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Abstract

Although rating scales to assess formal thought disorder exist, there are no objective, high-

reliability instrument that can quantify and track it. This proof-of-concept study shows that CoVec, 

a new automated tool, is able to differentiate between controls and patients with schizophrenia 

with derailment and tangentiality. According to ratings from the derailment and tangentiality items 

of the Scale for the Assessment of Positive Symptoms, we divided the sample into three groups: 

controls, patients without formal thought disorder, and patients with derailment/tangentiality. Their 

lists of animals produced during a one-minute semantic fluency task were processed using CoVec, 

a newly developed software that measures the semantic similarity of words based on vector 

semantic analysis. CoVec outputs were Mean Similarity, Coherence, Coherence-5, and 

Coherence-10. Patients with schizophrenia produced fewer words than controls. Patients with 

derailment had a significantly lower mean number of words, and lower Coherence-5 than controls 

and patients without derailment. Patients with tangentiality had significantly lower Coherence-5 
and Coherence-10 than controls and patients without tangentiality. Despite the small samples of 

patients with clinically apparent thought disorder, CoVec was able to detect subtle differences 

between controls and patients with either or both of the two forms of disorganization.
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1. Introduction

Formal thought disorder is characterized by disorganized and difficult to follow speech, and 

includes derailment, a sudden switching of topic with no obviously apparent logic or segues, 

and the less severe tangentiality, a response pattern that increasingly deviates off topic. 

These hallmark features of schizophrenia were recognized by Bleuler as “loosening of 

associations,” or disordered thinking so severe that associations among ideas become 

fragmented and disturbed, and as a result, lacking in logical relationships (Bleuler, 1950). 

Bleuler’s earliest description of patients with schizophrenia illustrated that the primary 

language impairment is in “context-dependent language understanding” (Bagner et al., 2003; 

Bazin et al., 2000; Bleuler, 1950; Linscott, 2005). He stated that although patients diagnosed 

with schizophrenia produce a lot of words, they do not intend to convey anything or to 

communicate with the environment (Meilijson et al., 2004). Formal thought disorder impairs 

social relationships, and greatly interferes with educational and vocational performance 

(Bowie and Harvey, 2008; Harrow et al., 1983a; Kuperberg, 2010; Marengo and Harrow, 

1997). Unfortunately, there are few, if any, treatments for disorganization. Furthermore, 

there has been less research on disorganization than on other symptoms, such as delusions or 

hallucinations, and some researchers have recently called for more research on this often 

persistent and disabling domain of symptomatology (Elvevåg et al., 2007; Hart and Lewine, 

2017).

Clinicians have few tools at their disposal for measuring disorganization longitudinally. The 

usual documentation of a mental status examination simply notes whether thought disorder 

is present or absent, and if present, how it manifests (e.g., loose associations, neologisms), 

without any numerical ratings. Some clinical documentation relies on qualitative ratings, 

such as “mild,” “moderate,” or “severe” formal thought disorder/disorganization—a rating 

system popularized by the 20-item Scale for the Assessment of Thought, Language, and 
Communication (Andreasen, 1979). Although subjectively evaluating the patient’s verbal 

self-presentation is an essential diagnostic tool (Bleuler, 1950; Kraepelin, 1915; McKenna 

and Oh, 2008) and assessing discourse is important for prognostication (Andreasen and 

Grove, 1986; Harrow et al., 1983b), the characterization of incoherent ideas remains vague 

given the diverse types of disorganization, and the multidimensional nature of the underlying 

pathology (Cuesta and Peralta, 1999; Harrow et al., 1982; McKenna and Oh, 2008; Sass and 

Parnass, 2017). Although formal thought disorder might be an overt symptom that is 

recognizable, there are currently no commonly used measures for a clinician to record 

severity or follow severity (including improvements or worsening) over time. Our field 

needs highly reliable, efficient, automated, and finely detailed measures of disorganization 

severity, which would identify the types of disorganization and their longitudinal severity in 

an objective and more standardized manner. This potential value of quantifying thought 

disorder would be useful for prognosis, in assessing treatment responsiveness, and for 
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diverse types of research concerning schizophrenia (Elvevåg et al., 2007). Computational 

linguistic approaches might advance the field.

