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Abstract 

In software development, deliverables in an upstream process 
are reviewed to ensure their quality and to reduce error 
propagation to the downstream process. Methods are 
available for evaluating the review quality. In this study, we 
considered the defect detection process in a review of 
Requirement Definition Documents and tested a potential 
relationship between the gaze patterns and review quality. 
Specifically, we analyzed the relationship between the gaze 
patterns, with a primary focus on the blink rate, in a review of 
RDDs and detection accuracy. A significant nonlinear 
correlation between the blink rate and the detection accuracy 
was observed; moreover, the subsequent regression analysis 
also verified the blink rate as the best predictor of the review 
quality, notwithstanding the use of other gaze patterns. This 
result indicates that the blink rate is a major predictor of a 
type of review performance. 

Keywords: gaze; blink rate; document review; review 
quality; signal detection theory; machine learning; 

Introduction 

In software development, it is important to ensure the 

quality of the specification and design document in the 

upstream process because they affect the quality of the 

deliverables in the downstream process. It is five to 200 

times more expensive to correct defects in the downstream 

process than in the upstream process when we correct a low-

quality deliverable affected by an ineffective specification 

(Boehm, 1981). Thus, it is preferable to maximize the defect 

detection in the upstream process. 
In order to remove potential defects, it is common to 

review a document in an upstream process; moreover, 

numerous review methods have been used. However, 

individual differences in the review performance are likely 

to influence the review quality to a higher degree than the 

differences among the review methods (Uwano, Nakamura, 

Monden, & Matsumoto, 2007). A reviewer’s performance 

also depends on the time limit for the task and the degree of 

the reviewer’s concentration. Furthermore, although the 

defect detection rate based on the items indicated and the 

review rate are used for quantitatively evaluating the review 

quality, these indices by themselves are not adequate for 
accurately evaluating the review quality. First, the defect 

detection rate, for example, depends both on the quality of 

the reviewer and the quality of the document reviewed. As a 

result, we cannot assess whether a low detection rate implies 

low quality of the reviewer or high quality of the document. 

Second, these available indicators do not capture the 

different types of defects, such as simple typos, missing 

information, ambiguity, and misleading sentences. 
Accordingly, in this study, we explored a new indicator of 

the review quality, which characterizes the reviewer’s 

performance and the potential types of defects. As a 

potential candidate for this indicator, we studied the gaze 

behavior in the document review task. 

Recently, gaze data have been studied in software 

engineering (SE) to elucidate the cognitive process in 

various SE tasks such as code review (Sharafi, Shaffer, 

Sharif, & Gueheneuc, 2015). In SE, there are numerous 

studies targeting the review of a source code in the 

downstream process or review of “box and arrow” diagram 
such as Unified Modeling Language (UML). However, 

there are few studies on the review of documents in the 

upstream process (Sharafi, Guéhéneuc, & Soh, 2015). In 

fields other than SE, there has been studies on reading and 

understanding of narratives using gaze data (Augereau, 

Kunze, Fujiyoshi, & Kise, 2016; Campbell & Maglio, 2001; 

Okoso et al., 2015); however, there are few studies on the 

review process for detecting defects in a document.  

Uwano et al., (2007) have defined the review process:  “In 

the software review, a reviewer reads the document, 

understands the structure and/or functions of the system, 

then detects and fixes defects if any.” They classified it into 
the three sub-processes: (1) reading, (2) understanding of 

the structure, and (3) detection/correction of defects.  

Relevant to the three sub-processes above, past literature 

has reported the three major characteristics of eye blink as 

follows: 

(A) An adult subject typically exhibits 20 eye blinks per 

minute (Bentivoglio et al., 1997). 

(B) A task requiring certain external information such as 

reading tends to enhance external attention and 

reduce the number of eye blinks per unit time (Cho, 

Sheng, Chan, Lee, & Tam, 2000; Karson et al., 1981). 
(C) A task requiring internal attention, such as mental 

arithmetic and association, increases the number of 

eye blinks per unit time (Cho et al., 2000; Karson et 

al., 1981). 

In light of these observations, we hypothesize that the 

three sub-processes in the review process are related to the 

eye gaze patterns as follows: Process (1) is supposed to be 

associated with observation (B), wherein the rate of eye 

blinks would be reduced as it requires external information. 
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Processes (2) and (3) are supposed to be associated with 

observation (C), wherein the rate of eye blinks would be 

increased as it requires internal attention. Moreover, we 

suppose that both effective and ineffective reviewers are 

largely similar in the sub-process of reading (1); however, 
they would be different in the sub-processes of 

understanding (2) and detection (3). More specifically, we 

suppose that an effective reviewer would utilize more 

cognitive resources for the two sub-processes (2) and (3) 

than an ineffective one; as a result, a better reviewer would 

exhibit a higher rate of eye blinks per time. 

