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Abstract
In this study we analyse 18 metrics which were extracted fully
automatically from the acoustic signal to describe the melodic
characteristics of recordings of English read by L2 Chinese
speakers from Shanghai. The metrics were compared to those of
native English speakers recording the same material and also to
comparable Chinese recordings read by the same speakers from
Shanghai and also by other speakers. For the great majority of
the metrics the values obtained for the L2 speakers were inter-
mediate between those obtained from the recordings of English
and of Chinese by native speakers.
Index Terms: L2 evaluation, speech prosody, melody metrics,
Mandarin Chinese, English

1. Introduction
It is well established that the prosody of non-native speech is
one of the major factors contributing to the perception of a for-
eign accent [1] and affecting the overall intelligibility of L2
speakers [2].

This paper is part of a larger project studying the prosodic
parameters which could contribute to the automatic evaluation
of the prosody of L2 speakers in general, and in particular of
Chinese L2 speakers of English. More specifically, the project
targets the production of Chinese speakers from Shanghai.

Among the prosodic parameters which can characterise a
non-native speaker’s production, rhythm is one of the most ro-
bust and well-studied (cf. [3] and [4]). [5] showed that rhythm
metrics performed quite well in the automatic classification of
speech samples: those produced by native (UK) and those pro-
duced by non-native (French) speakers of English, including
two levels (intermediate and advanced) of non-native speakers.

As suggested by [6], the analysis of rhythm in speech and
language should, perhaps, be extended to more than just the du-
ration of segments or syllables. The recurring phonetic patterns
in the production of speech form the characteristic of rhythm.
The phonetic variables include not only patterns of syllabic tim-
ing, but also patterns of fundamental frequency and energy.

Speech melody is, however, notoriously more difficult to
describe and to evaluate than the timing of speech segments,
despite the fact that, intuitively, the melody of an utterance is
one of its most perceptually salient characteristics.

A recent study [7] showed that a set of objective melody
metrics performed quite well in distinguishing recordings of
English, French and Chinese utterances read by native speak-
ers of those languages. In this paper we apply a similar set
of melody metrics to recordings of English spoken by Chinese
speakers from Shanghai and compare them to the same metrics

obtained from recordings of English spoken by native speakers
of English. We also compare the metrics to those obtained from
the same Shanghai-Chinese speakers reading comparable mate-
rial in Mandarin Chinese, as well as that from other speakers of
standard Mandarin Chinese.

2. Data
2.1. Texts and recordings

Following [7], we used the texts from the Eurom1 corpus [8]
which consist of 40 continuous, thematically connected pas-
sages, each of five sentences. The passages were originally
composed in the 1980s and recordings made for 11 European
languages. Recently, new recordings of these passages were
made for English and French and the passages were translated,
adapted and recorded for Korean and Mandarin Chinese, as part
of the Open Multilingual Prosody Database (OMProDat) [9].

Unlike the original Eurom1 corpus, for which each speaker
read only ten or fifteen passages, in the OMProDat recordings,
for each language, ten speakers (5 male and 5 female) read all
40 passages. New recordings were then made of English and
Chinese read by ten Chinese speakers (5 male, 5 female) from
Shanghai, as part of a study to investigate dialect-specific char-
acteristics of Shanghai speech that may influence the prosody
of speakers in their L2 speech. Each speaker recorded the 40
passages first in their native language, then in English.

2.2. Melody metrics

Following the procedure used in [7], the fundamental frequency
curves obtained from the recordings were processed using the
Momel algorithm [10], implemented as a plugin to the Praat
software [11], so that they could be represented as a sequence
of points corresponding to the anchor-points1 of a quadratic
spline function, used to model the underlying pitch curve of the
recording. This representation by a smooth continuous curve
abstracts away from the microprosodic effect of the individ-
ual speech sounds. In order to eliminate a few erratic values,
in this study we eliminated any anchor points which were less
than 150 ms from the previous anchor-point. The anchor-points
were then normalised to the Octave-median (OMe) scale [12],
in order to eliminate speaker-specific differences, in particular
differences between male and female speakers. The ome values
were obtained using the formula:

1In previous publications the term target points has been used to
refer to these points. The term anchor-points is perhaps preferable to
avoid confusion with the idea that these points are in any sense cognitive
targets.
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ome(f0) = log2(
f0

median
) (1)

where median corresponds to the median value of f0 for the
whole five-sentence passage.

