.118 / 0.656 
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Figure 4: Correlation between the sum of TLC scores and the composite index. 
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Figure 5: Variation in time of the sum of TLC scores. 

 

To explore the relationship between the index and specific TLC subscales, we 

finally ran ordinal logistic regressions using the TLC loss of goal score, and the 

derailment score as dependent variables, as these showed the highest correlations. As seen 

in Tables 8-9, both regressions reveal a significant effect of the index, where a higher 

index is associated with a lower score. However, the sensitivity of the index differed 

between the subscales (referred to as ‘cuts’ below). In particular, for loss of goal, the 

index showed greater sensitivity to changes between scores 2 and 3. In contrast, for 

derailment, the effect of the index was less pronounced and mainly sensitive to changes 

between scores 0 and 1. 

Table 8: Ordinal logistic regression of TLC loss of goal score. 

Variable Coefficient Std. Error z p > |z| 95% CI 

log(index) -1.227 0.360 -3.411 0.001 [-1.931, -0.522] 

Threshold           

Cut1 (0/1) -0.846 0.448 -1.888 0.059 [-1.723, 0.032] 

Cut2 (1/2) -0.478 0.237 -2.012 0.044 [-0.943, -0.012] 

Cut3 (2/3) 0.877 0.204 4.290 0.000 [0.476, 1.278] 

 

Table 9: Ordinal logistic regression of TLC derailment score. 
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Variable Coefficient Std. Error z p > |z| 95% CI 

log(index) -0.755 0.309 -2.441 0.015 [-1.361, -0.149] 

Threshold           

Cut1 (0/1) -1.130 0.425 -2.656 0.008 [-1.963, -0.296] 

Cut2 (1/2) -0.139 0.174 -0.798 0.425 [-0.479, 0.202] 

Cut3 (2/3) 0.271 0.175 1.546 0.122 [-0.073, 0.614] 

Cut4 (3/4) 0.457 0.288 1.583 0.113 [-0.109, 1.022] 

 

4. Discussion 

This study aimed to define a single composite index as a summary indicator 

encompassing a comprehensive set of features characterizing semantic associations, 

intended to capture the joint behavior of these variables and their interactions across 

groups and time points. We have shown that this index was effective in distinguishing 

between groups and sensitive to changes in the symptomatic state, from acute to remission 

and stabilization. Additionally, it was significantly associated with the TLC, capturing 

65% of the variance in the sum of TLC scores. Each in their own way, the semantic 

variables in this study characterize semantic associations, which are clearly affected in 

SSD. While the index was intended here as an agnostic tool, which as such cannot resolve 

inconsistencies in the literature about the direction of the association between semantic 

similarity and psychosis, it thus validates the intuition of thought disorder in SSD as a 

‘disturbance of associations’ (Bleuler, 1911).  

At the same time, when considering all variables together, our results may also 

point to a ceiling explanatory power of semantic variables, as suggested by the remaining 

variance to be explained in the sum of individual TLC scores. This raises the question of 

which sources of variance we may be missing. One possible explanation is the neglect of 

the structural organization of semantic content. In spontaneous speech, meaning is 

organized beyond the word level through grammar, which mediates meaning composition 

at different levels of the syntactic hierarchy (Hinzen & Sheehan, 2013). Such composition 

gives rise to different forms of meaning not found in the lexicon, such as referential 

meaning to a specific man as in a man that entered the room. This type of meaning is also 

the one that allows us to bind an entity identified as a man that entered the room to the 

definite noun phrase the man and then the pronoun he, so as to identify the same entity 

each time. Evidence of disturbances of this grammar-mediated level of referential 

meaning in SSD is longstanding (Rochester & Martin, 1979; Çokal et al., 2018; 

Palominos et al., 2023; Çokal et al., 2023). Aspects of referential meaning are often 

overlooked in analyses that focus only on conceptual associations, which are generally 

more amenable to current NLP tools. Nonetheless, it is obvious that the organization of 

meaning in discourse relies on both lexical and grammatical connectivity (Chomsky, 

1957; Ardila, 2021). In the field of speech analysis in SSD, it is therefore crucial to 
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integrate both levels of analysis in a theory-driven framework, which explains their 

relationships and predicts variability based on clinical rating scales. 

