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Abstract
We investigated features reflecting utterance structure and
disfluency profile to improve the automated scoring of spontaneous speech responses by non-native speakers of English.
Features derived from structural events (SEs), e.g., clause structure and disfluencies, showed promisingly high correlations to
the human proficiency scores. However, previous studies were
based on speech transcriptions, and the usefulness of these SEderived features on ASR hypotheses was still unknown.
In this paper, we reported our studies related to the detection of SEs from noisy ASR outputs and the application of
the detected SEs for automated speech scoring. We found that
clause boundary (CB) detection was impacted much less than
disfluency interruption point (IP) detection when facing ASR
errors. Next, several features derived from the SEs were evaluated based on their correlations to human scores and their relative importance in a linear regression model.

1. Introduction
Utterance structure and disfluencies (hesitation and dynamic error correction processes) have been found to be important characteristics of spontaneous speech by previous psycholinguistic
studies [1]. ESL (English as a second language) researchers
actively investigate the relationships between these aspects and
speech proficiency (e.g., [2]). Furthermore, [3, 4] developed
quantitative features and showed that the utterance structure and
disfluency based features can effectively and accurately assess
speech proficiency.
Recently, a few studies exploring the features related to utterance structure and disfluency profile have emerged in the automated speech assessment field. [5, 6] estimated the complexity of sentences based on the average length of the clauses or
sentences, [7, 8] used parse-tree based features, and [9, 10] employed the disfluency profile. However, most studies have been
done on speech transcriptions and could not be directly used in
operational speech scoring processes. As shown in [8], these
measures could not show satisfactory empirical performance
when extracted from the speech recognition outputs, which generally contain errors. In addition, the disfluency features (e.g.,
[9, 10]) were limited to simple ones that do not consider utterance structure.
In this study, we present features reflecting both the utterance structure and disfluency profile (focusing on pausing patterns) to improve the automated scoring of non-native spontaneous speech responses. The features were calculated in a fully
automated way based on the automatically detected SEs from
automatic speech recognition (ASR) outputs.
The paper is organized as follows: Section 2 reviews previous research; Section 3 reports on the data used in the paper;

INTERSPEECH 2012

Section 4 describes the experiments on SE detection; Section 5
describes the application of the detected SEs for speech scoring
purposes; Section 6 discusses the findings of our research and
plans for future directions.

2. Previous Research
ESL researchers have developed many quantitative measures to
describe utterance structure. Typical metrics for measuring syntactic complexity include: length of production units (e.g., Tunits1 , clauses, verb phrases, and sentences), amount of embedding, subordination and coordination, range of structural types,
and structural sophistication. [12, 6] found a significant relationship between these features and students’ proficiency levels.
Disfluencies have been considered an important key to show
the sentence planning process. [13] classified disfluencies into
two groups according to the locations within utterances: disfluencies that occurred at clause boundaries (hereafter, boundary disfluencies) and disfluencies that occurred within clauses
(hereafter, within-clause disfluencies). [14, 15] found that boundary disfluencies serve as sentence planning time, while withinclause disfluencies occur when speakers have problems in sentence generation such as failures in lexical retrieval.
In ESL research, [2] found a strong relationship between
within-clause disfluencies and L2 speakers’ proficiency. Compared to L1 speakers, L2 speakers have reduced knowledge about
lexicon, semantics, and syntax. During speech production, L2
speakers must consciously control speech because it does not
come automatically. Also they need to inhibit their L1 influence. Due to these issues, speakers with low proficiency have
more problems during sentence generation and it results in more
frequent within-clause pauses than speakers with high proficiency. [4] showed that within-clause disfluency-based features
have stronger correlations with human proficiency scores than
the features only based on disfluencies. A combination of these
structural elements, utterance structure and disfluency profile,
can estimate the speakers’ proficiency levels more accurately.
In speech processing, a large amount of research has been
conducted to detect SEs. [16, 17, 18] used both lexical and
prosodic cues in ASR outputs. The detected SEs have been
found to help many of the following natural language processing (NLP) tasks: speech parsing, information retrieval, machine
translation, and extractive speech summarization [18]. Based
on improvements in automated SE detection, several studies in
the area of automated speech scoring started to investigate features reflecting utterance structure and disfluency profile. [5]
built statistical models to automatically detect clause boundaries (CBs) and interruption points (IPs) in speech transcrip1 A T-unit is defined as essentially a main clause plus any other
clauses which are dependent upon it [11].
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tions and found that the features computed from the detected
SEs are promising for speech scoring. [7, 8] utilized parse-tree
based syntactic complexity features on speech scoring tasks.
However, most of these studies were based on manual transcriptions and manual SE annotations. Therefore, the research findings could not be directly applied to the automated speech scoring which uses noisy ASR hypotheses. For example, [8] showed
that the significant correlation between syntactic measures and
speech proficiency (correlation coefficient = 0.49) became insignificant when they were applied to the ASR hypotheses.
Our study provides new features based on both disfluency
profile and utterance structure. This study differs from previous studies in the following points. First, in contrast to the
typical disfluency features, e.g., disfluency frequency and mean
duration of disfluencies, the proposed features considered utterance structure. The validity of combining these two aspects is
strongly supported by psycholinguistic and ESL research. Second, by actively employing speech technology (using ASR outputs and automated SE detection results), the proposed features
could be fully generated automatically. Third, the proposed features were evaluated not only by the ordinary correlation analysis but also by comparing their relative importance with other
widely used effective speech features.

