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Abstract. We propose a reading time model for learners of English as a foreign 
language (EFL) that is based on a learner’s reading proficiency and the linguis-
tic properties of sentences. Reading proficiency here refers to a learner’s read-
ing score on the Test of English for International Communications (TOEIC), 
and the linguistic properties are the lexical, syntactic and discourse complexities 
of a sentence. We used natural language processing technology to automatically 
extract these linguistic properties, and developed a model using multiple regres-
sion analysis as a learning algorithm in combining the learner’s proficiency and 
linguistic properties. Experimental results showed that our reading time model 
predicted sentence-reading time with a 22.9% error rate, which is lower than the 
models constructed based on linguistic properties proposed in previous studies. 

1   Introduction 

One of the critical issues in learning or teaching a foreign language is learners’ indi-
vidual differences in proficiency. Unlike first language acquisition, proficiencies in 
acquiring a foreign language vary greatly. Thus, a language teacher has to understand 
each learner’s problems and help the learner contend with them. The learners’ prob-
lems principally arise from lack of lexical or syntactic knowledge. For instance, if a 
learner encounters a lexical item the meaning of which the learner does not know, he 
or she has to guess the meaning based on contextual information. Reading such a 
sentence should take more time than reading a sentence without unknown lexical 
items. Given this, some learners’ problems can be identified by measuring his or her 
reading time, because encountering unfamiliar lexical or syntactic items will interrupt 
the reading process [1].1 

                                                           
1  Reading process refers to a series of understanding tasks from word meaning to sentence/ 

discourse meaning. It involves word recognition, syntactic parsing and semantic composition. 
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The reading process is typically measured with the following metrics: (i) reading 
time, (ii) eye-movement and (iii) brain activity [7]. Of these metrics, reading time is 
more easily applicable to language classrooms than the others from the viewpoint of 
cost. Reading time tests, which use reading time as an evaluation metric, seem to be 
unpopular as pedagogical tests. Recent research, however, has confirmed the reliabil-
ity and validity of reading time tests as a metric of foreign language reading profi-
ciency [15, 10]. 2  Based on these findings, we decided to use reading time as a  
measure of a learner’s reading problems. 

In this paper, we present our reading time model (RT model), which functions as 
the baseline in identifying a sentence which might include reading problems. The 
RT model predicts the time required for learners of English as a foreign language 
(EFL) to read a sentence based on both the linguistic properties of a sentence and a 
learner’s reading proficiency. In our approach, a learner’s level of reading problems 
is identified by comparing a learner’s actual reading time with the reading time 
predicted by the RT model. A remarkable difference between a learner’s actual 
reading time and the predicted time might indicate reading problems. Without RT 
model, a teacher has to manually set up the reading time for a learner to read. This 
task is costly and time consuming, especially when there are a lot of sentences. The 
RT model automatically sets up the model reading time, thereby assisting a lan-
guage teacher in identifying a learner’s problems. 

In our experiment, the RT model was derived with a multiple regression analysis, 
which took reading time as a dependent variable and linguistic and learners’ proper-
ties as independent variables (discussed in § 2). This model was able to predict sen-
tence-reading time with a 22.9% error rate. 

2   Features 

Sentence-reading time should vary depending on the linguistic properties of a sen-
tence and a learner’s reading proficiency, as previous linguistic/psycholinguistic stud-
ies have reported [2, 8]. Linguistic properties include lexical, syntactic and discourse 
factors. Of these factors, we picked linguistic factors, which can be automatically 
derived with state-of-the-art natural language processing tools, because the goal of 
this study is to implement the RT model into the Computer Assisted Language Learn-
ing (CALL) system. In the rest of this section, we will review the features used to 
construct the RT model. 

2.1   Lexical Factors 

The RT model uses word length and lexical difficulty as lexical factors that should 
affect sentence-reading time. It is supposed that the length of a word is positively 
correlated with its lexical difficulty, as research on readability often uses word length 
to determine readability [4, 16]. Based on this idea, we speculated that the length of a 
word should affect reading time and used word length as a lexical feature. We defined 
word length as the number of characters in a word. 
                                                           
2 Reading time-based evaluation should not exclude comprehension test-based evaluation, and 

these methods are fully compatible in identifying a learner’s reading problems. 
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Word length was not the sole factor in lexical difficulty, because some short 
words are hard for EFL learners to understand [12]. Therefore, we added lexical 
difficulty scores heuristically derived based on JACET 4000 Basic Words [6], 
which classifies the difficulty of English vocabularies based on the empirical obser-
vations of English teachers working with Japanese EFL learners. Lexical difficulty 
was then rated using a ranking tool [17]. We measured lexical difficulty based on 
the scores derived with the tool [17], and summed the scores of words in a sentence 
as another lexical feature. 

