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Abstract

This work surveys the potential for predicting demographic
traits of individual speakers (gender, age, education level, eth-
nicity, and geographic region) using only word usage features
derived from the output of a speech recognition system on con-
versational American English. Significant differences in word
usage patterns among the different classes allow for reasonably
high classification accuracy (60%-82%), even without extensive
training data.

Index Terms: demographics, speech recognition, classification

1. Introduction

The Mixer corpora [1, 2] are primarily used in development and
evaluation of speaker identification systems [3], where the goal
is to model characteristics of individuals. But because these
data contain demographic attributes of each participant, it is
also possible to model characteristics of groups. Table 1 shows
summary statistics for the demographic data collected as part of
Mixer.

While acoustic cues may well be relevant for distinguish-
ing between demographic groups, this work is concerned with
classification based on simple word n-gram features derived
from Automatic Speech Recognition (ASR) output. We find
that word usage varies significantly between groups, providing
surprisingly accurate classification for each demographic char-
acteristic we studied: gender, age, education level, ethnicity,
and geographic region. These differences are interesting from a
theoretical perspective, and could have a variety of commercial
applications. This work is intended as an introduction, a survey
of the potential for demographic prediction, so the focus is on
analysis rather than complex features or structured classifica-
tion.

The paper is organized as follows: Section 2 outlines re-
lated work; Section 3 describes the Mixer data in more de-
tail, addressing relationships between the demographic features;
Section 4 describes feature selection and analyzes linguistic dif-
ferences between classes; Section 5 shows classification results;
Section 6 discusses future work.

2. Related Work

Inspired by Mosteller and Wallace’s classic work [4] on infer-
ring authorship of the Federalist Papers, Doddington [5] showed
that a relatively small set of word bigram features could help
distinguish between speakers with surprising accuracy. This ap-
proach has proven especially useful in combination with acous-
tic models because the two information sources are fairly inde-
pendent. Further, reasonable performance is maintained even
given highly errorful ASR transcripts [6].

Trait Summary Statistics
Gender female (844); male (492)

Yr. of Birth 1922 - 1990; median=1974
Yrs. of Education | 1 - 30; median=16

Native Language | U.S. English (765); 33 others

Occupation Student (230); Homemaker (41) ...
Country Raised U.S. (947); India (58); China (41) ...
State Raised 40 U.S. states represented

Ethnicity White (457); Asian (388); Black (129) ...
Smoker yes (142)

Height (cm) 134 - 198; median=168

Weight (kg) 36 - 160; median=68

Table 1: Demographic statistics for the segment of the Mixer
data used in the NIST 2008 Speaker Recognition Evaluation
(1336 total speakers). Bold features are analyzed in this work.

A second strand of related work involves predicting speaker
age and gender using acoustic characteristics like pitch, jitter,
shimmer, and spectral energy, along with behavioral features
like speaking rate [7]. Miiller’s Ph.D. research [8] involved the
development of systems to improve mobile shopping and call-
center dialogs using this sort of classification. Along similar
lines, some linguistic research has focused on classifying di-
alects [9], a kind of regional inference problem.

In the text domain, Koppel et. al. [10] predict author gen-
der in published fiction and non-fiction, and Schler et. al. [11]
predict author gender and age in blog writing. For blogs, which
tend to have the same sort of informal tone as spoken conversa-
tions, both gender and age classification (three classes: 13-17,
23-27, 33-42) give close to 80% accuracy'.

Lastly, there is growing interest in automatic demographic
profiling from other data sources. Cell-phone call logs, for
example, may prove useful for classifying gender or socio-
economic status [12].

3. Data

For our experiments, we chose a subset of the 2008 NIST
Speaker Recognition Evaluation data set (in turn, a subset of
Mixer) containing 538 native speakers of American English.
Each speaker participated in at least one phone conversation?,
and 5.6 conversations on average (standard deviation = 3.7): an
average of 2500 words per speaker (standard deviation = 1800).
ASR transcripts were generated using the SRI Decipher sys-
tem [13], and give about 23% word error rate on our data.

'Common word unigram features; average of 7000 words per au-
thor; 35000 training authors.

2Conversation partners were chosen randomly, given a suggested
topic for informal discussion, and calls lasted at most 10 minutes.



Gender Age Education Ethnicity Region
Male 39% | 20-29 31% | Highschoolorless 18% | White/Caucasian 63% | Northeast 40%
Female 61% | 30-39 27% | College 52% | Hispanic/Latino 6% South 21%

40-49  20% | More than college 30% | Black/African-American 19% | Midwest 16%
50+ 22% Asian 12% | West 23%

Table 2: Classes derived from demographic data.

