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ABSTRACT

This is a computer-aided analysis of the speech of healthy volunteers under the influence
of ketamine as contrasted with their normal speech. The project was undertaken since ketamine
has been shown to simulate some of the symptoms of schizophrenia and ketamine-influenced
speech shares much similarity with schizophrenic speech. Thus, the study of
ketamine-influenced speech provides information relevant to the diagnosis and treatment of
schizophrenia.

I contrastively studied 20 pairs of normal and ketamine-influenced speech samples from
10 healthy volunteers at various linguistic levels: phonetic, syntactic, semantic and pragmatic. |
conclude that ketamine-influenced speech exhibits several distinctive properties: a smaller
percentage of verbs, a higher percentage of nouns, an increase in the use of fillers, and greater
variability of vowel height.

I implemented software that recognizes the distinctive properties of ketamine-influenced
speech. The software was tested on 37 pairs of testing data and achieved high accuracy in
identifying ketamine-influenced speech.

INDEX WORDS:  ketamine-influenced speech, computer-aided speech analysis, verbs, nouns,
first formant, filled pauses
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CHAPTER ONE

INTRODUCTION

As human language closely reflects brain functions in a way that no other human
activities do, linguistic analysis has been an integral part of psychiatric research. Many brain
diseases such as schizophrenia exhibit language malfunctions that have been used in disease
diagnosis. Recently, computer aided speech analysis has been much called for thanks to its
speed, objectivity and precision. This thesis is an attempt at accurate computer aided analysis
of slightly flawed drug-induced speech. Its goal is two-fold: to design and implement
software that takes human speech data as input and outputs analyzable statistics of various
measurements, and to use the software to study in depth the distinctive properties of

ketamine-influenced speech and contrast it with normal speech.

1.1 What is Ketamine?

Ketamine is an anesthetic and analgesic invented by Calvin Stevens in 1962. Unlike
most other anesthetics, ketamine is not a sedative in the usual sense of the word; rather, it has
some unique cardiovascular-stimulating properties that accelerate heart rate and increase blood
pressure. This has prevented it from being used as a general clinical anesthetic, yet it is also

the reason why ketamine is among the more common and suitable anesthetics to be



administered to children in oral surgeries and to some physically weak seniors (Jansen 2002;
White, Way and Trevor 1982).

Ketamine features a rapid onset of effect, a prompt recovery and mild emergence
reactions (White, Way and Trevor 1982: 126). “The effects begin about 30 seconds after an
intravenous injection, 2 to 4 minutes after an intra-muscular injection, 5 to 10 minutes after
snorting or intra nasal use and about 20 minutes after an oral dose on an empty stomach”
(Jansen 2002). Because of this, ketamine is reported to have been successfully used on many
burn patients for quick pain relief, who are also reported to have resumed nutritional intake
after a rapid recovery from the ketamine used in the operation (White, Way and Trevor 1982:
126).

Like other anesthetics, ketamine exerts effects on the central nervous system (CNS) even
with subanesthetic doses, and causes CNS changes that interfere with people’s “ability to
organize thoughts and understand the environment during emergence” (White, Way and Trevor
1982: 119). This is partly achieved by affecting the CNS neurotransmitter systems and by
“blocking the action of glutamate, which plays a crucial role in thinking, memory, motion,
language, sensation and perception” (Jansen 2002). Recreational drug users are said to take
“k-trips” with high doses of ketamine, where the psychedelic effects of ketamine cause
near-death or near-birth experiences. K-trips can trigger neurosis by blunting perception of the
outside world, suppressing the conscious and stirring up the unconscious (Jansen 2002; Meyer

1989).



Despite some unpleasant psychological experiences, ketamine is one of the safest
anesthetics ever invented, considering the fact that its overdose hardly ever leads to death.
The potential danger of using ketamine comes mostly from the physical weakness, numbness,
and the inability to control one’s own body in a hazardous environment (Jansen 2002). Both
healthy and diseased volunteers have safely participated in numerous ketamine-related
experiments using higher or lower doses, and their behavior and speech have been carefully
recorded and examined to better human knowledge in the areas of anesthesiology, psychiatry

and neurology.

1.2 Why Ketamine-Influenced Speech?

Ketamine has been widely studied and much is known about the drug. A simple
keyword search of “ketamine” in the Medline database brings up more than 3,600 related
papers. Among these is a small recent portion that examines the hypothesis that ketamine
produces in healthy volunteers a set of schizophrenia-like symptoms (e.g., Malhotra et al. 1996;
Adler et al. 1998; Lahti et al. 2001). Ketamine takers report experiences such as hearing
sounds, seeing God, and lucid dreaming, which very much simulate what schizophrenic patients
undergo. Experiments relating ketamine with schizophrenic symptoms have been carried out
mainly through direct observation of the volunteers’ behavior and, commonly, by comparative
study of the volunteers’ speech produced in the course of ketamine administration. These
studies provide not only a detailed psychosis model on the behavioral effects of ketamine, but

also reasonable suggestions as to the origins, developments and treatments of schizophrenia —



“a chronic, severe and disabling brain disease” that affects about 1% of the human population
(National Institute of Mental Health 1999).

Since speech mirrors thoughts consciously or unconsciously, and since speech is directly
observable, diagnoses of schizophrenia are frequently partially based on a patient’s abnormal
use of language. In fact, all of the three major diagnostic classification systems for
schizophrenia, i.e., ICD-10 (WHO 1992), Diagnostic and Statistical Manual, fourth edition
(DSM-1V) (American Psychiatric Association 1994), Research Diagnostic Criteria (RDC)
(Spitzer, Endicott and Robins 1978), heavily rely on various speech disorders for diagnostic
criteria.  As was mentioned in 1.1, ketamine blocks glutamatergic receptors, which are
crucially involved in memory and thinking. Among these receptors is the
N-methyl-d-aspartate (NMDA) receptor frequently implicated in the pathophysiology of
schizophrenia (Malhotra et al. 1997: 141). The study of ketamine-influenced speech can,
therefore, have significant implications as to what exactly are the distinctive properties that
make schizophrenic speech abnormal, and thereby help in early and accurate diagnosis of
schizophrenia.

Researchers have studied the effects of ketamine on the behavior of healthy volunteers
(e.g., Adler et al. 1998; Malhotra et al. 1996; Lahti et al. 2001). They have agreed on the fact
that subanesthetic doses of ketamine induce linguistic characteristics that have been used as
diagnostic criteria for schizophrenia. The characteristics that have been repeatedly reported in

the literature include:



1) Disorganized speech and derailment: Ketamine-influenced speech is reported to be
loosely associated, featuring flight of ideas and disconnection of thoughts.
2) Incoherence and illogicality: “Bizarre reasoning” (Lahti et al. 2001: 463) is often found in
ketamine-influenced speech.
3) Emotional-withdrawal and poverty of speech: Ketamine significantly affects verbal
productivity.
Abnormal speech, however, is only a partial focus of the studies on ketamine-induced behavior,
and hence there are only some brief descriptions of the above characteristics without further
details.
This thesis, on the other hand, aims at a closer look at the linguistic details that account
for the abnormality felt by the researchers in previous studies and which can be objectively

measured and verified in the future.

1.3 Why Not Existing Psychiatric Scales?

One important goal of the thesis is to devise some accurate measures for speech
abnormality, and for a computer to use the measures to distinguish ketamine-influenced from
normal speech. In the course of achieving this goal, | decided not to directly use the existing
psychiatric scales or selective items from these scales, which have been widely adopted in
previous studies.

