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Abstract

We are currently pursuing methods for “author profiling” ihieh various aspects
of the author’s identity might be identified from a text, vatit necessarily having a
corpus of documents from the same individual. A key compbpésuch an identity
profile is personality; this paper addresses distingugstiigh from low neuroticism
and extraversion in authors of informal text. We consider fdifferent sets of lexical
features for this task: a standard function word list, coofive phrases, modality indi-
cators, and appraisal adjectives and modifiers. SMO, a suppctor machine learner,
was used to learn linear separators for the high and lowedde®ach of the two tasks.
We find that appraisal use is the best predictor for neussticand that function words
work best for extraversion. Further, examination of thec&fmlly most important fea-
tures yields insight into how neuroticism and extraversiifferentially affect language
use.

1 Introduction

The ways individuals use words can reflect basic psychabgimcesses, including clues
to their thoughts, feelings, perceptions, and personalilging recent developments in
machine learning and language psychology, we seek relimgeistic markers of social
and psychological states. Examples of the questions wetbapentually answer reliably
include: Is the author male or female? How old is the authar?viiat degree does the
author display signs of depression, high self-esteem, fergiersonality characteristics?
Can we determine if the author is writing or speaking duringes of high stress, grief,
or in the throes of love? The system we are constructing is tblgenerate language-
based predictive models for answering questions such ase thesed on text samples. By
eventually using texts in multiple languages and from rptét{\Western) cultures, we hope
to gain insight into the complex relations between langupggchological processes, and
culture.

There is great potential in this area for important prattgglications both in the area
of literary research and in the area of forensics. Consiteltypical situation in which
we are faced with an anonymous document that we wish to atitriio one of a very large
class of suspected authors. The usual techniques will ndt acept in the unusual cir-
cumstance that we have significant quantities of materiflcaad by each of the suspects.
What can we do under ordinary circumstances where such islasannavailable? The so-
lution is to use the copious material we do have availablthaed by males and females
of various ages, linguistic histories and personality §yge “profile” the suspect. Thus,
even if a suspect can't be uniquely identified, the list obleéssuspects can be reduced to
those that satisfy a given profile.

This paper focuses on determining “personality type” ofdléhor from casual writ-
ten text. We focus on two key dimensions of personality: Mé&aism (roughly: tendency
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to worry), and Extraversion (roughly: preference for thenpany of others). By auto-
matically analyzing the style of written texts to determpersonality type using machine
learning, our work integrates two existing strands of rese& language psychologgnd
computational stylistics

1.1 Language psychology

A central assumption of language psychology is that the sipebple use reflect who they
are. Beginning in the 1950s, a small group of researchersychmlogy and medicine
discovered that the ways people spoke were related to thgsigal and mental health
problems (e.g., [6, 7]). With increasing computer advansg&les were made in attempt-
ing to capture psychological themes or people’s underlgimgtional states that might be
reflected in the words they used (e.g., [19, 29, 25]).

In recent years, function words (which have been shown torbegssed in the brain
differently from nouns and regular verbs) have been shownitmor people’s psycholog-
ical states. When depressed or in an emotionally vulnestlation, individuals exhibit
increases in pronouns (especially first person singulaopglin articles, and increases in
their use of present tense auxiliary verbs [22]. When faaingllective or shared upheaval,
such as September 11, a local disaster, or learning abodétth of a famous person, peo-
ple increase in their use of first person plural and a drop st ffierson singular [5, 3]. This
research has also found that certain function words arelusafrelates of a variety of per-
sonality markers such as neuroticism, extraversion, op&nto experience, self-esteem,
and social dominance [18].

1.2 Computational stylistics

Computational stylistics [1, 10, 11, 13, 26, 28] views thi foeaning of a text as much
more than just the topic it describes or represents. Terteahing, broadly construed, can
include also aspects such adfect(what feeling is conveyed by the text@gnre(in what
community of discourse does the text function@yister(what is the function of the text
as a whole?), angdersonality(what sort of person, or who specifically, wrote the text?).
These aspects of meaning are captured by the tetylisof writing, which may be roughly
defined as how the author chose to express her topic, from giamoery large space of
possible ways of doing so. We contrast, thereforehihwe of a text (style) from thavhat
(topic).