The following parameters were then calculated from the se-
quence of normalised anchor-points for each passage and each
speaker:

pitch-m, pitch-sd mean and standard deviation of the OMe
values of all anchor-points

high-m, high-sd mean and standard deviation of the OMe val-
ues of all anchor-points which are higher than the pre-
ceding point

low-m, low-sd mean and standard deviation of the OMe values
of all anchor-points which are lower than the preceding
point

interval-m, interval-sd mean and standard deviation of the
octave differences between each anchor-point and the
preceding point

rise-m, rise-sd mean and standard deviation of the differences
between each anchor-point and the preceding point when
the difference is positive

fall-m, fall-sd mean and standard deviation of the differences
between each anchor-point and the preceding point when
the difference is negative

slope-m, slope-sd mean and standard deviation of the intervals
between consecutive anchor-points divided by the time
intervals between the two points

rise-slope-m, rise-slope-sd mean and standard deviation of
the intervals between consecutive anchor-points, when
the interval is positive, divided by the time intervals be-
tween the two points

fall-slope-m, fall-slope-sd mean and standard deviation of the
intervals between consecutive anchor-points, when the
interval is negative, divided by the time intervals be-
tween the two points

These metrics were identical to those analysed in [7], ex-
cept for the second and third pairs (high and low), which
we added in this study to make the analyses more symmetri-
cal. The metrics were calculated using a Praat script: calcu-
late melody metrics.praat, which is available as an accompa-
nying file to this text.

To illustrate from a hypothetical example, Figure 1 shows
a quadratic spline curve defined by the five anchor-points: p1,
p2, p3, p4 and p5. The values of pitch would be calculated as
the mean and standard deviation of the OMe scale value (us-
ing equation 1) of points p1 to p5. The values of high would
use only the values of p2 and p5 since these are the only val-
ues higher than the preceding point. Similarly the value of
low would use the values p3 and p4 which are the only values
which are lower than the preceding point. The values of inter-
val and slope would be based on the pairs p1:p2, p2:p3, p3:p4
and p4:p5. Those of rise and rise-slope would use the values
p1:p2 and p4:p5 while those of fall and fall-slope would use the
values p2:p3 and p3:p4.

The parameters were calculated for each passage, for each
of the ten speakers for Chinese spoken by native speakers
(CNM2), Chinese spoken by native speakers from Shanghai

2This is the ISO 639-3 language code for Mandarin Chinese cf:
http://en.wikipedia.org/wiki/ISO 639-3

Figure 1: An example of a quadratic spline curve defined by 5
anchor-points.

(SH-CNM), L2 English spoken by Chinese speakers from
Shanghai (SH-ENG) and English spoken by native speakers
from the UK (ENG). The resulting data file thus contained a
total of 1600 (=40*10*4) data points.

3. Analyses
The data obtained was analysed using the MASS package [13]
of the R software [14]. Five analyses were carried out, each
time comparing the metrics for two languages or varieties:

• English (ENG) vs. Standard Chinese (CNM)

• English (ENG) vs. Shanghai Chinese (SH-CNM)3

• Chinese (CNM) vs. Shanghai Chinese (SH-CNM)

• English (ENG) vs. Shanghai English (SH-ENG)

• Shanghai English (SH-ENG) vs. Shanghai Chinese (SH-
CNM)

It is, of course, the fourth pair that particularly concerns us
in this paper, since it provides us with a direct comparison of L1
speakers and L2 speakers reading the same texts.

We added the first pair to replicate the results of [7] with our
new set of data and to provide a base-line for comparison with
the other analyses. The differences in this replication were that
we analysed recordings of 5 male and 5 female native speakers
of English (compared to 5 male and 6 female speakers in [7]),
and, as mentioned above, we eliminated anchor-points that were
less than 150 ms from the preceding point, and we also added
the four new metrics high-m, high-sd, low-m, low-sd.

We included the analysis of the second pair as a check that
the melodic differences between English and Shanghai-Chinese
were equivalent to those between English and standard Chinese.

We included the analysis of the third pair to quantify the
differences between standard Chinese and Shanghai-Chinese.