As mentioned in 1.2, significant statistics have been successfully obtained to find some

distinctive characteristics of ketamine-influenced speech. The statistics have been acquired



based on some well-established scales that are very frequently used in schizophrenia related

research. Some of these scales are:

1)

2)

3)

Brief Psychiatric Rating Scale (BPRS): BPRS has been the most popular psychiatric rating
scale for more than 30 years with proven high validity, especially in the study of
schizophrenia. Initially published in 1962 (Overall and Gorham 1962), it has now
developed to be a 7-point scale on 24 items. Among these, more than 10 items are rated
primarily on the basis of verbal responses, such as conceptual disorganization, unusual
thought content, blunted affect and hallucinatory behavior (Overall and Gorham 1962; Van
Riezen and Vrijmoed-de Vries 2000; American Psychiatric Association 2000).

Scale for the Assessment of Thought, Language and Communication (TLC): In her
widely-cited paper “Thought, Language, and Communication Disorders” (Andreasen
1979a), Andreasen used 18 items to define “formal thought disorder” or “disorganized
speech.” All of the items are speech related, with fairly precise descriptions for each to
increase the reliability of the scale. For instance, “neologism” is clearly defined as “a
completely new word or phrase whose derivation cannot be understood,” and
“self-reference” as “a disorder in which the patient repeatedly refers the subject under
discussion back to himself when someone else is talking and also refers apparently neutral
objects to himself when he himself is talking” (Andreasen 1979a).

Scale for the Assessment of Positive Symptoms (SAPS): SAPS (Andreasen 1984) is used to
assess the severity of positive symptoms mainly in schizophrenia.  Its 5 main categories

(i.e., hallucination, delusions, bizarre behavior, positive thought disorder, inappropriate



affect) include 31 items. Most of the speech related items are adopted from TLC
(American Psychiatric Association 2000).

4) Scale for the Assessment of Negative Symptoms (SANS): Complementary to SAPS, SANS
(Andreasen 1982) is designed to rate the severity of negative symptoms mainly in
schizophrenia. It consists of 19 items that fall into 5 categories: affective flattening or
blunting, alogia, avolition-apathy, anhedonia-asociality, and attention. Some of the
important speech related items are: lack of vocal inflections (i.e., flat intonation), poverty of
speech, poverty of content of speech, blocking, and increased latency of response
(American Psychiatric Association 2000).

While the above mentioned scales outline some significant features of speech disorders
from mental diseases, they and their speech related items are unsuited to the current study as
they are for the following reasons:

1) These psychiatric scales are designed for behavioral abnormality and not speech
abnormality specifically. Hence, they are clinical interview based and require keen
observation of paralinguistic features such as eye contact and facial expression as well as
linguistic features. This study, however, is based solely on audio recordings, which
precludes the possibility of examining paralinguistic features. Even for the linguistic items
in these scales, many of them, especially those related to speech content and logic, are left
hard to rate, since the subjects in my project are required to describe pictures rather than

conduct conversations with the interviewers.



2)

3)

4)

The items in the existing scales, however well defined, are based on abstract standards and
subjective impressions. Because of this, in order to achieve desirable reliability, different
versions of the scales have been developed “with detailed anchor descriptors and
semistructured interviews” (American Psychiatric Association 2000: 493), and interviewers
need considerable training. For my project, in contrast, the computer requires explicit
directions on actions to take on digitized data to actually score speech samples and reach a
conclusion objectively. For any item in the psychiatric scales to be useful in this project, it
needs to be concretized to be a computable measure of tangible data that may be extracted
and analyzed automatically.

The existing scales are more suitable for detecting moderate to severe levels of
psychopathology than mild levels. Subtle changes in intonation, for instance, may not be
so substantial as to result in affective flattening that can be captured by the interviewer.
Slight changes in the choice of vocabulary are even more elusive to the human audience, if
the speech does follow the flow of logic. In addition, certain items such as neologism and
clanging are of little or no use to this project, since the occurrences of these language
phenomena are uncommon even for patients with severe mental disorder. More finely
defined and more typical features that can be objectively measured should be devised for
the purposes of this study.

Besides physical variances of the individual subjects, differences in regimens and recording
times severely complicate experiment results. As mentioned in 1.1, ketamine has a faster

onset and recovery than most other anesthetics. Previous research has proven that



5)

differences in the ratings by the psychiatric scales stay significant only very briefly, and
fade after about 45 minutes after ketamine. Many studies (e.g., Adler 1998; Lahti 2001)
agree that there is no significant effect at 90 minutes after ketamine. Yet, there is no
consensus as to at what time the effects of ketamine peak. For instance, Lahti (1995, 2001)
suggests 20 minutes after injection while Adler (1998) proposes 30-45 minutes. To avoid
complication, this project makes no specific requirement as to the timing of the recording
other than the fact that ketamine should still be in effect. Moreover, the regimens in
published studies are slightly higher than the regimens in this project. It is therefore
imperative that the linguistic measures to be used in the project should undergo significant
changes under the influence of ketamine without being too time- and dose- sensitive.

A major goal of this project is to discover aspects of ketamine-influenced speech that have
not already been recognized or published. These aspects may include subtle changes that
easily elude the human ear and were, hence, not mentioned in previous studies, but which
together bring about the abnormality that distinguishes ketamine-influenced from normal
speech.

Despite what has been said, the existing psychiatric scales, especially their speech related

items, provide meaningful guidance for the design of the current study as will be discussed

soon.
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1.4 Current Study at a Glance

As was mentioned, this is a computer aided study of ketamine-influenced speech. The
following three chapters will each discuss one of the three stages of the study:

In Chapter Two, | design and implement a software package named Ketamine Speech
Analysis Software (KSAS) that extracts numerical data from digitized audio recordings of
human speech. KSAS outputs over 130 statistics that are designed to detect speech disorders,
and its usefulness is not restricted to the identification of ketamine-influenced speech.

Equipped with KSAS, | compare in Chapter Three the normal and ketamine-influenced
speech samples of ten healthy volunteers. The speech samples were produced when the
volunteers were requested to describe the pictures from the Thematic Apperception Test (TAT,
Murray 1943/1971). | use statistical methods to find out language properties that are
significantly influenced by ketamine regardless of recording time and dosage.

In Chapter Four, | design a simple but accurate algorithm to incorporate the important
measures found in Chapter Three. The algorithm distinguishes normal from
ketamine-influenced speech when both speech samples of the same individual are input to
KSAS. | have tested the algorithm on 37 pairs of speech samples and achieved high accuracy.

The final chapter concludes the thesis with some plans for future work.
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CHAPTER TWO

KSAS -ATOOL FOR SPEECH ANALYSIS

The first stage of the project is to develop a software tool for speech analysis. A
software package named Ketamine Speech Analysis Software (KSAS) has been implemented,

whose inputs, user interface and outputs will be discussed in this chapter.

2.1 The Inputs

Assuming that all the audio recordings of speech samples can be digitized and saved in
the form of .wav files, the first task is to decide what linguistic information needs to be obtained
from the .wav files so that it can be further analyzed. Aiming at a relatively thorough study of
human speech, | shall examine speech samples from the perspectives of phonetics, semantics,
syntax and pragmatics. The research in the latter three aspects requires close transcription of
the sound files.

As for phonetic analysis, the essential information needed is retained if the data for
amplitude, voicing, the fundamental frequency (i.e., F0), and the first four formants (i.e., F1, F2,
F3, and F4) can be acquired from the .wav files. To obtain these data, the open source speech
research tool WaveSurfer (Center for Speech Technology 2004) is used to preprocess the .wav

files of the speech samples.
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WaveSurfer incorporates the functions get_f0, for automatic pitch extraction, and formant,
for automatic formant tracking, from the Entropic Signal Processing Suite (ESPS) of speech
analysis tools, which was licensed in 2002 to the Centre for Speech Technology by Microsoft
and AT&T (Kare 2002). The pitch and formant tracking algorithms implemented in ESPS
were introduced in Talkin (1995), Secrest and Doddington (1983), McCandless (1974), and
elsewhere. Figure 2.1 is a snapshot of WaveSurfer performing speech analysis on a .wav
speech sample.

