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Abstract: In this paper, we propose a method of automatically measuring the segmental duration
characteristics of a second-language learner’s speech as a means to evaluate language proficiency in
terms of speech production. We propose the use of duration differences from native speakers’ speech
as an objective evaluation score to evaluate the learner’s English segmental duration characteristics.
To provide flexible evaluation without the need to collect any additional native-English reference
speech, we employed predicted normalized segmental durations using a statistical duration model
instead of measured raw durations of native reference speech. The proposed evaluation method was
tested using English speech data uttered by multiple Thai-native learners’ groups with different
amounts of experience of English study in English-as-an-official-language countries. An evaluation
experiment showed that the proposed measure based on duration differences is strongly correlated with
the amount of English study. Moreover, segmental duration differences revealed Thai learners’
speech-control characteristics such as stress assignment on word-final syllables. These results support
the effectiveness of the proposed model-based objective evaluation.
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model
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1. INTRODUCTION

Spoken-language learning is a bidirectional process

that requires evaluative feedback to identify and describe a

learner’s disfluencies and spoken errors with the aim of

improving the learner’s speaking proficiency. As feedback,

learners also require language proficiency measures to

characterize their own current language proficiency levels,

which allow them to monitor their progress. However,

proficiency scores alone do not provide sufficient feedback

for language learners to pinpoint their speaking flaws. We

need more informative feedback that can identify a

learner’s weak points in speaking. Furthermore, if this

information can be automatically obtained, learners can

evaluate themselves and keep track of their proficiency

anytime without the need for a human evaluator.

The existing conventional language-proficiency evalu-

ations generally provide subjective feedback by professio-

nal human evaluators. To standardize the evaluation among

evaluators, several language-proficiency evaluation frame-

works for speaking have been established, such as the

Common European Framework of Reference (CEFR) for

Languages: Learning, Teaching, Assessment [1], Inter-

agency Language Roundtable (ILR) [2], American Council

for the Teaching of Foreign Languages (ACTFL) Profi-

ciency Guidelines for Speaking and the Oral Proficiency

Interview (OPI) [3], and, the ACTFL-ALC-based Standard

Speaking Test (SST) of English for Japanese speakers [4].

These frameworks use various aspects of spoken features

to characterize specific components of communicative

competence [5–7], such as the mastery of pronunciation,

fluency, prosodic, lexical, grammatical, and pragmatic

subskills, and to evaluate learners’ speaking proficiency,

such as spoken-speech characteristics (pronunciation,

rhythm, intonation, speech rate, pause structure, fluidity),
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language use (vocabulary and grammar), and topic devel-

opment (content and coherence).

However, various problems of subjective evaluation

have arisen and remain unresolved, such as the time-

consuming nature of manual evaluation, inconsistency

among evaluators, evaluators’ different and subjective

perspectives, and the need for multiple evaluators to

reduce evaluator subjectivity [8]. Furthermore, the increas-

ing number of learners has created a greater need for

professional evaluators as well as more time devoted to

evaluation. Therefore, automatic evaluation methods based

on objective measures have been proposed to solve these

problems.

With the progress of automatic speech recognition

(ASR), many research studies have been conducted to

achieve automatic evaluations of learner proficiency using

ASR-based pronunciation assessment [9,10]. To investi-

gate the reliability of automatic evaluations, the correla-

tions between human and various machine scores (i.e., the

hidden Markov model (HMM) log-likelihood, posterior-

probability, phone recognition accuracy, segment duration,

and syllabic timing scores) were compared [11] and it was

found that the posterior-probability-based and speech-rate-

normalized-duration scores have a higher correlation with

human ratings than the other scores. In addition to the

pronunciation scores, the speech rate and fluency features

were studied and the following results were obtained: 1)

the speech rate was the best measure among the examined

measures, 2) native speakers were more fluent than

nonnatives, and 3) the temporal measures were signifi-

cantly different between the two groups [12–15]. More

recently, a number of studies focused on the use of

temporal, prosodic, and fluency measures and partly

succeeded in evaluating a second-language (L2) learner’s

speech [16,17]. As a more sophisticated and interpretable

method, an automatic speaking test called SET-10 used

linguistic content, pronunciation, and phonological fluency

as measures for predicting intelligibility, and the results

demonstrated the comparability of human ratings with the

automatic measures [18]. A research team at the Educa-

tional Testing Service (ETS) adopted a classification tree

using the pace and clarity of speech to evaluate the features

of training systems for the Test of English as a Foreign

Language (TOEFL) [19–22]. These studies can partly

describe which factors human evaluators use to rate learner

proficiency.

