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Discussion
The research presented in this dissertation is directed at quantifying speech as 

a characteristic of subjects with a schizophrenia-spectrum disorder. This chapter 

summarizes the main findings of each study presented in this thesis. Afterwards, it 

delves into a general discussion regarding the use of speech in language analyses, 

both methodological and conceptual considerations of the research field, as well 

as future directions.

Summary of findings in this dissertation
An overview of language models in clinical research
With semantic space models, some of the underlying structure of language can be 

quantified. The similarity between words or sentences can vary, and the resulting 

features can be used to classify or compare groups. The method is relatively new 

and has been used for a variety of comparisons across different clinical populations 

in psychiatric and neurologic groups. In chapter 2, a systematic review and a 

meta-analysis was provided of the findings of previously published literature.

The main findings are that these models can be used with reasonable 

diagnostic accuracy, with average sensitivity of 71% and specificity of 91% in 

classifying schizophrenia-spectrum patients. Overall, the effect size achieved 

with semantic space models was large; using models on language in the form of 

sentences was more effective than using them on single words. Applications in a 

wide range of psychiatric and neurological diagnoses were examined, with both 

schizophrenia-spectrum disorders and autism spectrum disorders showing large 

effect sizes, while dementia shows medium effect sizes. The range of research 

published across disorders shows that these models are not a specialized tool for 

a single disorder, but have wider applicability and are sensitive to a number of 

clinically informed language characteristics. The recent usage of these language 

models in a wide variety of natural language processing tasks such as translation 

and text generation, as well as the continued development of these models 

(Budzianowski & Vulić, 2019) show the continued promise of language models.

The conclusion of the meta-analysis is that semantic space models are a 

valuable diagnostic and prognostic tool in many brain disorders. The important 

task of differentiating between clinical populations has not often been studied and 

is therefore a recommendation for future studies.
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Semantic connectedness in classifying schizophrenia-spectrum 
disorders
Chapter 3 presents an application of the technique investigated in the previous 

chapter. Previous research has used word similarity to measure tangentiality or 

incoherence in language – often speech but occasionally also written language 

– produced by subjects with schizophrenia-spectrum disorder. The research in 

this chapter continues in this line of research and examined which word features 

are most informative for classification in patients with schizophrenia-spectrum 

disorders. Additionally, the study used one of the newer language models, 

word2vec, trained on Dutch spoken language (Mikolov et al., 2013).

Using a semi-structured recorded interview which was transcribed, spoken 

words were compared on similarity to surrounding words, thus achieving a 

measure of connectedness between the meaning of words, or the connectedness 

of what is said. Since spoken language lacks punctuation as well as clearly-

defined sentences, we used a moving window, with larger windows calculating 

word connectedness over larger distances, to incorporate connectedness across 

sentences. The resulting connectedness was used to classify subjects with 

schizophrenia-spectrum disorders from healthy controls using a random forest 

algorithm. The 85% accuracy that was achieved shows the capacity of language 

models to potentially diagnose schizophrenia-spectrum disorders, especially 

since the subjects in the schizophrenia-spectrum group were all in remission. 

Novel in this approach is that a wide range of windows was examined and their 

suitability as an informative feature was quantified. The measures showed a 

robust effect, especially concerning variance of connectedness, and especially 

around windows of five to ten words – corresponding to the average length of a 

Dutch spoken sentence (Wiggers & Rothkrantz, 2007). This finding supports the 

earlier finding in chapter 2, which showed a greater utility in assessing sentences 

compared to words. The maximum information that can be derived from language 

connectedness will likely vary depending on the task and the language that is 

spoken.

Overall, the high classification accuracy derived from connectedness of 

spoken language shows that semantic models are sufficiently sensitive and can 

serve as a potential quantifiable marker in schizophrenia-spectrum disorders, 

even when psychotic symptoms are absent.
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Phonetic markers as a diagnostic tool
While the preceding chapter focused on semantics in transcribed speech, 

information can also be derived from the phonetic recording, including measures 

such as pausing, intonation, and frequencies in speech used, which are related 

to how something is said. Research into phonetics has been used in investigating 

posttraumatic stress disorder and Parkinson’s disease (Marmar et al., 2019; Rusz 

et al., 2013), and clinical symptoms such as monotonous speech and alogia are a 

promising target. 

