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Abstract

work observes pupils when achieving this skill, that is supposed
to happen within the primary school, i.e. between 9 to 10 years.

We analyze here readings of the same reference text by 116 children. We show that several factors strongly impact subjective
rating of fluency, notably number of correct words, repetitions,
errors, syllables spelled per minute. We succeeded in predicting four subjective scores – rated between 1 and 4 by human
raters – from such objective measurements with a rather high
precision (R > .8 for 3 out of 4 scores). This open the way
for automatic multidimensional assessment of reading fluency
using calibrated texts.
Index Terms: reading, pauses, evaluation, fluency, children

Table 1: Oral fluency scale (from Dpt of Education. NAEP, 2002
Oral Reading Study).
Fluent

Level 4

Level 3

1. Introduction

Nonfluent

Most literacy educators consider fluency to be a critical component of reading development [1, 2]. Although there are a number of definitions of reading fluency, there is a large consensus
that accuracy, automaticity, and prosody all make an important
contribution to the – listener-oriented – reading quality and –
speaker-oriented – text comprehension. Kuhn et al. [3] define
fluency as:
“[...] combines accuracy, automaticity, and oral reading
prosody, which, taken together, facilitate the readers construction of meaning. It is demonstrated during oral reading through ease of word recognition, appropriate pacing,
phrasing, and intonation. It is a factor in both oral and
silent reading that can limit or support comprehension.”
Most oral fluency scales typically distinguish between four
major steps of reading development that clear impact on perceived reading fluency (see Table 1):
Word processing that mainly consists in successfully accessing adequate lexical entries (pronunciation and semantics)
without identifying grapho-phonetic constituents (phones,
syllables)
Grouping that mainly consists in successfully on-line coordinating identification of words and speech planning, i.e.
crossing the word barrier.
Phrasing that mainly consists in successfully pacing word
grouping into meaningful linguistic units.
Expressivity that mainly consists in successfully computing
adequate prosodic patterns from the on-line comprehension
of the content.
Reading automaticity is considered to be acquired after the
two first stages: it’s the symptom of the successful synchronization (Breznitz [4]) of the brain entities involved in the visual,
orthographic, phonological, semantic processing of textual input and the planning and on-line control of speech output. Our

Level 2

Level 1

Reads primarily in larger, meaningful phrase
groups. Although some regressions, repetitions,
and deviations from text may be present, these do
not appear to detract from the overall structure of
the story. Preservation of the authors syntax is consistent. Some or most of the story is read with expressive interpretation.
Reads primarily in three- or four-word phrase
groups. Some small groupings may be present.
However, the majority of phrasing seems appropriate and preserves the syntax of the author. Little
or no expressive interpretation is present.
Reads primarily in two-word phrases with some
three- or four-word groupings. Some word-byword reading may be present. Word groupings
may seem awkward and unrelated to larger context
of sentence or passage.
Reads primarily word-by-word. Occasional twoword or three-word phrases may occur - but these
are infrequent and/or they do not preserve meaningful syntax.

2. State of the art
2.1. Objective assessment of fluency
2.1.1. L2 learners
Most works in state of the art focusing on automatic evaluation
of fluency belong to the field of computer assessment pronunciation training (CAPT). In this domain, main activity has been
oriented to the evaluation of the segmental quality of L2 learners [5] and less to its prosodic quality. There exist commercial systems for training L2 oral proficiency (see table 2 of [6]
for a comprehensive list of commercial systems) most of them,
proposing reading activities. Nevertheless, oral reading is not
the main concern for testing language proficiency (with tests
like TOEFLr iBT [7] and others), because speaking competences are evaluated from spontaneous speech or oral discourses
(describing pictures or expressing opinions) and reading competences are evaluated with questions about the understanding
of a proposed text.
Concerning the evaluation of fluency, prosody has been the
main concern of a number of works in the state of the art of L2
pronunciation analysis (see [8] for an updated revision). In [9]
we correlated fluency (stated by subjective evaluators) with a set
of prosodic correlates related with rhythm and F0 contour evolution and in [10] with the distribution of automatic prosodic
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labels. Nevertheless, the corpus used in these experiments consists on the readings of short sentences in contrast with the
longer reading activity that is matter of study in this paper.