3. Non-native Structural Event Corpus
Non-native speech data were collected from the TOEFL Practice test[19]. In each TOEFL Practice test, test-takers were required to either provide information or express their opinions
based on personal experience or background knowledge. For
example, the test-takers were asked for their opinions about living on or off campus.
A total of 1066 responses were collected from examinees.
Then, a group of experienced human raters scored these items
on a 4-point holistic scale scores based on the scoring rubrics
designed for scoring the TOEFL Practice test. The speaking
content was transcribed by a professional transcribing agency.
On the transcriptions, SE annotations were added, including (1)
locations of clause boundaries, (2) types of clauses (e.g., noun
clauses, adjective clauses, adverb clauses, etc.), and (3) disfluencies.
For the research reported in this paper, we focus on two
SEs: the locations of clause-ending boundaries (CBs) and interruption points (IPs) of disfluencies. Note that if several clauses
(in different layers of a clause hierarchy) end at the same word
boundary, these clause boundaries were collapsed into one CB
event. More details about this data set, such as inter-rater annotation agreements, can be found in [20].

4. Structural Event Detection Experiments
4.1. Setup
In our experiment, the whole corpus described in Section 3 was
split into a training set (train), a development test set (dev), and
a testing set (test), with no speaker overlap between any pair of
sets. Table 1 summarizes the numbers of items and words, as
well as the number of structural events in each dataset.
In order to test the SE detection performance on ASR hypotheses, we also run speech recognition on both dev and test
sets. A state-of-the-art Hidden Markov Model (HMM) speech
recognizer was used in our experiments. In this ASR system,
its acoustic model (AM) and language model (LM) were trained
from about 750 hours of non-native speech data and correspond-
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# item
# word
# CB
# IP

train
664
71036
6090
1711

dev
101
10440
915
257

test
301
33516
2837
787

Table 1: The number of items, words, and structural events of
the three sets in the TOEFL Practice corpus