By using these methods of automatic evaluation,

interactive tests can be developed to provide immediate

scoring feedback to language learners. Nevertheless, these

evaluations still do not clearly describe precise quantitative

factors that a learner improperly produces in speaking.

These factors and their feedback are necessary information

for learners to correct their speaking skills. Consequently,

this raises the issue of quantitative language-proficiency

evaluation for speaking, which is crucial for improving the

tools and systems used in language learning. Furthermore,

this issue will particularly benefit self-learning language

learners.

In the proficiency-evaluation frameworks [1–3,23],

pronunciation is considered the basic criterion for discrim-

inating between beginner and higher levels. For higher

levels, prosodic characteristics are used as criteria to

evaluate a wider range of proficiency, especially to

distinguish between advanced and lower levels within this

range. As emphasized in many frameworks for language-

proficiency evaluation, duration is an essential issue.

Furthermore, duration is a fundamental acoustic property

of speech that can be directly measured from speech. Thus,

in this paper we focus on duration-based language learning

evaluation.

In this work, we propose an English proficiency-

evaluation scheme based on an English duration model

along with a duration-difference-based measure and con-

sequently provide an objective evaluation score. More

specifically, the evaluation scheme measures the duration

differences between an individual learner’s segmental

durations and those of native speakers that were produced

from the English duration model, and uses these dif-

ferences to provide an evaluation score. The use of a

duration model enables a flexible choice of test sentences

without requiring any additional or identical speech corpus

of native samples for comparison. To test the model’s

effectiveness, we have applied it to English speech uttered

by multiple groups of Thai learners having different

amounts of experience of English study. In Section 2, we

first introduce proficiency evaluation using segmental

duration differences and a statistical segmental duration

model of native English, and discuss the objective

measurement of duration differences. Next, in Section 3,

we explain our experimental setup consisting of speech

corpora of multiple groups of speakers with different

English study experiences. In Section 4, experimental

details and results are presented. Finally, in Section 5,

the conclusions of this paper are given.

2. MODEL-BASED PROFICIENCY
EVALUATION AND OBJECTIVE MEASURES

2.1. Model-Based Proficiency Evaluation

Figure 1 shows an overview of the proposed evaluation

scheme. The main concept for evaluating a learner’s

English proficiency based on segmental duration control

differences is that we calculate an objective measure

representing the average difference between the segmental

durations of an individual target learner and those of native

speakers as an alternative to conventional subjective

measures. To be free from the requirement of an exhaustive
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collection of native speakers as references, a duration

model of native English was statistically built using native

English speech data uttered by multiple native speakers.

The original segmental durations and a set of duration

control factors were then extracted from the native speech

data for modeling. Consequently, the use of a duration

model statistically represents the average durational char-

acteristics of native English speakers by normalizing the

characteristics of the individuals. Then, we used this

duration model to predict a representative set of native

segmental durations for assessing content. Next, we

measured the duration characteristics and duration dif-

ferences between the observed durations and those statisti-

cally predicted from the model to compare the differences

between native speakers and learners in English from the

viewpoint of segmental duration control.

To compute the statistical segmental durations of the

average durational characteristics of native English speak-

ers, we adopted segmental durations normalized by the

speech rate. Before modeling, we normalized the segmen-

tal duration of each phone for each speaker using z-score

normalization with the mean and standard deviation (SD)

to eliminate any effect of speech rate for interspeaker

comparison. The mean and standard deviation used here

are speaker-dependent phone-independent values calculat-

ed from all of the phones in the speech data. In this paper,

we used the inverse of this mean as the speaker-dependent

speech rate for analysis. For the modeling, we adopted

multiple linear regression based on categorical factors [24]

as shown in Eq. (1).