The demographic data is self-reported and some values are
missing, but there is little reason to suspect its veracity. We
chose five demographic traits to study and sub-divided them
into classes as shown in Table 2. For age, education, and region,
the classes represent intuitive, rather than data-driven, group-
ings; the regional classes represent the official U.S. regional
mapping used by the Census Bureau.

Before diving into classification experiments, it is important
to know how these demographic traits are related in the data. If,
for example, age and education are highly correlated, it will be
hard to tell whether the predictive education features are mean-
ingful, or if they are just useful for predicting age. We used
logistic regression models® to quantify the relationship between
these variables. Table 3 shows McFadden’s R? for each model,
a statistic that attempts to generalize the standard notion of the
fraction of total variance explained in a traditional regression
model as:

log E(Mfull)
log L(Minte'r'cept)

This ratio of the model likelihood to the intercept-only
model likelihood has the right quantitative properties: the value
is between zero and one, and larger values imply better models.
While all the values in Table 3 are relatively small, suggesting
minimal correlations between the demographic traits, it is im-
portant to have some other point of reference. For comparison,
we note that McFadden’s R? for a model predicting age from
a random subset of 20 word bigram features is approximately
0.14. Further, the predictive power of the demographic-only
models are unimpressive: Predicting age, for example, from the
four other demographics yields only a nominal (2%) improve-
ment over the majority class baseline.
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Gender | Age | Educ | Eth | Region || ALL
Gender - 0.006 | 0.006 | 0.008 | 0.013 || 0.036
Age 0.003 - 0.021 | 0.035 | 0.022 || 0.069
Educ 0.004 |0.023 — 10.034| 0.013 || 0.069
Eth 0.005 | 0.046 | 0.033 - 0.049 || 0.116
Region | 0.007 | 0.023 | 0.005 | 0.032 - 0.061

Table 3: McFadden’s R? values for each model. Each trait (row
label) is modeled using each other trait (column label) as a sin-
gle predictor, and as a weighted sum of all the other traits to-
gether (the ALL column).

The sign and scale of the regression coefficients allow us
to draw the following conclusions about this particular demo-
graphic data set:

1. Age and education level are negatively correlated: Older
subjects tend to be less well educated than younger sub-
jects.

3Using the mlogit package in R

2. The Asian subjects tend to be younger and from the
Western region, while the the Black/African-American
subjects tend to be older and from the Southern region.

3. Black/African-American and Hispanic/Latino subjects
tend to have less education; Asian subjects have more
education (this latter effect is considerably stronger).

4. Feature Selection

For classification, we employed a simple bag-of-ngrams repre-
sentation, and found that bigrams gave slightly better perfor-
mance than unigrams. That is, each speaker is represented by
a vector indicating the presence or absence of each bigram fea-
ture in their full conversation history. Experiments with feature
representation suggested that (1) normalizing the feature vec-
tor to have unit length does not improve performance, and (2)
using normalized or unnormalized bigram counts or log-counts
(as opposed to presence/absence) degrades performance.

Since many bigrams are either very rare or non-informative,
we selected the top 2000 bigrams according to Information Gain
for each demographic trait. Equation (2) gives the Information
Gain formula for a feature (bigram) f as the difference between
the prior (class) Entropy and the Entropy of the posterior (class
conditional on the feature):

IG; = =Y P(c)logP(c)

+P(f) > P(c|f)log P(c|f)

P(f)>_ P(c|f)log P(c|f) @)

Table 4 shows some of the most discriminative features for
each class. A few observations:

1. Most of the important gender features are bigrams used
more frequently by women (and she, because I'm, my
daughter); almost all the distinctly male features include
“uh™.

2. Subjects in their twenties are characterized primarily by
the use of the word “like”; older subjects tend to distin-
guish themselves by comments about lifestyle (children,
grandchildren).

3. Subjects with less education tend to use more pronouns,
especially plural (we, them, us); those with more edu-
cation use “I” more, and speak abstractly or reflectively
more often (it’s interesting, find that, that point).

4. Ethnic and regional differences are hard to summarize.
Some regional features are geographic (in Philadelphia,
Bay Area), but many are not.



Class Bigrams

Female my husband  oh my
Male uh that’s uh uh
20-29 and like cool [laugh]
30-39 it definitely ~ was living
40-49 excuse me for president
50+ many years  kids that
H.S. or less not into yes uhhuh
College I’'m working  lot about
Grad. School of other yeah or
White/Caucasian in touch watch the
Hispanic/Latino um more my thing
Black/African-American | may have them up
Asian mm yeah oh like
Northeast gone to was no
South it’s [laugh] different in
Midwest choose to opposed to
West cool and about your

Table 4: Some sample high Information Gain bigrams are
shown for each class.

