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Introduction: Previous studies on the quality of life of strabismus patients have not examined the existence of 

censoring to express the relation between the response variable and its predictors.   
Methods & Materials: The information used in this study is a conducted cross-sectional study in 2012. The sample 

size is 90 children in the age range (4-18) years and with congenital strabismus. We used the RAND Health 

Insurance Study questionnaire with ten subscales to evaluate the quality of life, which was increased to 11 

dimensions by adding some items related to eye alignment concerns introduced by Archer et al. The demographic 

profile is also recorded by 13 other questions. We have expressed the relationship between the independent and 

response variables in each of the 11 dimensions of the questionnaire and the overall quality of life score by fitting 

the multiple linear regression model. Then we fitted the two models of classic Tobit and CLAD, which are for 

censoring, to all dimensions of the questionnaire. 

Results: We showed that in fitting the models to the overall quality of life scale variable, the best model is the 

multiple linear regression. Because the response variable was normal, and there was no censoring (ceiling and floor 

effect). However, in the depression subscale, due to the high censoring (28.89% of the ceiling effect) and the almost 

normal distribution of the response variable (p-value of skewness< 0.05), the appropriate model according to the 

criteria is the classic Tobit (AIC = 546.33). That is, the classic Tobit model is the best alternative to the multiple 

linear regression model in the presence of censoring. But these conditions did not exist in all variables. In the 

subscale, there was a severe censoring performance constraint (67.78% of the ceiling effect). When censoring is 

high, the distribution of the response variable becomes very skewed, and the distribution of response variables 

deviates drastically from normal. The distribution of the performance constraint variable was very skewed (p-value 

<0.001). Here the RMSE standard scale for the classic Tobit model was 28.74, which is much higher than the 

standard scale for the multiple linear regression model (14.23). The best model for the high censoring was CLAD. 

Conclusion: To use the appropriate statistical method in the analysis, one must look at how the response variable 

is distributed. The multiple linear regression model is very widely used, but in the presence of censoring, the use 

of this model gives skewed results. In this case, the classic Tobit model and its derived model, CLAD, are replaced. 

The nonparametric CLAD model calculates accurate estimates with minimum defaults and censoring. 

 

Introduction 

The quality of life is a broad concept of health 

that was defined by the World Health 

Organization (WHO). According to it, health 

is complete physical, mental, and social well-
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being and not just not being sick or disabled 

(1).  

Since the quality of life strongly associates 

with physical limitations due to the disease 

(2), strabismus, as a common disease in 
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children, through impaired vision and 

abnormal appearance, causes the lack of self-

confidence and general disability in the 

patient, and it affects the quality of life of the 

children and families and their lifestyles 

negatively (3, 4, 5, 6, 7). So, treating 

strabismus can have a positive effect on the 

quality of the children and families' life. One 

way to treat strabismus is operation. 

Operation can have a significant positive 

effect on quality of life indicators by 

affecting the psychosocial parameters (8). 

Although the evaluation of field view is 

considered as an indicator of success in the 

treatment of strabismus, because it does not 

reflect patients' feelings and perceptions of 

their disease, these evaluations alone cannot 

be sufficient (9). These evaluations are not 

enough to decide on a person's health, and it 

is necessary to examine the patient's 

perception of his or her health level through 

disease-related questionnaires (10). 

In the data from questionnaires, the highest 

score (100) indicates the high quality of life, 

and the lowest score is zero. There are many 

situations in experimental research in which 

it is not possible to view continuous data of 

the dependent and independent variables for 

the whole study population. So, it leads to the 

distribution of the observations of such data 

at a denser point. Consequently, we see a lot 

of data accumulation around the high or low 

limits, or both. It happens when the research 

instruments are unable to display values more 

or less than the defined limits. In this case, the 

data distribution is out of the normal state and 

is skewed (11). This large accumulation 

around the high and low limits is called the 

ceiling and floor effect (12). 

