


AIM

Does this sentence contain material
that describes the specific aim

of the paper?

Are the scientific statements expressed

in this sentence attributed to the

authors, the general field, or specific other
researchers?

Own work Other Work

BACKGROUND

Does it describe a negative aspect
of the other work, or a contrast
or comparison of the own work to it?

YES NO
YES NO
Does this sentence make CONTRAST Does this sentence mention
reference to the external the other work as basis of
structure of the paper? or support for own work?
YES NO
TEXTUAL OWN
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AFFECT we hope to improve our results NEED this approach, however, lacks. . .
ARGUMENTATION we argue against a model of PRESENTATION we present here a method for. . .
AWARENESS we are nol aware of attempts PROBLEM this approach fails. ..
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ing PP), as in the phrase “the problem with these
approaches” which was classified as REF_AGENT.
These cases (counted as errors) indeed constitute
no grave errors, as they still give an indication
which type of agents the nominal phrase is associ-
ated with.

4.2 Evaluation B: Usefulness for
Argumentative Zoning

We evaluated the usefulness of the Agent and Ac-
tion features by measuring if they improve the
classification results of our stochastic classifier for
argumentative zones.

We use 14 features given in figure 8, some of
which are adapted from sentence extraction tech-
niques (Paice, 1990; Kupiec et al., 1995; Teufel and
Moens, 1999).

1. Absolute location of sentence in document
2. Relative location of sentence in section
3. Location of a sentence in paragraph
4. Presence of citations
5. Location of citations
6. Type of citations (self citation or not)
7. Type of headline
8.  Presence of tf/idf key words
9. Presence of title words

10.  Sentence length

11. Presence of modal auxiliaries

12.  Tense of the finite verb

13.  Voice of the finite verb

14.  Presence of Formulaic Expressions

Figure 8: Other features used

All features except Citation Location and
Citation Type proved helpful for classification.
Two different statistical models were used: a Naive
Bayesian model as in Kupiec et al.’s (1995) exper-
iment, cf. Figure 9, and an ngram model over sen-
tences, cf. Figure 10. Learning is supervised and
training examples are provided by our previous hu-
man annotation. Classification preceeds sentence
by sentence. The ngram model combines evidence
from the context (C,_1, Cr—_2) and from [/ senten-
tial features (Fp, 0...Fm,—1), assuming that those
two factors are independent of each other. It uses
the same likelihood estimation as the Naive Bayes,
but maximises a context-sensitive prior using the
Viterbi algorithm. We received best results for
n=2, i.e. a bigram model.

The results of stochastic classification were com-
piled with a 10-fold cross-validation on our 80-
paper corpus. As baseline we consider the result of
a text categorization run on the sentences, as men-
tioned above. NB refers to the Naive Bayes model,
NB+ to the Naive Bayes model augmented with
the ngram model.

One of our baselines is given by the text cate-
gorization experiment mentioned above, the other
by the most frequent category (OwN). We see

that Kappa (measured against one human anno-
tator, i.e. k=2) measures performance far more
intuitively than percentage accuracy does. Base-
line 2 is a particularly bad baseline as its recall on
all categories except OWN is zero.

Figure 11 shows that the stochastic models ob-
tain substantial improvement over the baselines,
particularly with respect to precision and recall of
the rare categories, raising recall considerably in
all cases, while keeping precision at the same level
as Baseline 1 or improving it (exception: precision
for BAsis drops; precision for A1M is insignificantly
lower).

If we look at the contribution of single features
(reported for the Naive Bayes system in figure 12),
we see that Agent and Action features improve
the overall performance of the system by .02 and
.04 Kappa points respectively (.36 to .38/.40).
This is a good performance for single features.
Agent is a strong feature beating both baselines.
Seen by itself, its performance at K=.08 is still
weaker than some other features in the pool, e.g.
the Headline feature (K=.19), the Citation fea-
ture (K=.18) and the Absolute Location Fea-
ture (K=.17). (Figure 12 reports classification re-
sults only for the stronger features, i.e. those who
are better than Baseline 2). The Action feature,
if considered on its own, is rather weak: it shows
a slightly better Kappa value than Baseline 2, but
does not even reach the level of random agreement
(K=0). Nevertheless, if taken together with the
other features, it still improves results.