Studies of thought disordered speech in the 1960s and 1970s focused primarily on 

predictability and variability of a particular word within the sentence, and have 

experimented with Cloze procedures (finding missing words), type-token ratios (number of 

different words, divided by the total number of words, as a measure of lexical variation), and 

readability indices (measures of word or sentence complexity) (Manschreck et al., 1981). 

Other than these analyses of the appearance of certain words in speech, there are also 

patterns of lexical and syntactic errors. Chaika (1974) described many of these errors to be 

exacerbations of the types of speech errors produced by healthy individuals. Analysis of 

these errors suggested that speech of patients with schizophrenia is generally more 

grammatically deviant (Hoffman and Sledge, 1988) and less syntactically complex than that 

of controls (Fraser et al., 1986; Morice and Ingram, 1982; Sanders et al., 1995). Unlike the 

relatively simple approaches to statistical linguistic measures, analysis of speech in terms of 

this lexical and syntactic structure more holistically captures the richness of human 

discourse while maintaining standardization and objectiveness. Further work is needed to 

develop a proper linguistically based quantitative method to characterize these deviations 

and complexities in a more meaningful way (Elvevåg et al., 2007; Elvevåg et al., 2017). 

However, like other objective linguistic tests for schizophrenia, a problem with manual 

approaches has been “the hours of parsing and data processing required per patient” (Fraser 

et al., 1986).

More recent studies of linguistic measures used automated/computational techniques 

(computer-derived semantic, syntactic, or pragmatic measures), and such measures were 

then correlated with disorganization severity. Maher (2005) used computational models to 

characterize the statistical properties of thought-disordered speech by quantifying the 

frequency of normal associations in utterances of patients with schizophrenia. Their findings 

that patients produced higher mean totals of associations compared to controls are consistent 

with models of language disturbance in schizophrenia. Elvevåg and colleagues (2007) used 

latent semantic analysis (LSA) to examine transcripts of patients’ speech. LSA is used to 

quantitatively measure “loose associations” among words. It provides a measure of semantic 

relatedness between text passages with the assumption that words that appear together 

within the same context usually have stronger associations than words appearing in different 

contexts. Strous et al. (2009) used machine learning to differentiate between text written by 

patients with schizophrenia compared to unaffected individuals via lexical and syntactical 

features. Word graph analysis is chronologically the most recent of the quantitative linguistic 

methods that has been applied to explore thought disorder using transcription of speech 

samples (Cabana et al., 2011; Mota et al., 2017). This method derives from developments in 

network theory and information science. According to this model, each word is a node, and 

the temporal sequences of consecutive words are directed edges; through this representation 

it is possible to calculate attributes that characterize graph structure, such as connectedness. 

In 2012, Mota and her group found that graph analysis of speech produced by psychotic 

patients can be used to quantitatively sort participants with mania from those with 

schizophrenia, detecting symptoms such as poor speech, logorrhea, and flight of thoughts 

even when inter-individual differences in verbosity were accounted for. In 2017, the same 
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group applied word graph analysis in 21 recent-onset psychosis patients undergoing first 

clinical contact. A Disorganization Index (function of different aspects of connectedness) 

was built and was able to classify negative symptom severity and predict a diagnosis of 

schizophrenia at 6 months.

Semantic fluency tasks are a common test of speech production used in assessing 

neurocognition. The subject is asked to say as many words belonging to a semantic category 

(e.g., animals, vegetables) as possible in a certain amount of time, usually 60 seconds. 

Performing this task requires mental flexibility, multitasking, efficient retrieval and recall of 

words, cognitive self-control, reaction initiation, and inhibition (Henry and Crawford, 2004). 

Semantic fluency tasks are usually scored simply by counting the number of words 

produced. Bokart and Goldberg, in their meta-analysis (2003), demonstrated that patients 

with schizophrenia were consistently impaired on semantic fluency. Troyer and colleagues 

(1997) described a qualitative method to score fluency tasks that takes into consideration 

semantic clusters (responses are organized into groups of semantically related words) and 

switches (frequency of transitions between these groups) through manual determination of 

whether or not adjacent words belong to the same category. This manual approach is 

subjective, time consuming, and difficult to standardize, making it unlikely to be used in 

everyday clinical psychiatric settings outside of controlled research studies.