Therefore, in this study, we executed an experiment that 

simulated a review process of a set of Requirement 

Definition Documents (RDD) and measured the reviewer’s 

gaze patterns during the experiment. Then, we tested our 

above hypothesis by analyzing the relationship between the 

eye blinks and the review quality. In this experiment, we 
prepared a RDD material, to which we introduce defects; 

moreover, the review quality was defined based on whether 

these presumed defects were detected or not. 

Our analysis of the review quality by using the gaze data 

revealed that the blinks were the most important component 

of the gaze data; a significant nonlinear correlation between 

the blink rate and the detection accuracy was apparent. 

Experiment 

In the experiment, each of the participants underwent two 

sessions: the review session and post-review session. In 

each trial in the review session, they were asked to review 

one page of the three types of the RDDs and then to mark 

the sentences with defects. After finishing 11 trials of the 

review session, they were asked to fill the demographic 

questionnaire. 

Participants 

We recruited 19 Japanese adults as the participants (16 male 

and three female) and the average age of them was 42.2 

years (SD = 9.1), with nine of them in their 30s, four in their 
40s, and six in their 50s. All of them were system engineer 

and nine of them had no RDD review experience. All of 

them had normal (corrected) vision.  

Material 

The set of original documents used in the review session 

were based on three types of RDDs that were in actual use 

at Nihon Unisys, Ltd. Each of the original RDDs was re-

arranged such that each document had three pages of 

summary, three pages of functional requirement, three pages 

of non-functional requirement, and two additional sample 

documents—eleven pages in total. They were all in 
Japanese. On each page of a re-arranged RDD, we 

introduced a defect that was absent in the original document. 

In this study, the type of defects was the “omission” of 

certain necessary piece of information for requirement 

definition. A part of an original sentence was removed, 

which made the original definition ambiguous. In order to 

simulate a natural review process, we did not add more than 

a defect per page. As a result, we limited the number of 

sentences, including the one with a defect, to two per page; 

there were 17 sentences, including those with the defects, in 

the 11 pages. The demographic questionnaire included 

questions on age, gender, RDD review experience, 
document review experience, degree of concentration during 

review, and degree of comprehension to documents for 

review.  

Procedure and Apparatus 

In each trial, one page of the documents to be reviewed was 

presented on a computer screen; the participant’s gaze 

patterns were measured by an eye tracker device during the 

document review. The eye tracker used in this experiment 

was gazepoint GP3HD eye tracker (Figure 1). The 

participants could spend as much time as they considered 

necessary for this review process. 
After the review of each page, the participants were 

instructed to mark the sentences to be improved, on a 

printed document with the reviewed content; they were not 

informed about the type of defects introduced. This trial was 

repeated for 11 pages and the order of page was the same 

for all participants. The participants were not provided any 

break during the review trial. Moreover, they were 

instructed to maintain their head still as much as feasible in 

order to ensure accurate eye tracking. 

After the review session, each of the participants was 

asked to answer the demographic questionnaire.  

 

  
 

Figure 1: (left) Experimental situation, (right) eye tracker 
(set up at the bottom of the monitor) 

Results  

In the review session, the average, minimum, and maximum 

review times of the 19 subjects were 21, eight, and 40 min, 

respectively. In order to exclude the data with large numbers 

of eye tracking error, we performed the Smirnov–Grubbs 

test (Grubbs, 1969) to detect pages with valid fixation points 

less than 60% (Figure 2). Based on this test, we excluded 

data worth four pages (out of the total 209 pages—11 pages 
for each of the 19 subjects) from the rest of our analysis. We 

performed the subsequent analysis on the 205 pages of data 

with a sufficiently large rate of fixation. 
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Figure 2: Histogram of valid fixation ratio each page 

Review quality 

In this study, we defined the correct review report for each 

unit of document based on the match between the 

participant’s marked sentence and the sentence with a defect. 