We added the last pair to provide a direct comparison of the
same speakers reading Mandarin Chinese and English.

For each comparison, we followed the same procedure. We
first ran a principal component analysis, with the options of cen-
tring and scaling the data, using the function:

prcomp(data, center = T, scale = T ) (2)

The output of the pca anaysis was submitted to a linear dis-
criminant analysis. The significance of each individual metric
for the fourth analysis was then tested using anova.

3Note that by Shanghai Chinese we mean Mandarin Chinese spo-
ken by speakers from Shanghai, not the Wu dialect which is spoken
in Shanghai and sometimes referred to as Shanghai dialect or Shang-
hainese.
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4. Results
4.1. Analysis 1: Chinese (CNM) vs. English (ENG)

The linear discriminant analysis based on the Chinese and En-
glish recordings resulted in a confusion matrix as in table 1:

Table 1: Confusion matrix for the linear discriminant analysis
of the melody metrics from the recordings CNM vs. ENG.

CNM ENG
predicted: F M F M
CNM-F 132 50 11 7
CNM-M 60 133 0 7
ENG-F 7 1 118 74
ENG-M 7 1 37 155

This corresponds to a correct prediction of 94.88% of the
language of the passages, which is close to perfect, especially
considering that the melody metrics are obtained entirely auto-
matically from the acoustic signal without reference to linguis-
tic levels of representation such as phoneme, syllable or word.
If we include the sex of the speaker in the analysis, then the
prediction score drops to 67.25%. This is still much higher than
the 25% we could expect from prior probabilities, but it also
shows that the normalisation which we carried out on the data
had the desired effect of reducing the differences between male
and female speakers.

4.2. Analysis 2: Shanghai Chinese (SH-CNM) vs. English
(ENG)

The comparison of the Chinese recordings by the speakers from
Shanghai (SH-CNM) to the English recordings (ENG) by native
speakers resulted in a confusion matrix as in table 2:

Table 2: Confusion matrix for the linear discriminant analysis
of the melody metrics from the recordings SH-CNM vs. ENG.

SH-CNM ENG
predicted: F M F M
SH-CNM-F 148 43 2 7
SH-CNM-M 53 138 3 6
ENG-F 2 5 120 73
ENG-M 6 2 37 155

This table show a correct prediction of 95.88%of the lan-
guage of the passages, even higher than the score for English
vs. standard Chinese. Once again the prediction including the
sex of the speaker drops, this time to 70.13%, showing once
again that the differences between male and female speakers
was effectively to some extent neutralised.

4.3. Analysis 3: Chinese (CNM) vs Shanghai Chinese (SH-
CNM)

Although this was not the central topic of this paper, it is inter-
esting to see that the standard Chinese recordings and those by
the speakers from Shanghai were reasonably well distinguished
by the discriminant analysis which achieved a score of 63% cor-
rect prediction from the metrics analysed: still much higher that
the 25% expected from prior probabilities but much lower than
the other analyses. This score also further dropped (to 48.25%)
when the sex of the speaker was included in the prediction.

Table 3: Confusion matrix for the linear discriminant analysis
of the melody metrics from the recordings CNM vs. SH-CNM.

CNM SH-CNM
predicted: F M F M
CNM-F 97 25 44 34
CNM-M 24 74 52 50
SH-CNM-F 30 11 128 31
SH-CNM-M 32 43 38 87

4.4. Analysis 4: English (ENG) vs Shanghai English (SH-
ENG)

The fourth analysis concerns the central topic of this paper: the
comparison between English read by native (UK) speakers, and
English read by L2 speakers of Chinese from Shanghai. Here
the discrimination reaches 78.75% from the metrics analysed.
Once again the score dropped (to 57%) when the sex of the
speaker was included in the prediction.

Table 4: Confusion matrix for the linear discriminant analysis
of the melody metrics from the recordings ENG vs. SH-ENG.

ENG SH-ENG
predicted: F M F M
ENG-F 117 40 18 8
ENG-M 40 101 38 21
SH-ENG-F 18 27 113 42
SH-ENG-M 8 28 39 125

Since this analysis was our principal focus here, we carried
out an ANOVA for each of the 18 metrics described in 2.2.

