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Abstract
Survey coding is the task of assigning a symbolic code from a predefined set of such
codes to the answer that a person has given in response to an open-ended question of a
questionnaire (aka survey). This task is usually carried out in order to group respondents
according tc a predefined scheme hased on their answers.

Survey coding is s difficult task, since the code that should be attributed to a re-
spondent based on the answer she has given is a matter of subjective judgment, and thus
requires expertise. It is thus unsurprising that this task has traditionally been performed
manually, by trained coders. Some feeble attempts have heen made al automating this
task, most of them hased on detecting the similarity between the answer and textual
descriptions of the meanings of the candidate codes.

We take a radically new stand, and formulate the problem of automated survey cod-
ing as a test cotegorizabion problem, i.e. as the problem of classifying the answers into
categories belonging to a predefined classification scheme. Following common practice,
we tackle text categorization by means of supervised machine learning technigues, i.e. we
learn a model of the association between answers and categories from a training set of
pre-coded answers, and apply the resulting model to the classification of new answers.

In this paper we experiment with two different learning techniques, one based on
naive Bayesian classification and one on support vector machines, and test the resulting
framework on a corpus of social surveys, The results we have obtained by far outperforin
the resulss obtained by previous antomated survey coding approaches.

1 Introduction

Survey coding is the task of assigning a symbolic code from a predefined set of such codes
to a textual expression representing the answer that a person has given In response to an
open-ended question of a questionnaire, or survey. By open-ended we mean a questiol
that requires or allows an answer consisting of free text, l.e. text not in a predefined
format; open-ended questions are the opposite of mulliple-choice questions, which instead

require “checking™ one among a predefined set of answers!,

1y this paper we will only deal with text in written form. The implications of coding survey material in
audio form are discussed in Section 6.




Survey coding is usually carried out in order to classify responses (and respondents)
into a predefined scheme, thus superimposing a structure on what would otherwise be a
totally unstructured corpus of questions and answers. Survey coding has several applica-
tions, especially in the social sciences, ranging from the simple classification of respendents
to the extraction of statistics on political apinions, health and lifestyle habits, customer
satisfaction, brand fidelity, and patient satisfaction.

As an example, in 1996 interviewers asked the following question (among many) to a
carefully chosen sample of 1370 subjects, in the framework of the General Social Survey [7]
carried out by the US National Opinion Research Center (NORC)?:

Within the past month, think about the last time you felt really angry,
irritated or annoyed. Could you describe in a couple of sentences
what made you feel that way - what the situation waa?

Professional coders were then asked to classify the answers in exactly one among the
following categories, each consisting of a code label and a short explicatory caption:

ANGRYWRK: Situation involved work.

ANGRYFAM: Situation involved family.

ANGRYGVT: Situaticn involved government or govermment officials.
WRK&FAM:  Situation invelved both work and family.

WRKEGVYT:  Situation involved hoth work and government.
FAM&GVYT:  Situation involved both family and government.
OTHER: Situation did not fit the above categories.

Sample answers? included

trying to teach my son something and he was being stubborn and wouldn’t
listen to me i got angry at him

ar

my wife went shopping & spent too much on a dress & it made me feel
angry

which ceders both classified under the ANGRYFAM header.

Survey coding is a difficult task, since the code that should be attributed to a re-
spondent based on the answer she has given is a matter of subjective judgment, and thus
requires expertise. For instance, different coders, especially if little trained, might have
different opinions as whether the answer

when people in authorities arent treating pecple right

should he classified nnder ANGRYGVT, or ANGRYWRK, or WRK&GVT, or even under
OTHER.

Given the dilliculty of the task, it is thus unsurprising that it has traditionally been
performed manually, by professional coders. This means that survey coding is alse an
expensive task, and this is the reason why social scientists (or other professionals in
charge of designing and running surveys; tend to avold including too many open-ended
questions in their surveys, and to rely more on the less expensive multiple-choice questions,
which by definition do not require a coding phase, but on the other hand strictly limit
the respondents’ possible answers,

*nttp: / /v nore, uchicago.edu/

*Actually, rather than from the real answers, NORC coders work from typewritten versions of the hand-
written notes taken hy the interviewers. Qf course, reporting the answers may originate syntactically ill-forned
sentences,



Somme attempts have been made in the past at automating the survey coding task.
Most of them have exploited simple techniques from the tradition of text retrieval, for
detecting the similarity between the answer and textual descriptions of the meanings of
the candidate codes [25].