2.2   Syntactic Factor 

The RT model uses sentence length and the number of branching nodes as syntactic 
factors that may affect sentence-reading time. Sentence length is supposed to be nega-
tively correlated with readability [4, 16]. Therefore, we used sentence length as a 
syntactic feature in the RT model. A sentence’s length was defined as the number of 
words it contained. 

 

Fig. 1. Syntactic Tree 

Sentence length is equivalent to the width of a syntactic tree, as shown in  
Figure 1. In addition to the width of the tree, we speculated that the height of a tree 
also indicates syntactic difficulty. To take into account both the width and height of 
a tree, we decided to use the number of branching nodes as another syntactic factor. 
Previous research [8] showed that the number of branching nodes was closely corre-
lated with EFL learners’ reading times. In addition to this empirical support, the 
number of branching nodes should be supported from the viewpoint of research on 
the garden-path sentence presented by [5]. We used the Apple Pie Parser to generate 
syntactic trees [14], and measured the number of branching nodes based on the 
trees. 

2.3   Discourse Factor 

In understanding the meaning of discourse, identifying anaphors is a crucial problem, 
and a pronoun is a typical anaphoric expression. Although there are other anaphoric 
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expressions, such as definite expressions, we decided to use the number of pronouns 
as our discourse feature because it is relatively easy to measure. 

The RT model picked the number of pronouns as a discourse factor. In understand-
ing a pronoun, a learner has to identify the referent of a pronoun. Hence, the number 
of pronouns should indicate discourse complexity. 

2.4   Learner Factors 

The RT model also takes into account a learner’s reading proficiency. Among various 
metrics for measuring the reading proficiency of EFL learners, such as comprehen-
sion test scores, word recognition time or grammatical judgment time, we used a 
learner’s reading score on the Test of English for International Communications 
(TOEIC) as a learner factor. 

Learner factors should involve other factors, such as non-verbal factors, e.g., the 
degree of interest, motivation, and background knowledge. If one wants to construct a 
reading model employing these non-verbal factors, these factors have to be surveyed. 
In this study, we focus on learners’ linguistic proficiency as a learner factor, so the RT 
model does not take non-verbal factors into account. Some research has also sug-
gested that non-verbal factors less clearly affect the reading time of EFL learners [10]. 
We leave non-verbal factors for further studies. 

3   Data Set 

The RT model was built with the multiple regression analysis using linguistic and 
EFL learners’ features (stated in §2) as dependent variables. The independent variable 
was the reading time required for Japanese EFL learners to read English passages 
from TOEIC textbooks. 

EFL learners’ reading times were collected in the following procedure. Reading 
materials were extracted from a TOEIC preparation textbook [9]. Eighty-four pas-
sages were chosen and classified into two test groups, consisting either of 7 or 14 
passages. 

The participants were recruited from a job information website on the conditions 
that (i) the participant submit a TOEIC score sheet, (ii) the participant was an English 
learner, and (iii) the participant should live close to the site of the experiment. Of 
those who responded, 64 participants were chosen based on their having taken a 
TOEIC test in the year preceding the experiment. Each participant was randomly 
provided with either a 7-passage text set or a 14-passage text. 31 participants took the 
seven-passage text test, and 33 participants took the 14-passage text test. 

Sentence-reading time was recorded with a reading process recording tool [19]. 
Participants read sentences displayed on a computer monitor and answered compre-
hension questions after reading a passage. The rate of correct answers to comprehen-
sion questions was used to determine outliers. 

The reading process recording tool measures sentence-reading time in 10-
millisecond units. As shown in Figure 2, a sentence appears when a participant puts 
the cursor on the corresponding numbered icon. A comprehension question appears  
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Fig. 2. Screenshot of a Reading Process Recording Tool 

when the cursor is put over a Q (question) icon. In answering a comprehension ques-
tion, a participant has only to click on one of the four answer icons ((A) through (D)). 

Before the experiment, participants were instructed (i) to read a passage first and 
then answer comprehension questions, (ii) to try to understand a passage well enough 
to answer the comprehension questions correctly, (iii) to take as long as they needed 
(there was no time restriction) and (iv) to practice the reading process recording tool 
with several practice passages and questions. 