ŷyi ¼ �yyþ
X
f

X
c

xfc�fcðiÞ :i ¼ 1; 2; 3; . . . ;N ð1Þ

�fcðiÞ ¼

1 :if the ith speech segment falls into

category c of factor f ,

0 :otherwise

8><
>:

ð2Þ

Here N, ŷyi, �yy, xfc, and �fcðiÞ represent the number of items

of data, the predicted duration of the ith speech segment,

the mean duration of all samples, the regression coefficient

of category c of control factor f , and the characteristic

function, respectively. To feed data into the model, each

category c of factor f of the ith speech segment was

encoded using the characteristic function �fcðiÞ. By adopt-

ing the least-squares error minimization technique, model-

ing coefficients representing the contributions of the

control factors were calculated.

As shown in Table 1, for the control factors, we

employed the current and four context phones [25]; phone

positions in each syllable, word, and phrase; the numbers

of constituent phones in each syllable, word, and phrase;

syllabic stress; syllable positions in each word and phrase;

the numbers of constituent syllables in each word and

phrase; and the general and specific parts of speech [26].

These factors were adopted by referring to our previous

study on English segmental duration [27]. However, we do

not claim that these factors provide a full characterization

of communicative competence.

2.2. Objective Duration-Difference Measures for Pro-

ficiency Evaluation

To evaluate learner speaking proficiency based on an

English duration model, we compared the deviations of

actual speech durations from the predicted durations of

two speaker groups, i.e., English native speakers and Thai

learners.

We measured phone durations from segmented

speech data. Then, we used the English duration model

with the control factors from the speech data to predict

native English segmental durations. Next, the average

difference between the measured and estimated reference

durations was calculated for each speaker using the

root-mean-square (RMS) value. By considering duration

differences as an evaluation measure, we expect to

discover some durational parameters representing differ-

ent elasticity characteristics among the speakers’ native

languages. Furthermore, we calculated not only the

deviations from predicted durations but also the average

speech rate and the standard deviation of observed phone

durations for the two speaker groups. The speech rate

and the standard deviation of phone durations are

equal to the values used for the duration normalization

explained in Subsection 2.1.

3. EXPERIMENTAL SPEECH DATA

We employed three types of English speech databases.

The first one was the Carnegie Mellon University (CMU)

ARCTIC database [28], which consisted of sentences read

by native English speakers. This database was used for

segmental duration modeling and to evaluate the model’s

Multiple linear regression 
model training Native English 

speech data 

Model duration  
prediction 

Duration 
extraction 

Control factor
extraction 

Duration-difference 
calculation 

Duration-difference 
score 

Learners’
English  

speech data Duration 
extraction 

Control factor
extraction 

Evaluation

Native English 
duration model 

Training 

Fig. 1 Overview of the model-based automatic evalua-
tion of second-language learners’ English segmental
duration characteristics.
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accuracy in reflecting native duration characteristics. The

database was separated into two phonetically balanced sets:

set A with 593 sentences and set B with 539 sentences. The

contents of these two sets were completely different. The

second database was a read English speech database

consisting of the fairy tale ‘‘The North Wind and the Sun,’’

from the Chinese University of Hong Kong (CUHK)

Chinese Learners of English Speech Corpus (CUCHLOE)

[29,30], which was used to test the effectiveness of the

proposed evaluation scheme. The sentences were uttered

by native English speakers and speakers from the English-

as-an-official-language countries of USA, UK, Canada,

Hong Kong, and India. The third database was also a test-

speech database collected at the National Electronics and

Computer Technology Center, Thailand (NECTEC). This

database contains speech data consisting of sentences from

the same fairy tale uttered by 45 Thai learners with

different English study backgrounds and one Indian

English speaker.