5. Classification Experiments

We trained a discriminative multiclass classifier for each demo-
graphic trait. Since the data set is fairly small, we used a form
of bootstrapping to get a more reliable estimate of the classifi-
cation error rate [14]: The data set is randomly permuted and
split into training (400 speakers) and test (138 speakers); this
process is repeated 50 times and the test error rates reported in
Table 5 are averaged over all 50 iterations.

The classifier is our own implementation of the Margin In-
fused Relaxed Algorithm (MIRA) [15], an online learner that,
like the perceptron algorithm, updates a set of weights for
the correct class and the predicted class when it makes mis-
takes. MIRA is “ultra-conservative” in the sense that it up-
dates weights just enough that subsequent classification of the
same example would yield the correct class. The resulting deci-
sion boundary is an approximation of the large-margin bound-
ary learned exactly by a Support Vector Machine*. Our training
procedure iterates through the training data 5 times, and takes
the average of the weights after each iteration as the final weight
set (the averaging tends to ameliorate over-training, a common
problem for perceptron-like algorithms). Training with MIRA
is fast—less than a second of computation per model—which
makes this algorithm a good choice for our bootstrapped exper-
iments. Other discriminative classifiers, like multiclass logis-
tic regression, give comparable results but take longer to train;
Naive Bayes yields poorer performance.

Baseline | MIRA | % Improvement
Gender 39% 18% 54%
Age 66% 35% 47%
Education 49% 33% 33%
Ethnicity 38% 28% 26%
Region 62% 40% 35%

Table 5: Baseline error rates (always predict the majority class),
classifier error rates, and relative improvements are shown for
each demographic trait.

While the overall error rate is a single number, useful for

4MIRA also has no slack variables.

comparison, the distribution and types of common errors are
more interesting. Table 6 shows normalized confusion matrices:
the column labels represent the true classes and the row labels
represent the predicted classes. Thus each column must sum
to 100%, the diagonal values are correct predictions and off-
diagonals are errors categorized by type.

Actual Gender
Male | Female
Male 74% 12%
Female | 26% 88%

Actual Age
20-29 | 30-39 | 40-49 | 50+
20-29 | 81% 25% 13% | 10%
30-39 | 11% 52% 17% 9%
40-49 | 4% 11% | 49% 9%
50+ 4% 12% 21% | T2%

Actual Education Level

H.S. or less | College | Grad. School
H.S. or less 56% 5% 6%
College 35% 79% 41%
Grad. School 9% 16% 53%
Actual Ethnicity
White | Hispanic | Black | Asian

White 88% 47% 29% 42%

Hispanic 1% 14% 1% 1%

Black 5% 28% 61% 22%

Asian 6% 11% 9% 35%

Actual Region

Northeast | South | Midwest | West
Northeast 70% 17% 26% 22%
South 10% 56% 20% 9%
Midwest 9% 14% 38% 7%
West 11% 14% 16% 62%

Table 6: Normalized confusion matrices for each demographic
trait.

In general, the classifier tends to over-predict the major-
ity classes (the 20-29 age group or the White/Caucasian ethnic
group, for example) and under-predict minority classes (His-
panic/Latinos or Midwesterners). This is sensible for this data
set, as it corresponds with the prior probabilities of the classes,
but may not be desirable if new data does not match this under-
lying distribution. Still the results are fairly impressive, espe-
cially in comparison to a similar classification task using blog
data [11] which achieved comparable results for age and gender
prediction from considerably more training data.

Overall classification error rate disregards an underlying
continuity in the classes. Mis-classifying a 29-year-old as
belonging in the 30-39 class is less of a mistake than mis-
classifying a 20-year-old in that class; similarly, confusing ad-
jacent age groups is less troublesome than mistaking someone
in the 20-29 range for someone in the 50+ range. Thus the
confusion matrix shows fairly impressive performance for the
age and education classifiers: most of the errors are in adjacent
categories. Only 6% of subjects who have had at least some
graduate school are classified as having 12 or fewer years of ed-
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Figure 1: The demographic models are data-starved: Classification error rate continues to decline as the number of training speakers
increases (left) and the average number of words per speaker, both for training and test, increases (right).

ucation; 4% of subjects in the 20-29 age range are classified as
belonging to the 50+ range.

Lastly, adjusting the amount of data the classifier can use
for training, both in terms of the number of speakers and the
number of words per speaker (see Figure 1), makes clear that
the models are data-starved. Error rates in every demographic
category, with the possible exception of Gender, would almost
certainly decline given more data. Increasing the number of
training speakers to 800, for example, could well cut error rates
by 3%-10% (absolute). We might also expect to gain by in-
creasing the size of our feature set as the training set grows:
given more data, the classifier should be able to learn meaning-
ful weights for less common features.