sured through the oral reading of a meaningful text and rated
subjectively by assessors. According to Hudson et al. [19], assessors must observe the appropriate use of prosody markers,
such as emphasis, voice tone, inflection, vocal tone in dialogues,
phrase boundaries and syntactic pauses (e.g. subject-verb division, preposition, conjunction). In 1991, Zutell and Rasinsky
developed quantifiable scales based on these observations and a
group of teachers tested them in assessing conditions [18]. They
used 2 unidimensional scales of respectively 6 and 4 levels and
a multidimensional scale, 3 parameters with 4 levels, based on
pace of reading, phrasing and prosodic features (stress, intonation, duration). In 1995, Pinnel et al. [25] proposed a rating
scale, currently used by the National Assessment of Educational
Progress (NAEP), and presented in table 1. This scale has 4 levels of fluency mostly based on pauses and phrasing.
More recently, Rasinsky suggested 2 other rating scales: a
unidimensional scale based on Pinnel’s work and a multidimensional based on his previous work with Zutell [18]. Rasinsky
add the notions of pace and expressivity to the pause and phrasing assessment of the NAEP scale. The multidimensional scale,
presented in table 2 is also based on this 4 parameters : expression, phrasing, smoothness and pace, rated from 1 to 4. The
assessment gives a score between 4 and 16. According to Rasinsky, a score below 8 indicate that fluency may be a concern. It
is to be noted that this assessment is also performed online and
the score may differ from one assessor to another.

2.1.2. L1 learners
Bernstein et al have shown that fluency, automatically computed as number of words correct per minute (WCPM), correlates with the scores assigned by human evaluators both for nonnative [11] and children’s oral reading [12] activities. WCPM
is also used by Bolanos et al [13] with the same goal. In this
work, we show that speed is not the only aspect to be taken into
account for the evaluation of reading fluency.
Concerning the evaluation of children reading skills,
Mostow et al [14] present a tutor system for assisting children during reading based on the analysis of the output of an
automatic recognition system (ASR) [15]. In [16], the problems raised by the accurate and robust recognition of children’s
speech is reported. More recently, Proença et al [17] propose
another specialized ASR system with the same goal. Both publications are more involved in solving the problem of the recognition of disfluent speech than in correlating results with subjective scores of the quality of the reading.
2.2. Subjective assessment of fluency
When asking teachers on what base they judge a reader as fluent, the answers show a great diversity [18]: accuracy, speed,
joy, confidence, expressivity, good comprehension, attention to
punctuation, appropriate intonation. . . Scales have been developed to give useful tools to standardize this subjective assessment.

3. Data and subjects
3.1. Readings
We collected readings of the French text Alouette” [26] by 116
children recorded either in the classroom (70%) or during language assessment sessions conducted at the Grenoble hospital by speech therapists. This text consists of 265 words. It
contains several obstacles (infrequent words, words with high
frequency competitors, etc). It is surely not the kind of text
to which children are usually confronted with, but the poor
predictability of its words emphasizes the child’s automaticity
level. The WCPM has been calibrated using several hundreds of
children readings and delivers an estimation of the reading age.
This test is largely used in French-speaking countries to detect
delays in reading acquisition and developmental dyslexia. Most
children are 8-9 years old and are in second or third grade (see
Figure 1). Children were instructed to correctly read aloud the
text at a comfortable speech rate. We automatically stopped the
recordings after 3 minutes (or before if the child has finished
the reading this only occurred 2 times).

2.2.1. Accuracy and automaticity
The accuracy can be easily assessed by listening to oral reading
and counting the number of error in a list of words [19]. The
analysis of error types can help the teacher identify the failing
strategies of the pupil. Automaticity is mostly assessed by measuring a reading speed expressed as the number of word read
per minute. The more reliable way of assessing the reading rate
is using a meaningful text (instead of a word list [20]) and aloud
reading [21] in a timed task.
The traditional fluency assessment combines accuracy and
automaticity assessments by using the sole reading rate e.g. National Reading Panel [22], CBM test [23] in English,
ELFE [24] in French. The reading rate correspond to the
WCPM. It is collected as follows:
Reading The child is instructed to read a standardized text as
correctly and fast as possible during one minute.
Assessing The assessor circle every disfluency, i.e. substitution, adding and mispronounciation, and cross the omitted
word while the child is reading. He asks the child to stop
after one minute and marks the last word read.
Rating The assessor calculates the reading rate by substracting
the number of disfluencies from the number of word effectively read.
It is to be noted that this assessment is done online and the number of identified disfluences can differ from one assessor to another.

Figure 1: Histograms of ages and grades of the children. CE1
in France corresponds to the 2nd grade.

2.2.2. Prosody
While accuracy and automaticity have long been assessed to
evaluate the reading level of pupils, prosody is a more recent
adding to the fluency assessment [3]. The prosody can be mea-
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Table 2: Multidimensional fluency scale (adapted by Rasinski from [18]).
Dimension/Score
Expression and
Volume

1
Reads in a quiet voice as if to
get words out. The reading does
not sound natural like talking to a
friend.

Phrasing

Reads word-by-word in a monotone voice.

