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Abstract

Speech conveys many things beyond content, including aspects
of stance and attitude that have not been much studied. Con-
sidering 14 aspects of stance as they occur in radio news sto-
ries, we investigated the extent to which they could be inferred
from prosody. By using time-spread prosodic features and
by aggregating local estimates, many aspects of stance were
at least somewhat predictable, with results significantly better
than chance for many stance aspects, including, across English,
Mandarin and Turkish, good, typical, local, background, new
information, and relevant to a large group.
Index Terms: information retrieval, filtering, attitudes, senti-
ment, broadcast news

1. Motivation
Most work on speech for information retrieval and filtering has
focused on topic and content, with some attention paid to a few
other facets — notably including emotion, sentiment, and di-
alog acts. However these do not exhaust the aspects that one
might use for information retrieval [1, 2, 3, 4, 5]. In this pa-
per we consider stance. In the social sciences, “stance” and
related terms refer to a very broad set of feelings and behaviors
[6, 7, 8, 9], including all the nuances and subtleties of attitudes
and related functions that people display in the course of pur-
suing various communicative goals. While stance is potentially
broader than sentiment [10], previous work on modeling stance
has examined only a few aspects, such as polarity and strength
of opinion [11, 12]; in this work we examine a larger set.

The practical motivation for this work is to support filter-
ing and finding patterns in news broadcasts. In the Lorelei sce-
nario [13], a mission planner needs to find information rele-
vant to organizing a humanitarian intervention after a natural
or anthropomorphic disaster. Given the large volume of news
broadcasts and social media communications that may poten-
tially be relevant, analysts and planners need tools to organize
these to gain situational awareness and support planning. Rele-
vant aspects of these items include attitudes towards situations
and facts, evaluations of different actors, the novelty of the in-
formation, the magnitude of the disaster, whether an input is
well-informed or speculative, and its immediacy in time and
place to the disaster and relief needs. Crucially, planners of-
ten work with data in languages where ASR and MT tools are
rudimentary. They also frequently need big-picture informa-
tion, such as in which valley the chatter about flooding has a
more here-and-now stance. They may seek information from
statistics and tendencies across many items, even when the cat-
egorization of any specific item is not highly reliable.

Table 1 shows the 14 aspects of stance considered in this
work. This list reflects several considerations: opinions by
some Lorelei program participants regarding likely utility, non-
redundancy to what might be accomplished by topic-based re-
trieval, commonality of occurrence in disaster-related news sto-
ries, and ability to be reliably annotated [14].

This paper reports experiments in automatically detecting
these 14 aspects of stance, as they occur in radio news in three
languages, from prosody.

2. Data
To investigate the manifestations of these stance aspects,
we assembled three sets of radio news broadcasts. The
American English set is 650 minutes taken from archive.org,
consisting mostly of broadcasts from WMMB, KBND, and
CHEV, but including others chosen to increase the coverage
of disaster-related topics, including shootings, protests, earth-
quakes, floods, power outages, hurricanes, various storms, epi-
demics, and wildfires. The Mandarin data is the first 279 min-
utes of the KAZN subset of the Hub4 collection [15]. The Turk-
ish data is the first 11 hours of the Bolt Turkish language pack,
LDC2014E115.

Each news broadcast was divided into news segments, with
topics like: weather, hockey, parenting, bicycle race, jazz fes-
tival, hospital donation, erosion, evacuation, highway closing,
drug arrest, job fair, burglary, and so on. Segments varied in
length from tens of seconds to a few minutes, except that for
Turkish long stories were split into 2-minute segments. Each
segment was annotated for the presence of each stance aspect
as 0 (absent), 1 (weakly present) or 2 (strongly present). Each
stance was labeled independently, thus a given segment could
be labeled, for example, as both deplorable and praiseworthy, if
it mentioned both a deplorable act and a praiseworthy one.

Annotation for each language was done by three native
speakers working independently. Their agreement levels were
measured with average pairwise weighted Kappa, giving par-
tial credit (0.5) for close matches, for example, a rating of 2 by
one annotator and a 1 by another. As seen in Table 1, interan-
notator agreement was excellent for some stances and poor for
others, depending on the language. Assuming that stances are,
ultimately, continuous-valued phenomena, we use the average
of the three annotators’ labels as the “true” value for that stance
for that segment. Examining correlations, we find that these 14
stances are largely non-redundant; for example in English the
most related pair, bad and good, correlated at only –0.59. Ta-
ble 1 also shows that most stances are not uncommon, reflect-
ing that, while newsreaders strive to be authoritative and objec-
tive, they also humanize the news [16]. The lists of broadcasts
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1. Bad Implications - information with undesirable consequences, such as a raise in taxes, an approaching storm, or a
flood (0.72, 33%), (0.55, 15%), (.36, 18%)