As noted above, LSA uses automated computational semantic indices to measure how two 

different words are related (Elvevåg et al., 2007; Landauer et al., 2011; Landauer and 

Dumais, 1997). It is one of several matrix-based approaches to comparing the contexts in 

which words appear, overcoming some limitations of other linguistic indices for semantic 

analysis (e.g., Linguistic Inquiry Word Count), which lacks the capability of measuring 

textual coherence as token-based methods (Neil, 2016). Conceptually, one could determine 

the similarity of two words by comparing all the places those two words occur in a large 

corpus representing the language as a whole. Doing so directly would produce a large matrix 

that is sparse (because most words fail to occur in most contexts) that misses indirect 

similarities (so that if A is similar to B and B is similar to C, no similarity of A to C would 

be implied). LSA uses singular value decomposition to reduce the rank of the matrix and fill 

in indirect similarities; CoVec (Covington, 2016) uses a matrix reduced by other methods 

developed by the Stanford GloVe project (http://nlp.stanford.edu/projects/glove). Either way, 

the descriptions of the two words being compared are vectors, which can be compared by 

vector cosines or other standard methods.

Bokart and Goldberg (2003) suggested investigating any potential association between 

semantic fluency (i.e., linguistic production) and semantic disorganization (i.e., thought 

disorder). In this proof-of-concept study, we demonstrate that CoVec, a new automated 

linguistic software, when applied to semantic fluency word lists, is able to detect clinically 

rated speech disorganization, specifically derailment and tangentiality. This represents the 

first attempt to detect formal thought disorder with a widely used, very brief cognitive task 

rather than natural language or free speech. With this initial demonstration, we could 

potentially develop an automated instrument to measure derailment and tangentiality in a 

clinical setting with a commonly used 60-second verbal fluency task.
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2. Methods

We used for this study a sample of 105 individuals, 58 (55.2%) with a diagnosis, according 

to the Structured Clinical Interview for DSM-IV Axis I Disorders (SCID-I; First and 

Gibbon, 2004), of schizophrenia or first-episode non-affective psychosis (schizophreniform 

disorder and psychotic disorder, not otherwise specified), along with 47 (44.8%) unaffected 

controls (no Axis I diagnoses of psychotic or mood disorders according to the SCID-I). The 

latter also had no first-degree family history of a psychotic disorder according to their own 

report. The patients were recruited both in Washington D.C (n=23), and New York City 

(n=35). In Washington, D.C., patients were enrolled from a Core Service Agency (CSA) that 

provides outpatient community mental health services in the Georgia-Petworth 

neighborhood (n=3), another CSA in the northwestern D.C. (n=7), the inpatient psychiatric 

unit of a private, downtown, university-affiliated teaching hospital (n=7, 12.1%), and the 

inpatient psychiatric unit of a large community hospital in northwestern D.C. (n=6). In New 

York, patients were recruited from the inpatient psychiatric unit of a large community 

hospital in the Upper East Side of Manhattan (n=14), the outpatient mental health clinic of 

that hospital (n=3), an early intervention for psychosis service also affiliated with that 

hospital (n=2), an adult inpatient unit of a large psychiatric hospital in Queens (n=5), the 

outpatient mental health clinic affiliated with that hospital (n=10), and by referral from a 

social worker at a college who heard about the study (n=1). Data from a total of 47 

unaffected controls were used for this analysis. They were recruited through advertisements 

placed in AM New York (n=28), and Craigslist (n=3); by word-of-mouth (n=4); and through 

flyers posted or handed out in public areas such as houses of worship, grocery stores, the 

YMCA, and various community centers (n=12). Eligible participants were native English-

speaking and aged 18–50. Those with known or suspected intellectual disability or dementia, 

or a medical condition compromising ability to participate were excluded, potential controls 

with a SCID-based diagnosis of a psychotic or mood disorder were excluded.