Thus, the defect detection task was formulated as signal 
detection—the participant report a defect as either being 

detected or not, given a sentence with defect (signal in the 

ground truth) or otherwise (noise in the ground truth). We 

employed the signal detection theory (SDT) (Green & Swets, 

1966) and treated the d-prime as an indicator of the 

accuracy of defect detection or the review quality. In the 

SDT, the respond bias and the sensitivity (d-prime) are 

distinguished from the rates of correct rating (the rate of 

defect detected marked to a sentence with defect) and false 

alarm (the rate of detect detected marked to a sentence 

without defect). The d-prime represents the deviation of the 
signal and noise distribution from the noise distribution as 

defined by 

d‐ prime =
𝑀𝑆𝑁 − 𝑀𝑁

𝜎𝑁

, (1) 

where 𝑀𝑆𝑁 is the mean of the signal and noise distribution, 

𝑀𝑁  is the mean of the noise distribution, and 𝜎𝑁  is the 

standard deviation of the noise distribution. The d-prime is 

an indicator of the review quality; it can circumvent the 

effect of the potential response bias (the behavioral 

tendency to report detection regardless of the signal). 

Analysis 

In order to test our hypothesis, we analyzed the relationship 

between the blink rate and the review quality measured by 

the d-prime, in Analysis 1. In Analysis 2, we performed a 

model-based analysis of the relationship between the review 

quality and the gaze pattern not just the blink rate but also 

the other types of measurements such as fixation and 

saccade. The statistical analyses reported here were 

conducted with the free software R language (R version 

3.4.1). 

Analysis 1: Is the blink rate related to the review 

quality? 

According to our hypothesis discussed in the introduction, 

the key sub-process in the review would require internal 

attention; thus, it would increase the blink rate. In order to 

verify this relationship between the blink rate and the review 

quality, the scatter plot of the blink rate and d-prime are 

shown in Figure 3. The corresponding correlation 

coefficient and other statistics are listed in Table 1. The 

maximal information coefficient (MIC) is a correlation 

coefficient calculated using mutual information; its 

application is feasible even with a nonlinear relationship. 

MIC-ρ2 is an index of nonlinearity, and the maximal 

asymmetry score (MAS) is an index of non-monotonicity 
(Reshef et al., 2011). These results are summarized as 

follows: 

• d-primes across the trials of the participants were 

distributed from - 1 to + 1. 

• When d-prime was approximately zero, the blink 

rate was reduced from the mean blink rate and 

increased at non-zero d-prime values. 

• The Pearson correlation coefficient between the d-

prime and the blink rate was significant, although 

weakly negative. 

• Both MIC and MIC-ρ2 were large, and these 
together exhibited significant nonlinearity. 

From the above facts, it was determined that the 

relationship between the blink rate and d-prime was a U-

shaped or V-shaped nonlinear correlation, in which the blink 

rate was the smallest for d-primes near zero.  

This result, both positive and negative d-primes across the 

trials, indicates the presence of two distinct groups of 

participants: One group detected the type of defects  

incorporated to a few sentences in the experimental 

manipulation; the other group detected the other type of 

defect (rather than only random sentences), which were not 

regulated explicitly in this experiment. Although we 
incorporated defects to a few sentences in the document, the 

original document (a RDD in use for some other purpose) is 

likely to have had certain other type of defects prior to this 

experimental manipulation. If so, the positive d-prime 

indicates the sensitivity to the expected type of defects 

incorporated in this experiment, whereas the negative d-

prime indicates the sensitivity to certain unexpected type of 

defects originally in the RDDs. 

Figure 4 shows the relationship between the d-prime and 

the response to noise in all the trials for each participant. We 

observed the general trend in these individual differences 
wherein those who exhibited a negative d-prime tended to 

detect “noise” as a “signal” (which may be interpreted as a 

defect by these participants) rather than the signal defined 

by the pre-experimental manipulation of the RDD. Thus, 

owing to the ambiguity of definition of the type of defects in 

the instruction, these participants were likely to detect the 

other types of defects (which were classified as “noise” by 

our definition).  
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Figure 3: Scatter plot of d-prime and blink rate (blue line: 

mean blink rate in normal) 

 

Table 1: Correlation coefficient between d-prime and blink 
rate 

 

Blink rate

Pearson correlation -.393

p-value .000

MIC .865

MIC-ρ
2 .711

MAS .450

d-prime

 
 

 
 

Figure 4: Scatter plot of d-prime and responses to noise 

 
With respect to this interpretation of positive and negative 

d-primes, both positive and negative (non-zero) d-prime 

indicate higher sensitivity to certain types of defects; 

moreover, the blink rate was adequately correlated to the 

review quality of the potentially mixed types of defects. 

This result appears to be evidence supporting for our 

hypothesis. However, it is likely that this result is caused by 

a spurious correlation owing to certain other features of gaze 

patterns, which are also correlated to the blink rate. 