2. Good Implications - the opposite, such as a peace agreement, a good harvest, or nice weather (0.46, 34%),
(0.45, 19%), (.35, 5%)

3. Deplorable Action - something bad done by someone or some organization (0.74, 14%), (0.37, 3%), (.60, 17%)
4. Praiseworthy Action - the opposite: something good done by someone or something (0.35, 14%), (0.46, 8%),

(.36, 6%)
5. Controversial - something people do or could disagree about, such as a bold action by some person or group, or a new

government policy (0.53, 4%), (0.56, 5%), (.40, 25%)
6. Factual Information - information presented as facts (0.25, 96%), (0.59, 94%), (.41, 46%)
7. Subjective Information - the opposite, such as opinions, either the presenter’s or someone else’s, or information

reported skeptically or speculatively (0.36, 11%), (0.55, 46%), (.45, 39%)
8. Unusual or Surprising - something quirky, odd, or unexpected (0.22, 6%), (0.69, 7%), (.30, 18%)
9. Typical or Unsurprising - the opposite, something expected (0.81, 31%), (0.59, 9%), (.14, 11%)
10. Local - personally relevant to the listening audience, like local weather or close-by rioting (0.39, 80%), (0.66, 46%),

(.05, 8%)
11. Prompting Immediate Action - something that may motivate the listening audience to do something, like take shelter

from a storm or vote in today’s election (0.69, 20%), (0.74, 32%), (.06, 5%)
12. Background - the opposite, information useful just as background, such as an explanation of the causes of a situation

(0.47, 36%), (0.60, 23%), (.21, 29%)
13. New Information - new information or description of a recent development (0.30, 41%), (0.92, 48%), (.19, 8%)
14. Relevant to a Large Group - something affecting many people (0.47, 48%), (0.83, 21%), (.28, 17%)

Table 1: Descriptions of each stance aspect, abbreviated from the annotation guidelines [14], and statistics for English, Mandarin, and
Turkish respectively: (interannotator agreement, percent of news segments with that stance present (label = 1 or 2))

and segments, and the annotations themselves, are available at
http://www.cs.utep .edu/nigel/stance/ .

3. Model
For the automatic inference of stance, many sources of infor-
mation might be used. In this study we choose to explore only
prosodic features. This is for several reasons. First, the need for
humanitarian interventions often arises in areas where the lan-
guage spoken is “low-resource,” in the sense that tools and re-
sources such as speech recognition, dictionaries, and large cor-
pora may not be available. Second, while vocabularies differ
arbitrarily, there are across languages universal tendencies for
some prosodic features to express certain things [17, 18]. Third,
previous research suggests that many aspects of stance might be
expressed more by prosody than by words [19, 20].

Our approach is based on the observation that regions
(patches) that are similar prosodically are often similar also in
the stances they express.

We focus on regions because news segments are heteroge-
neous. A stance, when present, is not necessarily expressed
continuously throughout a news story; rather, it may be indi-
cated mostly in a few specific regions. For example, in a news
story containing the sentence Two SQ constables are being cred-
ited with saving three people from a burning house in Row-
don, the prosodic indications that this was “praiseworthy” are
present more on the subject and predicate than on the village
name, let alone on the subsequent descriptions of the fire’s ori-
gin. Thus stance inference is different from those classification
tasks where something assumed to be broadly present across
the input, either because it is a direct indication of a persistent
mental or physical trait or state, or because each input is short
[21].

Ideally we would use a model of the rhetorical and dis-
course structures of news to locate the most informative re-
gions for any specific type of stance, but no current model is

suitable [22, 23]. Accordingly we use an estimate-locally-then-
aggregate method [24, 25]. Thus, for each stance and each seg-
ment, every patch in the segment contributes an independent
estimate of the strength of that stance in that segment. Patches
are offset every 100ms, both in the test data and in the training
(reference) data. Depending on the length of the segment, there
may thus be tens or thousands of these estimates. The overall
estimate is the average of these patch-based estimates.