These three speech databases were divided into four

groups, which were used for modeling and analysis. The

first group consisted of CMU ARCTIC set A uttered by

four US speakers [28]. This was used as the training set for

the prediction of segmental durations by reference native

speakers. The second group consisted of CMU ARCTIC set

B, uttered by the same four speakers. We refer to this group

as a closed-speaker open-text set, which was used to

evaluate the consistency of the model. If our evaluation

scheme can be effectively used to calculate the duration

differences between learners by a model-based approach,

the predicted duration difference of the second group from

the first group (training set) is expected to be smaller than

that of the other groups, which use different speakers from

those in the training (open-speaker sets).

Table 1 Control factors and categories employed in linear regression modeling of normalized segmental duration of native
English. (Note: For the ‘‘phone position in word,’’ ‘‘phone position in phrase,’’ ‘‘syllable position in word,’’ and ‘‘syllable
position in phrase’’ factors, the labels ‘‘I,’’ ‘‘AI,’’ ‘‘M,’’ ‘‘BF,’’ and ‘‘F’’ represent the initial, after-initial, mid-, before-final,
and final syllable positions in a polysyllabic word or phrase, respectively. The label ‘‘S’’ represents the phone or syllable in
a monosyllabic word or phrase. The indices of the positions represent the word or phrase length in syllables. If not defined,
they represent positions in polysyllabic words with 4 syllables or more, and the labels ‘‘AI’’ and ‘‘BF’’ denote the second
and second-to-last syllable positions, respectively.)

Factor Category

Current phone
CMU’s English phones [25]: aa, ae, ah, ao, aw, ay, b, ch, d, dh, eh, er, ey, f,
g, hh, ih, iy, jh, k, l, m, n, ng, ow, oy, p, r, s, sh, t, th, uh, uw, v, w, y, z, zh

Phone before phone preceding current phone

CMU’s English phones [25] and pause
Phone preceding current phone

Phone following current phone

Phone following phone after current phone

Phone position in syllable ðm; nÞ: m ¼ 1; . . . ; n and n ¼ 2; . . . ; 7
(current phone position m, number of
constituent phones in syllable n)

Numbers of constituent phones in syllable 1, . . . , 7

Phone position in word I2, F2, I3, M3, F3, I, AI, M, BF, F, or S

Numbers of constituent phones in word 1, 2, 3, 4, 5, 6, 7, 8, 9–10, 11–12, 13–14

Phone position in phrase I2, F2, I3, M3, F3, I, AI, M, BF, F, or S

Numbers of constituent phones in phrase 1–3, 4–6, 7–9, . . . , 73–75, 76–78
(grouped by three)

Syllabic lexical stress Stressed, Unstressed

Syllable position in word I2, F2, I3, M3, F3, I, AI, M, BF, F, or S

Numbers of constituent syllables in word 1, . . . , 7

Syllable position in phrase I2, F2, I3, M3, F3, I, AI, M, BF, F, or S

Numbers of constituent syllables in phrase 1, . . . , 30

General part of speech Function word, Content word

Specific part of speech
cc, cd, dt, ex, fw, in, jj, jjr, jjs, md, nn, nnp, nnps, nns, of, pdt, pos, prp, rb,
rbr, rbs, rp, sym, to, uh, vb, vbd, vbg, vbn, vbp, vbz, wdt, wp, wrb [26]
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To evaluate the model’s validity with various English

accents, we used an open-speaker open-text set as the third

group. It included the data obtained from three non-

US-accent English speakers from CMU ARCTIC set B,

six speakers from CUCHLOE, and one speaker from

NECTEC. The fourth group contained the speech data of

45 Thai learners of English from NECTEC with various

amounts of experience of English study. We used this last

group as a test set to evaluate the English segmental

duration characteristics of Thai learners. The learners were

further categorized into four subgroups based on the

amount of time spent in an English-as-an-official-language

country as shown in Table 2.

Then, the speech data for evaluation were segmented

by an HMM-based automatic segmentation scheme. We

adopted HMM Toolkit (HTK) using acoustic models based

on the VoxForge English speech corpus [31]. To reduce

segmentation errors due to the incorrect pronunciation of

nonnative speakers, we used a conventional HMM-based

forced-alignment segmentation scheme with speaker adap-

tation based on acoustic models and pronunciation varia-

tion at the phone level. The acoustic models were adapted

for each speaker by using the evaluation speech data

obtained from their own voices.