The two highest correlations between the index and clinical subscales were for 

‘loss of goal’ and ‘derailment’. These are symptoms observed at the discourse level, to 

which referential coherence is essential (Kuperberg, 2010). It is noteworthy, therefore, 

that the computational semantic metrics used here, which effectively capture lexical-

semantic associations rather than referential meaning, still induce these correlations. This 

may suggest that disorders at the level of referential coherence leave a reflex at the level 

of lexical-semantic associations as well. Although the ordinal regressions indicated that 

the index partially explains the symptoms of ‘loss of goal’ and ‘derailment’, it is 

noteworthy that the index offers varying levels of evidence depending on the discrete 

transitions between scores. In particular, the analysis shows that the index is particularly 

sensitive to the opposite ends of these two symptom scores, indicating a more pronounced 

explanatory power at the extremes. We emphasize that referential coherence, while an 

important aspect of discourse, is only one component of overall discourse coherence. This 

aligns with the view that discourse-level disruptions involve a complex interplay of 

referential, contextual, and pragmatic factors. 

The composite index also contributes to understanding how the different variables 

separately capture distinct aspects of semantic associations. Thus, from the top loading 

features of the PCA for T1 (Figure S4), their contribution to each principal component 

can be discerned. For example, in Figure S4, we observe the 25th percentile of 

consecutive semantic similarity using fastText (ft_1_p25) correlating positively with the 

first component, thereby increasing the value of the index. This implies that the lowest 

similarity values between words are likely higher in healthy controls. However, this 

finding does not provide information about other variables related to word similarity, 

which may also be correlated. In particular, there are many BERT-related variables 

among the top loaders too, in contrast with only two fastText variables, which emphasizes 

their contributions to the analysis. This could be due to 1) more sensitivity of BERT 

variables to capture nuances in similarities because of contextual representations, or 2) 

fastText variables being more correlated to each other, capturing less variance together, 

and a unique semantic aspect as they are static embeddings. Regardless of that, it is 

essential to explore explanatory criteria that illuminate these interactions and enhance the 

interpretability of the variables. Moreover, work needs to continue that has already shown 

variables from these different language models to pick up changes in brain structure and 

function, suggesting the potential of spontaneous speech in acting as an almost freely 

available readout of neurocognitive changes (Palaniyappan et al., 2019; Limongi et al., 

2023; He et al., 2024b; Alonso-Sánchez et al., 2024). 

Limitations and future research 

First, sample sizes diminished with time points of assessment, raising the possible doubt 

of selective dropping-out effects. Conceivably, the more poorly functioning participants 

were the ones lost to follow-up, distorting our results. Second, as described in the 

methods, the focus of the variables was on local semantic associations; that is, the 

calculations of semantic similarity were performed for consecutive or proximate words 

(e.g., second, third, fourth and fifth order), rather than for larger word windows or global 

associations across all words. Third, while we addressed the associations between both 

lexical-conceptual items and sentences, we must consider that different sentences may 

also vary in length. It is unclear to what extent this variation might influence results, 
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particularly if there are differences in complexity and length between groups. Fourth, 

refinements of the index calculation should be tested: for instance, use of a different 

criterion to select the number of components. Fifth, more observations are needed both 

for initial calculation of the index and for each time point for better model predictions. 

We here made the methodological decision to combine two cohorts so as to maximize 

sample size and capture the full variability available across different groups. While this 

increased the clinical heterogeneity (e.g., including both inpatients and outpatients), 

future research is needed to determine whether results would hold when the index is 

calculated in an acute only sample. Finally, it is unclear whether there is a memory effect 

in the Remora cohort as the same picture was used in two time points, while all pictures 

were different for LPoP participants. Further research should explore different types of 

tasks, test index cross-linguistically and expand the methodology to encompass broader 

aspects of semantic behavior including referential meaning. 

Conclusions 

Computational tools are now available that allow characterizing how speakers traverse 

semantic spaces, along multiple dimensions. This high dimensionality of the semantic 

variable space can be captured in the form of a single semantic index revealing clinically 

meaningful variation. This shows promise for using this index, possibly along with others 

capturing more aspects of variance, for practical purposes such as tracking clinically 

significant changes. Further research should explore different types of tasks, test the index 

cross-linguistically and expand the methodology to encompass broader aspects of 

semantic behavior including referential meaning.  
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