Of the many possible ways to estimate the stance for each
patch, we chose a nearest-neighbors algorithm, for three rea-
sons. First, this makes minimal assumptions about the distri-
butions. Second, this can handle cases where the relevant infor-
mation involves configurations of features, not just distributions
of feature values [26, 27, 28]. Third, as an initial investigation,
we wanted an interpretable method, so that we could examine
and learn from successes and failures. We implement nearest
neighbors straightforwardly. For each patch in the segment to
classify, we find the k most similar patches in the reference data
set. For each of these k neighbors, we then look up, in the an-
notations, how that stance was annotated in the segment it came
from. For example the nearest neighbor of a patch in the mid-
dle of snap their losing streak with a win against was a patch
in the middle of partly sunny and a warm day. Since the latter
patch came from a segment labeled “local=2, good=2, new=2,”
this is evidence that the sports segment is also conveying some-
thing that is locally-relevant, good news, and new information.
A reference patch is more relevant to the extent that it is more
similar to the new patch, so each neighbor contributes with a
weight inversely proportional to the squared distance. Weights
are normalized, so that estimates are not affected by the local
density or sparsity of neighbors. The neighbors are found by
computing distances in an 88-dimensional vector space, where
each dimension is given by the values of one prosodic feature.
Figure 1 overviews the method.

For this work we used three feature sets developed for other
tasks. All attempt to broadly characterize the prosody across a
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Figure 1: Overview of the Method. Given a news segment S to classify, we take samples (patches) every 100 milliseconds, and represent
each as an n-dimensional prosodic-feature vector. For each we find the 3 nearest neighbors, each representing a patch from the
reference data, and each inheriting the stance annotations of the containing news segment. The stance of each patch is estimated using
the values of its neighbors, and the overall stance of the news segment is estimated as the average of the estimates for each patch.

patch using a large number of diverse features. The first was
the Extended Geneva set of 88 features, a set designed for emo-
tion recognition [29]. The other two were our own creations.
Both of these include both wide-span features and features com-
puted over narrower windows around a focal point within the
patch. Neither includes features that are turn-, utterance-, word-
, or syllable-aligned, so that all features can be everywhere-
computable and robust. Most features are normalized to reduce
dependence on the speaker and the recording conditions. In ad-
dition, each feature is z-normalized, across all audio tracks, so
that, within each set, each feature contributes equally to the dis-
tance computations.

The second set was 88 prosodic features from the Midlevel
suite [30], originally developed for language modeling and
later extended for dialog-modeling and other purposes [31, 32].
These features tile a patch 6 seconds long, with a focal point
in the middle of the patch. They include measures of intensity,
pitch range, pitch height, speaking rate, and creakiness. The
complete list is in [14], with the implementation details at [30],
from which the code can also be downloaded.

The third set of features was 412 developed at USC and
SRI for various purposes, including speech analytics and voice
activity detection [33]. These features together tile a patch 4
seconds long, with a focal point at the end of the patch. The
prosodic features are the averages and standard deviations of
pitch and of intensity. In addition there are spectral features,
namely long-term MFCCs, both raw and amplitude-normalized,
and spectral-tilt features. There were also features for the per-
centage of voiced frames and for the energy ratio between
voiced and unvoiced frames.

4. Experiments and Results
Our hypothesis is that prosody bears information useful for de-
tecting what stance aspects are present in a news story.

A model should ideally assign to each segment the same
label as the average of the human annotators, so our primary
metric is the mean squared error. In this exploratory study, we
are interested in determining whether prosody provides any in-
formation at all; thus for each stance aspect our baseline is the
performance of a knowledge-free method: predict the average
value across all segments in the reference set. This of course
varied for each stance and language.

We used leave-one-out testing, that is, cross-validation at
the segment level: for each segment and each stance, we pre-
dicted the value based on the annotations of that stance in other
segments, across each entire dataset. In addition, for English,
we did a known-speaker experiment, using the WMMB subset
of the corpus. We also did cross-language experiments for En-
glish and Mandarin, where everything was the same, except that
the nearest neighbors for reference were found in the data from
the other language.

We tested our hypothesis by computing how close our pre-
diction results were to the true values. We judged the predictor
to be outperforming the baseline if its estimates were closer, p
< 0.05 by a one-tailed matched-pairs t-test. Using k = 3 near-
est neighbors, based on preliminary experiments, the results are
as seen in Table 2. We had difficulty configuring the Geneva
features to handle very short segments, so we lack directly com-
parable results, but on the other segments the Geneva set almost
as well as the Midlevel set, for all three languages.

5. Discussion
Some stance aspects were predicted fairly well, indicating that
prosody does indeed have value for predicting at least some
stances. This was true for all three languages, for all three
feature sets, and for both the large-data-multiple-speakers and
modest-data-known-speaker conditions.