WaveSurfer can output two types of files for speech analysis: .f0 and .frm files, both of
which are text files each containing a table of numbers with each row recording important
speech data every 10 milliseconds. The .f0 files contain four fields: FO, voicing (1 for voiced
and 0O for voiceless), amplitude, and cross-correlation (a measure of regularity in the waveform,
i.e., sonority). The .frm files represent formant information in eight fields, the first four of
which are the frequencies of the first formant (F1), the second formant (F2), the third formant
(F3), and the fourth formant (F4).

Hence, for each speech sample, the inputs to KSAS will be a set of three text files derived
from one .wav file: the .f0 file (generated by WaveSurfer), the .frm file (generated by
WaveSurfer), and the .txt transcription file (made by a human typist). These files together
preserve essential linguistic information at all levels and provide the basis for further statistical

analysis.
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Figure 2.1 A snapshot of WaveSurfer speech analysis functions
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It is crucial to understand that for my project, each .wav file should be the recording of
exactly one speaker so that the subsequent computation can produce correct statistics for this
particular speaker. For speech samples that contain the voice of an interviewer, editing of

the .wav files is necessary to remove the interviewer’s voice.

2.2 The Interface

KSAS has a user-friendly interface that was completely implemented in Java. Figure
2.2 is the main window for the user interface, where most of the functions can be performed
either by using the pull-down menus or the buttons at the top of the window.

Since KSAS is designed to distinguish ketamine-influenced from normal speech, it
accepts two speech samples of the same speaker. One and only one of the two speech samples
is produced under the influence of ketamine. For each of the speech samples, there is a set of
three input text boxes, where the names of the .f0, .frm, and .txt transcription files are displayed
along with their paths when they are opened. | chose to display only the file names, because
once created, these input files do not normally need editing, and because the .fO and .frm files,
which normally contain tens of thousands of lines of data, are too large to display in the main

window.
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File Analyses Help

Open _FO File 1 Open _FRM File 1 Open Transcription 1 Help
Open .FO File 2 Open .FRM File 2 Open Transcription 2 Conclusion
FO Basic Stats FRM Basic Stats Text Stats Save Output

Inputs £ file 1 path displayed here. file 1 path displayed here. Alranseription file 1 path heve
B T e A S A R A o
L f0 file 2 path displayed here. . frm file 2 path displayed here. Tranzcription file 2 path here
| 0 Brnalyses output here. ‘fFormant Analyses output here. Text Analyses output here.
Outputs
Conclusion displayed herea.
Conclusion

Figure 2.2 The user interface of KSAS
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On opening all the necessary input files, the user can do FO analyses, FRM analyses and
text analyses on the .f0, .frm and .txt files respectively. Many of the measures are computed
using data from more than one of the three files. For example, to compute the number of
words uttered per second, text information contained in the transcription file should be
combined with time information in the .fO file.  Therefore, it is required that the analyses be
done in sequence. The outputs of various statistics will be displayed in the text boxes under
the corresponding input files and will be further discussed in 2.3.

With the statistics from the speech analyses, KSAS will be able to draw a conclusion with
high accuracy as to which of the two input speech samples is normal and which is produced
under the influence of ketamine, and present it inside the conclusion text box at the bottom of
the main window. The algorithm used to identify ketamine-influenced speech will be
discussed in Chapter Four. The “Save Output” function saves everything currently in the text
boxes into a .txt file when the button is clicked. Figure 2.3 is a snapshot of a sample run of

KSAS. For a detailed KSAS user guide, please refer to Appendix A.
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Figure 2.3 Asnapshot of a sample run of KSAS
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2.3 The Outputs

KSAS is first of all a software package to assist the analysis of all sorts of human speech

by extracting useful statistics. Because of this, the program outputs over 130 statistics from

the analyses rather than merely the 10 items that will actually be used for the conclusion

regarding the effects of ketamine.

1)

2)

Below is a list of the statistics output by KSAS:

Percentage of zero FOs: When FO is zero, there is no detectable vocal cord vibration in the
speech sample. Percentage of zero FOs is a reliable indicator of pauses in the speech and
speech fluency, and hence is a significant statistic for mental disorder with negative
symptoms.
Basic statistics for FO: | use the term “basic statistics” to refer to a set of 13 measures of
data distribution: maximum, minimum, sum, range, interquartile range, interquartile range
as a percentage of the total range, range between the 5™ and the 95" percentile, the range
between the 5" and the 95" percentile as a percentage of the total range, mean, variance,
standard deviation, skewness, and kurtosis. Some of these are major measures of central
tendency and variation; others such as skewness and kurtosis provide more subtle
information about the shape of the curve. Especially useful are measures like interquartile
range as a percentage of the total range, which effectively reduces the influence of outliers
in the data.

The fundamental frequency (FO) is one of the most studied topics in acoustic

phonetics, since its variation is manifested by the change in intonation, or the tone of an



3)

4)

19

utterance (Ladefoged 2001: 192). And tone, in turn, is a crucial suprasegmental feature
that reflects the speaker’s mental state such as emotion. Hence, statistics for FO can be
particularly useful in psycholinguistic and psychiatric research.

Basic statistics for F1, F2, F3, F4, F2-F1, F3—F2 and F4—F3: | apply the same set of 13
measures to each of the first four formants as to FO. These formants are useful indicators
of sound quality and reflect facts about place and manner of articulation. The frequency of
the first formant, for instance, “shows the relative vowel height quite accurately”
(Ladefoged 2001: 193). The differences between the formants are no less important than
the formants themselves in describing the quality and position of speech sounds. For
example, the backness of a vowel “is best related to the difference between the first and the
second formant frequencies” (Ladefoged 2001: 177). Changes in the place and manner of
articulation often result from neurological diseases, which alter a patient’s speech from
normal in various ways. Variations in formants along with those in the fundamental
frequency are the focus of many studies in the past three decades (e.g., Haley, Ohde and
Wertz 2001; Stassen et al. 1995; Kent 1979; Tolkmitt 1982; Stein 1993).

Text statistics: These measures are designed to describe the transcription text from the
perspective of semantics, syntax and pragmatics. Most of the semantic measures concern
lexical retrieval and comprise standard items such as: number of tokens, number of types,
and type token ratio, which is a measure of repetitiveness vs. introduction of new ideas.
Another set of eight unconventional measures concerns the percentage of various parts of

speech used in the text. They are: percentage of noun types, percentage of verb types,
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percentage of adjective types, percentage of adverb types, percentage of noun tokens,
percentage of verb tokens, percentage of adjective tokens and percentage of adverb tokens.
The data are retrieved by looking up words in the widely used electronic dictionary
WordNet, developed by the Cognitive Science Laboratory at Princeton University (Miller et
al. 2003). To access WordNet, KSAS calls the JWNL, which is an open source API
developed at Stanford University for accessing WordNet-style relational dictionaries
(Didion et al. 2003). Value changes in the semantic measures can partially reflect the
impaired lexical retrieval and abnormally organized semantic network often reported in
patients of mental diseases (e.g., Allen, Liddle and Frith 1993; Chance et al. 2002).

The speech of the mentally ill often displays simplified syntax, such as shallower
clausal embedding and fewer relative clauses (Morice and Ingram 1982; Morice and
McNicol 1985, 1986). KSAS computes four syntactic measures: the number of sentences,
average sentence length for syntactic complexity, the number of occurrences of that per 100
words for embedded clause and for indexical uses, and the number of occurrences of it, he,
she, they, him, her and them per 100 words for pronoun usage. These measures are
effective although somewhat naive without a built-in syntactic parser.