In this paper we take a radically new stand, and formulate the problem of auto-
mated survey coding as a text categorization problem, ie. as the problem of classifying
the answers into categories (or classes) belonging to a predefined classification scheme.
Foilowing common practice, we tackle this text categorization problen by supervised ma-
chine learning technigues, i.e. we learn a model of the association between answers and
categories from a “training set” of pre-coded answers, and apply the resulting model to
the clagsification of new answers. In this paper we experiment with two different learning
techniques {one based on naive Bayesian classification [16], and another hased on sup-
port vector machines {13} and test the resulting ramework on & corpus of social surveys
conducted hy NORC. 'The results we obtain by far outperform the results ohtained by
previcus automated survey coding approaches.

This paper is structured as follows, Section 2 introduces swvey coding, and reviews
related worle attempting to automate this task. Section 3 gives a brief introduction to
text categorization, its methodology and its main techniques. In Section 4 we frame the
survey coding task as a problem of automated text categorization, and describe how the
toals outlined in Section 3 can he effectively used to this end. Section 5 illustrates the
experiments we have performed in the application of naive Bayesian classification and
support vector machines to the problem of coding a corpus of social surveys callected by
NORC. Bection 6 concludes, commenting on our results and discussing possible avenues
for £

for further arch.
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2 Survey coding and its automation

From = general point of view, survey analysis shares many aspects with the more gen-
eral framework of text analysis for the social sciences, whereby quantitative methods are
applied to the study of text corpora representative of a sample of a given population, in
order to infer properties of the population itself. In [1] Alexa describes the various issues
mvolved in the computer-assisted analysis of text for the social sciences, while in {2] Alexa
and Ziill review relevant commercial and research software packages. In this paper we will
not deal with the general problem of text analysis for the social sciences, but will focus
Just on the coding task of the survey analysis process.

Survey coding may be viewad as the task of identifying cemmon meaningful concepts
across different responses to the same set of questions. This task may come in two
variants, depending whether the concepts sought are known in advance (in which case
the task really consists in checking whether a given concept is present or not in the text
under analysis) or not (in which case novel, unforeseen concepts may be “discavered” in
the text heing analyzed). The former variant is the most common, for the simple fact that
surveys are usually run with a clear purpose, i.e. with a clear set of previously identified
concepts whase presence in the text corpus must be assessed or measured in some way.
As a consequence, it is the former variant we will concentrate on in this paper.

Performing survey coding manually has several drawbacks. First of all, it is slow, since
a lot of manual effort by different professicnal Agures is involved. For example, NORC
interviewers talke handwritten notes of the answers returned during the interview, and
typists produce a typewritten text from these notes at a later stage: this text is then
analyzed by professional coders, who perform the final coding task. This example shows
that the survey coding process is not only slow but also expensive, since it requires a lot
of manpower. Yet another drawhack is that the process may produce faulty encodings
with high probability, as there are several potential sources of error: interviewers may




misread or misunderstand the answers or misrepresent them hy their notes, typists may
misunderstand the handwritten notes or introduce further typing errors, and coders may
misinterpret the meaning either of the answers or of the codes.

A further probiem in survey coding is the so-called inter-coder agreement problewn, i.e.
the fact that different coders may classify the same data in different ways simply because
they have different opinions as to the meaning of the answer and/or the cade. Note that
this problem dees not enly affect manually performed survey coding, since we may also
expect different automated methods to differ in their decisions?.

Given that text analysis for the social sciences is an important problem, several soft-
ware packages that address it have been developed. However, they are not usually tailored
for the specific task of survey analysis, and the solutions that they provide for the survey
coding task are fairly unsatisfactory. Most of these software packages (see [2] for a review)
mostly concentrate on helping coders in coding their data menually, and in visualizing
them in several convenient ways. A few of these packages instead do perform automatic
cading, by relying mostly on specialized dictionaries. This means that text fragments are
auntomatically assigned to a specific category if and only if they contain words matching
those in the dictionary relevant to the category. One of the disadvantages of this approach
Is that dictionaries have to be created before the coding process begins, i.e. when data
1s still totally unknown; this approach is thus extremely static. The second drawback is
that specialized dictionaries need te he developed, one for each category of interest: this
requires the intervention of expert personnel, who is then responsible for deciding which
words, if present (either alone or in combination) in an answer to an open-ended question,
should trigger the attribution of the code to the answer. As this approach is word-hased,
some explicit mechanism to disambiguate word meanings is also needed, sinee It is usu-
ally word senses, rather than words, that belong (at least conceptually) to the dictionary
relevant to the category. There exist several variations on this “dictionary approach”; for
instance, Viechnicki [25] describes a method in which words that characterize categories
are combined by means of Boolean operators, thus allowing a richer procedural description
of categories.

