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FIG. I.-Modeling of fo contours by curve fitting

Unvoiced segments and pauses were omit­
ted from the computation of average. The
measure of variability in fa was the standard
deviation of these fa values. Duration was
measured from the fa contour, not the
waveform.

Data analysis.-The test set consisted
of 131 tokens randomly selected within sub­
jects (one token of each type per subject).
Two subjects were missing an approval, six
subjects were missing an attention, and
eight subjects were missing a comfort. The
test data were screened for within-subject
correlation. As this was found lacking (mean
r = .02, SO = .14, ps > .05,20 of 21 ps >
.20), the tokens in the test (n = 131) and
cross-validation samples (n = 491) were ana­
lyzed as independent observations. The data
were next screened for any effect of fa source
(microphone vs. accelerometer). No effect of
fa source was found (in a series of univariate
ANOYAs, ps > .10), so the data were col­
lapsed across this variable in all subsequent

analyses. Unless otherwise indicated, re­
sults refer to the test sample.

Results

Preliminary Results
Table 1 presents the correlations within

and between the three sets of variables. Cor­
relations between visual classifications and
curve-fit or summary measures are point­
biserial. Within each set, a number of vari­
ables were intercorrelated. These included
positive correlations between fa mean and
standard deviation and curve-fit indices of
bell and wave. Several variables were nega­
tively correlated, which reflected constraints
in coding. For example, a bell contour could
not also be coded as wave.

The visual classification and curve-fit in­
dices both assess contour shape, and we an­
ticipated moderate point-biserial correla­
tions between these two methods. Moderate
correlations between methods were found
for both rise and fall but not for bell or wave.
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TABLE 1

INTERCORRELATION MATRIX OF VOCAL fo CONTOUR SHAPE AND SUMMARY MEASURES

VISUAL CLASSIFICATION CURVE-FIT INDICES
SUMMARY
MEASURES

Rise Fall Bell Wave Rise Fall Bell Wave fo Mean fo SD

Visual classification:
Fall ....................... -.14
Bell ...................... -.23* -.29*
Wave .................... -.25* -.31* -.53*

Curve-fit indices:
Rise ...................... .57* -.20 -.12 -.07
Fall ....................... -.16 .53* -.14 -.14 -.43*
Bell ...................... .09 .10 .27* -.33* .21 .14
Wave .................... .04 .20 .14 -.24* .11 .23* .36*

Summary measures:
fo Mean ................ -.12 -.10 .04 .18 -.07 -.10 -.03 -.16
fo SD .................... -.13 -.07 .01 .21 -.03 .13 .16 .10 .45*
Duration .............. -.18 -.03 -.25* .46* -.25* -.05 -.21 -.39* .11 .17

-----------

NOTE.-Number of contours = 621.
• p < .01.

Correlations between visual classifica­
tions and summary measures were nonsig­
nificant or low. Pearson correlations be­
tween the curve-fit indices and summary
measures showed a similar pattern, which
suggests that shape and summary measures
of fa potentially contribute independent
variance to the statistical discrimination of
pragmatic category.

Do Shape and Summary Measures Vary
between Pragmatic Categories?

Visual classification, curve-fit, and
summary measures were analyzed in a
MANOVA with condition as the between­
subjects factor. Wilks's lambda was signifi­
cant (Table 2). Subsequent univariate ANO­
VAs on each of the dependent measures
were significant for two of the visual c1assi-

TABLE 2

MEANS AND STANDARD DEVIATIONS FOR VOCAL fo CONTOUR SHAPE AND SUMMARY MEASURES

PRAGMATIC CATEGORY
-"-'"----"--

Attention Approval Comfort F

Visual judgment:
(.OO)b (.26)bRise ................................. .23 (.43)a .00 .07 7.68**

Fall ................................. .09 (.29) .15 (.36) .20 (.40) .88
Bell ................................. .37 (.49) .23 (.43) .39 (.49) 1.49
Wave ............................... .19 (.39)a .62 (.49)b .27 (.45)a 11.83**

Curve fit:
Rise ................................. .18 (.24)' .03 (.08)b .04 (.12)b 13.70**
Fall ................................. .14 (.20)a .28 (.25)b .22 (.23) 4.53*
Bell ................................. .70 (.33) .59 (.30) .63 (.29) 1.45
Wave ............................... .68 (.29) .56 (.30) .63 (.30) 1.81

Summary measures:
385.29 (115.81)bMean fo (Hz) .................. 295.35 (86.02)' 307.47 (88.32)" 11.14**

fo variability (Hz) ........... 52.31 (31.54)a 84.98 (31.05)b 56.05 (36.37)" 13.33**
Duration(s) ..................... .65 (.32)a 1.12 (.44)b 1.09 (.43)b 18.65**

NOTE.-Wilks's lambda = .451. Univariate F ratios have df = 2, 128. Within rows, pairs marked with different
superscripts significantly differ (p < .05, Tukey HSD).

* p < .025.
•• p < .01.
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fications (rise and wave), two of four curve-fit
indices (i.e., rise and fall) and all three sum­
mary measures. Both shape and summary
measures varied between pragmatic cate­
gories.

Visually classified rising contours were
more common for attentions than for approv­
als or comforts. The curve-fit rise index
showed a similar pattern: higher for atten­
tions than for approvals or comforts. The
curve-fit fall index was lower for attentions
than for approvals or comforts. Visually clas­
sified wave but not bell contours were more
common for approvals. The bell and wave
indices, however, were high for all three to­
ken types, which suggests that bell and pos­
sibly wave shapes may lack specificity for
pragmatic category.