Building on the idea that intellectual attribu-
tion is a segment-based phenomena, we improved
the Agent feature by including history (feature
SAgent). The assumption is that in unmarked sen-
tences the agent of the previous attribution is still
active. Wiebe (1994) also reports segment-based
agenthood as one of the most successful features.
SAgent alone achieved a classification success of
K=.21, which makes SAgent the best single fea-
tures available in the entire feature pool. Inclusion
of SAgent to the final model improved results to
K=.43 (bigram model).

Figure 12 also shows that different features are
better at disambiguating certain categories. The
Formulaic feature, which is not very strong on
its own, is the most diverse, as it contributes to
the disambiguation of six categories directly. Both
Agent and Action features disambiguate cate-
gories which many of the other 12 features cannot
disambiguate (e.g. CONTRAST), and SAgent addi-
tionally contributes towards the determination of
BACKGROUND zones (along with the Formulaic
and the Absolute Location feature).

5 Discussion

The result for automatic classification is in agree-
ment with our previous experimental results for
human classification: humans, too, recognize the
categories AIM and TEXTUAL most robustly (cf.



[1;2, P(F;[C)
P(C|Foy e Fa_1) ~ P(C) =222 1~
(Ml Fo) & PO )

P(C|Fo,...,Fn_1): | Probability that a sentence has target category C, given its feature values Fo, ...,
Fn—l;
P(C): (Overall) probability of category C);
P(F;|C): Probability of feature-value pair Fj, given that the sentence is of target category C}
P(Fj): Probability of feature value Fj;
Figure 9: Naive Bayesian Classifier
[Ti=0 P(Fm,ilCm)
P(leFm’o, [N Fm,l—l, Co, ey Cm—l) ~ P(lecm_1, Cm_z) T—1
Hj:O P(Fmvj)
m: index of sentence (mth sentence in text)
l: number of features considered
Cm: target category associated with sentence at index m
P(Cm|Fmoy. .y Fmi-1,Co,...,Cm_1): | Probability that sentence m has target category Cr, given its

feature values F, 0, ..., Fi, -1 and given its context Co, ...Cr_1;
Probability that sentence m has target category C, given the cat-
egories of the two previous sentences;

P(Crn|Crm—1,Cra—2):

P(Frmi|Cm): Probability of feature-value pair F; occurring within target cate-
gory C' at position m;
P(Fm,;): Probability of feature value Fi, j;

Figure 10: Bigram Model

Figure 11). AM and TEXTUAL sentences, stating
knowledge claims and organizing the text respec-
tively, are conventionalized to a high degree. The
system’s results for AIM sentences, for instance,
compares favourably to similar sentence extraction
experiments (cf. Kupiec et al.’s (1995) results of
42%/42% recall and precision for extracting “rel-
evant” sentences from scientific articles). Basis
and CONTRAST sentences have a less prototypical
syntactic realization, and they also occur at less
predictable places in the document. Therefore, it
is far more difficult for both machine and human
to recognize such sentences.

While the system does well for Aim and TEX-
TUAL sentences, and provides substantial improve-
ment over both baselines, the difference to human
performance is still quite large (cf. figure 11). It is
unlikely that lexical information, as exploited by
topic-segmentation methods is of much practical
value, as our experiment with text categorization
showed. The simplicity of our statistical models
also does not seem to be the problem; we tested
different other statistical models, e.g. Ripper (Co-
hen, 1996) and a Maximum Entropy model, which
all showed similar numerical results when applied
to our data.

On the one hand, it seems likely that the results
would improve significantly with a larger training
corpus, as 80 papers are not much for machine
learning of such high-level features.

On the other hand, we discovered inconsisten-

cies in the training data: 4% of the sentences with
the same features were classified differently by the
human annotation. This points to the fact that
our set of features could be made more distinc-
tive. In most of these cases, there were linguistic
expressions present, such as subtle signs of criti-
cism, which humans correctly identified, but for
which the features are too coarse. Therefore, the
addition of “deeper” features to the pool, which
model the semantics of the meta-discourse shal-
lowly, seemed a promising avenue. We consider
the automatic and robust recognition of agents
and actions, as presented here, to be the first in-
carnations of such features.