6. Conclusion

We have provided an introduction to classifying demographic
traits using word-based features in the Mixer corpus. Exper-
imental results imply that intuitive demographic groups have
quantifiably different word usage patterns that can be used to
predict group membership with surprising accuracy. Of course,
the groups we chose by hand, like age groupings and regional
boundaries, may not yield the most accurate classification. Fu-
ture work could involve identifying age groupings and con-
tiguous geographic regions that produce the best classification
results—a kind of linguistic model-based redistricting.

Our features are derived from ASR performed on informal
conversations. It would be interesting to compare results from
manual transcriptions, and from a different conversational style.
While manual transcriptions do not exist for all the Mixer data,
there is a set of interviews that might reveal quite different pat-
terns of word usage. Lastly, combining word-based predictions
with acoustic-based predictions is likely to give considerable
improvement.
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8. Appendix: Information Gain tables

Each table shows features, sorted by Information Gain, separated into
sections corresponding to the labels they represent most powerfully.

The columns for each label are scaled for a uniform prior.

Bigram L.G. Freq. Male Female
uh the 0.030  0.511  0.615 0.385
uh that’s 0.026 0.216 0.703 0.297
uh uh 0.025 0.536  0.600 0.400
uhi’'m 0.024 0.293  0.662 0.338
uh yeah 0.023  0.609  0.583 0.417
but uh 0.023 0492 0.604 0.396
uhit’s 0.021 0414 0.619 0.381
so uh 0.021 0345 0.636 0.364
that uh 0.021  0.469  0.604 0.396
uh is 0.021  0.123  0.749 0.251
uh what 0.020 0.280  0.655 0.345
it’s uh 0.019 0360 0.625 0.375
is uh 0.018 0316  0.636 0.364
uh in 0.017 0.263  0.647 0.353
mean uh 0.016  0.138  0.711 0.289
for uh 0.016 0.213  0.664 0.336
uh kind 0.016  0.067 0.796 0.204
of uh 0.015 0.423  0.599 0.401
uh what’s 0.015 0.071 0.787 0.213
uh not 0.015 0.117 0.721 0.279
uh people 0.015  0.098 0.741 0.259
uh like 0.015 0351 0.613 0.387
and uh 0.013  0.697 0.551 0.449
where where 0.013 0.113  0.710 0.290
uh just 0.012 0.172  0.662 0.338
iuh 0.012 0324 0.607 0.393
up uh 0.012 0.073  0.750 0.250
you uh 0.011  0.243  0.629 0.371
justuh 0.011 0.222 0.634 0.366
uh for 0.011 0.184  0.649 0.351
what’s that 0.011 0.142  0.672 0.328
Bigram L.G. Freq. Male Female
my husband 0.065 0.149  0.039 0.961
oh my 0.043 0366 0.286 0.714
my god 0.035 0.192  0.203 0.797
and she 0.025 0.387 0.346 0.654
my gosh 0.025 0.119  0.166 0.834
because i’m 0.022 0.261 0307 0.693
my daughter 0.022 0.103 0.164 0.836
husband and 0.019  0.063  0.092 0.908
[laugh] oh 0.018 0.567 0410 0.590
she had 0.018 0.157 0.259 0.741
didn’t even 0.018 0.109  0.203 0.797
yes [laugh] 0.018 0.086 0.164 0.836
he just 0.018 0.149  0.255 0.745
[laugh] i 0.017 0.588 0.416 0.584
me [laugh] 0.017  0.147  0.258 0.742
we live 0.017 0.105 0.210 0.790
oh oh 0.016  0.487  0.400 0.600
wouldn’t want  0.016  0.065  0.131 0.869
me and 0.016  0.308 0.356 0.644
i’'m like 0.016 0377 0.377 0.623
with her 0.016  0.088  0.190 0.810
many people 0.015 0.216 0.319 0.681
she was 0.015 0354 0.373 0.627
[laugh] and 0.015 0374 0.381 0.619
[laugh] it 0.015 0.190  0.309 0.691
that are 0.014 0362 0.379 0.621
way [laugh] 0.014 0.061  0.139 0.861
too [laugh] 0.014 0.126  0.258 0.742
was in 0.014 0.402 0.390 0.610
and you're 0.014 0.194 0.316 0.684
my goodness 0.014  0.098 0.225 0.775