'The scientific literature on automating survey coding is not very rich. Dillon [9] re-
ports doing “automatic classification” of surveys, bhut what he actually does is grouping
questions (and not responses, or respondents, as we do) into groups according to similar-
ity; also, he does not start from a predefined set of groups, but generates the groups from
scratch, which means that he uses unsupervised learning {i.e. clustering), and nat super-
vised learning as we instead do. A few other researchers {e.g. {4, 26]) have concentrated
on the related issue of grading responses to open-ended questions, as those answered by
students in their school essays. However, this task deals with concerns very different from
those addressed in swrvey coding, since student essays have to be graded according to
quality or merit, while surveys have to he coded according to topic-relatedness.

The approach that is closest in spirit to ours is probably the dietionary-based approach
as represented by Viechnicki's work [25], in which respotises to questions from s NORC
survey are classified by means of a set of codes pre-defined by NORC social scientists.
The main difference with our approach is that Viechnicki does not use any learning at all,
and computes instead the similarity between the textual answer and a textual definition
of the code; the code which results in the highest similarity score is chosen.

Our approach has several advantages on the dictionary-based approach. First, the
manual effort is directed towards the manual coding of a small “training set” of answers,
and not towards the creation of specialized dictionaries. This is advantageous, as it is
easier to manually classily a set of documents than to build snd tune & dictionary of words

* Inter-indemer inconsistency is a similar phenomenon well-known in information retrieval [5]: when two
human experts decide whether to index document d; with index term «;, they may disagree, and this in fact

happens with relatively high frequency.




that trigger the attribution of the code, for the simple fact that it is easier to characterize
a concept extensionally (i.e. to select instances of it) than intensionally (i.e. to describe
the concept in words, or to describe a procedure for recognizing its instances). Second, our
approach is solidly grounded in machine learning theory, and it can leverage on a wealth
of results and techniques developed within text categorization, a discipline which has been
bursting with activity in the last ten years (see e.g. [22]) and has prodiced systems whose
effectiveness rivals or exceeds that of a human (i.e. systems capable of generating codes
that correlate with those by a coder at least as well as the codes attributed by two human
coders correlate with each other).

Of course, our approach is mostly useful for medium- to large-sized surveys, as in the
learning phase we need a hand-coded set of answers to train the inductive learner. This
means that if' a survey is somewhat limited in the number of surveyed people, hand-coding
the training set may coincide with hand-coding the entire set. NORC's surveys are exam-
ples of relatively large-sized surveys, since 40,933 interviews have been completed in the
years from 1972 te 2000, and since the same survey (e.g. the General Social Survey men-
tioned in Section 1} is run from year to year, with many questions being asked unmedified
year after year.

3 A short introduction to text categorization

Text cafegorization (also known as text classification) is the task of approximating the
unknown target function ® : D x C — {T, F} (that describes how daocuments ought to
be classified} by means of a function & : D x ¢ — {T.F} called the classifier, where
C = {cl,...,cm} is a predefined set of categories and D is 2 domain of documents. If
$(d;, ;) =T, then d; is called a positive example (or a member} of ¢;, while if ®(d., ¢;) =
F it is called a negative ezample of c;.

The categeries are just symbolic labels, and no additional knowledge (of a procedural
or declarative nature} of their meaning is usually available, It is usually the case that
no metadata (such as e.g. publication date, document type, publication source) are avail-
able either; therefore, classification must be accomplished only on the basis of knowledge
extracted from the documents themselves.

Text categorization is a subjective task: when two experts (human or artificlal) decide
whether to classify document d; under categary c;, they may disagree, and this in fact
happens with relatively high frequency. A news article on Clinton attending Dizzy Gille-
spie's funeral could be filed under Politics, or under Jazz, or under both, or even under
neither, depending on the subjective judgment of the expert.

Depending on the application, TC may be either single-label (i.e. exactly one ¢; € €
must be assigned to each d; € D), or malti-label (i.e. any number 0 < n; < [C] of
categories may be assigned to a document d; € D). A special case of single-label TC is
binary TC, in which, given a category ¢;, each d; € D must be assigned either to ¢; or
to its complement ;. Multi-label TC under ¢ = {e1,...,¢)¢q} is usnally tackled as |C]
independent binary classification problems under {¢;, %}, for i = 1,...,[C]. A classifier
for ¢; is then a function &; : D — {T, F} that approximates the unknown target function
O, D= {T,F}.