All participants were administered a semantic fluency test (naming as many animals as 

possible in 60 seconds) as part of the MATRICS Consensus Cognitive Battery (Kern et al., 

2008; Nuechterlein et al., 2008). Not knowing that the animal list would later be used as 

primary data once CoVec was developed, reliable transcripts of the animal list were available 

for only the above-described 105 of the subjects from a larger project involving 199 

participants. The samples’ sociodemographic characteristics are given in Table 1. Psychotic 

symptoms were assessed, among the patients, using the Scale for the Assessment for 
Positive Symptoms (SAPS; Andreasen et al., 1995). Derailment and tangentiality are 

assessed in the SAPS with a 6-point rating scale (0=None, 1=Questionable, 2=Mild, 

3=Moderate, 4=Marked, and 5=Severe), which is used to evaluate all of the positive 

symptoms.

For this analysis, we divided the sample into three groups: (1) controls, (2) patients who 

received a score of “None” according to the SAPS derailment and tangentiality scores, and 

(3) patients who received a score of “Moderate,” “Marked,” or “Severe” on those items. The 

patients who were rated as “Questionable” or “Mild” were not included to ensure that the 

analyses took into consideration only patients with and without clear manifestations of 

derailment or tangentiality. Regarding derailment, 46 patients did not have this thought 
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disorder, four did, and eight were excluded due to “Questionable” and “Mild” ratings. 

Regarding tangentiality, 35 patients did not have this form of thought disorder, five did, and 

18 were excluded due to “Questionable” and “Mild” ratings. As such, among the seven 

patients with a formal thought disorder, two had derailment but not tangentiality, three had 

tangentiality but not derailment, and two had both derailment and tangentiality.

The transcripts of the animal list were converted to plain ASCII text and hand-edited (by a 

researcher blinded to the subject’s status) to enforce standard spelling and punctuation, 

including combining two words into one where appropriate (e.g., red bird to redbird). It was 

observed that the samples were generally free of repetitions and of words not denoting 

animals.

Analysis was performed with CoVec version 1.0.5912 (Covington Innovations, 

www.covingtoninnovations.com/software.html). CoVec measures the semantic similarity of 

words using the vector methodology of the Stanford GloVe project (http://nlp.stanford.edu/

projects/glove). Words are considered similar if they occur in similar contexts in a large set 

of English texts. The GloVe project’s data file, trained on 840 billion words of English text 

with 300-element vectors, was used as norms. The output of CoVec effectively picks out 

synonyms and words that are commonly used together for any reason.

Four results were computed on each sample. Mean Similarity is the average similarity of 

each word to the immediately preceding word. Coherence is the average similarity of each 

word to each of the other words in the list, regardless of order or proximity. This tends to be 

lower with longer samples because longer lists are inherently more diverse. Accordingly, 

Coherence-5 and Coherence-10 are like Coherence, but are computed by moving a 5-word 

or 10-word window through the text and computing Coherence of the window as if it were 

the whole text, then averaging the values thus computed for all positions of the window. This 

produces a measure of local coherence not affected by the length of the sample.

Descriptive statistics and bivariate tests, when appropriate, were performed for 

sociodemographic variables, derailment and tangentiality scores, and CoVec outputs. 

Difference in the means between the three groups of subjects (controls, patients without 

clinically rated thought disorder, and patients with thought disorder) for the CoVec output 

measures was investigated using analysis of variance (ANOVA) and Tukey’s Studentized 

honest significant difference (HSD) post-hoc analysis for all pairwise comparisons, which 

controls for Type I experiment-wise error rate and due to unequal size of all groups. When 

statistical significance was found (p<0.05) Cohen’s d effect size was also calculated.

3. Results

The sample included 105 subjects: 58 (55.2%) patients with schizophrenia or first-episode 

non-affective psychotic disorder, and 47 (44.8%) healthy controls. Over half were male 

(65.7%) and African American (69.5%). The mean age was higher (36.3±9.4) in the control 

group than in the patient group (30.7±9.6); years of education completed followed the same 

pattern (Table 1).
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The descriptive statistics of the CoVec output measures (Table 2) showed a significant 

difference in mean number of words (which is the standard outcome of a fluency task and 

does not require a computational approach to score it), with patients’ values lower than 

controls’ (with a large effect size, d=0.95), as well as for Mean Similarity, with patients’ 

values lower than controls’ (with a small effect size, d=0.22).