A key problem for stylistic text categorization is propeioate of textual features for
modeling style. While topic-based text categorization gahquite far by using models
based on “bags of content words”, style is somewhat moravelusVe start from the
intuitive notion that style is indicated by features repraig the author’s choice of one
mode of expression from a set of equivalent modes for a giesteat. At the surface
level, this may be expressed by a wide variety of possibleufea of a text: choice of
particular words, syntactic structures, discourse sisater all of the above and more.
The underlying causes of such variation are similarly logfeneous, including the genre,
register, or purpose of the text, as well as the educatiomeitdround, social status, and
personality of the author and audience. What all these dsinas of variation have in
common, though, is an independence from the ‘topic’ or ‘eatitof the text, which may
be considered to be those objects and events that it reféas teell as their properties and
relations as described in the text). We may thus definstiyiestic meaningf a text to be
those aspects of its meaning that aom-denotationali.e., independent of the objects and
events to which the text refers.



1.3 Feature choice

Language psychology and stylistic text categorizatiors thlnare a common foundation.
Both extract topic-independent features from texts in otdesolate those features that
best discriminate between text categories of intereste&ebers in each area have found
that it is often simple features, rather than complex festuthat offer the best discrimi-
nation for many categorization problems. But each areas#fanech carries with it certain
emphases from which the other might benefit. Work in languymyehology focuses on
identifying psychologically meaningful features whicll@pendently discriminate well be-
tween categories but does not necessarily integrate thigpiraitly of discriminators into a
single model which might be used to predict to which categogjven text belongs. Work
in text categorization focuses on the construction of mtaédi models but does not neces-
sarily strive to fully understand the psychological sigrdfice of the underlying discrimi-
nators. The promise of synthesizing the two approache®isrémtion of psychologically
meaningful predictive models.

Most computational stylistics work to date has been basetam-selected sets of
content-independent features such as function words R®8], parts-of-speech and syn-
tactic structures [26], and clause/sentence complexigsues [33, 4]; also see the survey
in [10]. While new developments in machine learning and cotatonal linguistics have
enabled larger numbers of features to be generated foststydinalysis, in almost no case
is there strong linguistic motivation behind input feataets that would relate features di-
rectly to stylistic concerns. Rather, the general methogipthat has developed is to find
as large a set of topic-independent textual features ashf@ssd use them as input to a
generic learning algorithm (preferably one resistant terfitting, and possibly including
some feature selection). Some interesting and effectateife sets have been found in this
way, such as [10, 11]; function words have also proven to bgrsingly effective on their
own [17, 1, 2]. Nevertheless, we contend that without a firsi9an a linguistic theory
of meaning, we are unlikely to gain any true insight into tla¢une of the stylistic dimen-
sion(s) under study. Proper choice of features should, ofsep also aid classification
accuracy.

Our goal, therefore, is to find a computationally tractaldarfulation of linguisti-
cally well-motivated features which permit text classifioa based on variation in stylistic
meaning. We apply here a methodology for constructing actexiusing attribute-value
taxonomies [30] based on principles of Systemic Functi@rammar (SFG) [9], which
we find to be useful for this purpose. In particular, SFG eit}i recognizes and repre-
sentsion-denotationameaning as part of the general grammar, which makes it péatlg
applicable to stylistic problems.

2 Lexical Stylistic Features

2.1 Function Words

Function words, defined as those frequent words that haweapity grammatical function
in the language (such asd, for, andthe), have proven quite useful for stylistic text clas-
sification in a variety of contexts (e.g., [17, 1, 2]). Theuiition is as follows. Due to their
high frequency in the language and highly grammaticalindeky; function words are very
unlikely to be subject to conscious control by the authorth&tsame time, the frequencies
of different function words vary greatly across differentteors and genres of text - hence
the expectation that modeling the interdependence ofrdiifefunction word frequencies
with style will result in effective attribution. Howevehé highly reductionistic nature of
such a feature set is somewhat unsatisfying, as they caly give good insight into un-



derlying stylistic issues, thus our effort at developingelinguistically-value features for
stylistic text classification.

2.2 Systemic Functional Grammar

Our linguistically-meaningful features are based on theoti of Systemic Functional
Grammar (SFG), a functional approach to linguistic analy8]. SFG models languages
as a system of choices of meanings to represent in langu&jeajid so all lexical and
structural choices are represented in terms of their séafantctions. The theory has been
applied to natural language processing in several consixte the 1960s, most often for
text generation [14, 27] rather than analysis, due to tHedify of complete parsing in the
theory.