In chapter 4 phonetic measures of language were used to classify patients 

with schizophrenia spectrum disorders. A large set of subjects – both healthy 

controls and subjects diagnosed with schizophrenia-spectrum disorders – were 

interviewed, and the recorded interviews processed. To promote comparability 

across studies, aspects of speech were extracted with a standard program: the 

openSMILE eGeMAPS package (Eyben et al., 2016). The resulting features were used 

by a random forest classifier, resulting in 86% classification accuracy. This showed 

that phonetic features are comparable to semantic features in their capacity 

to differentiate healthy controls from subjects with schizophrenia-spectrum 

disorders. The most informative features were temporal, meaning related to 

speaking rate, pronunciation speed and pausing rate, which is in accordance with 

a recent meta-analysis that shows that these aspects of speech are often affected 

in patients with schizophrenia-spectrum disorders (Parola et al., 2020).

Subjects with a diagnosis were also divided into groups based on their 

symptom profiles – either predominantly positive or predominantly negative. 

This division is clinically relevant for treatment, prescription of medication, and 

prognosis. By using standardized phonetic features and a random forest classifier, 

74% accuracy was reached. Combining these findings shows that the phonetic 

features derived using speech technology are a promising clinical tool, usable for 

both diagnosis and symptom profile differentiation.

Combining different speech characteristics
As shown in the two previous chapters, speech contains multiple sources of 

information, both on what and on how things are said. Both semantic and 

phonetic disturbances have been used to assess symptomatology or diagnostic 

characteristics of schizophrenia-spectrum disorders. The clinically-informed 
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distinction of positive and negative speech disturbances loosely corresponds to 

the semantic and phonetic markers, with semantic markers mostly deviant in 

patients with positive symptoms and phonetic markers more disturbed in those 

with negative symptoms. Some previous researchers have combined features 

from different domains, but their relative contribution and the added value per 

domain remains an area of further research, investigated in chapter 5.

Combining different sources in an explainable methodology – allowing both 

the individual sources and the combination to be interpretable – can be done 

using various techniques. In this chapter, separate classifiers for the semantic 

and phonetic domains are trained and consequently the sources are combined 

through a combined algorithm. The resulting combined classifier showed an 

increased classification accuracy compared to the separate models, with 85% 

accuracy for the combined model, while the semantic model scored 79% and 

the phonetic model 81%. The specific strengths of each classifier, in line with the 

accuracies noted in chapters 3 and 4, were thus integrated to show the benefit of 

using different data sources in this combinatory approach.

The approach taken in the research presented here goes further than 

adding more features to a classifier in order to improve accuracy, as has been 

done previously; it aims to explain the sources of classification, what causes 

subjects to be misclassified and to show the added value of adding more sources 

of information. Explainability of algorithms is a critical step towards clinical 

implementation of machine learning classification (Tonekaboni et al., 2019).

The effect of medication on speech; side-effect and confounder

 Subjects with schizophrenia-spectrum disorder are commonly treated with 

antipsychotic medication. While this medication is effective in symptom relief, 

especially for positive symptoms such as delusions or hallucinations, side effects 

can be, and often are, present. Such side-effects may include the movement 

domain, affecting velocity of movements and inducing stiffness. In clinic, such side-

effects are usually tested in the arms and hands, but the muscle producing speech 

are also vulnerable to the same dopaminergic blockade. Although there is sparse 

evidence of the impact of antipsychotic medication on language disturbances, 

differences between types of medications as well as their impact on quantitatively 

measured language were unknown.
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In order to evaluate the impact of these medication, the research presented 

in chapter 6 divided patients with schizophrenia-spectrum disorders into two 

groups according to the interaction of the medication with the dopamine D2 

receptor. Both medication groups were compared to each other, as well as to 

healthy controls. Medication groups were defined as high D2 receptor occupancy 

– meaning the medication has a stronger binding to the receptor than dopamine 

- and low occupancy, with a weaker binding than dopamine to the receptor 

(Seeman & Tallerico, 1998). By quantifying speech of the thus divided groups, 

the effect of these types of medications on speech could be examined. The 

results indicate the medication-groups differ from each other in total numbers 

of words as well as the type-token ratio of words used. The difference between 

antipsychotic groups suggests medication effects, while both groups differed from 

healthy controls, suggesting schizophrenia-spectrum disorder effects. Overall, we 

found more negative language disturbances, such as slower articulation rate and 

more pausing, in subjects with a tightly-binding dopaminergic medication, with 

language disturbances more strongly related to drug type and dose than to other 

psychotic symptoms.