6 Conclusions

Argumentative zoning is the task of breaking a
text containing a scientific argument into linear
zones of the same argumentative status, or zones
of the same intellectual attribution. We plan to
use argumentative zoning as a first step for IR and
shallow document understanding tasks like sum-
marization. In contrast to hierarchical segmenta-
tion (e.g. Marcu’s (1997) work, which is based on
RST (Mann and Thompson, 1987)), this type of
segmentation aims at capturing the argumentative
status of a piece of text in respect to the overall
argumentative act of the paper. It does not deter-
mine the rhetorical structure within zones. Sub-
zone structure is most likely related to domain-
specific rhetorical relations which are not directly



Method Acc. K Precision/recall per category (in %)
(%) Amnv  CoNTR. TXT. OwN BackG. Basis  OTHER
[ Human Performance | 87 [ .71 | 72/56 50/55  79/79  94/92 68/75 82/34 74/83 ]
NB+ (best results) 71 | .43 | 40/53 33/20 62/57  85/85 30/58 28/31 50/38
NB (best results) 72 41 | 42/60 34/22 61/60 82/90 40/43  27/41 53/29
Basel. 1: Text categ. 69 A3 | 44/9 32/42 58/14 77/90 20/5 47/12 31/16
Basel. 2: Most freq. cat. 69 | -.12 0/0 0/0 0/0  69/100 0/0 0/0 0/0

Figure 11: Accuracy, Kappa, Precision and Recall of Human and Automatic Processing, in comparison

to baselines

Features used Acc. K Precision/recall per category (in %)

(Naive Bayes System) | (%) A CoNTR. TxXT. OwN BAckG. Basis OTHER
Action alone 68 | —.11 0/0 43/1 0/0  68/99 0/0 0/0 0/0
Agent alone 67 .08 0/0 0/0 0/0 71/93 0/0 0/0 36/23
SAgent alone 70 21 0/0 17/0 0/0 74/94 53/16 0/0 46/33
Abs. Location alone 70 17 0/0 0/0 0/0  74/97 40/36 0/0 28/9
Headlines alone 69 .19 0/0 0/0 0/0 75/95 0/0 0/0 29/25
Citation alone 70 .18 0/0 0/0 0/0  73/96 0/0 0/0 43/30
Citation Type alone 70 13 0/0 0/0 0/0  72/98 0/0 0/0 43/24
Citation Locat. alone 70 .13 0/0 0/0 0/0 72/97 0/0 0/0 43/24
Formulaic alone 70 .07 | 40/2 45/2  75/39 71/98 0/0 40/1 47/13
12 other features 71 .36 | 37/53 32/17 54747 81/91 39/41  22/32 45/22
12 fea.+Action 71 .38 | 38/57 34/22 58/59 81/91 39/40  25/38 48/22
12 fea.+Agent 72 .40 | 40/57 35/18 59/51 82/91 39/43  25/34 52/29
12 fea.+SAgent 73 40 | 39/57 33/19  61/51 81/91 42/43  25/33 52/29
12 fea.+Action+Agent 71 43 | 40/53 33/20 62/57 85/85 30/58 28/31 50/38
12 fea.+Action+SAgent 73 A1 | 41759 34/22  62/61 82/91 41/42  27/39 51/29

Figure 12: Accuracy, Kappa, Precision and Recall of Automatic Processing (Naive Bayes system), per

individual features

relevant to the discourse-level relations we wish to
recognize.

We have presented a fully implemented proto-
type for argumentative zoning. Its main inno-
vation are two new features: prototypical agents
and actions — semi-shallow representations of the
overall scientific argumentation of the article. For
agent and action recognition, we use syntactic
heuristics and two extensive libraries of patterns.
Processing is robust and very low in error. We
evaluated the system without and with the agent
and action features and found that the features im-
prove results for automatic argumentative zoning
considerably. History-aware agents are the best
single feature in a large, extensively tested feature
pool.
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