SFG construes language as a set of interlocking choicexfoessing meanings, with
more general choices constraining the possible specificeboA simple example in Eng-
lish:

If a pronoun is to be used, it may refer either to one of thealisse partici-
pants, or to a third party;

e If to one of the participants, it may refer to the speakem{e), the
speaker-plus-othersvg, u3, or the hearenfou);

o If to a third party, it may refer either to one individual orrmany they,
them);

— If to a single individual, it may refer to a conscious indival or to
a non-conscious individuait];
x If to a single conscious individual, it may refer to a males(
him) or to a femaleghe, hey;

and so forth...

Note that a choice at one level may open up further choicethat ¢evels, choices that
are not open otherwise; e.g., English does not allow a proriowistinguish between
pluralities of conscious or non-conscious individualsrtRermore, any specific choice of
lexical item or syntactic structure is determined by chsiitem multiple systems at once,
as the choice between “I” and “me” is determined by the indejeat choice governing the
pronoun’s syntactic role as either a subject or an object.

Thus asystendefines a set abptionsfor meanings to be expressed. Each (non-root)
system has aantry condition a propositional formula of options from other systems, de-
noting when that system is possible. Each option gives caing (lexical, morphologi-
cal, or syntactic) on utterances that express the optiortio@p(or logical combinations
thereof) may serve as entry conditions for more specificesyst While some systems,
as in the example above, adiésjunctivesuch that exactly one of their options must be
chosen, others areonjunctivein that all of their options must be chosen—this enables
combinatorial possibilities. For example, modal verbgsas ‘may’, ‘might’, or ‘must’)
choose options from multiple systems, including “Modaliype” (likelihood, frequency,
obligation, etc.) and “Modality Value” (median, high, low)

In our current work, each lexical entry in the lexicon is gasid a value for each of
a set ofsemantic lexical attributeBom the options in associatesystem networksEach
such network has a unigue root, and we allow entry conditiorise only single options
or conjunctions of optiorls More formally, each system network in this conception is a

1See [15] for a discussion of the full SFG grammar represientgallowing disjunction in entry conditions)
which we simplify for computational ease.



directed acyclic AND/OR graph, whose nodes are systems dws$evdirected arcs are
options. An optiorO; is achild of optionO- if O;’s destination node i©5's source node;
descendants and ancestors in the graph are defined in tiglgtravard manner. If option
O is chosen and it leads into a disjunctive node, then exaotyad its children must also
be chosen; if it leads into a conjunctive node, then all o€fitddren must also be chosen.
Note that if an option is chosen, all of its ancestors are ethasen.

As noted above, each lexical entry is a frame comprising afstribute values, where
each attribute is the name of a system network, and each igadueoption (or conjunction
of noncontradictory options) in the system network. Docntaare represented by numeric
feature vectors, where each feature is the relative fregyueirsome optior®, with respect
to some other optio®,. Given an atext/, defineN,;(O;) to be the number of units id
with value O,, similarly N;(O;,O2) to be the number with botth; andO,. Then the
relative frequency of), with respect ta), is defined as

Ny(O1,0
RF;(0:1|02) = %02)2)

For example, the frequency of sibling options relative wirtlshared parent allows direct
comparison of how different texts prefer to express the mtava its different options.
Alternatively, the frequency of options relative to a systaetwork root enables a more
global comparison of what types of meanings (with a givertesy} are expressed in a
document. Other kinds of relative frequency features candedul as well, as discussed
below.

The remainder of this section describes the main systemankswvhich we use here
for computational analysis of textual style. They are ddddnto three categories, denot-
ing the general ‘stylistic goals’ that these textual featurelate toCohesionreferring to
how a text is constructed to ‘hang togethekssessmenmeaning how a text construes
propositions as statements of belief, obligation, or ngtgscontextualizing them in the
larger discourse, andlppraisal or how the text adjudges the quality of various objects or
events. Note that the system networks we use are the resigtafles of research on tex-
tual analysis within the SFG community, and are adthocinventions for our particular
purposes.

