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Verbal communication disorders are a hallmark of many neurological and psychiatric illnesses. Recent developments in computational analysis provide objective characterizations of these language abnormalities. We
conducted a meta-analysis assessing semantic space models as a diagnostic or prognostic tool in psychiatric or
neurological disorders. Diagnostic test accuracy analyses revealed reasonable sensitivity and speciﬁcity and high
overall eﬃcacy in diﬀerentiating between patients and controls (n=1680: Hedges’ g =.73, p=.001). Analyses of
full sentences (Hedges’ g =.95 p < .0001) revealed a higher eﬃcacy than single words (Hedges’ g = .51,
p < .0001). Speciﬁcally, models examining psychotic patients (Hedges’ g =.96, p=.003) and those with autism
(Hedges’ g = .84, p < .0001) were highly eﬀective. Our results show semantic space models are eﬀective as a
diagnostic tool in a variety of psychiatric and neurological disorders. The ﬁeld is still exploratory in nature;
techniques diﬀer and models are only used to distinguish patients from healthy controls so far. Future research
should aim to distinguish between disorders and perhaps explore newer semantic space tools like word2vec.

1. Introduction
Language is an essential anamnestic source of information in psychiatry and neurology, since it is an expression of thought and therefore
provides a window into the mind (Pinker, 2007). More importantly,
disturbed language use holds clue as to what it is that goes astray in the
brain. Disorganized language is a core criterion for schizophrenia
(American Psychiatric Association, 2013) and can also be seen as a
symptom of Alzheimer’s disease (Appell et al., 1982). Disturbances in
natural language are also seen in several other mental illnesses, including depression, bipolar disorder, autism and personality disorders
(Cohen and Elvevåg, 2014). Motor disturbances in speaking are a long
standing ﬁnding in neurodegenerative disorders such as Parkinson’s
disease (Logemann et al., 1978), although impairments in high-level
language function such as sentence and discourse production also occur
in Parkinson’s patients (Altmann and Troche, 2011).
While a discussion about whether language should be seen as a
module of cognitive function, is beyond the scope of this paper (but see
for instance Carruthers, 2002), it is clear that several important cognitive functions are involved in and necessary for successful verbal
communication. A person at least needs planning ability to develop a
⁎
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plan of what to say, inhibition to stick to a chosen message, perception to
understand an interlocutor and memory for the use of the lexicon
(Carruthers, 2002; Emmorey, 2001). Since language involves so many
complex cognitive functions, it seems plausible that a wide variety of
disorders can lead to language disturbances.
However, language, (partly) due to its wide range of applications
and nuances, is diﬃcult to analyze and quantify (Hoﬀman et al., 2013).
Recently, through the advent of natural language processing, it has
become possible to study the language produced by an individual in an
objective and quantiﬁable way. This creates the opportunity to use
language as a marker for diagnosis, prognosis and perhaps even treatment response of a variety of brain disorders in which language disturbances are an early sign of the disorder or relapse of symptoms.
More speciﬁcally, analyses of patterns in word meaning seems most
likely to serve as a diagnostic and prognostic tool in various brain
disorders, because it is a very rich topic and therefore sensitive to subtle
changes in produced language. In this review, we quantitatively summarize the recent literature regarding a speciﬁc method to objectively
quantify disturbances in spoken language, namely semantic space
models.
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interview and the corresponding answer of the interviewee. In a story
retelling setting, similarity between the story produced by the subject
and the original story can also be presented as an average cosine value.
Some of the earliest clinical uses of semantic space models came
from research into psychosis, where the aim was to quantify the degree
of incoherence observed in these patients’ language use. Elvevåg et al.
(2007, 2010) ﬁrst explored the use of LSA in schizophrenia patients,
their family members and healthy controls. They found that these
groups signiﬁcantly diﬀer in mean coherence (cosine) scores calculated
with LSA as applied to their language output. By comparing the results
to traditional rating scales to capture incoherent speech, the authors
conclude that LSA is an eﬀective tool to measure coherence of language
in patients with schizophrenia. LSA was later used by Bedi et al. (2015)
to predict conversion in youths at high risk for psychosis. By combining
LSA with measures of syntactic complexity (number of determiners
divided by phrase length), the authors were able to predict conversion
from at-risk youth to psychosis with 100% accuracy. However, sample
sizes were small and only ﬁve participants converted to psychosis.
Though automated semantic analysis appears to be a promising new
technique, the ﬁeld lacks an overview of its use as a biomarker for
neuropsychiatric disorders. This study therefore aims to provide a
qualitative and quantitative overview of the use of semantic space
models as a diagnostic or prognostic tool in neurodegenerative and
psychiatric populations.