Overall, performance was better for Mandarin than for the
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language English English English English English English Mandarin Turkish
test speaker(s) mixed mixed mixed mixed mixed known mixed mixed
reference minutes - - 650 650 650 70 279 672
reference segments - - 877 877 877 267 307 1038
feature set - - midlevel midlevel SRI midlevel midlevel midlevel

baseline human predictor percent percent percent percent percent
metric MSE MSE MSE reduction reduction reduction reduction reduction

1 Bad 0.65 0.11 0.60 7% 18% 9% 26% 18%
2 Good 0.54 0.27 0.44 17% 20% 16% 12% 12%
3 Deplorable 0.39 0.07 0.36 8% 9% 3% x 2% 20%
4 Praiseworthy 0.05 0.03 0.05 x 4% x -150% x -1% 24% 16%
5 Controversial 0.07 0.03 0.09 x -17% x -17% x -5% 10% 9%
6 Factual . . . 0.07 0.06 0.08 x -5% x 63% x -2% 36% 36%
7 Subjective . . . 0.14 0.08 0.17 -19% 0% x -1% 42% 18%
8 Unusual . . . 0.06 0.05 0.06 x 5% x 29% x -1% 11% 19%
9 Typical . . . 0.77 0.09 0.52 33% 47% 37% 73% 24%
10 Local 0.37 0.27 0.23 37% 42% x 13% 70% 19%
11 Immediate . . . 0.35 0.07 0.31 13% 33% 3% 65% x 6%
12 Background 0.58 0.27 0.48 16% 32% 18% 51% 6%
13 New Information 0.39 0.31 0.30 25% 28% 19% 75% 36%
14 Large-Group . . . 0.58 0.32 0.44 25% 28% 21% 50% 27%
average 0.36 0.15 0.29 18% 13% 9% 51% 22%

Table 2: Performance in the various conditions. MSE: mean squared error. Percent Reduction: improvement in MSE over the baseline,
as a percentage of the baseline. Bolding indicates statistically better than baseline by a two-tailed t-test; x indicates low variance
(< 0.10), reflecting highly skewed priors.

other two languages, both absolutely, as seen in the table, and in
terms of closer approximating human performance. This may
be because the KAZN data had more variety, including more
acoustic variation between segments and more segments that
were not simply read news but included spontaneous speech and
dialog. In the cross-language experiments the performance was
very poor: almost always below baseline. Clearly the prosodic
reflections of stance differ greatly between English and Man-
darin. Even in the best conditions, for most stance aspects the
performance was well below human performance, indicating
much potential for improvement.

One obvious factor related to poor performance was cases
where the distribution for a stance was very unbalanced; in such
cases, marked with x in Table 2, the dearth of reference-set di-
versity made the algorithm’s task very hard.

Failure analysis revealed that some patches were less in-
formative than others. For example, the prosody at one
appositive-comma pause may strongly resemble the prosody at
an appositive-comma pause in a different segment, regardless
of the very different stances in the two segments overall. In
general, there are times where prosody is being used to convey
structure, not stance. This fact might be built into a model by us-
ing discriminative methods or by somehow using only patches
expected to be informative.

All three feature sets performed above baseline, suggest-
ing that this method is not over-sensitive to the exact features
chosen. Performance was slightly weaker for the Midlevel 88-
feature set, and experimenting with subsets revealed that its
creaky-voice features and very fine-grained (50 ms) features
were detracting from performance. Other experiments showed
that further improvements could be obtained by including fea-
tures for lengthening, delayed pitch peak, enunciation, and re-
duction, features now available in the Midlevel toolkit [30].

6. Significance and Future Work
This paper has explored the potential for using previously-
unexplored aspects of stance for retrieval of spoken language.
It presented a list of 14 aspects that are often relevant and fre-
quently present in news stories, and showed that many of these
are somewhat detectable automatically, from prosodic informa-
tion alone. This serves as a first proof of concept of the idea of
using stance for speech retrieval.

This paper also identified directions for improving perfor-
mance. Future work should try more features, not only prosodic
[34, 35, 36], but also, for some scenarios, spectral and lexical;
try feature weighting and feature selection; and try discrimina-
tive, exemplar-based, and other models and machine-learning
algorithms [37, 26]. For the latter, we should consider models
where, rather than having each patch contribute equally, more
weight is given to patches more likely to be informative, as esti-
mated perhaps by some analog of inverse document frequency.

Also needing further study are the effects of data size and
of speaker differences, and the issue of generality across speech
genres, such as read news, interviews, speeches, dialog, and
video soundtracks. Although the lack of commonality between
the prosody-stance mappings of English and Mandarin suggests
that expressions of stance are not universal, future work should
examine generality within language families.
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