We eliminated outliers from the collected reading time data. The data were ex-
cluded (i) if the rate of correct answers to comprehension questions was less than 
70%, and (ii) if the participant’s reading speed (in terms of words read per minute 
(WPM)) was faster than 200 WPM or slower than 70 WPM. We decided to omit the 
low comprehension rate data because the RT model should predict the sentence-
reading time of EFL learners with a reasonable level of comprehension.3 We ex-
cluded slow reading speed data because of the possibility of irregular reading, i.e., 
that a learner might have read too carefully in order to correctly understand pas-
sages. The fast reading speed data were also regarded as irregular reading for EFL 
learners because 200 WPM is as fast as native English speakers.4 Hence, we sup-
posed that such fast reading speed did not appropriately represent EFL learners’ 
reading speed. 

                                                           
3 However, there is still the problem whether the 70% correct rate was adequate for further 

study. 
4 The average speed for native English speakers is reported to be 200-300 WPM [3]. 
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As a result, a total of 1807 reading times were obtained. The data consisted of 80 
passages, 448 sentences, read by 61 participants. Mean age of the participants was 29.8 
years old (S.D. 9.5). Of the participants, 8 were male and 53 were female. Table 1 pre-
sents the participants’ TOEIC reading score (SCR) distribution. The mean TOEIC read-
ing score of participants is 318.0, which is higher than the mean score of Japanese EFL 
learners, i.e., 254 to 270, according to the TOEIC technical manual [18]. 

Table 1. Frequency Distribution of Participants’ TOEIC Reading Scores 

Intervals Frequency 
0 ≤ SCR ≤ 50 0 
50 ≤ SCR ≤ 100 0 
100 ≤ SCR ≤ 150 3 
150 ≤ SCR ≤ 200 4 
200 ≤ SCR ≤ 250 11 
250 ≤ SCR ≤ 300 10 
300 ≤ SCR ≤ 350 6 
350 ≤ SCR ≤ 400 11 
400 ≤ SCR ≤ 450 11 
450 ≤ SCR ≤ 500 5 

4   Experiment 

The RT model was built using multiple regression analysis based on all the features 
discussed in § 2. This section discusses the methods and results of our experiment, 
which tested the effectiveness of the RT model. 

4.1   Methods  

Of the 1807 reading times, 1627 were used as learning data for the multiple regression 
analysis to develop the RT model, and 180 were used as test data to verify the model. 
Multiple regression analysis was carried out for reading times with all factors shown 
in § 2 entered simultaneously. 

The RT model was evaluated based on the error rate derived from Formula (1). 
In Formula (1), predicted value refers to reading time calculated with the RT model, 
and observed value is defined as actual reading time measured with the tool shown 
in § 3. 

%100×
-

=)()(
valueobserved

valueobservedvaluepredicted
ateRrrorE  (1) 

First, we evaluated the RT model derived from all of the features in § 4.2, and then 
we compared the accuracy of the RT models built with different linguistic feature 
combinations in § 4.3. Finally, we compared our RT model with other models that use 
syntactic features as in previous studies [11] and [13] in § 4.4. 
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4.2   Prediction Performance of Our Model 

Table 2 shows the error rate of the RT model. From the table 2 we found that most of 
the 180 test data showed low error rates. This tendency is clearly observed, because 
the relative frequency is the highest at the interval between 0% and 10%. Moreover, 
as the right tail is longer, the distribution of the error rate is positively skewed. The 
normality of the error rate was examined using the Kolmogorov-Smirnov test, and it 
was found that the error rate did not follow the normal distribution. The median error 
rate was 22.9%, and the range was 99.2. 

Table 2. Error Rate (ER) Frequency Distribution Table  

Intervals Frequency Relative 
Frequency 
(%) 

Cumulative 
Frequency 

Cumulative 
Relative 
Frequency 
(%) 

0% ≤ ER ≤ 10% 43 23.9 43 23.9 

10% ≤ ER ≤ 20% 34 18.9 77 42.8 

20% ≤ ER ≤ 30% 37 20.6 114 63.3 

30% ≤ ER ≤ 40% 19 10.6 133 73.9 

40% ≤ ER ≤ 50% 20 11.1 153 85.0 

50% ≤ ER ≤ 60% 10 5.6 163 90.6 

60% ≤ ER ≤ 70% 9 5.0 172 95.6 

70% ≤ ER ≤ 80% 5 2.8 177 98.3 

80% ≤ ER ≤ 90% 1 0.6 178 98.9 

90% ≤ ER ≤ 100% 2 1.1 180 100.0 

4.3   Prediction Performance and Features of a Reading Time Prediction Model 

The RT model predicts sentence-reading time based on linguistic and learner factors. 
To examine the linguistic effects on the RT model, we constructed RT models that 
used different combinations of linguistic features. All models employed weighted 
learner factors equally. 