To machines, pragmatic changes are less tangible than changes at any other layer of
language. KSAS focuses itself on conversational skills. The pragmatic measures used
are: the number of questions (talking to the interviewer or oneself), the frequency of fillers
like um, eh, uh and oh, the number of occurrences of the word something per 100 words, the

frequency of negations as the sum of the number of occurrences of no and not per 100
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words, the frequency of positive assertions as the sum of the number of occurrences of yes,
yeah and yep per 100 words, the number of occurrences of the pronoun you per 100 words,
and the number of occurrences of the pronouns | and me per 100 words. These measures
roughly show the speaker’s interpersonal communicative skills, his use of filled pauses and
vague language, and some other conversational characteristics.

Through the above mentioned measures, KSAS not only provides a relatively complete
description of a speech sample, but also concretizes many of the linguistic measures adopted in
the psychiatric scales mentioned in 1.3. “Self-reference” used in TLC, for instance, is directly
related to the frequency of the pronouns | and me. These measures can easily be adopted in
other psycholinguistic investigations. In the next chapter, we shall see how these statistics

have actually been used in the comparative study of ketamine-influenced and normal speech.
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CHAPTER THREE

KETAMINE-INFLUENCED VS. NORMAL SPEECH

Equipped with the speech analyses software that | developed in Chapter Two, | will
closely examine some speech samples and research the differences between
ketamine-influenced and normal speech. In this chapter, | shall present some statistical
analyses on the data extracted by KSAS, and then discuss the significant properties of

ketamine-influenced speech uncovered by the analyses.

3.1 Data Extraction

The sound files | use for this project are recordings which were made during a
placebo-controlled, double-blind study on the effects of ketamine conducted at Cambridge
University, and which were provided to the University of Georgia by GlaxoSmithKline
Research & Development Ltd. under a research contract. (Informed consent was obtained,
and institutional human-subjects approval was obtained at both universities.) Twenty healthy
volunteers participated in the study, each of whom was administered one of the two sets of three
different subanesthetic regimens intravenously in random order. Set 1 includes the following
regimens:

A) A 10-minute-long 0.27mg/kg bolus of ketamine followed by a 90-minute-long
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0.14mg/kg/hr ketamine infusion;
B) A 10-minute-long 0.08mg/kg bolus of ketamine followed by a 90-minute-long

0.04mg/kg/hr ketamine infusion;
C) Placebo.

Set 2 includes the following regimens:

A) A 5-minute-long 0.26mg/kg bolus of ketamine followed by a 95-minute-long 0.97mg/kg/hr

ketamine infusion;
B) A 10-minute-long 0.40mg/kg bolus of ketamine followed by a 90-minute-long

0.21mg/kg/hr ketamine infusion;
C) Placebo.
The doses of ketamine are slightly lower here than in most published studies; yet, as was
mentioned in 1.3, the purpose of this study is to find distinctive properties of
ketamine-influenced speech that are not too dosage-dependent.

The volunteers were asked to describe four pictures from the Thematic Apperception Test

(TAT, Murray 1943/1971) as fully as possible during each of the three regimens. Seventeen
volunteers had all their three recordings well saved (i.e., two after ketamine and one after
placebo) and the other three had one of their ketamine-influenced files corrupted, leaving only
the other two analyzable audio files (i.e., one after ketamine and one after placebo). Hence,
we have 37 contrastive pairs of normal and ketamine-influenced (regardless of high or low dose)
speech samples in all. Hardly any of the speech samples are distinguishable by the human ear

as to whether they are produced under the influence of ketamine or not, except for one or two
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that are marked by exceptionally long pauses. The contents of the speech samples were
logical and the speakers concentrated on the description of the pictures, showing no sign of
digression. The speech samples had correct morphology, with proper inflections. They were
syntactically acceptable, although packed with features such as hesitations, false starts, fillers,
hedges, repairs and repetitions that are typical of any spontaneous spoken language. Clearly,
the regimens of ketamine used in the experiment did not induce changes in verbal productivity
S0 conspicuous as to be unmistakably detected by a human audience. It is therefore imperative
that we use the computer for an accurate and objective assessment of the data.

I chose to analyze the data from ten of the volunteers, for whom | have all the three
recordings. The speech samples from the other ten volunteers were left untouched to be used
later in an unprejudiced test of KSAS. | generated corresponding .f0, .frm and transcription
files for each of the thirty speech samples from the selected volunteers before inputting them to

KSAS. | then obtained some statistics from KSAS for further study.

3.2 Statistical Results

For most of the measures output by KSAS, | did a paired one-tail Student’s t-test between
the set of high-dose values and that of placebo values, and between the set of low-dose values
and the placebo values. The results of the t-tests show that values of some measures were
significantly altered with the administration of ketamine (the p-values reported below are from

the tests between Regimen A (i.e., high dose) and placebo). These measures include:
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3)

4)

5)

6)
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Percentage of verb tokens: Ketamine significantly reduces the frequency of verb tokens
(p<0.003);

Occurrences of fillers like um, uh per one hundred words: ketamine significantly increases
the use of fillers (p<0.011);

F1 interquartile range (iqr) as percentage of the total F1 range: Ketamine significantly
increases the F1 igr as a percentage of the total F1 range (p<0.013);

Percentage of noun types: Ketamine significantly increases the percentage of noun types
(p<0.014);

Percentage of noun tokens: Ketamine significantly increases the percentage of noun
tokens (p<0.037);

F1 standard deviation: Ketamine significantly increases the standard deviation of F1

(p<0.057).

Table 3.1 reports the detailed experimental results of the above six significant measures.

Below are some other measures that are affected by ketamine though not as significantly;

Table 3.2 reports the experimental results for these measures.

1)

2)

3)

Number of occurrences of | per 100 words: Ketamine increases the frequency of the
pronoun | (p<0.11);

Frequency of positive assertions: Ketamine increases the frequency of yes, yeah and yep
(p<0.15);

FO standard deviation: Ketamine increases the standard deviation of FO (p<0.13);
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4) Number of questions: Ketamine reduces the number of questions (p<0.14);
5) F3range: Ketamine reduces the range of F3 (p<0.13).

Along with the increase in the standard deviation of FO and F1 mentioned above, an
insignificant decrease in the kurtosis of FO and F1 after ketamine has been observed. Table

3.3 shows the changes in these two values of FO and F1.
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Regimen \olunteer ID (with Regimen Set ID) p-value  (Ketamine
1@ [3@) [4@) [5@) [7() [o@) [10() [u@ [14@) [15(n |PHredwithPlacebo)
Percentage of verb tokens
A 25.78 |30.67 |32.08 |34.72 |30.45 |317 29.44 | 33 31.82 | 32.73 0.003
B 28,51 |30.51 |321 34.72 |30.54 |33.76 |29.57 |28.63 |29.2 28.81 0.0001
C (Placebo) |33.16 |32.74 |3529 |[34.22 |3297 |36.49 |33.1 33.23 | 3231 |34.87
Occurrences of fillers like um, uh per one hundred words
A 7.63 3.11 1.73 4.56 3.7 3.77 5.22 7.26 6.82 6.07 0.010
B 4.82 5.88 0.53 4.56 3.59 2.06 4.13 5.65 5.32 6.58 0.042
C (Placebo) | 3.65 1.77 1.61 3.17 4.96 0.61 3.45 3.86 3.08 6.91
F1 interquartile range (igr) as percentage of the total F1 range
A 13.61 | 2657 |20.88 |17.46 |20.72 |17.81 |12.34 |14.87 |10.71 |14.15 0.013
B 21.23 | 24.18 | 1578 |17.74 |22.04 |2155 |8.56 21.08 | 8.26 13.16 0.016
C (Placebo) | 9.24 1401 |13.32 |1556 |21.01 |12.44 |8.59 15.39 | 9.07 15.15
Percentage of types that are nouns
A 25 20.31 |21.01 |17.45 |2255 |26.15 |20.11 |16.86 |22.08 |20.54 0.014
B 2222 | 2321 |19.29 |17.45 |20 21.94 | 2349 |19.23 |20 26.77 0.008
C (Placebo) | 1859 |20.51 |19.59 |16.06 |1448 |18.42 |14.78 |18.92 |21.82 |19.12
Percentage of tokens that are nouns
A 25.78 | 26.67 |19.08 |18.98 |23.46 |20.75 |19.83 |16.01 |21.21 |23.02 0.037
B 23.69 | 2458 |20.42 |18.98 |2096 |22.16 |20 21.77 | 24.34 | 24.69 0.003
C (Placebo) | 16.97 |25.66 |19.79 |14.81 |19.51 |15.32 |18.28 |18.69 |2256 |21.05
F1 standard deviation
A 168.86 | 167.4 | 147.4 | 222.67 | 178.22 | 164.36 | 137.62 | 115.89 | 90.42 | 168.13 | 0.057
B 186.91 | 164.46 | 156.03 | 158.03 | 186.46 | 167.72 | 119.14 | 166.49 | 123.15 | 119.42 | 0.013
C (Placebo) | 164.67 | 159.24 | 126.19 | 147.59 | 184.3 | 118.89 | 134.89 | 124.68 | 113.43 | 111.32