2.3 Cohesion

Cohesionrefers to linguistic resources that enable language to extrio its larger con-
text, both textual and extratextual [8]. Such resourcekidea wide variety of referential
modalities (pronominal reference, deictic expressiotipsés, and more), as well as lexi-
cal repetition and variation, and different ways of linkiclguses together. How an author
uses these various cohesive resources is an indicatiomatfhgoauthor organizes concepts
and relates them to each other. Within cohesion, our cucemputational work considers
just types of conjunctions, for feasibility of automatedragtion. Automated coreference
resolution, for example, is a very difficult unsolved prahle

Words and phrases that conjoin clauses (such as ‘and’ &yhihd ‘in other words’) are
organized in SFG in the CONJUNCTION system network. TypeEONJUNCTION
serve to link a clause with its textual context, by denotilogvithe given clause expands
on some aspect of its preceding context [15, p. 519-528].thite top-level options of
CONJUNCTION are Elaboration, Extension, and Enhancendefibed as:

o Elaboration: Deepening the content in its context by exéioation or refocusing.

e Extension: Adding new related information, perhaps catimg with the current
information.



Appositior
-Elaboratio " [that is, in other words, for example]

Clarificatior
[rather, in any case, specifically ...
Additive
Adversativi
P ANSION [but, yet, on the other hand] ...
CONJUNCTION-EXPANSION Veriying
[besides, instead, or, alternately} ...
rMattel
|with regards to, in one respect, otherwise,
Simple
- Spatiotempor 2" [then, next, afterwards,
ENH Comple:
[soon, meanwhile, until now,...

. EXT
rExtensio

“Enhanceme

rManne
[similarly, in a different way, likewise,]...

Cause
CausaIConditionﬂ{therefore, consequently, sincd,
Conditione
|then, albeit, notwithstanding, |...

Figure 1: The CONJUNCTION system [15]. Options here areudisiive; examples of
lexical realizations for the leaves are given in italics.

e Enhancement: Qualifying the context by circumstance ackigonnection.

Each of these options leads also to other options (subtypesk detail is shown in Fig-
ure 1, and see [15, 30].

2.4 Assessment

Generally speakingassessmenhay be defined as “contextual qualification of the epis-
temic or rhetorical status of events or propositions regamted in a text”. Examples include
assessment of the likelihood of a proposition, the typigaif an event, the desirability of
some fact, or its scope of validity. An important systemsk@Shat address assessment is
MODALITY, enabling expression of typicality and necessifysome fact or event.

The system of MODALITY enables one to qualify events or édiin the text ac-
cording to their likelihood, typicality, or necessity. Swatically, MODALITY may be
realized in a text through a modal verb (e.g., ‘can’, ‘mighthould’, ‘must’), an adverbial
adjunct (e.g., ‘probably’, ‘preferably’), or use of a proj@e clause (e.g., “I think that...”,
“It is necessary that...”"). Each expression of MODALITY hasalue for each of four
attributes:

e Type: What kind of modality is being expressed?

— Modalization: How ‘typical’ is it? probably, seldomn)
— Modulation: How ‘necessary’ is it(ght tq allowable

e Value: What degree of the relevant modality scale is beirmgrad?



probability
modalisatio W{ Imaybe, likely, probably, |..

usuality
usually, always, sometimes; ...

readines
. MODULATION- - : v
modulaumﬁ \will, might, is ready to, ...

obligatior
\will, ought to, should, must,

medial
vaLuEe | [probably, usually...|
high
modalty OUTER"! [definitely, always, .

outel < vpg

TYPE

low
Imight, occasional|
objective
ORIENTATION
subjectiv
should, ought to, /..

MANIFESTATION

explicit
I think, it seems, it may appe....

Figure 2: The MODALITY system networks [15], notation as &0

— Median: The ‘normal’ amountlikely, usually)
— Outer: An extreme (either high or low) amounthdybe alway9

¢ Orientation: Relation of the modality expressed to the kpgariter.

— Objective: Modality expressed irrespective of the speakiter. (maybe al-
way9

— Subjective: Modality expressed relative to the speakéwr (We think.., |
require..)

e Manifestation: How is the modal assessment related to thetdeing assessed?

— Implicit: Modality realized ‘in-line’ by an adjunct or modtlauxiliary. (prefer-
ably.., maybe).

— Explicit: Modality realized by a projective verb, with thested clause being
assessedlt(is preferable...It is possible).

The detailed taxonomies used for these attributes aretaegit Figure 2.