Table (5) shows the significance level for each of the 18
metrics analysed for the factors language (L) and sex (S) and
for the interaction between language and sex (LS).

Table 5: Significance levels of Anova for each metric. [-] : n.s.,
[*] = p < 0.05, [**] = p < 0.01, [***] p < 0.001

mean standard deviation
L S LS L S LS

pitch *** *** *** *** *** **
high *** ** *** *** *** ***
low *** - ** * - ***
interval *** - - - *** ***
rise - * *** * *** ***
fall - ** *** - *** ***
slope - - * - *** ***
rise-slope - *** *** *** *** ***
fall-slope - ** *** - *** ***

Space prohibits a detailed examination of these results but
a regular pattern emerged from the comparison of the signifi-
cant effects. We note, in particular, that the simple effects of
language and sex were, for most of the metrics, far less signifi-
cant than the interaction between language and sex. To take an
example, the values for rise-m and fall-m showed a highly sig-
nificant interaction, whereas the factor language was not signif-
icant for either metric and the factor sex was less significant for
both metrics than the interaction between the two factors.

Figure 2 shows the distribution of mean values for rising
intervals for male and female native speakers of English (ENG)
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Figure 2: Distribution of mean values for rising intervals for
male and female native speakers of English (ENG) and L2
speakers from Shanghai.

and L2 speakers from Shanghai (SH-ENG). As can be seen,
there was a highly significant difference between the values for
the male speakers, the L2 speakers having a much higher mean
interval for the rises than the native speakers. The difference
between the native and L2 female speakers, however was not
significant, but there was a significant difference between male
and female speakers of each group: female speakers having a
smaller mean interval than the male speakers for the L2 speak-
ers, while for the native speakers the mean interval was signifi-
cantly larger for the female speakers than for the male speakers.

A similar effect is found for the metric fall-m, shown in
Figure 3 except of course for the fact that the scale is reversed,
since the intervals measured here were all negative. If we look
at the absolute value of these intervals, however, we see that
once again there is no significant difference between the native
and non-native female speakers but a very significant difference
between the native and non-native male speakers. And once
again we find larger intervals for the native female speakers than
for the native male speakers but smaller intervals for the non-
native female speakers than for the native female speakers. A
similar effect is found for practically all of the metrics examined
in this study.

Interestingly, this is precisely the effect which was observed
in [7], where most of the metrics analysed showed higher values
for female speakers for the native English and French speakers
but the opposite for the native Chinese speakers. We return to
this in more detail in the final section of this paper.

4.5. Analysis 5: Shanghai English (SH-ENG) vs Shanghai
Chinese (SH-CNM)

The final analysis compared the English readings of the Shang-
hai speakers to that of Chinese read by the same speakers. Here
the correct language identification was even higher than in anal-
ysis 1 and analysis 2, reaching 96.38% correct identification.
The correct identification of language and sex was 72%

5. Conclusions
The pattern which emerges from these analyses is that, for most
of the metrics analysed, the non-native speakers showed val-
ues intermediate between those obtained for standard Chinese

Figure 3: Distribution of mean values for falling intervals for
male and female native speakers of English (ENG) and L2
speakers from Shanghai.

Table 6: Confusion matrix for the linear discriminant analysis
of the melody metrics from the recordings SH-ENG vs. SH-
CNM.

SH-ENG SH-CNM
predicted: F M F M
SH-ENG-F 155 42 3 0
SH-ENG-M 59 134 3 4
SH-CNM-F 4 3 155 43
SH-CNM-M 2 10 59 137

(CNM) or Shanghai Chinese (CNM) and those for English spo-
ken by native speakers. With the exception of the female native
speakers of English, for 15 of the 18 metrics studied, (i.e. all
except pitch-m, interval-m and rise-slope-sd), the order of the
metrics was in each case CNM > SH-CNM > SH-ENG > ENG
and in each case for the male speakers we found higher values
for all the metrics than for the female speakers.

The exception to this was the female native speakers of En-
glish, whose metrics were all systematically higher than those
of the male speakers. The reasons for this difference remain to
be determined. [7] suggested that similar results which were
obtained comparing recordings by English, French and Chinese
native speakers could perhaps be explained by pressure from
the constraints of producing lexical tone, which restricted the
expressive use of pitch to express gender differences.
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