Correlation analysis showed that Mean Similarity is weakly correlated with number of 

words (r=−0.09), while Coherence, Coherence-5, and Coherence-10 were more strongly 

correlated with number of words and between each other (range r=−0.22–0.93).

As given in Table 3, patients with derailment had a significantly lower mean number of 

words (12.25±5.56) than controls (22.13±5.27). Patients with derailment also had a 

significantly lower Coherence-5 (0.514±0.047) than patients without derailment 

(0.552±0.029) and controls (0.557±0.030) with a large effect size (d1=0.97, d2=1.09); Table 

4 shows the actual list of animals for a control, a patient without derailment, and patient with 

derailment, selected by the individual-level Coherence-5 value that most approximated the 

group mean. There were no significant differences in Mean Similarity, Coherence, or 

Coherence-10, though means were in the expected direction numerically.

Patients without tangentiality had a significantly lower mean number of words (16.91±6.10) 

than controls (22.13±5.27), with a large effect size (d=0.91). Patients with tangentiality had 

a significantly lower Coherence-5 (0.510±0.039) and Coherence-10(0.434±0.035) than 

patients without tangentiality (respectively, 0.552±0.028, 0.481±0.034; dCoherence-5=1.24, 

dCoherence-10=1.36), and controls (0.557±0.030, 0.480±0.034; dCoherence-5=1.35, 

dCoherence-10=1.33). Again, Table 4 shows the actual list of animals for a control, a patient 

without derailment, and patient with derailment, selected by the individual-level 

Coherence-5 value that most approximated the group mean, without duplicating the lists 

given previously pertaining to derailment.

4. Discussion

This initial demonstration of CoVec, despite the limited sample sizes of patients with 

moderate to severe clinically rated derailment and tangentiality, shows that a very widely 

used one-minute cognitive test of verbal fluency may contain information beyond the simple 

number of words listed. Within this data, when modern computational linguistic methods are 

applied, there may be evidence that tools could be developed to provide computerized, 

objective, easy-to-obtain, quantitative measures of formal thought disorder. This new 

software determines whether words occurring near one another in a semantic fluency task 

are, in some sense, similar or coherent. CoVec detected signals capable of not only 

differentiating patients with derailment or tangentiality from healthy controls, but also 

patients with and without these clinical features. Furthermore, it may detect a lowering of 

coherence that could be very difficult to detect “manually,” using non-computational 

techniques, as demonstrated in the actual lists of words given for six participants with scores 

closest to their respective group mean scores (i.e., even patients affected by derailment and 

tangentiality have a degree of similarity and coherence that is more apparent than their 

subtle non-coherence).
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During the past decade, statistical language processing and machine learning have been 

increasingly used in the study of speech in people with serious mental illness (Cohen and 

Elvevåg, 2014). Different approaches have aimed at finding significant differences between 

patients with schizophrenia and controls. Elvevåg and colleagues (2010) analyzed natural 

speech samples of patients with schizophrenia, family members, and controls. Using their 

modeling approach, they demonstrated that it is possible to obtain an accurate discrimination 

of the three groups based on three types of measures; namely, measures of statistical 
language features, measures based on the semantic similarity of a discourse sample to 

patient or control discourse sample, and surface features of the discourse (such as sentence 

length or variability as measured by numbers of words or syllables). Semantic features 

analyzed with LSA played the most important role in discriminating between groups, 

confirming previous findings from the same group (Elvevåg et al., 2007). Bedi and his group 

(2015) took into consideration transcripts of interviews with youths at clinical high-risk 

(CHR) for psychosis. Semantic and syntactic features predicted later psychosis onset. 

Carrillo and colleagues (2016) combined discrete mathematics algorithms for graph 

characterization, with natural language processing techniques to train classifiers that can 

distinguish interviews from individuals with schizophrenia and controls. Holshausen’s team 

(2014) focused their attention on formal thought disorders in older inpatients suffering from 

schizophrenia using LSA to process fluency tasks. For each word uttered in the semantic 

fluency task, they computed its vector length, and for every pair of sequential words, the 

cosine between the vectors for those words was computed. The average for the first set 

generated the average vector length (word unusualness measure) and the average of the 

cosines generated the average cosine (coherence measure) for each participant. Their 

findings suggest that measures of LSA of speech are associated with disorganized speech, 

performance on verbal fluency tasks, and adaptive functioning. Our approach, a vector-based 

method different from LSA, found that CoVec, processing a 60-second semantic fluency 

task transcript, can detect statistically significant differences not only between patients with 

formal thought disorder and healthy control s, but also between patients with and without 

formal thought disorder.