1.1. Semantic space models
There is a long history of representing the meaning of single words
as continuous mathematical objects in a so called ‘semantic space’.
Semantic space models attempt to represent word meanings by representing them as points in an abstract multidimensional space. An
analogy can be drawn with psycholinguistic research, which has shown
that semantically similar words cluster together in the brain cortex
based on the context they occur in (Huth et al., 2016). The central
assumption underlying all semantic space models is that the meaning of
a word is determined by its context. One of the ﬁrst to draw attention to
the context-dependency of meaning was Firth, who famously said: “You
shall know a word by the company it keeps” (Firth, 1957:11). Semantic
space models additionally assume that words with similar meanings
appear in similar contexts. In semantic space models, context is deﬁned
as the sets of words that precede and/or follow the target word.
The semantic space model used most often is Latent Semantic
Analysis (LSA), a method for representing word meanings by means of
statistical computations (Landauer and Dumais, 1997). LSA is based on
singular value decomposition, which is a mathematical technique that
is similar to factor analysis (Landauer et al., 1998). After processing
large text corpora, LSA represents words as points in a high-dimensional semantic space where dimensions are based on the contexts in
which words occur. More speciﬁcally, LSA takes raw text as its input,
which is separated into meaningful units such as sentences or paragraphs. As a ﬁrst step, LSA represents the text as a matrix in which each
unique word is presented as a row and each column is a context in
which it occurs. Each of the matrix cells contain the frequency with
which the word occurs in the given context. Next, each of these frequencies is weighted by a process that expresses the word’s information
value by calculating its entropy. Singular Value Decomposition is then
applied to the matrix, collapsing the rows and columns to a multidimensional semantic space. The semantic similarity between two
words can be quantiﬁed as a distance measure or an angle between two
points, such as an Euclidean distance or a cosine angle respectively
(Padó and Lapata, 2007). Several studies have shown that meaning
representations that were derived by LSA are capable of simulating
human cognitive phenomena (Landauer et al., 1998). It is important to
note that LSA makes no use of word order and is thus incapable of
extracting syntactic relations. By using LSA, it becomes possible to
transform language to a quantitative vector on which further analyses
can be performed. For a thorough introduction to LSA see Landauer
et al. (1998).

2. Methods
2.1. Literature search
This meta-analysis/systematic review was performed according to
the Preferred Reporting for Systematic Reviews and Meta-analysis
(PRISMA) Statement (Moher et al., 2009). A systematic search was
performed in the databases Pubmed (Medline), Embase, PsychInfo and
Cochrane Database of Systematic Reviews (independently by J.B. and
A.V). Combinations and synonyms of the following search terms were
used: “semantic space” or “semantic vector” and “psychiatric disorder”
or “neurological disorder”. See Supplementary Table 1 (Table S1) for a
full search string. No year of publication or language ﬁlters were used.
The search cut-oﬀ date was January 19th, 2018. Reference lists of the
included studies were searched for cross-references. Authors were
contacted in case data was unavailable. When the full text of articles
was not available and the authors could not be traced, the abstract was
used to extract necessary information to avoid publication bias. Studies
that met the following inclusion criteria were included: 1) Studies investigating the clinical use of automated measures of semantic space. 2)
Studies including patients with a neurological or psychiatric disorder
and a comparison group without a clinical diagnosis. 3) Studies that
applied semantic space calculations to any form of language produced
by the patient and comparison groups (i.e. written or spoken language
output).
Studies using semantic space calculations in addition to other diagnostic measures were included to provide a thorough review of the
available literature. Studies were excluded if the language that was
analyzed was not produced by a clinically diagnosed group, including
for instance electronic patient databases. Methodological quality of the
studies was assessed independently by J.B. and A.V., by means of the
Quality Assessment of Diagnostic Studies-2 checklist (Whiting et al.,
2011), which was adapted to ﬁt the purpose of this study, see Table S2.