4. EXPERIMENTAL RESULTS

4.1. Evaluation of Performance of Proposed Method

To evaluate the performance of the proposed method,

we carried out a subjective evaluation using human

evaluators. Briefly, we asked a group of volunteers to

listen to the speech data we used in this paper. Then, the

volunteers assigned a ‘‘similarity to native speech’’ score

(an overall score considering naturalness, fluency, accent,

stressing, articulation, etc.) to each speaker. The score has a

9-degree scale (5 major degrees and 4 minor degrees) i.e.,

1-Very poor (unintelligible), 1.5, 2-Poor, 2.5, 3-Medium,

3.5, 4-Good, 4.5, 5-Very good (nativelike).

Seven evaluators took part in this test. One of them was

a native speaker of American English. The other six were

not native English speakers but native Japanese speakers

who had substantial experience in the field of English

education such as English teaching. We first investigated

the agreement among the evaluators to test the validity of

using nonnative evaluators. Table 3 shows the average

correlation coefficients between the scores of each eval-

uator and the other evaluators. They are equal to or more

than 0.79, indicating high rating agreement among the

evaluators. Furthermore, the high correlation coefficient

between the scores of the native evaluator and the other

nonnative evaluators of 0.82 indicates that the ratings given

by the native and nonnative evaluators are comparable.

Next, we calculated the average correlation coefficients

between the subjective scores given by the evaluators

and the proposed duration-difference measures based on

the automatically segmented speech data. As shown in

Table 4, the proposed method had a high absolute

correlation coefficient of �0:62 for the open-speaker

learner set. This high value implies the similarity between

the subjective scores determined by human evaluators and

the proposed scores calculated by the proposed method.

Thus, these results indicate the satisfactory evaluation

performance of the proposed method and the proposed

evaluation score.

Then, to test the reliability of the automatic segmenta-

tion scheme, we compared the evaluation performance

using automatically segmented data with that using

manually segmented data. For the test set including open-

speaker native speakers and learners, we found a high

correlation coefficient (r ¼ 0:76, p < 0:05) between results

obtained using automatically and manually segmented

speech data. Furthermore, as shown in Table 4, we also

Table 3 Rating agreement among evaluators’ scores.

Evaluator
Average correlation

coefficient

Native 0.82
Nonnative English teacher #1 0.80
Nonnative English teacher #2 0.82
Nonnative English teacher #3 0.85
Nonnative English teacher #4 0.85
Nonnative English teacher #5 0.85
Nonnative English teacher #6 0.79

Table 4 Correlation coefficients between the subjective
scores and the proposed duration-difference scores for
learners’ data using different segmentations (sample
size: 45 Thai learners).

Correlation
coefficient

p-value

Duration differences (proposed)
using automatically segmented data

�0:62 0.0000

Duration differences (proposed)
using manually segmented data

�0:58 0.0000

Table 2 Thai learners categorized by their amount of
experience of English study.

Period of English study in
English-as-an-official-language

countries (Years)

Number of learners
(Persons)

<1 34

1–5 3

6–10 3

>10 5
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calculated the correlation coefficient between the subjec-

tive scores and the duration-difference scores using

manually and automatically segmented data for the open-

speaker learner set to compare their evaluation perform-

ances. The correlation coefficients for both methods of

segmentation in Table 4 indicate similar evaluation per-

formances. Actually, the proposed method using the

automatically segmented data exhibited a slight improve-

ment over that using the manually segmented data. Thus,

all these results show that the proposed method using

automatically segmented data exhibited an evaluation

performance comparable to that using manually segmented

data.

Moreover, we compared the evaluation performance

between the proposed method and other conventional

methods [32,33] as shown in Table 5. The results showed

that the proposed method gave a higher correlation with the

scores of human’ than the conventional methods. This

superiority should be particularly emphasized if we con-

sider that the proposed method only used one aspect of

speech properties, i.e., duration, while the conventional

methods used multiple speech properties.