These findings show that the possible side-effects of antipsychotic medication 

can include symptoms which are often regarded as symptoms of the disorder itself, 

such as increased pausing. Prescription of antipsychotic medication by clinicians 

could be affected by these findings, especially since speech disturbances have a 

high impact on social functioning and thus quality of life (Bowie & Harvey, 2008). 

The research presented in this chapter also serves as an important reminder of 

the confounding role that medication almost always plays in research involving 

subjects with schizophrenia-spectrum disorders.

General discussion and recommendations for future 
research
Language as a prospective marker for schizophrenia-spectrum 
disorder
Disturbances in language and speech are one of the core symptoms of 

schizophrenia-spectrum disorder and are one of the primary informative sources 

for clinical diagnoses and treatments. Expert clinical ratings, although useful in a 

clinical setting, often lack precision or sensitivity; thus, the quantification of these 
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measures by using natural language processing methods is an opportunity to 

develop language analysis as a (bio)marker for the group of disorders.

The studies presented in chapters 2 to 5 show that various aspects of 

language can, when quantified, be used to distinguish affected subjects from 

healthy controls. Within the disorder, correlations with symptomatology and the 

possibility of classification of subtypes were confirmed. These findings support 

the feasibility and validity for speech as a marker for schizophrenia-spectrum 

disorders. With more than a century of research since the term schizophrenia 

was introduced by Bleuler in 1908, and in spite of advances in brain imaging and 

testing of blood and immune markers (Insel, 2014), an accurate clinical marker is 

as of yet still missing. Speech analysis could, after more research, fulfill the role 

of objective, quantitative biomarker, since it fulfills the definition of an objective 

measured indicator of cognitive and linguistic processes (Weickert et al., 2013).

Speech is a promising marker, not only because of its accuracy, sensitivity 

and specificity, but also because it is a naturally occurring source of data compared 

to brain imaging, blood tests or cognitive testing batteries, and it can be recorded 

easily without special training (de Boer et al., 2020). Tools needed for analysis 

are cheap and recordings can be processed quickly; programs for automatic 

transcription are continually improving in quality and speed (Yu & Deng, 2020). 

Accuracy of research in differentiating healthy controls, family members or at-

risk groups from those with schizophrenia-spectrum disorders ranges from 80 to 

90% in retrospective samples, sometimes outperforming rating scales scored by 

clinicians (Corcoran & Cecchi, 2020).

Despite these promising results, more research is needed before quantified 

speech analysis can become a clinically applicable biomarker. Researchers have 

analyzed certain aspects, such as binary classification of healthy controls versus 

subjects with a disorder, like in this dissertation, or whether an at-risk subject 

will make the transition to psychosis (Bedi et al., 2015). However, research into 

other clinical applications of speech and language as a marker remains sparse. 

Two aspects are particularly relevant, namely differential diagnostic capacity and 

longitudinal data to predict relapses and monitoring treatment; these aspects 

should receive more attention in future research.

Differentially distinguishing between two psychiatric disorders (for example 

bipolar disorder and schizophrenia) is of prime importance for clinical applications 

of a marker. While a machine learning model is successful in distinguishing cases 
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from controls, a healthy control will not often present themselves to a clinician. 

Rather, it is clinically relevant to distinguish between several psychiatric disorders 

which can present with similar symptoms in speech, since treatment options and 

prognoses differ. In clear-cut cases there is no need for a separate clinical marker 

beyond the clinical practice as employed today, but in cases where a trustful 

working relationship with the treating physician is not yet established (and the 

patient does not provide all necessary information) or where overlap between 

symptoms is extensive, there is added value in a speech marker as a clinical aid.