Table 3.1 Most significant experimental results
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Regimen \olunteer ID (with Regimen Set ID) p-value  (Ketamine
1) [3@) [4@ [5@) [7() [o@) [10(1) [11(1) [14(2) [15(2) | PredWith Placeho)
Number of occurrences of | per 100 words
A 0.7 1.78 0.87 1.37 2.88 0.19 2.71 0.66 0 1.8 0.110
B 04 2.12 1.59 1.37 2.7 0 1.96 0 0.44 0.41 0.371
C (Placebo) | 0.79 1.33 0.54 1.06 2.47 0.2 0.69 0.89 0.51 1.64
Frequency of positive assertions
A 0.7 0.44 0.58 0.46 1.23 0 0.63 0.17 0 0.72 0.146
B 0.4 0 1.06 0.46 1.8 0 0.43 0 0 0.41 0.253
C (Placebo) |0 1.7 0 0 0 0.2 0 0 0 0.66
FO standard deviation
A 1995 |27.96 |21.11 |2856 |29 15.82 | 25.73 |16.03 |22.47 |26.93 0.132
B 3212 | 2295 |16.7 14.3 27.39 | 2216 |16.54 |4458 |16.21 |29.25 0.209
C (Placebo) |21.24 |21.88 |3355 |17.08 |29.29 |13.95 |17.27 |13.63 |18.28 |22.96
Number of questions
A 2 1 0 0 1 0 0 0 0 0 0.139
B 0 0 0 0 0 0 1 0 0 0 0.056
C (Placebo) |1 2 0 0 2 0 0 0 0 2
F3 range
A 2211.8 | 2408.4 | 2321.1 | 2820.9 | 2953.8 | 2692.8 | 2791.5 | 2595.8 | 2388.1 | 2312.3 | 0.126
B 2077.5 | 2109.5 | 2207.7 | 2869.3 | 3122.7 | 2398.9 | 2968.5 | 2813.8 | 2566.8 | 2215.9 | 0.037
C (Placebo) | 2083.5 | 2446.9 | 2255 | 3138.8 | 2992 | 2392 |3096.2 | 2904.5 | 2537 | 2446.7

Table 3.2 Some results with lower significance



29

Regimen \olunteer ID (with Regimen Set ID) p-value  (Ketamine
1) [3@) [4@ [5@) [7() [o@) [10(1) [11(1) [14(2) [15(2) | PredWith Placeho)
FO standard deviation
A 1995 |27.96 |21.11 |2856 |29 15.82 | 25.73 |16.03 |22.47 |26.93 0.132
B 3212 | 2295 |16.7 14.3 27.39 | 2216 |16.54 |4458 |16.21 |29.25 0.209
C (Placebo) |21.24 |21.88 |3355 |17.08 |29.29 |13.95 |17.27 |13.63 |18.28 |22.96
FO Kurtosis
A 41.4 2531 |29.63 |29.38 |11.18 |106.18 | 15.16 |71.82 |10.41 | 26.37 0.201
B 22.81 |19.81 |26.57 |19.68 |26.52 |52.79 |35.66 |15.77 |9.25 32.6 0.044
C (Placebo) |31.09 |25.29 |2241 |41.75 |27.2 116.02 | 25.14 |56.45 |12.23 |39.97
F1 standard deviation
A 168.86 | 167.4 |147.4 |222.67 |178.22 | 164.36 | 137.62 | 115.89 | 90.42 | 168.13 | 0.057
B 186.91 | 164.46 | 156.03 | 158.03 | 186.46 | 167.72 | 119.14 | 166.49 | 123.15 | 119.42 0.013
C (Placebo) | 164.67 | 159.24 | 126.19 | 147.59 | 184.3 | 118.89 | 134.89 | 124.68 | 113.43 | 111.32
F1 Kurtosis
A 5.95 2.7 3.2 6.77 4.53 4.08 1291 |6.55 11.61 |9.44 0.259
B 3.72 2.74 4.29 4.66 4.26 2.81 17.31 |5.28 21.06 |10.71 0.410
C (Placebo) | 6.84 3.98 5.6 5.46 3.66 491 18.69 | 8.13 12.74 | 3.89

Table 3.3 Standard deviation and kurtosis of FO and F1
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3.3 Discussion
In this section, I discuss the distinctive properties of ketamine-influenced speech found in

the last section.

3.3.1 Verbs vs. Nouns
Compare the utterances in examples (1) and (2) below which are taken from the

transcriptions of the speech samples by two of the volunteers. In both examples, utterance (a)

was produced after ketamine and utterance (b) after placebo.

(1) (a) “There’s a table. The — the other female figure is older — could either be a, a maid,
servant or mother.” (Volunteer A — ketamine-influenced speech)

(b) “There's um, looks like this lady in the foreground who's, looks like she's probably up
a tree. Looking down on another lady ... And the woman looks as though she’s
running. Perhaps searching. Searching for her. Her eyes look quite piercing. As
though she’s looking out for something.” (Molunteer A — normal speech)

(2) (@ “And a woman looking over a bridge. With, um, docks and housing in the
background. With people and the docklands. And unloading a boat.” (Molunteer B —
ketamine-influenced speech)

(b) *“Ok, um, appear to be a sort of beach scene. And there's two women in the picture.
Um looks as if there's water in the background. The woman in the bottom left is
slightly, slightly more distant. The woman in the foreground appears to be halfway

up atree or tree trunk.” (Volunteer B — normal speech)
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Utterance (a) in both examples makes a striking impression of the speaker naming one
object after another, with no further intention of describing their actions.  The
ketamine-influenced speech is stacked with sentence fragments made up of noun phrases,
which are not extended with verb phrases. On the other hand, in normal speech such as (b),
sentences are frequently started with a verb, with the subjects (expletive or non-expletive)
omitted. The speakers not only attempt to describe the actions depicted in the picture, but tend
to modify and revise their verbs. Moreover, repairs are more frequently made inside a noun
phrase in ketamine-influenced speech, while they are often made as a verb is being uttered in
normal speech, as shown in example (1).

The increase of the percentage of verbs and the decrease of the percentage of nouns in
ketamine-influenced speech is fundamentally caused by some brain impairment, reflected in the
difficulty in retrieving the more complicated lexical items. Such impairment is exaggerated
with high doses of ketamine, as described by a heavy ketamine-taker as “trouble searching for
the right word, and trouble putting sentences together” (Rocher 2001).