2.5 Appraisal

Finally, appraisaldenotes how language is used to adopt or express an attifistene
kind towards some target [12]. For example, in “I found thevieajuite monotonous”,



~composition-complexity
|detailed, elaborate, convoluted|

I composition-balance
|L'()I’LSIXZEI’I[, symmetrical, dlxcordantl

APPRECIATION-

-appreciation L reaction-impact

[amazing, compelling, dull, monotonous |

I reaction-quality
[Deautiful, elegant, awful, hideous |

Lvaluation
|innovative, profound, derivative, inferiar|

o ATTITUDE-| affect
attitude —gp—

[happy, joyful, gloonmy, miserable]

tenacity

[brave, faithful, disloyal, foolhardy|
normality

[famous, lucky, popular, eccentric, obscure|

SOCIAL-

social-esteem

capacity
[clever, competent, foolish, immature|

propriety
social-sanction —OCHAL — |gener0ux, virtuous, callous, (:orrupti
veracity

[fonest, sincere, devious, sneaky)

judgemem JUDGEMENT-

Figure 3: The Attitude network, with examples of appraishéatives from our lexicon.

the speaker adopts a negatMtitude(“monotonous”) towards “the movie” (theppraised
objec). Note that attitudes come in different types; for examfteynotonous’ describes
an inherent quality of the appraised object, while ‘loatheduld describe an emotional
reaction of the writer. The overall type and orientation ppieaisal expressed in the text
about an object gives a picture of how the writer wishes tlaelee to view it (modulo
sarcasm, of course). To date, we have developed a lexicapfoaisal adjectives as well as
relevant modifiers (such as ‘very’ or ‘sort of’). The two maittributes of appraisal, as used
in this work, are Attitude, giving the kind of appraisal bgiexpressed, and Orientation,
giving whether the appraisal positive(good, beautiful, nice) anegativg(bad, ugly, evil).
The three main types of Attitude araffect relating to the speaker/writers emotional state
(e.g., ‘happy’, ‘sad’) appreciation expressing evaluation of supposed intrinsic qualities of
an object (e.g., ‘tall’, ‘complex’), anfidgmentexpressing social evaluation (e.g., ‘brave’,
‘cowardly’). More detail is shown in Figure 3.

3 Methodology
3.1 The corpus

The corpus used for this experiment was derived from essHitemby students at the Uni-
versity of Texas at Austin between 1997 and 2003. As partaif ttourse responsibilities,
subjects (undergraduate students) wrote (inter aliapastrof-consciousness essay and an
essay of deep self-analysis; in toto these data sets cadfdri7 and 1106 documents, re-
spectively. Subjects were also given the NEO-FFI Five-6ideersonality Inventory [16].
Scores from the Neuroticism and Extraversion factors weegltio define two binary clas-
sification task: Subjects with scores in the top third of edialension were classed as High
in that dimension, and those with scores in the bottom tHagsed as Low. The tasks were
to use textual features to determine whether each authorgdor Low neuroticism or
extraversion, respectively.



3.2 Features

We empirically evaluated the use of functional lexical teas for stylistic classification
by applying them as well as standard function words to sigliext classification. The
following section presents results for a variety of stydistlassification tasks, using the
following methodology (applied to a different corpus in kamse). All documents in
each corpus were processed into numeric feature vectaorg uaiious combinations of the
following feature sets:

FW: Features are the relative frequencies of ar@ét of 675 function words, with each
such feature (for a given word € F'W) defined as:

counf{w)
> werw countw’)

Con: Each feature is the relative frequendyKj;) of a node in the Conjunction system
with respect to its parent.

Mod: This feature set consists of the union of two related featats:

e For each node in each Modality system (Type, Value, Oriartaand Mani-
festation), the relative frequencR ;) of the node with respect to its parent;

e For each pair of nodes in different Modality systems (e.gp€eland Value), the
relative frequencyRFy) of terms labelled by both nodes with respect to the
conjunction of their parents.

App: This feature set comprises, for each nada the Attitude system:

e The relative frequencyKFy) of noden with respect to its parent, and
¢ Both of RF,;(Positivén) and RFy(Negativén).

Combinations of these feature sets (amounting to concagrihe relevant feature vec-
tors) were also considered (termed, e.g., Con+Mod, degttimunion of Con and Mod).

3.3 Machine learning

In each experiment Weka'’s [32] implementation of the SMQrewy algorithm [24] with
a linear kernel was used for learning classification modé&lsroughout, 10-fold cross-
validation was used throughout to estimate out-of-trajmilassification accuracy.