Smoothness

Frequently hesitates while reading, sounds out words, and repeats words or phrases. The
reader makes multiple attempts to
read the same passage.
Reads slowly and laboriously.

Pace

2
Reads in a quiet voice. The reading sounds natural in part of the
text, but the reader does not always sound like they are talking
to a friend.
Reads in two or three word
phrases, not adhering to punctuation, stress and intonation.
Reads with extended pauses or
hesitations. The reader has many
rough spots.
Reads moderately slowly.

3
Reads with volume and expression. However, sometimes the
reader slips into expressionless
reading and does not sound like
they are talking to a friend.
Reads with a mixture of run-ons,
mid sentence pauses for breath,
and some choppiness. There is
reasonable stress and intonation.
Reads with occasional breaks in
rhythm. The reader has difficulty
with specific words and/or sentence structures.

4
Reads with varied volume and
expression. The reader sounds
like they are talking to a friend
with their voice matching the interpretation of the passage.
Reads with good phrasing; adhering to punctuation, stress and intonation.

Reads fast and slow throughout
reading.

Reads at a conversational pace
throughout the reading.

Reads smoothly with some
breaks, but self-corrects with
difficult words and/ or sentence
structures.

Table 3: Excerpt of the pronunciation dictionary for the word
”cassettes”. and respectively stand for syntactic vs respiratory pauses. Note that internal pauses may be also encountered.
nb
...
19
12
2
1
1
1
...
4
2
2
1
1
1
1
1
1
1
1
1
...

word
...
CASSETTES
CASSETTES
CASSETTES
CASSETTES
CASSETTES
CASSETTES
...
CASSETTES*
CASSETTES*
CASSETTES*
CASSETTES*
CASSETTES*
CASSETTES*
CASSETTES*
CASSETTES*
CASSETTES*
CASSETTES*
CASSETTES*
CASSETTES*
...

pronunciation
...
k a s eˆ t
k a s eˆ t __
k a s eˆ t q
k a s eˆ t xˆ
k a s eˆ t xˆ __
k a s __ s eˆ t __
...
k a s k eˆ t
k a s eˆ __
k a s k eˆ t __
k a __
k a rX _ s eˆ t _
k a s __
k a s a __
k a s k __
k a s k eˆ __
k a s k eˆ t xˆ __
k a z e t
sˆ o s eˆ t
...

Figure 2: Log(lexical frequency+0.01) as a function of number
of pronunciation alternatives for each lexeme of the corpus. The
correlation is highly significant.

3.2. Speech processing
The speech of the children was aligned with a statistical model
whose phonetic triphone models, pronunciation dictionary and
trigram model were constantly updated using HTK [27] and
SLIRM [28] toolkits. While most speech recognizers consider
mispronunciations and disfluencies – such as false starts, repetitions, etc. – differently from standard entries into the pronunciation dictionary [16], we treat correct, incorrect or incomplete
words the same way in the pronunciation dictionary and the language model. The pronunciation is thus quite large (here an
average of 13.4 pronunciation variants per lemma) and the language model implicitly captures syntactic constraints on disfluencies, e.g. false starts and disfluent enunciations often precede
the correct one if any.
The labeling of words was thus performed with the following principles: (a) a new word is considered as initiated when
at least one vocalic nucleus has been spelled; (b) a star is appended to any incorrect or incomplete word; (c) each dictionary
entry begins with a phonated sound; (d) syntactic and respiratory pauses are considered as part of the preceding word. The
100 readings of these 265 words result in 1851 different correct
vs. 1697 incorrect/incomplete pronunciations (see excerpt in table 3). Note that 72 correct vs. 123 incorrect/incomplete entries
comprise internal pauses.

Figure 3: Distributions of our 5 normalized objective characterizations of the 116 readings of the Alouette. A prior log(x+0.1)
transformation is applied.