We can roughly distinguish three different phases in the life cycle of a TC system:
document indexing, classifier learning, and classifier evaluation. The three following para-
graphs are devoted to these three phases, respectively; for a more detailed treatment see
Sections 5, 6 and 7, respectively, of [22].




3.1 Document indexing

Document indexing denotes the activity of mapping a document dy into a compact rep-
resentation of its content that can be directly interpreted (i) by a classifier-building al-
gorithm and (ii) by = classifier, once it has been built. The document indexing methods
usually employed in TC are borrowed from IR, where a text d; is typically represented
as a vector of term weights d; = (wlj,...,wmj). Here, T is the dictionary, i.e. the set
of terms (also known as features) that occur at least once in at least & documents, and
0 <y <1 quantifies the impartance of ¢ in characterizing the semantics of d;. Typical
values of & are between 1 and 5.

An indexing method is characterized by (i} a definition of what a term is, and (ii) a
method o compute term weights. Conecerning (i), the most Frequent choice is to iden-
tify terms either with the words occurring in the document {with the exception of stop
words, i.e. topic-neutral words such as articles and prepositions, which are eliminated in
a pre-processing phase), or with their stems {i.e. their morphological roots, obtained by
applying a stemming algorithm). A popular choice is to add to the set of words or stems
a set of phrases, Le. longer (and semnantically more significans) language units extracted
from the text by shallow parsing and/or statistical techniques. Concerning (ii), either
statistical or probahilistic techniques are used to compute terms weights, the former be-
ing the most common option. One popular class of statistical term weighting functions
is tf xidf (see e.g. [21]), where two intuitions are at play: (&) the more frequently i
accurs in d;, the more important for d; it is (the ferm frequency intuition): (h) the more
documents ¢, oceurs i1, the less discriminating it is, i.e. the smaller its contribution is
in characterizing the semanties of o document in which it oceurs (the inverse document
frequency intuition). Weights computed by £f #idf techniques are often nermalized so as
to contrast the tendency of ¢f « idf to emphasize long documents.

In TC, unlike in IR, a dimensionality reduction phase is often applied 50 s to reduce
the size of the document representations from 7 to a much smaller, predefined number.
This has hoth the effect of reducing overfitting (i.e. the tendency of the classifier to better
classify the data it has been trained on than new unseen data), and to make the problem
more manageable for the learning method, since many such methods are known not to
scale well to high problewm sizes. Dimensionality reduction often takes the form of feature
seleetion: each term is scored by means of a scoring function that captures its degree of
(positive, and sometimes also negative) correlation with ¢;, and only the highest scoring
terms are used for document representation. Alternatively, dimensionality reduction may
take the form of feature extraction: a set of “artificial” terms is penerated from the
original term set (by techniques such as supervised or unsupervised term clustering, or
latent semantic indexing) in such a way that the newly generated terms are hoth fewer
and stochastically more indepandent from each other than the original ones used to Le.

3.2 Classifier learning

A text classifier for ¢; is automatically generated by a general inductive process (the
learner) which, by ohserving the characteristics of a set of documents preclassified under
¢; or §;, gleans the characteristics that a new unseen document should have in order to
belong to ;. In order to build classifiers for C, one thus needs a corpus Q of documents
such that the value of ®(d;, ¢;) is known for every (d;, ¢;) € 1% C. In experimental TC it is
customary to partiticn £ into three disjoint sets Tr (the training set), Va (the velidation
set), and T'e {the test set). The training set is the set of documents ohserving which
the learner builds the classifier. The validation set is the set of documents on which the
engineer fine-tunes the classifier, e.g. choosing for a parameter p on which the classifer
depends, the value that has yielded the best effectiveness when evaluated on Va. The
test set is the set on which the effectiveness of the classifier is finally evaluated. In both




the validation and test phase, “evaluating the effectiveness” means running the classifier
on a set of preclassified documents (Va or Te) and checking the degree of correspondence
between the output of the classifier and the preassigned labels.

Differenst learners have been applied in the TC literature, including probabilistic meth-
ods, regression methods, decision tree and decision rule learners, neural networks, batch
and incremental learners of linear classifiers, example-based methods, support vector ma-
chines, genetic algorithms, hidden Markov models, and classifier committees. Some of
these methods generate hinary-valued classifiers of the required form & : D x ¢ — {T, '},
but some others generate reai-valued functions of the form CSV : D x ¢ — [0,1] {CsV
standing for cefegorization status value), For these latter, a set of thresholds 7; needs
to be determined (typically, by experimentation on a validation set} allowing to turn
real-valued C'SVs into the final binary decisions.