1.2. Semantic space measures
As brieﬂy outlined above, semantic similarity is often quantiﬁed as a
cosine of the angle between two vectors (ranging from -1 to 1). Greater
cosines (i.e. smaller angles) indicate greater semantic similarity. It depends both on the research question and the type of data, how the semantic similarity is calculated. For instance in a word association task,
semantic similarity can be represented by calculating the cosine of the
angle from the cue word to the response. In a verbal ﬂuency task, similarity is often deﬁned as the (average) cosine of the angle between
one response to the next response (i.e. how similar all consecutive responses on a verbal ﬂuency task are). This type of similarity can also be
used to create derived measures such as ‘clustering’ or ‘switching’. Take
for instance the animal verbal ﬂuency task, where people have to name
as many animals as possible within a given time frame. When people
name the following animals “lion, elephant, zebra” cosines will be high,
because responses all ﬁt in the ‘African mammals’ cluster. If a person
than switches to ‘goldﬁsh’, the cosine between ‘zebra’ and ‘goldﬁsh’ will
be low, which can be used to deﬁne cluster size and switching.
Semantic similarity can also be calculated over larger chunks of
words, such as sentences or utterances. In an interview setting for instance, average cosines can be calculated between the question of the

2.2. Outcome measures
The primary outcome measures were sensitivity and speciﬁcity of
the model, since these values are most informative for diagnostic test
accuracy. If these were unavailable, mean scores on the semantic space
measure per group, or the statistical signiﬁcance of the semantic measure diﬀerence between groups were used to calculate eﬀect sizes.
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Direction of the eﬀect size depends greatly on the language production task since more similar language is not per deﬁnition a positive
feature. In spontaneous speech settings, interview settings or story retelling settings (i.e. full sentences), the eﬀect size direction was considered positive if controls were more similar or coherent (i.e. higher
cosine angles) in their language compared to the clinically diagnosed
group. Only tasks that measured mental ﬂexibility, higher similarity in
patients was considered a positive eﬀect size. In verbal ﬂuency tasks,
eﬀect size was considered positive if controls showed lower similarity
and thus more clustering or switching between words. These eﬀect
directions are based on the expectation that the switching between
clusters reﬂects mental ﬂexibility, which is considered to be a positive
function. In word association tasks the eﬀect size was positive if controls produced more similar words than patients.

semantic space measure per group, using a random eﬀects model. When
these values were not reported, exact F-, t- or p-values were used. All
eﬀect sizes were calculated twice independently to check for errors. The
Q-value and I2-statistic were calculated for each analysis to evaluate to
what extend studies could be taken together to share a common population eﬀect size. Funnel plots were inspected for symmetry in order
to check for publication bias and outliers. Potential asymmetry was
assessed with Egger’s test, using a signiﬁcance level of α = .05 (2tailed). All eﬀect sizes with a p-value of .05 or smaller were considered
statistically signiﬁcant. Eﬀect sizes were interpreted according to the
guidelines by Cohen, with an eﬀect size of 0.20 indicating a small effect, 0.50 a medium and over 0.80 a large eﬀect (Cohen, 1988).