ing transcriptions. On the test set, our ASR resulted in a word
error rate (WER) of 17.24% for non-native learners’ speech
data, which was much smaller than the one reported in [8].
We followed [5] in using a Maximum Entropy (MaxEnt)
model and a Conditional Random Field (CRF) model to determine whether a clause-ending boundary or an IP of disfluency
is located at each inter-word boundary. The details of the experiments, including ordinary n-gram lexical features, the special lexical features for IP detection, and the implementations
of these two models, can be found in [5].
For CB detection, we also used pause information after
word-ending boundaries similar to [16]. A long pause after a
word-ending boundary is an important feature indicating the existence of a clause/sentence boundary. For transcription input,
we used the P2FA forced alignment toolkit [21] to find pauses.
When examining ASR outputs, we can directly use the timing
information output from the ASR system.
For the MaxEnt and CRF models, which require discrete
features, the continuous-valued pause durations were discretized
using the supervised method in the Weka toolkit [22]. In particular, we converted pause durations to 6 distinct classes using the
method by Fayyad and Irani [23]. By adding such pause-related
features, the CB detection accuracy of using both MaxEnt and
CRF models has improved.
4.2. SE detection results
Since we treated the SE detection task as a binary classification
task in this paper, we used standard evaluation metrics, including precision, recall, and F 1 measurement. In order to evaluate
SEs in ASR hypotheses, we used the NIST’s SCTK2.4 package [24]. Table 2 summarizes the CB and IP detection results
on two input conditions: speech transcriptions vs. ASR hypotheses.
Model

MaxEnt
CRF
MaxEnt
CRF

F 1T ran.

F 1ASR

CB detection
0.617
0.579
0.752
0.690
IP detection
0.412
0.301
0.410
0.304

Reduction
in F1 (%)
6.16
8.24
26.9
25.9

Table 2: F 1s for CB and IP detection tasks when using transcriptions vs. ASR outputs on the TOEFL Practice data
Compared to [5], since ASR outputs do not contain word
fragments, we have removed all word fragments from our training transcriptions. As a result, losing such valuable information
dramatically lowered IP detection performance on both transcription and ASR hypothesis input conditions. In addition, Ta-
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ble 2 clearly shows that errors in ASR hypotheses impact the IP
detection task more than the CB detection task.

5. Evaluation of the SE-derived features
Based on the automatically detected SEs, we extracted several
features for speech scoring purposes. Two features that were
reported to have high correlations with human scores in [20, 5],
i.e., IPC (IP frequency per clause) and IPW (IP frequency per
word), were extracted. Knowing clause structure allows us to
utilize test-takers’ pause patterns more effectively. Pauses can
appear at clause boundaries or within clauses. We call the first
type of pause a boundary-pause and the second type a withinclause-pause. Based on [4, 2], we anticipate that a withinclause-pause has a stronger link to speakers’ proficiency levels
than a boundary-pause. Two features related to within-clausepauses were implemented as follows:

relatively robust from ASR errors, showed slight or no drops in
correlations.
5.2. Evaluation based on features’ relative importances
In current speech scoring systems, multiple features have been
used to cover many aspects of human speaking capabilities [25,
26]. Will the ratioLP feature still be useful when used with
those features? To answer this question, we extracted a set of
speech features described in [26] that showed promising performances in automated speech scoring. Then, we built a linear
regression model using these features and the ratioLP feature
to predict human holistic scores. The relative importance of
each feature in the regression model provides a way to answer
the question. The speech features used in this experiment were
listed in Table 4.

• aveDur: average duration of all non-zero length withinclause-pauses.

feature
pace-word

• ratioLP : the ratio of long within-clause-pauses to all
non-zero length within-clause-pauses. A long pause is
determined when a pause’s duration is longer than 0.190
second, which is the median duration of within-clausepauses.

pause

prosody
pronunciation

5.1. Evaluation based on correlation analysis
On the test set, we predicted CB and IP event sequences using the MaxEnt and CRF models, respectively. Then, the SEderived features were computed in five different conditions, including (a) Human-Tran, human annotated SEs on manual transcriptions, (b) MaxEnt-Tran, the MaxEnt model’s SE predictions on manual transcriptions, (c) CRF-Tran, the CRF model’s
SE predictions on manual transcriptions, (d) MaxEnt-ASR, the
MaxEnt model’s SE predictions on ASR hypotheses, (e) CRFASR, the CRF model’s SE predictions on ASR hypotheses. Then,
we computed Pearson correlation coefficients (rs) between these
features and human holistic scores.
Table 3 reports the evaluation results of the features derived
from the structural event estimations. First, we investigated
the impact of SE detection errors by comparing Human-Tran
vs. MaxEnt-Tran and CRF-Tran. There were only small drops
in rIP C and rIP W . Furthermore, for aveDur and ratioLP ,
the correlations increased. However, when using the machinepredicted SEs from noisy ASR outputs, we found large r reduction from all of these SE-derived features except for ratioLP .