Verbs are intrinsically more complex than nouns. Verbs are semantically related to their
arguments and syntactically retrieved with their argument structures, whereas typically nouns
simply refer to single entities and serve as arguments. \Verbs have less imageability, since they
refer to actions and events that usually change over time rather than stay static (D’Amico et al.
2002). The greater complexity of verbs is supported by evidence from language acquisition,
since all children acquire nouns earlier than verbs. The fact that verbs are more complex than

nouns implies that any brain pathology should be more likely to impair verbs than nouns
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(Silveri et al. 2003). In fact, recent research has shown proven relationship between verb
production impairments and mental disorders such as dementia (Silveri et al. 2003, Bak et al.
2001), Alzheimer’s disease (Kim and Thompson 2004), and aphasia (Berndt et al. 2002).

I conclude that subanesthetic doses of ketamine cause minor impairment that subtly
hinders the retrieval of verbs, while leaving noun production unaffected. This implies that
ketamine may affect certain parts of the nervous system compromised by the mental disorders

whose symptoms include verb production disorder.

3.3.2 The First Formant and the Fundamental Frequency

One thing that ketamine-takers often report when on ketamine is having problem
“making the sounds” (Rocher 2001), one typical example being “the words ‘loads of love’ come
out as ‘roads of ruv’” (StoneHappyMonday 2001). This indicates that while on ketamine, the
central nervous system has difficulty controlling the articulatory organs. Since formant
frequencies convey place and manner of articulation, deviations from the formant distributions
of normal speech serve as a helpful indicator of articulatory difficulty. For example, unusual
distribution of F1 reflects abnormal vowel height resulting from articulatory irregularity.

In this study, ketamine significantly altered the standard deviation of F1 and its
interquartile range expressed as a percentage of the total range. An insignificant decrease in
the kurtosis of F1 accompanied the increase of the standard deviation after ketamine.
However, there was no significant change in the range and mean of F1. These results show

that the first formant of normal speech is more concentrated and peaked at the center of the
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range while that of ketamine-influenced speech is more spread out. A plausible explanation of
this contrast is that the brain partially loses control of the articulators (especially those
regulating vowel height) and has trouble finding the “anchor” of normal articulation.

A few of the previous studies have examined the relationship between spectral changes
and mental diseases such as schizophrenia (Tolkmitt et al. 1982), Down’s Syndrome (Moran
1986; Pentz 1987) and speech disorders (Kent 1979). In those studies, formant changes are
examined only with regard to a few specific vowels and consonants. In addition, changes in
the second formant are more frequently reported in the literature (e.g., Kato 1989; Subramanian
2003). My study differs from the previous studies in that | did not isolate certain sounds for
examination and | found that the first formant experienced more prominent changes than the
other formants. This result coincides to a certain degree with the finding of Haley, Ohde and
Wertz (2001), who claimed that vowel substitutions that some aphasic and apraxic speakers
displayed affected exclusively vowel height rather than vowel frontness (as partially
represented by F2).

I had expected to detect “affective flattening,” and specifically “lack of vocal inflections”
(i.e., monotonous speech with flattened intonation), through decreased variance in the
distribution of the fundamental frequencies. On the contrary, like the first formant, the
fundamental frequencies in ketamine-influenced speech were found to generally exhibit an
increased standard deviation and a decreased kurtosis in my project. My speculation is that
the brain on ketamine is also having trouble anchoring the pitch, and that the ketamine doses in

this project might not have been high enough to significantly reduce vocal inflections.
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3.3.3 Filled and Unfilled Pauses

Alogia is an important sign of negative-symptom schizophrenia, which is characterized
by poverty of speech and increased latency of responses. Ketamine has been reported to
simulate schizophrenia-like negative symptoms in healthy volunteers (e.g., Adler et al. 1998;
Lahti et al. 1995, 2001) and | have shown that the frequency of filled pauses significantly
increases with ketamine. Such increase may be either due to the difficulty in lexical retrieval
mentioned earlier in 3.3.1, or due to poverty of content of speech, or due to drug-induced
emotional withdrawal.

Contrary to my expectation, however, my measure for unfilled pauses, the percentage of
time with zero FO (i.e., no voicing), failed to produce a very significant result, although studies
have shown negative symptoms to be highly correlated with the frequency and length of
unfilled pauses (Alpert, Pouget and Silva 1995; Stassen et al. 1995). This is because the
values of this measure are severely compromised in this project by the interviewers in three
ways: first, some interviewers conversed with the volunteers while others did not talk at all
during the picture descriptions; second, some interviewers prompted for more description after
the volunteer finished talking about one picture (which was obviously difficult for the volunteer)
while others proceeded right to the next picture; last and most significantly, the pauses that the
interviewers left between the pictures varied vastly. Hence, 1 still believe that the percentage
of time with zero FO or related FO measures such as the average length of pauses with zero FO

could be useful on other occasions.
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3.3.4 Some Pragmatic Measures

| found a tendency to increase the use of the pronoun | in ketamine-influenced speech.
This is apparently related to the “self-reference” disorder used in the TLC scale to rate thought
disorder (Andreasen 1979a). Another pragmatic measure that has been proved useful is the
number of questions in the speech. Questions are, in a way, an acknowledgment of the
existence of the interlocutor and a way to establish a relationship. Ketamine-influenced
speech is more self-centered and contains fewer questions.

Although there is no obvious explanation available for these results, they reveal to a
certain extent impairment of interpersonal communicative skills or social inference that is often
referred to as “theory of mind” (Premack and Woodruff 1978; Corcoran, Mercer and Frith 1995,

Frith 2004).
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CHAPTER FOUR

THE SCORING AND IDENTIFICATION SYSTEM

The statistical analyses in the previous chapter reveal some distinctive properties of
ketamine-influenced speech. In this chapter, | develop a simple algorithm for KSAS, which
combines these properties into a weighted score, and use the score to distinguish

ketamine-influenced from normal speech.

4.1 A Simple Algorithm to Score and Identify

On clicking the “conclusion” button, KSAS will present in its conclusion text box its
suggestion as to which one of the input speech samples is ketamine-influenced and which one is
normal. This is achieved by running a simple algorithm that scores the speech samples and
does the identification based on the characteristics of ketamine-influenced speech discussed in
3.2.

I chose to include ten of the distinctive properties in the scoring system:
1)  Lower percentage of verb tokens;
2)  Higher percentage of noun types;
3)  Higher frequency of fillers like um, uh;

4)  Higher F1 interquartile range as percentage of the total F1 range;
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5) Larger F1 standard deviation;

6) Larger FO standard deviation;

7)  Smaller number of questions;

8)  More occurrences of | per 100 words;

9)  Higher frequency of positive assertions;

10) Larger F3 range.

“Lower percentage of noun tokens” was excluded from the list, because it is highly correlated
with “lower percentage of noun types” and would cause multi-collinearity in the scoring
system.

The basic strategy used to score the speech samples and identify ketamine-influenced
speech is:

1) Compare the two input speech samples; for the presence of each of the distinctive properties
found in a speech sample, add to the total score of that sample;

2) Compare the total scores of the two input speech samples, and label the sample with the
higher score as “ketamine-influenced.”

The ten properties, however, have different levels of significance as shown in 3.2 by
different p-values; it would, therefore, be inappropriate simply to assign 1 point for each of the
properties. In order to obtain indicative scores with a reasonable weight assigned to each
property, | did two things.

First, since the first five properties are supported by much more significant test results

than the latter five, | separated the ten properties into two groups: the more significant and the
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less significant group. The second group will be used only if there is a tie in the scores from

using the first group. Four properties from the second group (i.e., FO standard deviation,

number of questions, frequency of I, and frequency of positive assertion) are almost always able
to break the tie; in the very rare case where there is another tie (which did not happen at all in
my experiment), the last property “F3 range” will be used to make the identification.