2.3. Statistical analyses

The search yielded a total of twenty-one relevant articles investigating the use of semantic space models in a clinical population,
see Fig. S1 for a ﬂow-diagram of the search (Bedi et al., 2015; Cecchi,
2016; Clark et al., 2016; Corcoran et al., 2018; Elvevåg et al., 2010,
2007; García et al., 2016; Hoﬀman et al., 2014; Lee et al., 2017; Losh
and Gordon, 2014; Luo et al., 2016; Nicodemus et al., 2014; Pakhomov
et al., 2015, 2012; Pakhomov and Hemmy, 2014; Prud’hommeaux
et al., 2017; Prud’hommeaux and Roark, 2015; Rosenstein et al., 2014;
Rouhizadeh et al., 2015; Tagamets et al., 2014; White and Shah, 2016).
From these, eighteen studies were suitable to be included in the metaanalysis, investigating a total of 1995 participants (see Table 1) (Bedi
et al., 2015; Cecchi, 2016; Clark et al., 2016; Elvevåg et al., 2010;
García et al., 2016; Hoﬀman et al., 2014; Lee et al., 2017; Losh and
Gordon, 2014; Luo et al., 2016; Nicodemus et al., 2014; Pakhomov
et al., 2015, 2012; Pakhomov and Hemmy, 2014; Prud’hommeaux
et al., 2017; Rosenstein et al., 2014; Rouhizadeh et al., 2015; Tagamets
et al., 2014; White and Shah, 2016). These eighteen studies included
the following brain disorders: psychosis spectrum disorders, autism
spectrum disorders (ASD), Attention Deﬁcit Hyperactivity Disorder
(ADHD), dementia and Parkinson’s disease.

3. Results

2.3.1. Diagnostic test accuracy
Meta-Disc software version 1.4 (Zamora et al., 2006) was applied to
obtain pooled sensitivity and speciﬁcity, using the number of true positives, true negatives, false positives and false negatives. To evaluate
whether studies could be combined to calculate a pooled diagnostic
accuracy, the Q-value and I2-statistic were calculated for each analysis.
The Q-statistic tests the heterogeneity of the studies and displays a
distribution with k-1 degrees of freedom (k=number of studies). A Qvalue higher than the degrees of freedom indicates signiﬁcant betweenstudies variability. I2 reﬂects the inconsistency between studies, ranging from 0 to 100%. According to Higgins et al. (2003), values of 25%,
50% and 75% can be interpreted as low, moderate and high inconsistencies, respectively. A random eﬀects model was used because of the
variation in population, language elicitation method, method of calculating semantic space and the limited number of studies for some
diagnostic groups. A summary receiver operating characteristic (SROC)
curve was calculated, from which we determined the area under the
curve (AUC) which is robust against study heterogeneity and is considered a useful summary of the SROC (Walter, 2002). An AUC of 1
represents a perfect diagnostic test, while an area of .5 is at chance
level. The desired AUC greatly depends on the gold standard in diagnosing the clinical condition under investigation; therefore there are no
standard guidelines for interpretation of AUC in terms of high, medium
or low accuracy (Hajian-Tilaki, 2013).

3.1. Diagnostic test accuracy
A total of seven studies provided suﬃcient data to be included in a
meta-analysis of diagnostic test accuracy (Bedi et al., 2015; Cecchi,
2016; Clark et al., 2016; Elvevåg et al., 2010; García et al., 2016; Luo
et al., 2016; Rosenstein et al., 2014). Heterogeneity and I2 for diagnostic test accuracy measures were high. All studies were pooled, which
yielded an overall sensitivity of 61.7% and a speciﬁcity of 85.6% and an
AUC of the SROC of 0.830 see Figs. 1 and 2. The analyses were repeated
in the subset of studies investigating patients with a psychosis (k=4),
which improved the overall sensitivity to 71% and the speciﬁcity to

2.3.2. Eﬀect size
Comprehensive Meta-Analysis (CMA) software version 2.0 was used
to perform eﬀect size analyses, using a random-eﬀects model
(Borenstein et al., 2005). For every individual study, Hedges’ g was
calculated for each outcome measure based on mean scores on the

Fig. 1. Meta-analysis of the diagnostic test accuracy of semantic space models. Squares indicate individual study sensitivity and speciﬁcity respectively, which are
scaled to study sample size. Blue bars indicate 95% conﬁdence intervals per study. Diamonds indicate pooled sensitivity and speciﬁcity, with red bars indicating their
95% conﬁdence interval. CI = conﬁdence interval. (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web version of this
article).
88

Neuroscience and Biobehavioral Reviews 93 (2018) 85–92

J.N. de Boer et al.