Despite these effects, the response variable 

does not have a normal distribution and 

sometimes has significant skewness. In this 

case, using ordinary models such as the linear 

model and ordinary least squares method 

leads to the poorly estimation of variables, 

underestimating the parameters and 

coefficients of the real value, and generally 

the biased and inconsistent estimates of the 

parameters of the model (11, 13). 

In statistical methods for model selection, 

one should consider the characteristics of the 

dependent variable and the factors affecting 

it, and accordingly select the appropriate 

model for the research. One of these 

characteristics is the limited variance of the 

dependent variable (11). 

Since the accurate estimation of the 

relationship between the quality of life and its 

predictors is a big issue in health research, we 

should not ignore the analysis and the 

existence of these effects. One approach to 

solve this problem is to consider the effects, 

censoring. Because censoring occurs when it 

is not possible to view continuous data from 

the dependent variable for the entire sample 

under study, and all values within a defined 

range of the dependent variable become a 

fixed value (e.g., zero) (11). After censoring 

these effects, we use the methods that 

consider these censoring and is the main topic 

of this study to analyze the data.  

Various techniques have been proposed to 

address this limitation in the data (limited 

dependent variable). One of these techniques 

is the Tobit model, also called the censored 

regression model (11). This model is an 

efficient method to estimate coefficients and 

the relationship between variables in the 

presence of censoring (14). 

In various studies where the data collection 

instrument was a questionnaire, and there 

was censoring (ceiling or floor effect) in the 

data, a comparison between the performance 

of the Tobit model and other linear models 

has made. Their results summarize that this 
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model works very strongly in the presence of 

censoring (15, 16, 17). 

In this study, we compare the Tobit model 

and one of its derivative models, namely 

CLAD, with the multiple linear regression 

model in the presence of censoring and 

without it. 

Methods 

The information used in this study is from a 

cross-sectional study that was conducted in 

2012 in three referral university hospitals in 

Tehran, named Labafi Nejad Medical Center, 

Imam Hossein Ophthalmology Hospital, and 

Farabi Hospital. Patients went to these 

centers for operation by a pediatric 

ophthalmologist. The sample size is 90 

children in the age range (4-18) years and 

with congenital strabismus. 

All patients underwent ophthalmologic 

examinations, including preoperative visual 

acuity assessment and ocular alignment 

before and after the operation. We used the 

RAND Health Insurance Study questionnaire 

to evaluate the quality of life and added some 

items related to eye alignment concerns 

introduced by Archer et al.  The demographic 

profile is also recorded by 13 other questions. 

The minimum and maximum scores of each 

scale of the questionnaire are 0 and 100. 0 and 

100 indicate the worst and highest quality of 

life, respectively. The questionnaire includes 

11 subscales of Function limitation, Anxiety, 

Depression, Positive well‑being, 

Resistance/susceptibility, Prior health, 

Satisfaction with development, Eye 

alignment concerns, and Parent‑child 

closeness and the overall quality of life score 

is the sum of these 11 subscales. Other details 

on how to collect data are in the Article (18). 

Among the demographic variables, we 

removed most or all of those who answered 

similarly. We considered the preoperative 

scores in all subscales as the independent 

variables, and the dependent variables were 

the postoperative scores. 

Tobit Model: 

The Tobit model was introduced in 1958 by 

James Tobin. He called this model the model 

of limited dependent variables. Economists 

know this model and its variants as the Tobit 

model, a term coined by Goldberger (19). 

The Tobit model originates from the probit 

(probability unit) analysis and multiple linear 

regression. The advantage of this model is the 

use of all the information that probit (logit) or 

OLS models use separately. 

The general form of Tobit is: 

 

𝑌𝑖 =  𝛽′𝑋𝑖 +  ɛ𝑖       𝑖𝑓     𝛽′𝑋𝑖 +  ɛ𝑖 >    O 

𝑌𝑖 =  O                      𝑖𝑓     𝛽′𝑋𝑖 +  ɛ𝑖 =   O 

i = 1, 2, …,N 

In which N is the number of observations, Yi 

is the dependent variable and Xi is the vector 

of the independent variables, β is the vector 

of the estimated parameters and ɛi is the error 

which is independent and normal with zero 

mean and constant variance. The maximum 

likelihood estimation method is used to 

estimate the parameters. The maximum 

likelihood estimation function for this model 

has only one maximum, and its estimates are 

consistent and asymptotically (14). 