3.3 Classifier evaluation

Training efficiency (i.e. average time required ta build a classifier &, from & given corpus
§2), as well as classification efficiency (i.e. average time required to classify a document by
means of i)z-), and gffectivencss (i.e. average correctness of @;%s classification behaviour)
are measures of success for a learner. However, effectiveness is usually considered the most
important criterion, since in mest applications one is willing to trade training time and
classification time for correct decisions. Also, it is the most reliahle one when it comes
to comparing different learners, since sficiency depends on tao volatile parameters (e.g.
different sw/hw platforms).

In TC, effectiveness wrt calegory ¢ is often measvred by a combination of precision
wrt ¢; (), the percentage of documents deemed to belong to ¢; that in fact helong
to it, and recall wri ¢; (p;), the percentage of documents belonging to ¢; that are in fact
deemed to belong toit. Since it is often the case that a classifier can be arbitrarily tuned to
emphasize one at the expense of the other, only combinations of the two are significant, the
most popular combination nowadays being their harmonic mean [ (i) = _2%"%? However,
in single-label TC, effectiveness wit category c¢; is often measured hy accuracy wrt ¢
(o), the percentage of classification decisions that are in fact correct, since the tuning
described above Is not possible®, When effectiveness is computed for several categories,
the results for individual categories must be averaged in some way; here, one may opt for
microaveraging (“categories count proportionally to the number of their positive training
examples”} or for macroaveraging (“all categories count the same” ), depending on the
application (see Tahle 1), The former rewards classifiers that behave well on frequent
categories (Le. categories with many positive training examples), while classifiers that
perforin well also on infrequent categories are emphasized by the latter.

4 Automated survey coding by text categorization

in this section we describe our experiments with survey coding handled as a text catego-
rization task, i.e. as the task of learning a classifier that autonatically selects, from a set
of predefined codes the correct code (or codes) to attach to a given answer.

We have run a series of experiments with two different classifier learning methods.
The first learner we use is a probahilistic naive Bayesian classifier, as implemented {n the
RAINBOW package developed by McCallum [18]. Probabilistic text classification methods
assume that the data was generated by a parametric model, and use the training doc-
uments to estimate the parameters of this model. From this generative model, Bayes’

"To see this, note that in single-label TC if a document d; is incorrectly classified under category e {a
so-called false positive of € ), which results in a decrement of Tm, it 18 also not classified under the correct
category ¢, {a so-called false negative of ¢n), which results in a decrement of .



L Microaveraging Macroaveraging —l
¢4 T
1| ) L I
Precision (r) — L . Zizl n S TR P
S TP+ FR | Ic! N
il TP
cl TP el E.:: TR I TR
Recall (p) p%; o= 21‘21 i ! T? + FN;
| S TR, + FA, €] ic| B
1] ici ici TP, +TN;
Accuracy (a) {| a = o TH A+ TN, o = Doy O = TR 4 TN, + FP + FN,
S TP 4 TN, 4 FP, + FN, €] iCi

Table 1: Effectiveness measures used in text categorization; TP, TN;, FP; and FN; refer to
the sets of true positives, true negatives, false positives, and false negatives wit c;, respectively.

theorem allows the derivation of a predictive model that once instantiated by the param-
eter estimates computed in the previous phase, computes the probability that a given
category has generated the doewment to be classified. Classification thus consists in se-
lecting the eategory with the highest probability. There are two well-known variants of
this model, the multi-variate Bernoulli mode] and the multinomial model. In this pa-
per we chose the latter, since in comparative text classification experiments it has given
superior results than the former [19),

'The second learning method is a support vector machine {SVM) learner as embodied
in the SVMLIGHT package (version 4.0} implemented by Joachims [14]. SVMs attemps to
learn a hyperplane in |7|-dimensiona] space that separates the positive training exalnples
from the negative ones with the maximum possible margin, i.e. such that the minimal
distance hetween the hyperplane and a training example is maximu; results in compu-
tational learning theory indicate that this tends to minimize the generalization error, i.e,
the error of the resulting classifier on yet unseen examples. We have simply opled for the
default parameter setting of SVMLIGHT; in particular, this means that a linear kernel
has been used.