Differential diagnosis using only few features of speech would be complicated 

by overlapping symptoms, such as increased pausing which is present in both 

depression and schizophrenia-spectrum disorders (Parola et al., 2020; Szabadi 

et al., 1976). Features which are informative in models that compare subjects 

with schizophrenia-spectrum disorders to healthy controls are thus less suited 

when applied to distinguish different disorders. Thus, the relative importance 

of features such as incoherence which might be a contrastive feature between 

disorders would rise in a differential diagnosis task. The selection, processing and 

resulting accuracy of differentiating measures is a goal for future research. Some 

studies have succeeded in differentiating high-risk subjects who do not transition 

to psychosis (but may develop other disorders) versus subjects who do (Bedi et al., 

2015; Corcoran et al., 2018), although in small sample sizes, or in differentiating 

subjects with mania from those with psychosis (Mota et al., 2012), but further 

research is needed (Corcoran et al., 2020; de Boer et al., 2020; Tan & Rossell, 2020).

The collection of longitudinal data is of importance for a variety of clinically 

relevant research topics, both for relapse prediction and monitoring treatment 

efficacy. Even with treatment, risk of relapse after a first episode psychosis is high 

(Emsley et al., 2013), with relapse leading to both costs to society (hospitalization) 

as well as worse outcomes for subjects (Birchwood et al., 1998). Detecting early 

signs of relapse – or the related predicting of psychosis in an at-risk population 

– is thus an important research area. Predicting first onset of psychosis in at-risk 

groups is possible; however, psychosis relapse prediction using speech has not yet 

been performed. For this application, a sensitive biomarker is needed, since signs 

and symptoms of emerging relapses can be subtle.

By recording multiple sessions of speech over a period of time, a per-

subject baseline (during full remission) can be calculated and deviations from 

this baseline can be used to detect changes in symptomatology or to predict an 



General discussion

169   

7

upcoming relapse. Deviations of otherwise long-term stable aspects of speech 

such as frequency characteristics (Hasan et al., 2004) or a sudden decrease of 

sentence connectedness could be important signs. Initial studies have repeatedly 

collected speech of subjects with a psychiatric diagnosis and correlated some 

resulting features with clinical rating scores (Arevian et al., 2020), thus providing 

an argument for the feasibility of speech analysis in assessing the clinical state 

of subjects for preventing relapse and monitoring treatment response. When 

properly implemented, participating subjects reported that providing speech, 

such as a short description of their day, was a pleasant and easy task, arguing 

for the usage of speech as a marker in schizophrenia-spectrum disorders. It is 

as of yet unknown what the most promising features are – phonetic, syntactic or 

semantic - and these features might differ per subject.

Language and speech analyses are more likely to become valuable markers 

for schizophrenia-spectrum disorders once standardized large-sample studies 

have collected cross-diagnostic data with longitudinal recordings. Applications 

such as screening for initial referral at general practitioners who are not 

specifically trained to differentiate psychiatric disorders, assessment of where to 

employ interventions in at-risk populations, detection of possible relapses, and 

monitoring of treatment efficacy could benefit from using language and speech 

analysis. When these applications are implemented, care should be given to 

ethical considerations including consent and privacy of subject data (Jacobson et 

al., 2020; Starke et al., 2020).

Considerations
Medication remains a confounding factor in research involving subjects with 

schizophrenia-spectrum disorders. As shown in chapter 6, antipsychotic 

medication influences speech characteristics, with not only dosage but also type 

of medication having an impact. When comparing subgroups, such as subjects 

with predominantly positive or predominantly negative symptom profiles, it is 

possible to control for these factors and statistically examine possible differences 

between groups, as was done in the second analysis of chapter 4. However, when 

comparing subjects with medication versus a control population as was done 

in chapters 3, 4, and 5, the influence of medication remains a concern, since 

medication has a demonstrated effect on speech characteristics. Side-effects of 
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medication such as an increase of pausing might even partially drive symptom 

scores, since adding artificial pauses to recordings results in a higher negative 

symptom scores when rated by clinicians (Alpert et al., 1995). Connections between 

medication and symptom scores thus remain a complex issue. 

However, finding subjects with schizophrenia-spectrum disorders who 

do not take medication to contribute to research is notoriously hard. Thus, the 

confounding factor of medication will remain a challenge for the foreseeable 

future. Some clinical trials are looking at assessing speech when tapering 

medication; data from trials like these would be valuable in order to examine non-

medication affected speech (see for instance Hamlett; Begemann et al., 2020).