   When the instrument is a questionnaire, 

there is the possibility of censoring at the 

upper and lower limits. The model for the 

case which the dependent variable has upper 

and lower limits is: 

yi
∗ = β′x𝑖 + ui 

In which yi
∗ 

is an unobservable random 

variable if  the observed values are indicated 

by yi
 ; 



Ghassemi Z et al.                                                                                                                                                     Vol 6 No 3 (2020) 

Selection of Appropriate Model for Quality of Life Data of Strabismus Patients Despite Censorship 

224 
 

{  

𝑌𝑖 = 𝐿1           𝑖𝑓                    𝑦𝑖
∗ ≤ 𝐿1

𝑌𝑖 = 𝑦𝑖
∗           𝑖𝑓           𝐿1 < 𝑦𝑖

∗ < 𝐿2

𝑌𝑖 = 𝐿2          𝑖𝑓                      𝑦𝑖
∗ ≥ 𝐿2

 

In which 𝐿1 and 𝐿2 are the upper and lower 

limits of the dependent variable, respectively. 

The maximum likelihood estimation function 

is: 

 

𝐿 ( 𝛽, 𝜎𝑢
2 |𝑦𝑖 , 𝑥𝑖 , 𝐿1, 𝐿2) = ∏ Ф (

L1i − β′xi
σu

⁄

𝑦𝑖=𝐿1

) × 

 ∏ σu
−1Ф (

𝑦𝑖 − 𝛽′𝑥𝑖
𝜎𝑢

⁄

𝑦𝑖=𝑦𝑖
∗

)  × ∏ [ 1 −  Ф  (
𝐿2𝑖 − 𝛽′𝑥𝑖

𝜎𝑢
⁄  )]

𝑦𝑖=𝐿2

 

In the above models 𝐿1 and 𝐿2 are constant 

values that indicate the censoring points. If 

there is no censoring from the left, then we 

can set 𝐿1 = ∞, and if there is no censoring 

from the right, then 𝐿2 = ∞. The most 

common Tobit model is the case in which 𝐿1 

= 0 and 𝐿2 = ∞ (20). 

   This model and the models derived from it 

have been used in econometrics more than 

other sciences for the cases which have 

limitations in measurement. In medical 

sciences, the models eliminate the 

shortcomings of measurement instruments. 

The results of previous studies (17) show that 

even if one independent variable is exposed 

to the ceiling (floor) effect, using linear 

regression methods result in a significant 

error in estimating regression coefficients. 

The solution to this problem is the use of the 

Tobit model and its derived models (21). 

Because selecting the appropriate statistical 

method for data analysis depends not only on 

the distributive assumptions but also on the 

characteristics such as the sequential or 

continuous response variable and whether 

this variable is limited to a bounded distance. 

As a result, the Tobit regression is a suitable 

model assuming that it is normal when there 

is a ceiling or floor effect (22). 

However, usually, the data from the 

questionnaires in health assessments (due to 

the ceiling and floor effects) are not normally 

distributed, so the conditions of using the 

Tobit method are not met and the CLAD 

model, derived from Tobit, is a better 

alternative (23). Indeed, the heterogeneity or 

abnormality of the response variable leads to 

a drastic error in the Tobit estimator, so we 

need a more robust method than the Tobit and 

linear regression to analyze the data (25, 24). 

The CLAD model obtains robust estimators 

in the presence of censoring if it is abnormal 

and heterogeneous (26). 

CLAD Model: 

Many scientists have developed the Tobit 

model. One of them was Powell. He 

introduced the CLAD model as an alternative 

to the Tobit model if the error distribution 

was abnormal (27). 