Table 7: Gender features

Bigram 1.G. Freq. 4-12 13-16 17+

right it 0.017 0.091 0489 0437 0.073
should be 0.016 0476 0388 0370 0.242
myself i 0.015 0.059 0545 0419 0.036
yes uhhuh 0.015 0.073 0.616 0305 0.079
youremember  0.013  0.068 0496 0438  0.066
we’ve got 0.013 0.089 0491 0411 0.098
old enough 0.013 0.059 0.608 0325 0.066
now [laugh] 0.012 0.117 0447 0420 0.134
now the 0.012 0.075 0.600 0.297 0.103
look for 0.012  0.069 0.628 0.264 0.108
when you 0.012 0506 0395 0351 0.254
them you 0.012 0.157 0476 0361 0.163
more money 0.012 0.105 0458 0415 0.127
put the 0.011 0.077 0.622 0.215 0.163
go around 0.011 0.061 0526 0404 0.070
the baby 0.011 0.061 0486 0441 0.073
c.d’s 0.011 0.137 0520 0317 0.163
okay no 0.011 0.083 0453 0439 0.109
far as 0.011 0318 0444 0330 0.226
in on 0.011 0.091 0506 0377 0.117
life you 0.011 0.071 0506 0.403  0.091
i’'m saying 0.011  0.137 0532 0293 0.174
not into 0.011 0.066 0.621 0265 0.115
Bigram LG. Freq. 4-12  13-16 17+

icalled 0.017 0.103 0217 0.601 0.182
sort of 0.016 0371 0217 0417 0.365
different you 0.016  0.068 0.000 0.581 0.419
what we’re 0.016 0.058 0.369 0.587 0.044
are not 0.015 0.165 0209 0525 0.266
i’m working 0.015 0.066 0212 0.661 0.127
with i 0.015 0.061 0.000 0.585 0.415
i actually 0.014 0306 0.199 0418 0.382
really cool 0.014 0.115 0.155 0565 0.280
[laugh] uh 0.014 0.345 0308 0426 0.267
it’s kind 0.013 0427 0240 0394 0.366
go with 0.013 0.073 0.187 0.626 0.187
it’s like 0.013 0.736 0331 0363 0.306
fun i 0.013 0.093 0276 0.558 0.166
ilove 0.013 0309 0328 0423 0.249
you call 0.013 0.131 0364 0472 0.164
like this 0.012 0296 0204 0405 0.391
the new 0.012 0.135 0421 0427 0.152
oh [laugh] 0.012 0318 0265 0432 0.303
see you 0.012 0.113 0383 0470 0.146
too so 0.012 0212 0252 0469 0.279
know anything  0.012  0.081 0.167 0598 0.234
on so 0.011 0.093 0.144 0567 0.289
Bigram L.G. Freq. 4-12 13-16 17+

san francisco 0.019 0.133  0.063 0405 0.531
oh cool 0.018 0.153 0.084 0446 0470
of other 0.015 0.105 0202 0210 0.587
of interesting 0.015 0.068 0.000 0.452 0.548
[laugh] like 0.014 0.175 0.138 0366 0.496
it’s interesting ~ 0.014  0.137  0.117 0.355 0.528
can hear 0.013 0.058 0.000 0486 0.514
um and 0.012 0454 0295 0289 0416
some sort 0.012  0.105 0.081 0434 0485
it’s really 0.012 0411 0236 0367 0.397
yeah actually 0.012 0.095 0.086 0372 0.542
like but 0.011 0.103 0.115 0332 0.553
yeah or 0.011 0.115 0367 0.176  0.457
it kind 0.011 0.135 0.170 0304 0.526
the u. 0.011 0.141 0.142 0364 0.494
guess it’s 0.010 0.189 0.170 0.383  0.447
family is 0.010 0.068 0.113 0275 0.612
just kind 0.010 0.230 0.192 0399 0.409
what kind 0.010 0.260 0210 0358 0.432
kind of 0.009 0.871 0315 0337 0.347
months and 0.009 0.061 0361 0.143 0.496
car and 0.009 0.079 0331 0.172 0.497
not something ~ 0.009 0.069 0.062 0452 0.485

Table 8: Education features



Bigram LG. Freq. 20-29 30-39 4049 50+

and like 0.047 0435 0415 0253 0.177 0.155
like it’s 0.045 0399 0421 0228 0218 0.134
have like 0.044 0356 0403 0277 0223 0.098
or like 0.042 0.189 0.547 0210 0.127 0.116
to like 0.041 0439 0399 0268 0.169 0.164
so like 0.035 0.254 0464 0251 0.154 0.131
like really 0.035 0.187 0498 0229 0.196 0.077
because like 0.035 0.164 0.555 0.168 0.130  0.147
of like 0.035 0516 0362 0264 0215 0.160
cool yeah 0.034 0.177 0436 0304 0220 0.040
really like 0.033 0293 0450 0.222 0.168 0.160
yeah um 0.033 0491 0379 0248 0.186 0.187
like how 0.030 0.175 0.505 0.234 0.151 0.110
but like 0.030 0.304 0428 0218 0210 0.145
for like 0.029 0335 0379 0299 0.191 0.132
that like 0.029 0354 0395 0267 0.187 0.151
yeah definitely ~ 0.028 0.168 0469 0305 0.111 0.115
Bigram I.G. Freq. 20-29 30-39 4049 50+