3.4 Feature analysis: Oppositions

In many cases, as we shall see, examining the most impodanirés for stylistic classi-
fication can give useful insights. The classification impnde of each feature is taken to
be represented by the magnitude of its weight in the lineatehconstructed by SMO. To
make explicit the relationship that the functional featlirelicating each of two document
classes give us, we take the top features indicating eash alad find alkibling oppo-
sitions(or simply ‘oppositions’) they give, where a sibling oppasi is a pair of relative
frequencies features, one of which indicates one clasdwaatther indicates the other class,
where the features’ conditioning events are identical &ed tonditioned events are sib-
ling nodes in some systemic taxonomy. For example, if CONSUNDN/Extension (i.e.,
RF,(ExtensionCONJUNCTION) is indicative of class A and CONJUNCTION/Enhancement
of class B, we would have the opposition:



Condition Class A Class B
CONJUNCTION | Extension| Enhancemen

A more complex example is where class A is indicated by hidhesof
RF,;(MediarfVALUE,MODALITY TYPE/Modalization)
and class B by high values of
RF,(Low|VALUE,MODALITY TYPE/Modalization)

In this case, the conditioning event is the conjunction af tvades, one of which is the
shared parent of the conditioned events. This gives thesippo:

Condition Class A | Class B
MODALITY TYPE/Modalization:VALUE | Median | Low

In this case, when a text in Class A expresses Modalizatigpicglity of an event or
proposition), it prefers to express Median (i.e., non-@xte) values, whereas in similar
situations, Class B prefers to express Low values. This mdigate that texts in Class
A tend to be more cautious, not expressing even unexcepstataments as absolute fact
(saying “he likely went home” rather than “he went home”),ilhexts in Class B might
only explicitly express Modalization when it is particulatow (saying “he went home”
in the last case, but “she might have wanted him to stay”,éfdbnclusion is uncertain).
Interpretation will depend, of course, on the particulgrety of texts under consideration.
The oppositions given by such analysis give direct infofame&bout linguistic differ-

ences between two document classes, in that the two claasesdiffering preferences
about how to express the conditioning event. In the first gptarabove, Class A prefers
to conjoin items by Expansion, indicating a higher densitsnore-or-less independent in-
formation units, whereas Class B prefers conjoining itesn&bhancements, indicating a
more closely focused structure dealing with a smaller nurobsmdependent information
units.

10
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Figure 4: 10-fold cross-validation accuracy for discriating High from Low neurotics in
the stream-of-consciousness (SoC) and deep self-anéDS5) writing tasks.

4 Results

4.1 Neuroticism

Accuracy results for neuroticism are shown in Figure 4; #sk s clearly quite difficult as
the effect of personality is weak (as previously noted [213).2While the SoC texts were
slightly more distinguishable, in both cases the most udeature set for this task was
Appraisal, with accuracies of 58.2% (SoC) and 58.0% (DSAjteNhat this accuracy rate
for determining personality type from a single short texquste significant, as personality
is difficult to diagnose without either focused questiorsitathe NEO-FFI Inventory) or
extended interaction (say, multiple texts written over aqueof time). In any case, we
expect that increasing the coverage of the Appraisal featet to include also verbs and
nouns will probably improve results.

The fact that Appraisal features gave the highest accuratigdates (unsurprisingly)
that a key difference between High and Low neurotics is in tlogy engage with and
assess objects and people in their environment. A mordelgtabk at the specific features
indicating either High or Low neuroticism can shed moretighthe linguistic differences.
All the oppositions found in the top fifteen features for Highd Low neuroticisrhare
given in Tables 1 and 2.

First we consider the two oppositions that appear for boitingrtasks. Unsurpris-
ingly, High neuroticism is associated with negative apgahiwhereas Low neuroticism is
associated with positive appraisal. More interestingly sge that the appraisal attitude ex-
pressed by High tends to is about Affect, reflecting a moredisdcted focus on personal

2Fewer than fifteen oppositions appear, since a number afaoked features were unpaired.
3Note that none of the other oppositions are contradictdiywang that these linguistic oppositions are con-
sistent across different text types
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Table 1: Oppositions from the fifteen highest-ranked fessuindicating High and Low
neuroticism in the stream-of-consciousness (SoC) wrasgignment. Features are ordered
for easy reading, not by weight.

| Condition | High | Low |
ORIENTATION Negative Positive

ATTITUDE Affect Appreciation
APPRECIATION Reaction-Quality Reaction-Impact
APPRECIATION Composition-Balancg Composition-Complexity,
SOCIAL-ESTEEM Tenacity Normality
APPRECIATION/Valuation Negative Positive
APPRECIATION/Reaction-Quality Negative Positive
APPRECIATION/Reaction-Impact Positive Negative
APPRECIATION/Composition-Complexity Positive Negative
JUDGEMENT/Social-Sanction Positive Negative

Table 2: Oppositions from the fifteen highest-ranked fesdtuindicating High and Low
neuroticism in the deep self-analysis (DSA) writing assignt.