Several methodological limitations and caveats in interpretation are noteworthy. First is the 

small sample sizes in the groups with derailment and tangentiality. Despite this, significant 

signals were observed that merit further exploration. Second, even though we used the SAPS

—a widely recognized and utilized instrument to measure positive symptoms—there is no 

reason to think that it is a completely accurate or “gold standard” way of evaluating formal 

thought disorder because the scoring is based on a clinical interview and subjective rating. In 

fact, future CoVec-type measures will probably be the “gold standard” as they are 

completely objective and perfectly reliable. Third, although in this proof-of-concept analysis 

we wanted to examine the four different CoVec output measures, we acknowledge that they 

are moderately to strongly inter-correlated, meaning that the main findings are to some 

extent redundant. Fourth, because we had initially had no a priori intent to use the lists of 

words as primary data (as they were collected to get a semantic fluency score for the 

MATRICS Consensus Cognitive Battery), there was a fair amount of missing data in terms 

of reliable and usable transcripts, and this appeared to be a greater problem among the 

controls (54%, compared to 40% among patients), perhaps because they tended to speak 
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more fluently and thus give more words, making it hard to record all responses by writing 

(reverting instead to just counting). For this reason, future studies should audio-record the 

listing of words and implement a computerized transcription to keep the process as 

automated as possible. Fifth, consideration should be given in future studies to the fact that 

semantic variables are influenced by culture, experience, and geography; this could lead to 

biased results when the corpora chosen to derive the vectors for the analysis are not 

representative of the background characteristics of the population from which the sample is 

drawn.

This proof-of-concept study needs to be followed with larger sample sizes, and longitudinal 

studies would allow a test of whether measures such as those produced by CoVec could 

meaningfully track symptom change and response to any potential treatments.
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Highlights

• Semantic fluency tasks might contain hidden data about formal thought 

disorder.

• Animal lists during a 1-minute semantic fluency task were processed using a 

new software measuring word similarity.

• CoVec is a new tool that may be able to detect formal thought disorder in 

semantic fluency tasks.
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Table 1

Sociodemographic characteristics of the study sample

Total Sample (n=105) Controls (n=47) Patients (n=58) Test statistic, df, p

Age, mean±SD 33.2±9.9 36.3±9.4 30.7±9.6 t=2.99, df=103, p=0.003

Gender, N (%): χ2=0.61, df=1, p=0.436

 Male 69 (65.7%) 29 (61.0%) 40 (69.0%)

Race, N (%) χ2=3.98, df=1, p=0.137

 African American 73 (69.5%) 28 (59.6%) 45 (77.6%)

 Caucasian 17 (16.2%) 10 (21.3%) 7 (12.1%)

 Other 15 (14.3%) 9 (10.1%) 6 (10.3%)

Marital status, N (%): χ2=0.012, df=1, p=0.914

 Single and never married 92 (87.6%) 41 (87.2%) 51 (87.9%)

Years of education, mean±SD 12.7±2.6 13.4±2.4 12.1±2.6 t=2.723 df=102 p=0.008
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A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

Pauselli et al. Page 14

Table 2

Descriptive statistics of CoVec output measures (mean±SD) for the total sample, and comparisons between 

controls and patients

Total Sample (n=105) Controls (n=47) Patients (n=58) Test statistic, df, p

Number of Words 19.1±6.3 22.1±5.3 16.7±6.1 t=4.839, df=103, p<0.001

Mean Similarity 0.445±0.047 0.494±0.040 0.454±0.052 t=2.054, df=103, p=0.043

Coherence 0.488±0.044 0.435±0.038 0.482±0.045 t=1.257, df=103, p=0.212

Coherence-5 0.552±0.031 0.557±0.030 0.549±0.031 t=1.359, df=102, p=0.177

Coherence-10 0.478±0.033 0.480±0.034 0.477±0.033 t=0.532, df=96, p=0.596
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