with her 0.020 0.089 0.050 0342 0282 0.326
it definitely 0.020 0.062 0.333 0542 0.086 0.039
said like 0.017 0.054 0421 0483 0.050 0.046
i kind 0.016 0.266 0304 0342 0208 0.146
was living 0.014 0.069 0.290 0.499 0.075 0.136
way but 0.014 0.073 0.105 0459 0228 0.208
you might 0.014 0.170 0.185 0.382 0.172  0.261
on you 0.014 0200 0.169 0326 0.191 0314
guess yeah 0.013 0.081 0.378 0410 0.065 0.148
but other 0.013 0.075 0.079 0363 0307 0.251
yeah you’re 0.013 0.116 0.131 0361 0305 0.203
you're like 0.013  0.117 0.334 0.351 0.237  0.078
yeah she’s 0.013 0.083 0.151 0455 0234 0.160
are but 0.012 0.066 0.118 0406 0.110 0.366
funny yeah 0.012 0.056 0.364 0453 0.141 0.043
we you 0.012 0.075 0.079 0339 0305 0.277
like get 0.012 0.069 0303 0.375 0289 0.033
Bigram I.G. Freq. 20-29 30-39 4049 50+

my husband 0.047 0.150 0.047 0.182 0418 0.354
get your 0.028 0.102 0.041 0222 038 0.351
when they 0.028 0.393 0.160 0.245 0301 0.295
out there 0.024 0391 0.165 0.265 0298 0.271
to run 0.024 0.102 0.069 0.190 0429 0312
have my 0.023 0.156 0.150 0.226 0451 0.172
years you 0.021 0.056 0.025 0.170 0.458  0.347
the kids 0.021 0306 0.160 0.223 0309 0.308
is what 0.021 0.183 0.120 0220 0334 0.326
my kids 0.021 0.119 0.108 0.193 0446 0.253
he has 0.021 0.144 0.100 0.219 0342 0.339
we were 0.020 0.335 0.187 0.194 0331 0.288
because we 0.020 0.187 0.133 0206 0363 0.297
up here 0.020 0.083 0.053 0321 0380 0.247
the um 0.019 0.189 0.163 0.178 0397 0.262
when he 0.019 0.187 0.133 0207 0340 0.320
we got 0.018 0.204 0.166 0.165 0335 0.335
Bigram IL.G. Freq. 20-29 30-39 4049 50+

yes yes 0.044 0.166 0.060 0.186 0357 0.397
my daughter 0.043 0.104 0.027 0.153 0331 0.489
they got 0.038 0.272 0.129 0.185 0308 0.378
i said 0.037 0433 0.168 0205 02838 0.339
said well 0.027  0.091 0.047 0.179 0314 0461
many years 0.026 0.079 0.090 0.103 0250 0.557
i’'m saying 0.026 0.135 0.153 0.151 0.187  0.509
children and 0.025 0.083 0.070 0222 0.163  0.545
yes uhhuh 0.024 0.079 0.036 0.204 0.359 0401
know what 0.023 0.692 0.215 0244 0254 0.287
aman 0.023 0.067 0.043 0220 0.198 0.540
right well 0.023 0.224 0.133 0236 0257 0374
oh yes 0.023 0.154 0.142 0.152 0265 0.441
my son 0.023 0.133 0.108 0.161 0335 0.396
uh they 0.022 0304 0.198 0.182 0238 0.383
we have 0.022 0478 0.193 0221 0284 0302
got to 0.022 0461 0.187 0229 0284 0.300