4.2. Correlation between Objective Duration-Differ-

ence Measures and Amount of English Study

Experience

Figure 2 shows a comparison of the RMS duration

differences between the predicted durations of native

English speakers and Thai learners. As the figure shows,

the Thai learners produced larger deviations from the

English duration model (the median and mean of the

prediction difference are 58.1 and 59.2ms, respectively)

than the native English speakers (the median and mean of

the prediction difference are 38.6 and 38.7ms, respective-

ly). Furthermore, the central quartiles of the distributions

for the native English and Thai learner groups are clearly

separated. This result suggests the usability of the duration

differences from the predicted durations for quantifying the

differences between native speakers and Thai learners.

Interestingly, similar differences between native Eng-

lish speakers and Thai learners were found by observing

the standard deviation of phone durations as shown in

Fig. 3. We performed the Pearson product-moment corre-

lation test (significant level, � ¼ 0:05) and found a high

correlation of 0.98 between the differences from the

predicted durations and the standard deviation of phone

durations as shown in Fig. 4. As mentioned earlier, a

number of previous studies reported the validity of the

speech-rate measure [12–15]. However, the analysis in the

current study suggested that this was not the case. As

shown in Fig. 5, the difference in the speech rate between

Table 5 Comparison of evaluation performance between the proposed and conventional methods based on correlation
coefficient between scores for learner speech data assigned by human evaluators and automatic evaluation method.

Evaluation score
Correlation
coefficient

(maximum absolute)

Proposed
- Phone duration differences between those of native English duration model
and measured durations

0.62

Ito et al. (2006) - Intonation based: Normalized and gradient F0 of intonation phrase 0.53

[32] - Rhythm based: Relative duration and PIER of phone, word, and phrase 0.36

- F0 distances, gradients, and approximation error of F0 fitting based on word boundaries 0.49

Yamashita et al. - Power 0.38

(2004) [33] - Utterance duration 0.44

- All the above 0.51

Native speakers Thai learners
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Fig. 2 Comparison of RMS duration differences from
predicted durations between native English speakers
and Thai learners. In this and subsequent box plots, the
horizontal line at the center of each box indicates the
median, the vertical length of the box indicates the
interquartile range (the range between the lower and
upper quartiles), each whisker indicates the data point
furthest from the edge of the box excluding those
further than 1.5 times the length of the box, and the
plus symbols indicate outliers that are further out than
the ends of the whiskers.
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native speakers and Thai learners was very small. The

average speech rates of the native speaker and Thai learner

groups were 12.3 and 11.1 phone/s, respectively.

From Figs. 2, 3, and 5, we performed further statistical

similarity tests between native speaker and Thai learner

groups using the two-sample t-test (two-tailed test at a

significance level of � ¼ 0:05) on the three above-

mentioned measures, i.e., duration difference, standard

deviation of phone duration, and speech rate. As shown in

Table 6, all the observed measures gave statistically

significant differences between native speaker and Thai

learner groups (significance values pDuration Difference ¼
1:0� 10�10, pPhone Duration SD ¼ 5:4� 10�8, and

pSpeech Rate ¼ 3:2� 10�3). The obtained significance val-

ues suggested that the duration-difference measure was

more effective in separating native speaker and Thai

learner groups than the SD of phone duration and speech

rate. To investigate the classification accuracy of the

measures, we performed a linear discrimination analysis

(LDA) on native speaker and Thai learner groups with

three different measures. The LDA used Fisher discrim-

inant coefficients and assigned equal prior probabilities to

both native speaker and learner groups for initialization.

Then, we evaluated the accuracy of the observed measures

based on the LDA using leave-one-out cross-validation.

Table 7 shows the accuracy of the three measures using the
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Fig. 4 Comparison between RMS duration differences
from predicted durations and standard deviations of
phone durations (‘ ,’ ‘ ,’ and ‘�’ represent native
closed speakers, native open speakers, and Thai
learners, respectively).
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Fig. 5 Comparison of speech rates between native
English speakers and Thai learners.