Accordingly, in Analysis 2, we analyzed the d-primes, the 

indicator of review quality, with a collection of the other 

types of gaze features as well as the blink rate. Thereby, we 
evaluated the significance of the blink rate in the prediction 

of the d-primes, relative to the other types of gaze features 

such as fixation and saccade.  

Analysis 2: Model-based analysis of review quality 

In Analysis2, we constructed a model that predicts the type 

of detected defects measured by the positivity of the d-prime. 
Specifically, we employed a machine learning algorithm, 

random forest (RF) (Breiman, 2001) to predict the d-prime 

using the blink rate and other gaze patterns as the predictor. 

First, the set of features were calculated from the gaze 

patterns. Second, an RF regressor was constructed using the 

gaze features as a predictor of the d-primes in each trial. 

Then, we determined which gaze features is more 

informative for predicting the d-primes. 

Extraction of features We extracted a set of 47 gaze 

features from the four fundamental gaze components: 

fixation, saccade, blink, and pupil (below). Forty six of 
these 47 features were originally defined by Bixler & 

D’Mello (2015); the blink rate was added to the list of 

features for the purpose of this study. 

1. fixation: gazing on a single location 

2. saccade: quick eye movement between fixation  

3. blink: presence or absence of blink 

4. pupil: size of the pupil 

For each trial, the gaze pattern was characterized by these 

47 features, and it was used to train the RF. As the RF 

calculated the importance of each feature simultaneously, 

the feature with low importance (with negligible 

significance for predicting the d-prime) could be removed. 
We employed a sequential forward feature selection 

procedure using the RF as follows. First, the importance of 

each feature was calculated by RF using all the gaze 

patterns. Then, the root mean square error (RMSE) was 

calculated by RF using the highest importance feature. 

RMSE is the error from the actual value and is defined as  

RMSE =  √
1

𝑛
∑(𝑦𝑘 − 𝑦̂𝑘)2

𝑛

𝑘=1

, (2) 

where n is the number of pages, 𝑦𝑘 is the specified d-prime 

of the kth page, and 𝑦̂𝑘  is the d-prime predicted by the 

model. Second, RF was executed by adding the feature with 

the next highest importance, and the RMSE was similarly 

calculated. Third, the above process was repeated until the 

RMSE was the smallest, and the features effective for the 

review quality were extracted. 

As a result, we obtained the 15 most important features 

extracted by RF, which are listed in Table 2. The blink rate 

was observed to be the most important. This indicates that 
the blink rate was the feature that was the most predictive of 

the d-prime. 
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Table 2: Features and their importance as extracted by RF  

 

Rank Features Importance

1 blink rate 2.23

2 kurtosis of sccade duration 2.09

3 fixation duration / saccade duration ratio 1.93

4 number of blinks 1.93

5 max of saccade duration 1.88

6 range of saccade duration 1.80

7 kurtosis of pupil diameter 1.77

8 min of fixation duration 1.56

9 proportion of time spent blinking 1.50

10 mean of saccade duration 1.31

11 standard deviation of saccade duration 1.30

12 skew of saccade duration 1.27

13 proportion of horizontal saccade 1.14

14 median of saccade distance 1.08

15 median of fixation duration 1.01  
 

Review quality prediction model Using the selected 15 

features in Table 2, decision tree (DT), support vector 

regression (SVR), and multiple linear regression (MLR) 

models were constructed to predict the d-prime.  
For validating these regression models, we performed a 

10-fold cross validation (random split all trials) using their 

mean square errors (MAEs) and RMSEs. The MAE is 

defined as 

MAE =  
1

𝑛
∑|𝑦𝑘 − 𝑦̂𝑘|

𝑛

𝑘=1

. (3) 

The results calculated for each algorithm by constructing 

the review quality prediction model are listed in Table 3. 

SVM exhibited the lowest MAE and RMSE, whereas the 

RF exhibited the second lowest ones. To determine how 

effectively the model predicts the d-prime, we present the 

scatter plot of the d-prime of the data and the one predicted 

by SVM in Figure 5 and the corresponding correlation 

coefficient in Table 4.  

To summarize the above results, 15 out of the 47 gaze 
features are significantly important for predicting the review 

quality measured by the d-prime. Among these significant 

features, the blink rate was observed to be the most 

important. This result of the model-based analysis is 

consistent with the observation in Analysis 1: The blink rate 

has a higher predictability than the other types of gaze 

features; thus, it is unlikely that the relationship between the 

blink rate and the review quality is the result of a spurious 

correlation. 