Second, the score assigned to each property was roughly weighted according to its
p-values both from the paired t-test on high-dose ketamine (Regimen A) and placebo samples,
and the paired t-test on low-dose ketamine (Regimen B) and placebo samples. Briefly, the
following shows how the weights are assigned to the properties:

1) with the smallest p-values (p<0.003), “lower percentage of verb tokens” will score 1.5
points;

2) with their p-values around 0.01, “higher percentage of noun types,” “higher frequency of
fillers like ‘um’, ‘uh’,” and “higher F1 interquartile range as percentage of the total F1
range” will each score 1 point;

3) with its p-values around 0.05, “larger F1 standard deviation” will score 0.5 points;

4) the remaining five less significant properties will each score 0.2 points.

Assuming that the values of the necessary measures have already been computed for the
input speech samples, the scoring and identification algorithm is basically a series of number
comparisons and additions, and thus extremely efficient. Appendix B is the actual

implementation of the algorithm.
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4.2 Results

The scoring and identification algorithm is simple, yet it achieves high accuracy in
identifying ketamine-influenced speech. 1 tested the algorithm on all the 37 contrastive pairs
of speech samples at hand, each consisting of one normal and one ketamine-influenced sample
produced by a single volunteer. The whole process, from data extraction to conclusion, was
automated, and the identification algorithm successfully recognized the ketamine-influenced
sample from 36 of the speech pairs, which means an accuracy of 97%. Noticeably, 83% of the
correct identifications were achieved by using only the five most significant properties. Table
4.1 is a detailed report of the test results.

These results are significant especially in two aspects.  First, | have thereby proved that
subanesthetic doses of ketamine do induce deviations from normal speech, if not speech
impairments. These differences occur at all levels of language: phonetic, semantic, syntactic
and pragmatic. Second, differences between ketamine-influenced and normal speech have
been proved machine detectable. While human observers may have certain advantage over
machines in perceiving emotional changes in a face-to-face interview, some subtle changes in
the speech such as a slight decrease in the percentage of verbs are more liable to be detected by
machines. The contrast between humans and machines in my project boils down to the
contrast between subjectivity and objectivity and the contrast between fuzziness and precision.
I believe that if objectivity and precision are used in complement to expert judgment, our

conclusions shall be closer to fact in any psychiatric research.
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\ol ID Reg set ID | Paired regimens | No. of props used | Paired scores Result

1 1 A-C 5 5-0 Success
1 1 B-C 5 5-0 Success
2 1 B-C 9 2.7-2.5 Success
3 1 A-C 5 4-1 Success
3 1 B-C 5 5-0 Success
4 1 A-C 5 5-0 Success
4 1 B-C 5 3-2 Success
5 1 A-C 5 3.5-1.5 Success
5 1 B-C 5 5-0 Success
6 1 A-C 5 4-1 Success
6 1 B-C 5 3.5-15 Success
7 1 A-C 9 3.1-2.7 Success
7 1 B-C 5 4-1 Success
9 1 A-C 5 5-0 Success
9 1 B-C 5 5-0 Success
10 1 A-C 5 5-0 Success
10 1 B-C 5 3.5-1.5 Success
11 1 A-C 9 2.9-2.7 Success
11 1 B-C 5 5-0 Success
12 1 A-C 5 5-0 Success
12 1 B-C 5 4-1 Success
13 2 B-C 5 3-2 Success
14 2 A-C 5 4.5-0.5 Success
14 2 B-C 5 3-2 Success
15 2 A-C 5 3-2 Success
15 2 B-C 5 3-2 Success
18 2 B-C 5 4-1 Success
20 2 A-C 5 5-0 Success
20 2 B-C 5 5-0 Success
21 2 A-C 9 2.9-2.5 Success
21 2 B-C 9 2.9-2.5 Success
22 2 A-C 5 1.5-3.5 Failure
22 2 B-C 5 4-1 Success
23 2 A-C 5 5-0 Success
23 2 B-C 5 4-1 Success
24 2 A-C 9 2.9-2.7 Success
24 2 B-C 5 3.5-15 Success

Table 4.1 KSAS test results
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CHAPTER FIVE

CONCLUSION

Ketamine, as an NMDA antagonist, has been known to induce brief schizophrenia-like
symptoms in healthy volunteers. Since many of these symptoms concern language, this study
is devoted to finding distinctive properties of ketamine-influenced speech, in the hope that such
findings may shed light on the characteristics of schizophrenic language and thus help in the
diagnosis of schizophrenia.

This study shows that ketamine-influenced speech differs significantly from normal
speech in at least five aspects and these have successfully been used to identify
ketamine-influenced speech automatically:

1) ketamine significantly reduces the percentage of verbs in the speech;
2) ketamine significantly increases the percentage of nouns;
3) ketamine significantly increases the use of fillers like um, uh;
4) ketamine significantly increases the F1 interquartile range as a percentage of the total F1
range;
5) ketamine significantly increases the standard deviation of F1.
An obvious step to take in the future is to test the properties found to be significant for

ketamine-influenced speech on data from schizophrenic patients. Once these or some of these
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properties are proven to be shared by schizophrenic speech, they can be adopted in diagnostic
procedures for schizophrenia. Changes towards normal speech should provide valuable cues
for the improvement of a patient’s condition.

As a by-product of this study, the Ketamine Speech Analysis Software (KSAS) has been
implemented in Java. It extracts basic statistics at phonetic, semantic, syntactic and pragmatic
level from the input speech samples, which can be used in further study. In particular, it
includes a scoring and identification algorithm that distinguishes ketamine-influenced from
normal speech with a high accuracy. Following the same steps that | took to develop the
algorithm, KSAS can be easily adapted to identify typical speech induced by other pathologies.
All that needs to be done is to find the statistically significant properties and rewrite the scoring
system. Obviously, the usefulness of the software is not restricted merely to the study of
ketamine-influenced speech.

One of the improvements planned for the software is the implementation of a built-in
syntactic parser, which will make it possible to rate sentence complexity. Since, as | have
mentioned in 2.3, mental diseases often reduce syntactic complexity, it will be a useful measure
to have. Another move to make may be to revise the scoring system to make it more

sophisticated and more error-proof.
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APPENDIX A

HOW TO USE KSAS

In this appendix, | use an example to walk the reader through the whole process of using
KSAS.

Say we have in folder “Volunteer-A” two sound files sample001.wav and sample002.wav,
which are recordings of one healthy volunteer A. One of the files was recorded after ketamine,
and the other was not. Remember that if the sound files contain the voice of an interviewer,
they need editing so that the files contain only the voice of the volunteer. Follow these steps
to use KSAS:

1. Create two subfolders “sample001” and “sample002” inside the folder “Volunteer-A.”
Move sample001.wav and sample002.wav to their corresponding subfolders.

2. Transcribe sample00l.wav to sample00l.txt. Do not include comments. Save
sample001.txt in the folder “sample001.”

Now, open sample001.wav using WaveSurfer.

WaveSurfer 1.6.0

File Edit Transform Wiew Help

DEEH| &S| $B2R| & q g 5 | oo

sample00] . way M1l H® <

WawveB ar - [00.000 00.000]




When prompted, choose “Speech analysis” as the configuration and click OK.

Choose Confi... E|@| E|

D emorztration i
HTE. transcription
P4, transcription
Spectrogram
Speech analysis
TIMIT transcription
Transcription
WEES tranzcriphion
W aweform

r-waveforms o

Cancel |

Wait for WaveSurfer to complete its computation.