A further issue related to this methodological consideration concerns the 

fact that the subjects in the studies treated in this dissertation are predominantly 

not severely psychotic with many of them not having any psychotic symptom. The 

capacity to sign an informed consent form was a requirement for all subjects, 

thus subjects with florid psychosis could often not be included. However, the 

high accuracy in samples low in psychotic symptomatology also speaks for the 

sensitivity of language analysis.

The semi-structured interview that was used to collect speech was, as noted 

in the methods sections of chapters 3 to 6, performed by trained researchers 

following a specific protocol. However, speech and interaction in interviews are 

known to be influenced by factors such as age or gender differences between 

subject and interviewer (Delaherche et al., 2012). These factors could impact the 

interview and thus the recorded speech. Other possible confounding factors are 

smoking behavior and weight, for which we did not control but which are known to 

have some impact on speech (Gonzalez, 2003; Ma et al., 2021). These factors could 

be significant since subjects with schizophrenia-spectrum disorders on average 

smoke more often than subjects without a diagnosis (Morisano et al., 2009), and 

since weight gain is one of the common side-effects of antipsychotic medication 

(Bak et al., 2014).

As is inherent in the name, schizophrenia-spectrum disorder is a spectrum 

of different diagnoses, encompassing both diagnoses such as schizophrenia with 

an often more chronic prognosis, and diagnoses such as brief psychotic disorder, 

which can be limited to a single episode of psychosis (Tandon et al., 2013). The 

delineation between diagnoses in the spectrum and the existence of the spectrum 

itself has been the subject of discussion (Bhati, 2013). Although the construct 
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has clear clinical utility, it is not without limitations; the extreme heterogeneity 

in symptomatology and prognosis is a methodological limitation in the studies 

reported here, since they treat this group as a single category.

Researchers postulate that the diagnosis of schizophrenia-spectrum disorder 

is ‘cutting nature at its joints’ – a problem that Plato considered in the Phaedrus 

- that is, categorizing the world around us in the correct categories (Campbell et 

al., 2011). By using a diagnosis, we presume that a subject with schizophrenia-

spectrum disorder differs from a subject with a depressive disorder and some 

psychotic symptoms. Both are presumed to be different from a healthy control 

who might have hallucinated for a period during his youth. The ‘cutting’ of subjects 

as belonging to healthy controls or as having a psychiatric diagnosis in chapters 
2 to 6 is done by psychiatrists or trained researchers using diagnostic interviews 

and clinical experience, and is then taken as gospel for the following analysis. 

However, diagnoses can change over time (with a subject previously diagnosed 

with brief psychotic disorder now diagnosed with schizophrenia after more 

psychotic episodes) and interrater reliability of diagnoses in psychiatry can be low 

(Santelmann et al., 2016).

Differences in group averages extracted from speech, (mis)classifications, 

and usage of markers for prognosis or diagnosis are all affected. While two subjects 

might be regarded as belonging to a specific diagnostic group at a specific point 

in time, one subject can be symptom-free at a later time point and the other can 

experience recurring relapses. An algorithm might misclassify one of these cases 

as not having a diagnosis and could therefore be regarded as less accurate, but 

might actually be correctly “cutting” the subjects. The reverse situation could also 

occur - a subject correctly classified as healthy control might develop a disorder. 

Heterogeneity among individuals and the problem of future developments, 

perhaps already subtly measurable, are thus worth considering, although there is 

pragmatic clinical utility to the spectrum diagnosis approach (Bhati, 2013; Tandon 

et al., 2013).

Machine learning classification of language and 
speech
The approach used in the majority of the chapters of this dissertation involves 

algorithms that learn patterns in the data given to them and aim to recognize 
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underlying patterns in complex data. However, while classification or prediction 

from complex data can seem to ‘discover’ impressive results, one should be careful 

in applying machine learning classifiers to psychiatry. Reasons include problems 

mentioned in the previous section of confounders and heterogeneity, but also 

that of feature selection, explainability and test and training data-sets  (Chandler 

et al., 2020), further explained below.

The approach used in this dissertation is that of supervised learning. In this 

approach, a label – for example group membership as either healthy control or 

subject with schizophrenia-spectrum diagnosis – and a number of features– for 

example, phonetic markers as in chapter 4– are given to a learning algorithm. 