Condition High Low
ORIENTATION Negative Positive
ATTITUDE Affect Appreciation
JUDGEMENT Social-Sanction Social-Esteen
GRADUATION Focus Force
INTENSIFICATION Maximization | High & Low
ATTITUDE/Appreciation Negative Positive
JUDGEMENT/Social-Esteem Negative Positive
APPRECIATION/CompositionBalance Positive Negative

feelings, whereas that expressed by Low neurotics is abppitekiation, reflecting a more
outer-directed focus that conceptualized appraisal asamt attributes of external entities.

Most oppositions that appear for only one of the writing tasflect the general pref-
erence of High neurotics for negative appraisal and Low otés for positive appraisal.
However several oppositions give reversals of this geriezatl, to wit: Reaction-Impact,
Composition-Complexity, Composition-Balance, and SeS&nction. To understand this,
note that these tend to be features generally preferred ly Nleurotics, hence gener-
ally avoided by High Neurotics (the one exception is So8ahction, in the self-analysis
essays). It may therefore be that High Neurotics are momdylito use constructs they
generally avoid when the feeling is Positive.

4.2 Extraversion

Results for extraversion (Figure 5) are somewhat less itlating than for neuroticism.
None of the functional feature sets do as well as functiondaioand they even reduce
accuracy overall to chance levels when added to functionlsvdiVe interpret this to mean
that extraversion is expressed in aspects of meaning elifférom Conjunction, Modality,
or Appraisal.

Some tentative insight may be gleaned from examinationehtbst indicative func-
tion words, however, shown in Table 3. Extraverts appeathenwhole, to prefer words
that suggest some relationship to norms and perhaps a seosgainty {mmediate, am,
so, being, second, normally, get, enough, very, partiQuiahile introverts tend to prefer

12



60 T T T T T
SoC mmmm
DSA momamm

FW Con Mod App ALL

Figure 5: 10-fold cross-validation accuracy for discriating High from Low extraverts in
the stream-of-consciousness (SoC) and deep self-anéDS5) writing tasks.

words that suggest incompleteness or uncertajpdyh@ps, nobody, uses, try, except, get-
ting, during, hardly. The factor is clearly not simply certainty versus undetta both
because the division here is not perfect (engayfor extraverts, angarticular for intro-
verts), and because we would have expected Modality to derbet

5 Conclusions

We have described a method for classifying texts by pergigrigbe of the author, using
functional lexical features and machine learning. For M&aism, our results show clearly
the usefulness of such functional lexical features, inipaldr the Appraisal lexical tax-
onomy. In the case of Extraversion, results are less clegrexamination of indicative
function words points a way to developing more effectiveadess, by focusing on expres-
sions related to norms, (in)completeness, and (un)céytamsum, our results confirm the
utility of functional lexical features for psychologicatggiling (for Neuroticism), while
pointing towards the need for further refinement in the femtiets and possibly the learn-
ing algorithms used (to improve overall accuracy, and prability for Extraversion).

Current and future work includes developing more and moterskve taxonomies for
functional lexical features, as well as developing shalfwsing techniques for extract-
ing phrases and using them in classification (preliminarykweas reported in [31]). In
addition, we are working on gathering similar corpora inesttanguages (initially He-
brew) and developing parallel feature sets, which will éaamalysis of cross-lingual and
cross-cultural effects.
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Table 3: Top sixteen function words indicating High and Loutraversion in the stream-of-
consciousness (SoC) and the deep self-analysis (DSApg@ssignments, respectively.
Stream-of-consciousness (SoC) Deep self-analysis (DSA)

| Low | High || Low [ High |
perhaps | may seven | second
outside | immediate try comes
nobody | anyways self inner

fifth yourself except | normally
particular | mean getting | get

uses am during | enough
second SO hardly | very

their being sensible| particular
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