 

Table 3: Review quality prediction model 
 

RF DT SVR MLR

MAE 0.224 0.323 0.214 0.283

RMSE 0.304 0.451 0.289 0.361
d-prime

 
 

Table 4: Correlation coefficient between actual and 

predicted d-prime 

 

d-prime (actual)

Pearson correlation .750

p-value .000

d-prime

(predicted)  
 

 
 

Figure 5: Scatter plot of actual d-prime and predicted d-

prime 

 
d-prime positive/negative classification model It is also 

intriguing whether we can classify the type of defects, 

which may be reflected as the positivity of the d-primes. 

Therefore, we next construct a classifier of the positivity of 

the d-prime by using the selected 15 gaze features. The 

algorithms adopted in this study were RF and support vector 

machine (SVM), which had exhibited a high prediction 

performance of d-prime in the experiment described in the 

previous section. Unlike the previous model-based analysis, 

we used the positivity of the d-prime as a class label rather 

than the d-prime value. 
The classification accuracy is the coincidence rate 

between the predicted class and the specified class defined 

by 

Accuracy  =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝑇𝑁 + 𝐹𝑁
, (4) 

where TP, TN, FP, and FN are the elements in the confusion 

matrix presented in Table 5. 
 

Table 5: Confusion matrix 

 

positive negative

positive TP FP

negative FN TN

Actual values

Predict

values  
 

The classification accuracy for each algorithm is 
presented in Table 6. This result indicates that a classifier 

constructed upon the gaze features can predict the two 

potential types of defect detection with reasonably high 

accuracy 84%. 
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Table 6: Accuracy of d-prime positive/negative 

classification model 

 

RF SVM

Accuracy 83.83% 84.38%  

General Discussion 

Blink rate and review quality 

In prior study of SE, the gaze data has been used to 
elucidate cognitive process, however, the fixation and the 

saccade are often focused on and the blink rate is hardly 

taken consideration (Sharafi, Shaffer, et al., 2015). And it is 

also same trend in the study on reading and understanding 

of narratives (Augereau et al., 2016; Campbell & Maglio, 

2001; Okoso et al., 2015). In this study, we focused the 

blink rate associated with each sub-process in the review 

and analyzed the relationship between the blink rate and the 

review quality. 

In Analysis 1, we determined a nonlinear relationship 

between the blink rate and d-prime and that the blink rate 

was a U-shaped function of the d-prime estimated in each 
trial. This result is consistent with our hypothesis that the 

review quality (measured by d-prime) is related to the 

internal attention (measured by the blink rate). In Analysis 2, 

we tested the potential possibility that the relationship 

between the blink rate and d-prime is a spurious correlation 

owing to other confounding gaze features. We performed 

the regression analysis on the blink rate as well as the 46 

other gaze patterns extracted from fixation, saccade, blink, 

and pupil. This analysis revealed that the blink rate was the 

most predictive of the d-prime; moreover, it indicated the 

blink rate to be a major gaze feature of the degree of review 
quality. 

Limitations 

It should be remarked that the result of Analysis 1, both 

positive and negative d-primes determined, was an 

indication of the likely presence of two potential groups of 

subjects detecting different types of defects owing to the 

ambiguity of the instruction for the review session. 

Considering this limitation of the experiment, it is feasible 

to have a few remarkable reviewers who detect both types 

of defects (the type defined and the other types not 

adequately defined in this study); such a reviewer may be 
evaluated near zero d-prime because he/she would detect 

both “signal” and “noise” according to our definition. Thus, 

in future works, an improved experimental design should 

have a list of defects covering most types of defects in the 

RDD material in order to prevent the problem of multiple 

types of defects. 

Although we could not exhaustively classify all the types 

of defects using only the blink rate, Analysis 2 revealed that 

the positivity of the d-prime, indicating whether the detected 

defect was pre-defined or not, is classifiable with the blink 

rate and the other gaze features. There were numerous 

features on saccade duration in the 15 features. In general, 

these saccadic features capture gaze trajectory, and the 

saccade duration reveals the time of this trajectory. Thus, 

this result is likely to indicate the reading style such as 

reading order; moreover, the speed depends on the type of 
defects detected. 

 The set of RDDs used in this study was used for our 

customer’s system development; its quality was supposed to 

be at least a specified level. However, it was likely that an 

immature RDD exhibited certain different types of potential 

defects than the defects introduced in this study. We cannot 

exclude the possibility that a reviewer’s gaze pattern is 

affected by these mixed types of defects. This fact also 

necessitates a reconsideration of the experimental design 

that regulates the types of defects and investigates the 

relationship between the detection accuracy and the gaze 

patterns for each targeted defects. 
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