With respect to effectiveness, the text categorization literature has shown that najve
Bayesian approaches of the type implemented in RAINBOW are, relatively to other learning
methods, no more than average performers [10, 13, 17, 22, 29]. On the contrary, the same
literature has shown that support vectar machines of the type implemented in SVMLiQHET
are (together with “boosting”-hased classifier committees) the unsurpassed top perform-
ers [10, 13, 17, 22, 29]. The reascn why we experiment with RAINBOW is that we want
to show that a text eategorization approach to survey coding is much more effective than
the dictionary-hased approach regardless of the specific learning method adopted, i.e. that
even with an average-performing learning method our text categorization approach to
survey coding can largely outperform the dictionary-based method. Tnstead, the reason
we experiment with SVMLIGHT is that we want to show what level of effectiveness this
approach can achieve, once nstantiated with a top-performing learing algorithm.

As for the document indexing phase, we have used a standard term:-hased representa-
tion of the type discussed in Seetion 3.1; in our context the documents coincide with the
individual answers that respendents have given to the same question (wy,; thus represents
the weight of term #; in answer d;). Note that the fact that many of the answers in the
corpus are syntactically ill-formed (see Section 1) makes the “bag of words” approach to
representation (i.e. the approach that just considers term occurrence and frequency of




occurrence, disregarding deeper syntactic and semantic aspects) even more appropriate:
if syntactic and semantic analysis have not proven worthy in standard text categorization,
where we usually deal with syntactically well-formed text, they could hardiy prove worthy
here!

We have used a binary representation as input to the first learner, and a weighted one
as input to the second learner. This is due to the fact that the najve Bayesian method
we have used (as most other prebabilistic methods) requires binary inputs, while this is
not the case for SVMs. Our weighted representation in input to SVMLIGHT is the ¢ fidf
function in its standard “Ite” variant [21], i.e.

7]
#T'F'(tl,c)

where #o.(t3) denotes the number of answers in the training set T» in which ¢, occurs
at least once and

If’idf{tk, dj) =z tf(t;c,dj) -log (1)

‘ N L+ log# (¢, d;)  if #(le,dj) >0
Lf(te.ds) = {U otherwise

where #:(1;, d;) denotes the number of times ¢, occurs in answer d;. Weights obtained by
Equation 1 are normalized by cosine normalization, yielding
tfidf (te, ds)
Wy = ( T (2)

\/ YT tfidf (2., dyg)2

In all the experiments discussed in this paper, stop words, punctuation, and numbers,
have been removed, and all letters have heen converted to lowercase. No dimensionality
reduction has been performed. The reason is that, as shown in extensive experiments
by Brank et al. [3], the effectiveness of SVMs is usually worsened by feature selection,
irrespectively of the feature selection algorithm used and of the chosen reduction factor
{this is also independently confirmed by the results of [24]), and that of naive Bayesian
methods does not show systematic patterns of improvement either,

5 Experiments

As already pointed out, our experiments have been carried out on data from NORC's
General Social Survey. This survey, which is ongoing since 1972, ahms at investigating how
people assess their physical and mental health, the balancing of security and civil liberties,
external and internal security threats, intergroup relations and cultural pluralism, religious
congregations, etc. We deal with two datasets (see Table 2) from the NORC Ceneral
Social Survey administered in 1996. Each of these datasets {(hete nicknamed angry_at and
angry why ) consists of a set of auswers to a given question, and their associated calogory
code manually chosen by NORC's professional coders from a pre-defined set of category
codes; the task consists in choosing exactly one category code for each answerS.
‘Therefore, note that the $ask we are dealing with here is a single-label categorization
task, as defined at the beginning of Section 3. As a result, we have measured effec-
tiveness in terms of accuracy (defined as in Section 3.3), which has also the advantage
that we can directly compare our results with those of [25], which are also presented in

5The angry_at and angry-why datasets actually invelve the same question, which deals with the description
of a situation that caused anger to the respendent; each answer was classified according to twe different sets
ol codes, one concerning the object of anger, the other concerning the cause of anger {actually, angry.why
contains only a subset of the answers contained in angry_at, in the sense that NORC coders classified some of
the answers only according to the angry_at set of codes).




Dataset Category # of instances
ANGRYFAM 275
ANGRYWRK 345
ANGRYGVT 74

angry_at | WRK&GVT 3
WRK&FAM 27
FAMEGVYT 16
OTHER 625
total 1370
SELF 29
PREVENTED 36

angry-why | CRITICAL 88
DEMANDING 60
EXPECT 166
OTHER 51
total 460

Table 2: Characteristics of the two datasets used in this experiment.

terms of accuracy. Both macroaveraging and microaveraging were computed (in [25] only
macroaveraging results are reported).