sentences (Hedges’ g = .95, p < .0001) was higher than the eﬀect size
for single words (Hedges’ g = .51, p < .0001), p = 021.
Further subgroup analyses showed signiﬁcant high eﬀect sizes for
separating patients with ASD (Hedges’ g = .84, p < .0001) and patients
with psychosis (Hedges’ g = .96, p= .003) from healthy controls, while
the positive combined eﬀect size for dementia papers showed an overall
signiﬁcant but medium size (Hedges’ g = 49, p= .012), see Table 2 and
Fig. 2. None of the diagnostic subgroups showed a signiﬁcant Q-value
and I2 was low, indicating low between-studies variability. Eggers’ Test
was not signiﬁcant in any of the diagnostic subgroups, indicating no
publication bias within diagnoses.
3.3. Qualitative assessment
Most studies (n=17) used LSA to calculate semantic space measures, see Table 1. Latent Semantic Indexing (LSI), Single Value Decomposition (SVD) and word2vec were also used. Training corpora
varied between studies; Wikipedia texts and Touchstone Applied Science Associates (TASA) corpus were mostly used. Overall, there were
roughly three diﬀerent types of semantic space variables: clustering,
coherence and similarity. Clustering analyses group words into different semantic clusters and measures that a person switches to a different cluster as well as the size of these clusters. Clustering was
therefore mostly used in studies that analyzed verbal ﬂuency data,
while coherence and similarity were used more often in the full-sentence data studies.

Fig. 2. Summary receiver operating characteristic (SROC) curve of the diagnostic test accuracy of semantic space models. Red dots indicate individual
studies and are scaled to study sample size. Blue lines represent the SROC, with
its 95% conﬁdence interval. (For interpretation of the references to colour in
this ﬁgure legend, the reader is referred to the web version of this article).

4. Discussion
91%, see Fig. S2 for the corresponding graphs.

This study provides an overview of the clinical use of semantic space
models in psychiatry and neurology populations. Our results indicate
that these models have reasonable diagnostic accuracy, especially for
diagnosing psychosis patients. We found a large overall eﬀect size. Subanalyses revealed that models perform better on full sentences than
single words as their language input. Best results were found in differentiating ASD patients and psychotic patients from healthy controls,
though dementia patients also had a medium eﬀect size. The wide range
of disorders where we ﬁnd positive signiﬁcant eﬀect sizes indicates the
applicability of semantic space models in a wide range of disorders and
pathologies.
It is important to note that semantic space models are not the only
relevant linguistic marker for brain disorders. For linguists, the production of language occurs in the following stages (e.g. Dell et al.,
1997): semantic (the generation of meaning), syntactic (the generation
of the grammatical form of the utterance), morphological (the formation of words) and phonological (how these words should sound).
Lastly, the speech is produced through articulation. In this review we
only looked at a quite speciﬁc measure of semantics, while we expect
broader aspects of language production to be aﬀected as well. Indeed,

3.2. Eﬀect size
An overall cross-diagnostic meta-analysis of eﬀect sizes showed a
signiﬁcant medium to large eﬀect of semantic space models in separating patients from healthy controls (n = 1680; Hedges’ g = .73, p =
.001), see Table 2 and Fig. 3. The Q-value revealed slight but signiﬁcant
between-studies variability (Table 2). Eggers’ Test was signiﬁcant for
the overall eﬀect size, indicating the possibility of publication bias.
Visual inspection of the funnel plots suggests a slight under publication
of negative results.
All studies used spoken language of both diagnostic groups to calculate semantic space, though the method of language elicitation differed between studies. In general, studies could be divided into those
that elicited single words (mainly word association task or verbal ﬂuency tasks), and studies that elicited sentences (e.g. interview or story
retelling). Therefore, sub-analyses were performed for studies that
analyzed single words versus studies that analyzed sentences, see Fig. 4.
Between group analyses revealed that the overall pooled eﬀect size for
Table 2
Statistical results regarding all eﬀect size outcome measures.
Outcome measure

Studies k

Subjects n

Hedges’ g
(95% CI)

p-value

I2

Q-df

Q-value

Egger’s test p-value

Diagnostic groups
ASD
Dementia
Psychosis

5
5
4

350
389
780

.84 (.47 – 1.22)
.49 (.11 - .88)
.96 (.32 – 1.60)