SE resource
Human-Tran
MaxEnt-Tran
CRF-Tran
MaxEnt-ASR
CRF-ASR

rIP C
−0.37
−0.37
−0.31
−0.19
−0.20

rIP W
−0.40
−0.38
−0.30
−0.22
−0.21

raveDur
−0.35
−0.43
−0.36
−0.11
−0.13

rratioLP
−0.42
−0.46
−0.49
−0.47
−0.45

Table 3: Correlation coefficients (rs) between the SE-derived
features and human holistic scores
Both rIP C and rIP W were based on the IPs. The accuracy
of IP detection decreased largely due to ASR errors, and the increased errors resulted in significant correlation drops between
IP-based proficiency features and human proficiency scores. On
the contrary, the rratioLP feature, based on the CBs that were
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language-use

description
the number of words divided by the duration of
the response
the number of silences (the shortest silence
needs to be at least 0.15 seconds long) divided
by the number of words
mean distance between two stressed syllables
the summation of alignment likelihoods divided by the number of letters of the recognized
words
the language model score divided by the number of words

Table 4: A list of speech features that have been widely used on
assessing spontaneous speech
We used the relaimpo R package [27], a package designed
for computing a series of relative importance measures for correlated features. In particular, we used the LMG measure [28], a
metric named for its inventors (Lindeman, Merenda, and Gold),
which is recommended by [27]. One of advantages of this metric is that all of the importance measures from all of the variables are fully investigated and this makes it easy to analyze
the variables’s contributions. From Table 5, we can find that
the pace-word, a speaking rate feature, plays an dominant role.
The pause, language-use, and prosody features show relative
importance of more than 10%. Our new ratioLP feature has
a relative importance of 9.3%. Its importance is larger than a
widely used feature, pronunciation, which has an importance of
6.3%. This suggests that the new ratioLP feature has a compatible performance with commonly used speech features and
it can also enrich the feature’s coverage on utterance structure
and disfluency profile.
Feature
pace-word
pause
language-use
prosody
ratioLP
pronunciation

LMG(%)
40.7
17.9
13.6
12.2
9.3
6.3

Table 5: Features’ LMG relative importance measures for predicting human proficiency scores
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6. Discussion
Recently, several studies using characteristics of utterance structure and disfluency profile, which have been actively used in the
ESL field, emerged in the automated speech scoring field. However, these studies were mainly conducted on error-free speech
transcriptions. Although some positive results were reported,
the actual usefulness on non-native spontaneous speech ASR
outputs was still unknown. In this paper, we conducted several
experiments on the usefulness of such SE-derived features for
the automated speech scoring domain.
First, for SE detection tasks, we did not only use speech
transcriptions like [5], but also used ASR hypotheses from a
state-of-the-art non-native spontaneous speech recognizer, which
has a much higher recognition accuracy than the recognizer
used in [8]. We found that ASR errors heavily impacted IP
detection performance. Losing word fragment information in
ASR hypotheses, which provided very useful cues in disfluency
detection in the studies based on the speech transcriptions, is
one reason of this drop. On the contrary, for CB detection, the
F 1 only dropped about 6% to 8% when switching from speech
transcriptions to ASR outputs.
Next, we extracted four SE-derived features, IPC and IPW
in [5] and two new features based on within-clause-pauses. When
using automatically detected SEs from ASR outputs, only the
new ratioLP feature showed a promising correlation to human holistic scores. Furthermore, we also investigated the relative importance of the ratioLP feature when used with several widely used features for speech scoring. This analysis suggested that this new SE-derived feature is comparable to others.
One direction for future research will be to improve disfluency detection accuracy, especially for non-native spontaneous
speech. For example, some prosodic cues will be considered. In
addition, we will continue to explore other types of SEs, such
as discourse markers, which play important roles in forming coherent speech.
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