Table 6 Results of two-sample t-test to evaluate similarity between native and learner score distributions using different
measures.

Levene’s test for

Measures
equality of t-test for equality of means
variances

F p t d f p (two-tailed)

Duration difference
4.874 0.031 �8:115 50.586

0.000
(�2

Native 6¼ �2
Learner assumed) (1:0� 10�10)

SD of phone duration
4.747 0.034 �6:503 45.442

0.000
(�2

Native 6¼ �2
Learner assumed) (5:4� 10�8)

Speech rate
1.127 0.293 3.084 57

0.003
(�2

Native ¼ �2
Learner assumed) (3:2� 10�3)
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Fig. 3 Comparison of standard deviation of phone
durations between native English speakers and Thai
learners.

C. HANSAKUNBUNTHEUNG et al.: MODEL-BASED ENGLISH-SEGMENTAL-DURATION EVALUATION

273



LDA. These results clearly show that the duration-differ-

ence measure outperformed the other measures in discrim-

ination between native speakers and Thai learners.

To examine the relationship between the differences

from predicted durations and the amount of English-study

experience more closely, we compared the differences

from predicted durations between native English speakers

and Thai learners grouped by periods of years of English-

study experience in English-as-an-official-language coun-

tries such as USA, UK, Australia, and India. As shown

in Fig. 6, noticeable duration differences were observed

between learners groups depending on the time spent

studying English overseas. The duration of the closed-

speaker open-text set showed the least difference from that

of the training set (i.e. the closed-speaker closed-text set).

This group also showed the smallest duration differences

among all speaker groups. Accordingly, the results

showed the consistency and reasonable prediction accu-

racy of the model both for the training set and for the

open set.

For the other-accented native speakers in the open-

speaker data set, their duration differences were much

closer to those of speakers in the training set and smaller

than most of those for the Thai learners. Interestingly, the

learners living in English-as-an-official-language countries

for more than 10 years showed a clear decrease in the

distance from the reference model, while the learners with

less than 10 years of experience in such countries showed

larger duration differences with a larger variation in phone

duration differences than more experienced learners.

Regarding the correlation between the period of time in

English-as-an-official-language countries and the duration

difference, the results show a negative correlation coef-

ficient (significance level, � ¼ 0:05) of �0:37. These

results indicate the effectiveness of the proposed objective

measure. Since other learner background factors that have

not been taken into account may also affect this measure,

wide variations of duration differences in the Thai learner

groups, especially in the least experienced group, can be

found. In the least experienced group, we found that five

speakers from this group had very short-term study

experience in English-as-an-official-language countries.

Thus, we expect that some effects of this short-term

experience caused the overlap of the duration differences

T C O L1 L2 L3 L4
20

30

40

50

60

70

80

90

100

D
u

ra
ti

o
n

 d
if

fe
re

n
ce

 (
m

s)

Thai learnersNative speakers

T: Training set
C: Closed-speaker open-text set
O: Open-speaker open-text set
L1: Learner open-text set 1: 11  Year ≥

≥
≥

≥
≥
≥
≥

 15
L2: Learner open-text set 2:   6  Year  10
L3: Learner open-text set 3:   1  Year    5
L4: Learner open-text set 4:   0  Year <   1

Fig. 6 Comparison of RMS duration differences from
predicted durations between native English speakers
(C: closed speakers, O: open speakers) and Thai
learners (L1–L4), grouped by periods of years of
English-study experience in English-as-an-official-lan-
guage countries.

Table 7 Linear discrimination analysis using Fisher discriminant coefficient for native speaker and learner groups with
three different measures.

Measure Accuracy (%) Unit Group
Predicted group membership

Native Learner Total

Count
Native 14 0 14

Duration difference 83.1
Learner 10 35 45

%
Native 100.0 0.0 100.0

Learner 22.2 77.8 100.0

Count
Native 13 1 14

SD of phone durations 78.0
Learner 12 33 45

%
Native 92.9 7.1 100.0

Learner 26.7 73.3 100.0

Count
Native 10 4 14

Speech rate 71.2
Learner 13 32 45

%
Native 71.4 28.6 100.0

Learner 28.9 71.1 100.0
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between the least experienced and more experienced

groups. Thus, these wide variations of duration differences

need further investigation in more detail in future works.