Approvals had higher mean and SO fa
than attentions and comforts. Attentions
were of shorter duration than approvals and
comforts.

Discrimination between Pragmatic
Categories

To evaluate the relative contribution of
shape and summary measures to discrimi­
nating between pragmatic categories, we
used discriminant function analysis (OFA).
Shape and summary variables were entered
in two separate blocks. Because order of en­
try and the number of predictors may influ-

ence results, the analysis was conducted
twice, once with the shape indices entered
first and a second time with the summary
measures entered first. We included only
those variables that had significantly dif­
fered between pragmatic categories in the
univariate ANOVAs. Because the rise and
fall classifications and corresponding curve­
fit indices were moderately correlated, we
included only the latter in the OFA.

Shape and summary measures both in­
dividually and in combination statistically
discriminated between each of the prag­
matic categories (Table 3), and order ofentry
did not substantially influence the discrimi­
nation. Wilks's lambda at step 1 was similar
for both shape and summary measures, and
the combination of both sets of variables at
step 2 resulted in significantly improved dis­
crimination.

With three pragmatic categories (i.e., ap­
proval, attention, and comfort), there are two
discriminant functions. Both functions were
significant and together accounted for 61%
of the total variance (canonical correlations
= .67 and .40, p < .001, respectively). Both
shape and summary variables contributed to
both functions. Standardized discriminant
coefficients, however, were marginally
higher for the summary variables (Table 4).
On function 1, fa mean and duration and the

TABLE 3

DISCRIMINANT FUNCTION ANALYSES: STEP-DoWN F RATIOS

GROUP CONTRASTS

STEP AND BLOCK ENTERED APvs. AT APvs. CO ATvs. CO WILKS'S LAMBDA

Analysis no. I-original order:
1:

Rise index
Fall index ...................................... 17.46 6.14 6.32 .663
Wave consensus

2:
Mean f.
fa variability ................................... 16.65 6.84 7.08 .463
Duration

Analysis no.2-reversed order:
1:

Mean f.
fo variability
Duration ........................................ 19.38 7.47 8.48 .620

2:
Rise index
Fall index ...................................... 16.65 6.84 7.08 .463
Wave consensus

NOTE.-AT = Attention, AP = Approval, CO = Comfort: df = 3, 124 for change in Wilks's lambda, ps < .001:
df = 3,126 and 6, 126 for pairwise contrasts at blocks 1 and 2, respectively, ps < .001.
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TABLE 4

STANDARDIZED DISCRIMINANT FUNCTION COEFFICIENTS

Variable

Rise curve fit .
Fall curve fit .
Wave consensus code .
Mean fo •.•••...••..••••••••••••••••••••

fo variability .
Duration .

Canonical correlations

• p < .001.

Function No.1

-.344
.426
.368
.425
.284
.437

.66*

Function No.2

.373

.166

.644

.255

.297
-.759

.38*

fall index were the largest coefficients. On
function 2, fo duration and wave shape were
the largest coefficients.

Classification results.-The two dis­
criminant functions correctly classified 69%
(kappa = .53, p < .0001) of the three token
types (Table 5). All three token types were
reliably discriminated from each other. Dis­
crimination between approvals and atten­
tions was the most accurate, with 88% cor­
rectly classified.

The classification results from the test
and cross-validation samples were consis­
tent. Applying the unstandardized discrimi­
nant function weights from the analysis of
the test sample to the token measures in the
cross-validation sample, all three token
types were classified reliably again (correct
classification rate of 62%, kappa = .43, p <
.0001). Kappa coefficients between the two
samples did not differ statistically (z = 1.45,
p> .10).

To evaluate whether the pattern of cor­
rect and incorrect classifications was equiva­
lent in the two samples, we conducted a log-

linear analysis of the three-way table:
sample (test vs. cross-validation) by actual
category by predicted category. Two interac­
tion terms were included in the model: one
for the association between the actual and
predicted classifications and the other for
the association between the frequency of
pragmatic categories and sample. The latter
was included because the marginal distribu­
tion ofcategories varied little in the test sam­
ple but varied by a factor of over two in the
cross-validation sample (Attention was un­
derrepresented). The model omitted the
three-way interaction among actual and pre­
dicted classifications and sample. Thus a
nonsignificant likelihood ratio chi-square
would signify that the pattern of classifica­
tion did not vary between samples, which is
what we found. The likelihood ratio chi­
square was 11.60, df = 6, p = .07, with no
standardized residual greater than 1.6.

Discussion

Theory and some data about the com­
municative function of infant-directed
speech have emphasized the role ofdynamic

TABLE 5

CROSS-CLASSIFICATION BETWEEN ACTUAL AND PREDICTED TOKENS FOR THE TEST

AND CROSS-VALIDATION SAMPLES

PREDICTED TOKEN

Test sample: actual:
Attention ..
Approval ..
Comfort .

Cross-validation sample: actual:
Attention .
Approval .
Comfort .

Attention

31 (72%)
4(9%)
5(12%)

61 (63%)
23 (11%)
34 (18%)

Approval

5(12%)
35 (75%)
12 (29%)

10 (10%)
126 (61%)
31 (17%)

Comfort

7(16%)
8(17%)

24 (59%)

26 (27%)
58 (28%)

121 (65%)

NOTE.-Row percentages in parentheses.