While the RAINBOW package is explicitly geared towards single-label categorization,
this is not true of the SVMLIGHT paciage, which is designed for binary {(hence also for
multi-label) categorization. This means that, when using SVMLIGHT in order ta choose
amang |C| codes, we learn iC] binary classifiers that behave independently of each other.
This means that SVMLIGHT might classify an answer under no category at all, or might
classify an answer under more than one category; in both cases accuracy wili be penalized,
since in the former case there wiil be one false negative for the true category e, while in
the latter case there will be one or more false positives, each for a category c, different
from the true category”.

We have chosen these two datasets because these are the same datasets used in Viech-
nicki’s work [25], which means that we will be able to obtain a direct comparison between
the effectiveness of his method (which is representative of the dictionary-based approach
to survey coding) and the effectiveness of ours 2.

Note that both datasets include a class OTHER. This consideration alone indicates
that these datasets are not “easy”, since

e the classifier cannot simply “take a guess” by picking “the least inappropriate”
category, since il all choices are sufficiently inappropriate, the categery OTHER
applies?;

T An alternative policy might have been to pick the category e; for which SVMLIGHT returns the highest
categorization status value. Unfortunately, also this is notoriously not an optimal policy for hinary SVMs; a
possible way out would be to use §VM-based methods which are explicitly geared to single-label categorization,
such as those propesed in [6, 20}, or to use soine general means of using multi-label learners in a single-label
context, such as error-correcting oulput codes [8, 11). Our use of SVMLIGHT in this context should thus he
considered as a first attack to this problem.

#Viechnicki [25] actually used a third dataset, nicknamed breakdo. We have not experimented on it because
neither Viechnicki nor NORC could locate a copy of it to give us.

YThis is confirmmed by everybody’s experience with multiple-choice tests, No student likes to take a multiple-
choice test in which the last choice is always “None of the preceding answers apply™!
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Vector [25] | Boolean [25] RAINBOW SVYML1GHT
angry_at 0.451 0.464 0.842 (+81%) | 0.862 (4+85%)
angry_why 0.210 0.271 0.793 (+292%) | 0.828 (+305%)
| average 0.330 0367 || 0817 (+220%) | 0.845 (+230%)

Table 3: Comparative macroaveraged accuracy results ohtained on the angry.at and an-
gry_-why datasets using a Boolean and a vector-based method {results reported from [25]),
and using a naive Bayesian and a support vector machine text categorization methods, The
percentile improvements are reported with respect to the Boolean method. Boldface indi-
cates the best performance on the dataset.

¢ the category OTHER will typically be a very hard category to work with, since it will
not be characterized hy a specific terminology, as is instead the case with categories
that are strongly characterized in a topical sense. The presence of a category OTHER
in the category set always tends to deteriorate the global performance of any text
classifier.

For each dataset, the main steps we went through to run our experiments are the following:

L. preprocess the data in order to ohtain a data format compatible with the learners

(this had to be repeated once for RAINBOW and once for SV MLIGHT);

2. randomly split each dataset intc a training set {consisting of 75% of the answers)
and & test set (the remaining 25%);

3. run the learner to learn a classifier from the training set. Note that in SVMuicuT
this has meant learning |C| binary classifiers, one for each category; in this process,
all the positive training examples of categories ¢y, ..., ¢ 1, Cit1, .-, Clc| have been
used as negative training examples of ¢;.

4. run the classifier to classify the data in the test get. Similarly to the previous step,
all the positive test examples of categories ¢1,. .., c1, Cit1,.- ., G| have heen used
as negative tesl examples of ¢;.

5. evaluate the results.

In order to achieve hetter statistical significanice, we repeated Steps 2 to 5 four times, i.e.
we partitioned the dataset in four random disjoint subsets and used each of them in turn
as the tesiing set while using the other three as the training set. The results we report
are thus averaged across four differens experiments.

We have computed micro- and macroaveraged accuracy on the two datasets hoth with
Rawgow and SVMLIGHT; the results are reported in Tables 3 and 4.

The first observation we can do is that the text categorization approach to survey
coding vestly outperforms the dictionary-based approach: the improvements with respect
to the best-perfoming method reported in [25] are outstanding, a +222% on average for
RAINBOW and a +230% for SVMLIGHT. As anticipated in Section 4, the fact thet im-
provements of this order of magnitude are obtained even with a method, such as the
naive Bayesian technique implemenied in RAINBow, that is known as an average per-
former in the text categorization literature, bears witness to the superiority of the text
categorization approach to survey coding.