Table 9: Age features



Bigram L.G. Freq. White Latino Black Asian
living in 0.024 0.166  0.486 0.000 0.429  0.085
call me 0.020 0.126  0.445 0.203 0352 0.000
call list 0.019 0.111  0.469 0.235 0.296  0.000
ilived 0.018 0.113  0.443 0.116 0.441  0.000
in touch 0.018 0.057 0.614 0.258 0.000  0.129
over the 0.018 0.319 0.384 0.111 0339  0.166
to kind 0.018 0.100 0.614 0.000 0.305  0.081
vote for 0.018 0.098  0.525 0.276 0.131  0.069
had some 0.018 0.083  0.580 0.000 0.420  0.000
and have 0.016  0.221  0.352 0.247 0.327  0.074
a month 0.016 0.172  0.413 0.271 0214 0.102
that were 0.016  0.140  0.388 0.320 0252 0.040
about and 0.016  0.072  0.585 0.000 0.415  0.000
and like 0.016 0438 0.291 0.278 0.175  0.256
into the 0.016 0336  0.328 0.219 0.327  0.125
they weren’t 0.015 0.074 0.671 0.000 0215 0.114
make money 0.015 0.074  0.504 0.000 0.496  0.000
Bigram 1.G. Freq. White Latino Black  Asian
right exactly 0.025 0.160  0.179 0.458 0.318  0.046
uhhuh exactly 0.023  0.085  0.104 0.435 0.389  0.072
go through 0.019 0.168  0.260 0.375 0.338  0.027
at this 0.019 0.147  0.188 0.415 0.344  0.052
out yeah 0.019 0.094  0.202 0.424 0.375  0.000
be just 0.017  0.064  0.097 0.461 0.350  0.092
um that’s 0.016 0.153  0.191 0.441 0294  0.074
much you 0.016  0.094  0.167 0.458 0.337  0.038
know like 0.016  0.587  0.238 0.294 0283 0.184
to really 0.016 0.113  0.169 0.393 0373 0.065
starting to 0.016  0.072  0.403 0.454 0.143  0.000
as um 0.015 0.057 0.074 0.391 0339 0.195
to change 0.015 0.115 0.174 0.391 0.370  0.065
my thing 0.015 0.062  0.100 0.475 0.330  0.095
like there 0.015 0.126  0.357 0.407 0.154  0.081
get my 0.014 0.083  0.134 0.468 0.320  0.078
just came 0.014  0.057  0.181 0.594 0.225  0.000
Bigram LG. Freq. White Latino Black Asian
you say 0.035 0.264  0.225 0.141 0511 0.123
give you 0.033 0.185 0.323 0.062 0.584  0.031
and that’s 0.032 0.536  0.279 0.267 0338  0.116
uhhuh okay 0.029 0.177  0.152 0.178 0492  0.178
to some 0.029 0.136  0.455 0.000 0.545  0.000
ona 0.028 0.434  0.248 0.194 0.408  0.151
with the 0.028 0.540  0.259 0.142 0393  0.205
that’s that’s 0.028 0413  0.248 0.138 0429  0.184
okay oh 0.028 0.387  0.180 0.187 0.374  0.260
i’m saying 0.028 0.138  0.173 0.182 0.554  0.091
okay okay 0.028 0.266  0.156 0.201 0.399  0.244
that because 0.027 0.279  0.230 0.166 0471  0.133
to come 0.027 0.255  0.261 0.154 0.488  0.097
uhhuh so 0.026  0.223  0.133 0.191 0342 0.334
dois 0.026 0.208  0.251 0.185 0.496  0.069
we get 0.026  0.206  0.296 0.153 0.500  0.051
been in 0.025 0.226  0.201 0.192 0473  0.134
Bigram 1.G. Freq. White Latino Black Asian
i @reject@ 0.021  0.057  0.054 0.284 0329  0.332
oh oh 0.016  0.500  0.247 0.093 0324  0.336
oh but 0.011  0.096  0.121 0.212 0.313  0.354
what oh 0.011 0.132  0.167 0.117 0277  0.439
mm yeah 0.010 0.081  0.202 0.000 0.268  0.530
yeah @reject@  0.010 0.077  0.107 0.320 0253  0.320
uhhuh really 0.010 0.079  0.403 0.000 0.143 0454
oh like 0.009 0.068 0.161 0.298 0.094  0.447
actually yeah 0.009 0.064  0.366 0.000 0.110  0.524
i’m from 0.009 0.249 0.334 0.127 0.200  0.339
is pretty 0.009 0.117  0.191 0314 0.119  0.376
pretty sure 0.009 0.064 0.110 0.290 0213 0.386
uh what 0.009 0.285  0.260 0.067 0319  0.354
if there’s 0.008 0.121  0.336 0.000 0.257  0.407
yeah she 0.008 0.130  0.284 0.000 0323 0.393
reason why 0.008  0.068  0.207 0.000 0282 0511
that when 0.008 0.132  0.294 0.000 0.350  0.356