WaveSurfer 1.6.0

File Edit Transform View Help
DEeEH| 2R teaidw| & g H 1k | oooo

zamplel0l. way Mr>11H® X
31491

-22310
Hz

4000 —
3300 —
3000 —
23500
2000 —
1500

1000 — 5 \ .I
500 | HEEEE ¥ e T ]

- : 0 : 0 g 0 : i : 0 g 0 g 0 g 0 g 0 ;

time O:00.8 a:o00.39 0:01.0 0:01.1 0:0l1.2 0:o0l1.3 0:o0l1.4 0:0l1.5 0:01l.&

Hz
300 -

200

100 - L

oooooooooo

" avefiorm - 00:00.732 [3115 645]
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Right click on the spectrogram pane and choose “Save Data File ...” from the menu.

the file “sample001.frm” to the folder “sample001.”

and choose “Save Data File ...” from the menu.

“sample001.”

folders each containing four files: a .wav, a .f0, a .frm and a .txt file.

4, Open KSAS.

File Analyses Help

Open _FO File 1

Repeat step 2 for sample002.wav in the folder “sample002.”

Save the file “sample001.f0” to the folder

Now, we should have two

Open _FRM File 1 Open Transcription 1 Help
Open .FO File 2 Open .FRM File 2 Open Transcription 2 Conclusion
FO Basic Stats FRM Basic Stats Text Stats Save Output
Inputs lease open . f0 file 1 : . frm file 1 path displayed here. ! Tranzcription file 1 path here
T O O O s MW T
L f0 file 2 path displayed here. . frm file 2 path displayed here. Tranzcription file 2 path here
S T L T | e L
| 0 Brnalyses output here. Formant Analyses output here. Text Analyses output here.
Outputs

Conclusion displayed herea.

Gonclusion
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Save

Right click on the pitch contour pane



1” button and open “sample001.frm.”

“sample001.txt.”

2” button and open “sample002.frm.”

“sample002.txt.”

File Analyses Help

Click the “Open .FO File 1” button and open “sample001.f0.”

Click the “Open .FO File 2” button and open “sample002.f0.”

Now, we should have a window like this.

With each file opened, the corresponding input window will display the
file name and its path.

Click the “Open .FRM File

Click the “Open Transcription 2” button and open

=19
Open FOFile 1 Open _FRM File 1 Open Transcription 1 Help
Open .FO File 2 Open .FRM File 2 \Open Transcription 2 Conclusion
FO Basic Stats FRM Basic Stats Text Stats Save Output
Inputs unteer-Ahsample001 't sample001. txti—
| 0 Brnalyses output here. Formant Analyses output here. Text Analyses output here.
Outputs

Conclusion displayed herea.

Gonclusion
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Click the “Open .FRM File

Click the “Open Transcription 1” button and open
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7. Click the buttons “FO0 Basic Stats,” “FRM Basic Stats,” and “Text Stats,” and get the output

statistics.

A KsAs

DEx

File Analyses Help
Open FOFile 1 Open _FRM File 1 Open Transcription 1 Help
Open .FO File 2 Open .FRM File 2 Open Transcription 2 Conclusion
FO Basic Stats FRM Basic Stats | Text Stats | Save Output
Inputs unteer-Ahsample001 't sample001. txti—
tile 1 =tatistics: : File 1 statizties: [File 1 statisties:
ercent0fZer oF0=TE. 0B F1 Statistics om0 £T okeen==28T
ma:=358. 02 max=1, 497, B5 ‘ pun0£Types=124
min=E5. 16 min=T4. 15 typelokenRatio=0. 43
=un=452, 353. 15 =um=1, T14, 337. 09 tokensFerSecond=1. 4T
range=290. 87 range=1, 423. 47 om0 fueztionz=2
interguartile range=11.9 interquartile range=193. 75 om0 £5 ent ences=3T
igrpercent=4 09 igrpercent=13. 61 averageSentencelength=T. T8
ED% range=39. 56 Q0% range=506.03 percent0fHounTypez=25
Outputs O%range percent=13. 8 0% anze percent=35.55 percent0f¥erbTypes=33. 0B
mean=103. 24 mean=36T. 0B percentlfidjectiveTypes=h 45
variance=398. 17 - variance=28, 512. 51 percent0fddverbTypes=20. 16
ztdew=19. 95 Jstdev=1B5. 86 “fpercent0ffounTokens=25. 76
skewness=35. 12 skewness=1.55 percent0fVerbTokans=25. Ta
tosis=41. 4 lourtosis=5 85 percent0fAdjectiveT okens=3. 53
percent0fhdverbTokenz=14. 95
ile 2 statisties: F2 Statistics 1=t freq word: um
ercentDfZeroFO=64. 98 max=2, 554. 35 Znd freq word: a
max=35684. 07 “hmin=407. 54 | ipird freg word! s =
Concluzion displayed here.
Conclusion

8. Click the “Conclusion” button to get the identification of the ketamine-influenced speech in

the conclusion pane similar to the following:

¥ conclusion is !
peech 1 iz ketamine-influenced and Speech 2 iz normal.

harde you for using ESAS)

Conclusion |
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9. Click the “Save Output” button to save an “output.txt” to the folder “\Volunteer-A” for
future reference. This file will include all the information currently on the window, such

as filenames, measures and the conclusion.  And that concludes our example.



APPENDIX B

THE KSAS SCORING AND IDENTIFICATION ALGORITHM

/******************************************

* This algorithm returns an int: 1, 2, or 3

* 1. Speech 1 is ketamine-influenced

* 2. Speech 2 is ketamine-influenced

* 3. Cannot decide
*******************************************/
int evaluate(){

/linitiation

double score1=0.0, score2=0.0;

/luse the five significant measures first

/lcheck percentOfVerbTokens
if(speechl.percentOfVerbTokens < speech2.percentOfVerbTokens){

scorel+=1.5;

}

else if(speechl.percentOfVerbTokens > speech2.percentOfVerbTokens){
score2+=1.5;

}

/lcheck percentOfNounTypes
if(speechl.percentOfNounTypes > speech2.percentOfNounTypes){

scorel+=1;

}

else if(speechl.percentOfNounTypes < speech2.percentOfNounTypes){
score2+=1;

}

/lcheck frequency of fillers
if(speechl.filler > speech2.filler){
scorel+=1;

ky
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else if(speechl.filler < speech2.filler){
score2+=1;

¥

/lcheck F1 igrpercent
if(speechl.fligrpercent > speech2.fligrpercent){

scorel+=1;

}

else if(speechl.fligrpercent < speech2.fligrpercent){
score2+=1;

}

/Icheck F1 standard Deviation

if(speechl.flstdev > speech2.flstdev){
scorel+=0.5;

}

else if (speechl.flstdev < speech2.flstdev){
score2+=0.5;

ky

if(scorel>score2)

return 1;  //speech 1 is ketamine-influenced
else if(scorel<score2)

return 2;  //speech 2 is ketamine-influenced

/lif there is a tie, use the less significant measures
else{
if(speechl.fOstdev > speech2.fOstdev)
scorel+=0.2;
else if(speechl.fOstdev < speech2.fOstdev)
score2+=0.2;

if(speechl.numOfQuestions < speech2.numOfQuestions)
scorel+=0.2;

else if(speechl.numOfQuestions > speech2.numOfQuestions)
score2+=0.2;

if(speechl.freqOfl > speech2.freqOfl)
scorel+=0.2;

else if(speechl.freqOfl < speech2.freqOfl)
score2+=0.2;



if(speechl.freqOfPos > speech2.freqOfPos)
scorel+=0.2;

else if(speechl.freqOfPos < speech2.freqOfPos)
score2+=0.2;

if(scorel>score2)
return 1;

else if(scorel<score2)
return 2;

/[if there is a tie again, use F3 range as the last measure
else {
if(speechl.f3range < speech2.f3range)
scorel+=0.2;
else if(speechl.f3range > speech2.f3range)
score2+=0.2;

if(scorel>score2)
return 1;

else if(scorel<score2)
return 2;

//make no decision if there is a tie again
else return 3;
}lelse
}lelse
}H/evaluate()
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