< .0001
.012
.003

0.97
10.34
0.00

4
4
3

4.04
4.46
1.95

.201
.518
.231

Elicitation type
Sentences
Single words
Overall

9
7
16

537
1143
1680

.95 (.68– 1.21)
.51 (.26 - .77)
.73 (.31 – 1.15)

< .0001
< .0001
.001

0.00
6.754
11.06

8
6
15

7.08
6.44
16.87

.007
.731
.026

Table Legend : k = number of studies, n = number of subjects, CI = conﬁdence interval, ASD = Autism Spectrum Disorders, df = degrees of freedom. Signiﬁcant
eﬀect sizes in bold. Note: The article by Pakhomov et al. (2015) was divided into two diﬀerent populations in the forest plot due to two diﬀerent patient-control
comparisons, and is therefore counted as two studies here.
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Fig. 3. Meta-analysis of the group-comparison eﬃcacy of semantic space models. Studies are grouped by language output type. Squares indicate Hedges’ g for
individual studies and are scaled to sample size. Black bars indicate 95% conﬁdence intervals. Blue diamonds represent subgroup pooled eﬀect sizes. The red
diamond represents the overall pooled eﬀect size. CI = conﬁdence interval. (For interpretation of the references to colour in this ﬁgure legend, the reader is referred
to the web version of this article).

assessed in Alzheimer’s disease and mild cognitive impairment (Dodge
et al., 2015; Orimaye et al., 2017). Another example is the use of linguistic analysis in the diﬀerential diagnosis between psychogenic nonepileptic attack disorder and epilepsy, which shows that the way a
patient describes an epileptic attack can be used to diﬀerentiate between these disorders (Ekberg and Reuber, 2015; Jenkins et al., 2016).
Furthermore, there is ample evidence that language comprehension is
also disturbed in some brain disorders, see for instance Condray et al.,

several meta-analyses have been published on other linguistic measures
of verbal communication in a variety of brain disorders. For instance,
measures of speed and volume of language production have been reviewed in schizophrenia (Cohen et al., 2014), acoustic markers such as
formant analysis or spectrum analysis were performed in patients with
mania (Zhang et al., 2018) and Parkinson’s disease (Godino-Llorente
et al., 2017) and measures of semantic and syntactic complexity (e.g.
length of utterance, number of coordinating sentences) have been

Fig. 4. Meta-analysis of the eﬃcacy of semantic space models per diagnostic group. Squares indicate Hedges’ g for individual studies and are scaled to sample size.
Black bars indicate 95% conﬁdence intervals. Red diamonds represents the pooled eﬀect sizes per patient group. CI = conﬁdence interval. (For interpretation of the
references to colour in this ﬁgure legend, the reader is referred to the web version of this article).
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1996; Gavilán and García-Albea, 2011 for their ﬁndings in patients with
schizophrenia. Research focusing on using linguistic measures of verbal
communication as a diagnostic or prognostic marker of brain disorders
should thus not focus on semantic space calculations alone; instead a
wide spectrum of analyses should be incorporated. This could also aid
in further describing the linguistic characteristics of the diﬀerent disorders.

psychiatric disorders. To date, their use has mostly been tested to
compare patients to healthy controls. Future studies should focus on
testing these models’ speciﬁcity to compare diﬀerent disorders and thus
their potential to be used as a diﬀerential-diagnostic tool.
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rather on ﬁnding diﬀerences between groups. Though it is interesting to
see semantic space calculations diﬀer quite strongly between patients
and healthy controls (eﬀect sizes were high), measures of diagnostic
test accuracy are necessary to analyze the quality of these methods in a
clinical setting. Only a small proportion of the studies provided suﬃcient data to calculate diagnostic test accuracy, which made it diﬃcult
to do further subgroup analyses. The overall pooled sensitivity and
speciﬁcity is therefore still hard to interpret from a clinical perspective,
since it provides an accuracy of diagnosing multiple disorders. For that
reason, the analyses of diagnostic test accuracy were repeated for the
psychosis group alone. Given the small number of studies, these analyses could not be performed for other subgroups. Future research investigating these techniques should therefore aim to additionally
measure the sensitivity and speciﬁcity of their methods.
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