The fact that SVMLIGHT, a known top-performer in the text categorization literature,
outperforms RAINBOW cnly by a very small margin (3%) is probably due to the fact that,
as observed earlier, SVMLIGHT is a multi-label system, and using it in a single-labe!
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Ramwpow | SVMuGHT || Ralnsow | SVMLIGHT
Micro Micro Macro Macro
angry_at 0.894 0.914 0.842 0.862
angry_wihy 0.808 (.828 0.793 0.828
average 0.851 0.871 ” 0.817 ’ 0.845 j

Table 4: Micro- and macroaveraged accuracy results obtained on the engry_at and angry_why
datasets using a naive Bayesian and a support vector machine text categorization methods.

context such as ours can be done only with some straight-jacketing. The application of
single-label versions of SVMs to owr task is thus a promising avenue of further research.

The angry_at dataset looks somehow “casier” than angry-why, as witnessed by the fact
that all four methods listed in Table 3 perform hetter on angry.at than on angry_why.
This might also be explained by the fact that, as can be seen from Table 2, it contains
more data, since each category in angry_at has 105 positive examples on average, while
this goes down to 76 for angry_why. This is confirmed by the results we have obtained on
a third dataset, nicknamed mental, congisting of 3000 answers classified under 7 categories
{an average of 428 positive examples each): the macroaveraged accuracy of SVMLIGHT
jumps to 0.935 (8% better than on angry_at and 12% better than on angry_why}, and the
one of RAINROW jumps to 0.918 (9% better than on angry_al and 15% better than on
angry_why ),

From Tabie 4 we may further observe that both RaiNsow and SVMLIGHT achieve
a higher performance on microaveraging than on macrcaveraging. This confirms results
from the text categorization lilerature [22, 28], according to which macroaveraged ef-
fectiveness measures are always a tougher benchmark for text classifiers than the corve-
sponding microaveraged ones. The reason for this is that, quite naturally, microaveraged
effectiveness tends to be heavily determined by the performance of the classifiers on the
most populated categories, and these categories are obviously the easiest for any super-
vised learning method.

6 Conclusion

We have shown that automatic coding of responses to open-ended survey questions may
be posed as a text categorization problem, and that text categorization technicues largely
outperform the dictionary-based techniques based on similarity computation that have
heen up to now the dominant approach to automated survey coding.

‘The elfectiveness levels that text categorization technicues have achieved in our exper-
iments are far from being perfect, and also from being completely satisfactory. Although
the resulis obtained in our research are promising, we think that more research is needed
for the automatic approach to survey coding to clearly supersede the manual approach.

There are several avenues for further research, Omne of these is to experiment with
single-label versions of SVMs (as discussed in Footnote 7), in order to improve upon the
results of SVMLIGHT. Another, which we are currently working at, is simply to run
experiments on more survey data, in order to obtain results which are more statistically
reliabie.

""We do not report in detail the results obtained on mental, since it was not used in [25] and is thus not
useful for our comparisons with the dictionary-based approach, The mental dataset deals with questions and
answers concerning mental illnesses.
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In the future, we plan to combine automated survey ceding by text categorization
with speech recognition, in order to allow the survey ceding task to proceed directly
from the audio recording of the interview, since we believe that survey coding may be
performed with much better effectiveness only by using better quality input, ie. more
faithful representations of the answers. Proceeding directly from the audio recording can
eliminate the sources of noise mentioned in Section 2 {i.e. the noise possibly introduced
by interviewer and typist), and also makes for greater savings in term of manpower,
which means that the researchers who design the survey could afford having more open-
ended questions and less multiple-choice ones. However, such a process would entail
the need to apply text categorization techmiques to neisy text, since speech recognition
software performs imperfectly, especially in dealing with natural speech in possibly noisy
environments. To this respect, we think that there are reasons for cptimism, since research
in texi categorization of noisy text [12, 18] has siready shown that, hy employing noisy
lexts also in the training phase {i.e. texts affected by the same source of noise that is also
at work in the test documents), effectiveness levels comparable to those obtainable in the
case of standard text can be achieved. Although the source of noise dealt with in [12, 15]
was different (i.e. noise resulting from optical character recognition} there are reasons to
helieve that similar effectiveness patterns might result also in the case of noise introduced
by speech recognition,
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