4.3. Duration-Difference Analysis to Characterize

English Segmental Duration Characteristics of

Thai Learners

To further investigate the effectiveness of the proposed

duration differences, we analyzed the duration differences

between Thai learners and native English speakers. We

observed the differences in the deviation of duration caused

by each of the model’s control factors by contrasting the

data of native speakers and Thai learners. Since Thai is a

stress-timed language similarly to English, we first ana-

lyzed the duration differences caused by English stress.

Figure 7 indicates the average of individual duration

differences (the proposed prediction-error-based measure)

observed in phones in stressed syllables subtracted by that

observed in phones in unstressed syllables. As shown in

Fig. 7, negative values for individual differences were

mostly found in the learners’ data. In the case of native

English speakers, we found this type of error in two of the

non-US speakers. Most of the Thai learners who produced

this type of error had no or minimal experience of study

in English-as-an-official-language countries. These results

suggest that a learner with this negative value tends to use a

different control strategy from native speakers to cope with

stressing, and a probable cause of the observed negative

value is the misplacement of stress on an unstressed

syllable.

Furthermore, by analyzing the durational differences

at different syllable positions, it was found that the Thai

learners always produced larger duration differences at the

end of a word or phrase than the native English speakers.

Figure 8 shows this characteristic clearly. In the stress

placement system of Thai, the primary stress is always

located at the last syllable of a word, which is different

from English. This suggests that the larger duration

differences resulted from the difference in stress placement

between Thai and English.

We then analyzed the effects of general English word

classes, i.e., content or function words. Figure 9 shows the

average of individual duration differences (the proposed

prediction-error-based measure) observed in phones in

content words subtracted by that observed in phones in

function words. In the case of native English speakers, no

negative values were found. Thus, this result indicates that

native English speakers exhibited larger predicted duration

differences for content words than for function words. In

contrast, we found negative values in the case of Thai

learners, with some strongly negative values compared

with the median of the Thai learner group. These results

suggest that some Thai learners used a different duration

control mechanism for content and function words com-

pared with native English speakers. Similarly to the case of

English stress, we found that most learners who produced

such duration differences had no or minimal experience of

study in English-as-an-official-language countries. There-

fore, the results suggest that these word classes can be

considered as a key feature in evaluating the English skill

of a Thai learner.
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Fig. 8 Median duration differences from predicted
durations at different positions in words of different
lengths between native English speakers and Thai
learners (where the labels ‘‘I,’’ ‘‘AI,’’ ‘‘M,’’ ‘‘BF,’’ and
‘‘F’’ represent the initial, after-initial, mid-, before-
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The indices of the positions represent the word or
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more, and the labels ‘‘AI’’ and ‘‘BF’’ denote the second
and second-to-last syllable positions, respectively.)
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Fig. 7 Comparison between native speakers and learn-
ers for prediction-error differences of phone durations
between stressed and unstressed syllables. Each plot
represents the average of individual prediction-errors
in stressed syllables subtracted by that in unstressed
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5. CONCLUSIONS

We proposed a model-based automatic evaluation

method and an objective measure for analyzing the

speech-duration characteristics of Thai learners of English

to evaluate the proficiency of English segmental duration

control. The proposed method is based on an objective

measure of actual segmental duration differences from

durations predicted by a statistical duration model. An

experiment was conducted to measure the duration dif-

ferences of multiple groups of learners with different

amount of English-study experience, and its results showed

the effectiveness of the proposed objective evaluation

method, in which statistical duration characteristics based

on a generalized English duration model are used as

a reference. Compared with other previously proposed

measures, the proposed measure gave superior results for

the discrimination between native English and Thai learner

groups. Furthermore, the proposed measure of duration

difference was also able to reveal the English segmental

duration characteristics of Thai-native English learners.

Our findings are promising for the quantitatively objective

analysis of English skills.
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