4. Objective characterization
Figure 2 shows that the number of alternative pronunciations
(incl. correct vs. incorrect pronunciations, false starts, hesitations, etc.) for each lexeme of the corpus does negatively
correlate with the logarithm of the lexical frequency of these
words (extracted from [29]): access to the pronunciation of
low-frequency words mostly triggers competing high-frequency
words or resorts to improper letter-to-sound rules. Lexical frequency is thus expected to strongly impact the occurrence of
disfluencies.
We further performed the alignment of the uttered words
with the original text and computed the following features
(number per minutes): correct words, omitted words, incor-
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Figure 4: Projection of our objective characterization of the child readings onto the three main principal axes. Left: 2nd vs. 1st; Right:
3rd vs. 1st. Note that a prior log(x + 0.1) transformation is applied to get Gaussian distributions (see Fig.3). The reading of one adult
EG is added as a reference and displayed in red. See the text for the interpretation of these axis.
rect words, repeated words, word-internal pauses. Figure 4 displays the projection of these 5 objective features – with prior
log(x+0.1) transform to comply with Gaussian distribution (see
Figure 3) – onto the two main principal axes. The first principal
axis explains 39% of the data variance and is mainly correlated
to the three features: correct words (r = .82), word-internal
pauses (r = .81), incorrect words (r = .55). The second principal axis explains 23% of the data variance and is mainly correlated to the rate of omitted words (r = .84): children C_RM
and CMO_DA at the top of the figure omitted respectively 26
and 22 words while pronouncing 180 and 218 words correctly.
The third principal axis explains 22% of the data variance and
is strongly correlated to the rate of repetitions (r = .89). A
closer examination of the characteristics of the outliers clarifies
the interpretation of the main axis of variation:
Speed The first principal axis is effectively related to WCPM.
Our adult fluent speaker EG (176 WCPM) is effectively located at one extreme position of the first axis while MMDS
(19 WCPM, 38 pronunciation errors and 19 internal pauses)
and SG_LVH (28 WCPM, 23 internal pauses) struggle with
word spelling.
Accuracy The second principal axis is mainly correlated with
accuracy. Again our adult fluent speaker EG is located at
one extreme position of this second axis. Imprecise speakers are located at the bottom of the map: they combine high
rate of errors and omissions (e.g. S_FN (68 WCPM) with
14 omissions and 87 errors).
Automaticity The third principal axis is mainly correlated with
number of repetitions. Speakers CB2, CB1, LM_LVH repeated some words 32, 29 and 22 times before getting to
the next ones.
We here enlighten two different reading strategies adopted
by children with reading difficulties: either read carefully and
struggle with slow syllabic decoding or rely on lexical, syntactic or semantic bootstrapping to rapidly go ahead at the expense
of large number of omissions and errors. We expect both strategies to equally impair comprehension both for the reader and
listeners. This issue will be addressed in the near future.

Figure 5: Distributions of the four subjective ratings into their
four levels of abilities.

5. Subjective assessment
The subjective rating of the 116 recordings was performed using the Rasinsky’s multidimensional scale (see Table 2). The
rating was done by two assessors familiar with the subjective
rating of fluency of 3rd to 5th graders. Only the first minute of
each recording was used for the rating. The assessor listen 4
times to the record, one for each ability to rate : expression and
volume, phrasing, smoothness and pace. Each ability was given
a mark between 1 and 4 according to the scale. Note that pace
and smoothness are easy to rate subjectively, whereas expressivity and phrasing are more complex to assess, mostly because
of their variations along the text. Figure 5 displays the distributions of the four subjective ratings into their four levels of
abilities. We here rate pupils from 8 to 12 years: their expressivity is rather low while pace receives better ratings.
The inter-labeler agreements are average but all significant:
linear weighted Cohen’s Kappa coefficients are .38, .51, .50
and .42 respectively. In the following, subjective ratings are
nevertheless taken as the average of the ratings of two assessors.
We performed a multinomial logistic regression between objective measurements (expressed as
log(nb per mn+0.1)) and subjective ratings using a
Leave-One-Out procedure. The Spearman correlation coefficients (Scc) are respectively .7, .81, .81 and .85 (see Figure 6)
while mean absolute errors are close to .5, i.e. respectively
.54, .56, .52 and .51. All correlation coefficients are highly
significant. We are clearly missing objective features measuring
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expressiveness and volume of the voice that cannot be deduced
from pronunciation correctness. Adding speech rate (expressed
as number of syllables per mn) and F0 variations (expressed
in cents) only slightly increases the prediction of expressivity
ratings. We suspect that the quality of expressiveness and
volume should take into account more detailed linguistic and
paralinguistic information.
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Figure 6: Boxplots of predicted ratings according to subjective
ratings. Legend gives correlation coefficients.

6. Conclusions and perspectives
We propose here to predict subjective ratings of reading fluency
by objective features that can be delivered by an automatic analysis of the verbal content. We are still lacking reliable predictors
of reading expressiveness. This is perhaps due to the fact that
most of our pupils are still struggling with automaticity and that
the target text does not allow for much enthusiasm. We however
expect that reliable predictors of reading expressiveness should
consider the goodness of fit between the syntactic and semantic
content of phrases and their associated prosodic patterns.
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