The algorithm tries to find patterns in a training dataset to assess whether a 

case belongs to either group. The predictions based on these patterns are then 

tested in a test dataset, with the performance of these predictions reported. As 

previously noted, the labeling or classification of subjects can be a topic of debate, 

but other aspects of classification algorithms are also particularly relevant for 

clinical research applications, notably feature selection, explainability of findings, 

and selection of the testing and training data-sets.

The first of these, feature selection, is especially relevant for speech and 

language analysis. A recurring and somewhat ironic problem of the type of 

research presented in this dissertation is the abundance of the features that can 

be extracted from speech. These range from phonetic to syntactic and semantic 

information, each with numerous features that can be computed, extracted, and 

used for classification. As an illustration, Marmar (2019) extracted 40,526 features 

from a phonetic recording of subjects with possible post-traumatic stress disorder 

and used these for classification. While chapters 4 and 5 use standardized 

phonetic feature sets to improve comparability, only average interview features 

were reported; it is possible to calculate these features separately for each 

10-millisecond period in these 5-15-minute duration interviews, leading to 

an overabundance of features. A large amount of features make it more likely 

to find a spurious pattern, which can lead to impressive results but does not 

generalize. Feature choice is thus a crucial step in research involving language and 

speech. Relevant features can be selected by using findings of previous research, 

standardized approaches which can be used and compared across different 

researchers and different studies, and clinically noted symptoms.

An abundantly large number of features can make complex models 

hard to interpret. The ability to explain decisions derived from algorithms or 
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interpret their results is of prime importance in a clinical context; not only for 

researchers to focus and improve further research, but also for clinicians and 

patients for interpreting and trusting a prediction made by a model (Tonekaboni 

et al., 2019). Certain algorithms, such as deep neural networks, suffer from 

a lack of explainability, resulting in so-called “black box” models where data 

are entered and a classification is produced without any understanding of the 

underlying algorithms (Samek et al., 2017). Explainability is also important in 

view of unintended classification features; if dosage of antipsychotic medication 

is inadvertently added to a classification algorithm, the resulting algorithm has 

less value in a general practitioner setting where a subject with schizophrenia-

spectrum disorder is not using any medication. The relative feature importance of 

classification decisions is thus important to assess, and better explainability can 

be an argument for choosing a (slightly) worse-performing algorithm over a more 

accurate one with a black box model (Chandler et al., 2020).

As previously mentioned, machine learning algorithms use a set of data 

to train the algorithm on and discover patterns in. Too optimistic and non-

generalizable results can result from reporting only this one sample. In most 

instances, the performance of a model is calculated by using a test set not used 

for model creation. Ideally, an independent sample is used for testing a model; 

otherwise, a holdout subset of the original dataset can be used. The studies 

reported in chapters 3 to 6 make use of cross-validation, where both test and 

training sample sets are repeatedly drawn from the total sample in order to prevent 

overfitting on a single test and training set. However, a completely independent 

validation sample is a more desirable approach, especially if a truly separate 

sample is assessed, for example in a different region or country (Corcoran et al., 

2018). Thus, future studies should aim to include independent validation sets, or 

even examine cross-linguistic speech features.

General conclusion
Computational language analysis in schizophrenia-spectrum disorders is a 

promising field with rapidly developing methods. Research has shown that the 

clinically observed disturbances in speech in the disorder can be quantified using 

computational linguistic analyses. Different aspects of speech are informative, 

including semantic and phonetic features - what and how something is said. In 

this dissertation, research is presented involving these sources of information, 
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showing that quantified language and speech can be used to detect and classify 

subjects with schizophrenia-spectrum disorders.

Language analyses show potential for numerous applications, including 

assessing at-risk groups, monitoring relapse, predicting treatment response or as 

a diagnostic tool to aid clinicians. Future research should focus on cross-diagnostic 

as well as longitudinal research in order to develop a clinically useful marker. 

Fast-developing natural language processing methods are becoming increasingly 

available. Such methods provide ways for more accurate and sensitive markers; 

these methods should be applied in a reproducible and standardized way to large 

samples with independent validation sets. With these steps, quantified language 

and speech analyses in schizophrenia-spectrum can develop from the currently 

promising field of research into a valuable clinical tool.
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