Table 10: Ethnicity features



Bigram L.G. Freq. Northeast South  Midwest  West
new york 0.025  0.306 0.388 0.217 0.189 0.206
in philadelphia 0.024  0.175 0.426 0.127 0.272 0.175
in new 0.023  0.229 0.411 0.184 0.193 0.212
with all 0.020 0.156 0.386 0.137 0.337 0.141
i actually 0.017 0.317 0314 0.148 0.269 0.269
the summer 0.017 0.110 0.396 0.097 0.351 0.156
because it 0.016  0.348 0.342 0.245 0.211 0.203
in philly 0.015  0.073 0.468 0.155 0.306 0.071
the idea 0.015  0.090 0.435 0.064 0.209 0.291
york city 0.015  0.062 0.484 0.046 0.302 0.168
over the 0.015  0.302 0.324 0.188 0.292 0.196
gone to 0.014  0.069 0.540 0.179 0.117 0.163
and your 0.014  0.073 0.436 0.113 0.347 0.103
everything is 0.013  0.119 0.378 0.112 0.325 0.185
yeah now 0.013  0.071 0.404 0.308 0.253 0.035
to remember 0.013  0.069 0.395 0.040 0.312 0.253
that go 0.012  0.058 0411 0.184 0.363 0.042
Bigram LG. Freq. Northeast South  Midwest  West
home school 0.018  0.106 0.233 0.377 0.349 0.040
up there 0.018  0.200 0.272 0.346 0.292 0.090
for president 0.018  0.067 0.346 0.349 0.305 0.000
in florida 0.017  0.085 0.137 0.495 0.273 0.095
my kids 0.016  0.123 0.143 0.416 0.309 0.132
see yeah 0.015  0.104 0.088 0.357 0.248 0.307
my uh 0.014 0.152 0.138 0.364 0.325 0.173
it we 0.013  0.060 0.131 0.429 0.375 0.065
we do 0.013  0.256 0.186 0.354 0.286 0.174
well [laugh] 0.012  0.127 0.178 0.357 0.351 0.114
because we 0.012  0.190 0.177 0.337 0.332 0.154
the do 0.012  0.087 0.280 0.337 0.332 0.051
live on 0.012  0.060 0.378 0.404 0.177 0.041
even get 0.011  0.056 0.190 0.403 0.370 0.037
difference between  0.011  0.056 0.244 0.418 0.000 0.339
go into 0.011 0.215 0.265 0.309 0.301 0.125
your job 0.011  0.056 0.143 0.428 0.358 0.071
Bigram L.G. Freq.  Northeast South  Midwest  West
from chicago 0.058  0.054 0.069 0.066 0.865 0.000
in chicago 0.040  0.096 0.146 0.171 0.644 0.039
my daughter 0.029  0.100 0.097 0.370 0.458 0.075
opposed to 0.024  0.079 0.122 0.232 0.575 0.071
all of 0.024  0.352 0.180 0.213 0.382 0.224
um what 0.023  0.279 0.155 0.216 0.388 0.241
from philadelphia 0.022  0.069 0.379 0.000 0.448 0.173
they you 0.022  0.202 0.215 0.262 0.419 0.104
of um 0.022  0.254 0.152 0.210 0.391 0.248
my husband 0.022 0.144 0.153 0.367 0.382 0.098
your cell 0.022  0.058 0.197 0.262 0.541 0.000
say the 0.020  0.083 0.349 0.121 0.475 0.055
we were 0.020 0.333 0.205 0.271 0.365 0.159
gota 0.019  0.369 0.226 0.276 0.346 0.152
that before 0.019  0.069 0.061 0.204 0.496 0.239
is and 0.018  0.208 0.190 0.329 0.360 0.120
for sure 0.018 0.121 0.182 0.146 0.504 0.167
Bigram LG. Freq. Northeast  South  Midwest  West
bay area 0.043  0.079 0.130 0.093 0.041 0.736
the bay 0.037  0.067 0.136 0.074 0.049 0.742
in berkeley 0.029  0.085 0.132 0.111 0.146 0.611
guess i’'m 0.015 0.073 0.345 0.232 0.000 0.423
how like 0.015  0.067 0.132 0.360 0.047 0.460
the east 0.015  0.094 0.226 0.107 0.176 0.491
about your 0.014 0.054 0.062 0.197 0.310 0.431
it’s also 0.014  0.094 0.336 0.087 0.153 0.425
really interesting 0.014  0.087 0.321 0.061 0.200 0.418
in san 0.014  0.098 0.138 0.215 0.188 0.458
oh no 0.013  0.390 0.176 0.257 0.283 0.284
alot 0.013  0.894 0.237 0.254 0.242 0.267
it’s kind 0.013 0427 0.182 0.264 0.267 0.286
east coast 0.013  0.098 0.265 0.133 0.140 0.462
it’s actually 0.012  0.121 0.273 0.083 0.301 0.342
of just 0.012  0.104 0.213 0.143 0.188 0.457
san francisco 0.012  0.144 0.186 0.220 0.177 0.417

Table 11: Region features