Table 3. Constituent Features and Error Rates of Reading Models  

RT Model Constituent Features Error Rate (%) 
RT Model 1 All Features 22.9 
RT Model 2 Lexical & Learner Features 25.7 
RT Model 3 Syntactic & Learner Features 24.6 
RT Model 4 Discourse & Learner Features 37.2 
RT Model 5 Lexical & Syntactic & Learner Features 24.2 
RT Model 6 Lexical & Discourse & Learner Features 27.3 
RT Model 7 Syntactic & Discourse & Learner Features 24.1 
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Table 3 lists the error rates of each RT model as defined by the median error rate of 
the model. RT Model 1, which is derived from all of the features, has the lowest error 
rate. The error rate seems to increase when a model lacks syntactic features, e.g., RT 
Models 2, 4 and 6. Given this, we suppose that syntactic features affect RT models 
more strongly than any other features. 

4.4   Comparison of Our Reading Model with other Reading Models Built with 
Syntactic Features  

RT models account for syntactic complexity as indicated by sentence length and the 
number of branching nodes. Previous studies defined syntactic complexity using 
other syntactic factors. A previous study [13] developed a reading model based on 
(i) the height of a syntactic tree, (ii) the number of noun phrases, (iii) the number of 
verb phrases and (iv) the number of subordinate conjunctions in a sentence. Another 
study [11] built a reading model using the presence or absence in a sentence of (v) 
relative clauses, (vi) participle clauses and (vii) to-infinitive clauses. We con-
structed two reading models using the syntactic features proposed by these previous 
studies [11, 13], and compared our RT model with these models regarding predic-
tion accuracy.5 

We found that the RT model based on features (i)-(iv) [13] had an error rate of 
23.9%, and the RT model using features (v)-(vii) [11] had an error rate of 24.9%. The 
error rate of our RT model was 22.9%. Thus, the error rate of our RT model was 4.2% 
(                       ) lower than that of the model [13], and 8.0% (                      ) lower 
than that of Nagata et al. [11]. 

5   Related Work 

Our study shares a problem on features with a study for predicting EFL learners’ 
reading time [11]. A previous study [11] developed an RT model that computed text 
reading time by summing up the word recognition time of each word in a passage. 
Word recognition time is weighted for words appearing in particular constructions 
such as relative clauses, participle clauses and to-infinitive clauses. This is based on 
an assumption that these constructions are more difficult for EFL learners than other 
constructions. This RT model is derived with a neural network learning algorithm. 

Both Nagata et al.’s model [11] and our RT model encounter an empirical 
problem that the prediction performance depends on the performance of natural 
language processing techniques because both models use syntactic features de-
rived with a syntactic parser, which is not free from technical error. The error 
effect of parsing should be limited as much as possible. From this viewpoint, our 
syntactic features should involve fewer errors than those of Nagata et al.’s model 
[11]. Since our syntactic features are sentence length and the number of branch-
ing nodes, our model does not need to label syntactic nodes. By contrast, the 
syntactic features of Nagata et al.’s model [11] have to undergo labeling, e.g., 

                                                           
5 Note that the reading model [13] does not predict sentence-reading time but text readability, and 

the reading model [11] predict text reading time by summing up the word recognition time in a 
sentence which is weighted for words appearing in particular constructions. 

%100×
9.24

22.9-9.24
=%100×

9.23

22.9-9.23
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relatives, participles and to-infinitives. This creates the possibility of technical 
errors due to labeling. For instance, a relative clause might be parsed as a non-
relative clause, or vice versa. This kind of parsing error might degrade the  
prediction accuracy of the RT model. Regarding the technical errors for the la-
beling, our RT model should also be more robust than the model using labeled 
features to be. 

6   Conclusion 

We presented an RT model that predicts EFL learners’ sentence-reading times 
based on linguistic properties of a sentence and a learner’s reading proficiency. 
This is the first step toward identification of sentences that have lexical or syntac-
tic problems that are challenging to a learner. The results of our experiment show 
that the RT model predicts a learner’s sentence-reading time with an error rate of 
22.9%. 

We must still examine the prediction performance of the RT model in more detail. 
Then, we will pursue a more accurate reading time model. 
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