In the classic Tobit model, the MLE method 

is used to estimate the coefficients 𝛽 in the 

case that ɛi is independent of 𝚇i and has a 

normal distribution ((σ2 and ο) N). These are 

two important hypotheses when using the 

classic Tobit model. Goldberger (1980) and 

Arabmazar and Schmidt  (1982) indicated 

that if the dependent variable is limited and 

the two hypotheses are not valid, even the 

estimators based on the standard linear 

regression model are more suitable for an 

extensive class of residual distributions. 

Therefore, the estimators of the classic Tobit 

model are very sensitive to violating these 

two hypotheses. 

In 1984, Powell (27) showed that if the ɛi is 

nonparametric, the β estimator is not 

compatible. He introduced βˊ Xi as a 

conditional median 𝑌𝑖 , that is: 

𝑋𝑖
ˊ𝛽  =𝑀𝑒𝑑(𝑦𝑖

∗|𝑋𝑖) 
He also demonstrated:  
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𝑦𝑖
∗|𝑋𝑖), 0 ) = 𝑚𝑎𝑥   ( X𝑖

ˊ β ,0 )    ) Med   )= 𝑚𝑎𝑥 𝑀𝑒𝑑(𝑦𝑖|𝑋𝑖) 
Thus, the conditional median is a nonlinear 

function of X𝑖
ˊ β. This relationship indicates 

that the censored observations follow the 

nonlinear median regression model. 

𝑋𝑖
ˊ𝛽, 0 ) +  ɛ𝑖  )max  =iy 

0 =𝑀𝑒𝑑(ɛ𝑖|𝑋𝑖) 
The appropriate method to estimate the 

conditional median is the least absolute 

deviations (LAD). Powell proposed the 

following relation: 

𝑆𝑛(𝛽) = ∑|𝑦𝑖 −  max (𝑋𝑖
ˊ𝛽, 0)|

𝑛

𝑖=1

 

And presented the following relation as its 

equivalent: 

𝑆𝑛(𝛽) = ∑ 1(𝑋𝑖
ˊ𝛽 >  0 )|𝑦𝑖 − 𝑋𝑖

ˊ𝛽 |

𝑛

𝑖=1

 

The �̂� estimator that minimizes the 

𝑆𝑛(𝛽) function is called the CLAD 

estimator. 

Powell also displayed its asymptotic 

distribution as follows: 

√𝑛 ( �̂� −  𝛽) → 𝑑 →  𝑁(0, 𝑉) 
Pullenayegum (28) introduces this model 

based on the assumption that the median is 

more resistant than the average in contrast 

with the ceiling and floor effects. The 

coefficients in this model are estimated so 

that they minimize the sum of absolute 

deviations from the regression line. That is: 

For the floor effect:  

∑|𝑦𝑖 −  max (𝑋𝑖
ˊ𝛽, 0)|

𝑛

𝑖=1

 

And for the ceiling effect: 

∑|𝑦𝑖 −  min (1, 𝑋𝑖
ˊ𝛽)|

𝑛

𝑖=1

 

Previous studies emphasize that the validity 

of any statistical method depends on the error 

distribution so that the CLAD method is 

considered a suitable alternative to the classic 

Tobit model with the least hypothesis when a 

censoring occurs drastically (30, 29). 

Because this model is based on the median 

regression, the error distribution is very 

drastic against changes and finally provides 

us compatible estimators (31). 

In this paper, we have calculated the 

relationship between the independent 

variables and the response variables in each 

subscale using three models of the multiple 

linear regression, the classic Tobit, and the 

CLAD, and compared these models with the 

considered criteria and with the presence and 

absence of censoring. We carried out the data 

analysis with the Stata software version 14 

and excel 2013. 

Results 

According to Table 1, the subscales of 

function limitation, anxiety, depression, 

social interaction, general health perceptions, 

resistance/susceptibility, prior health, and 

eye alignment concerns did not have a normal 

distribution (p<0.05). 
Table 1. Table for Skewness/Kurtosis tests for Normality of different dimensions of the questionnaire 

QOL dimensions Number of 

observations 

Skewness Kurtosis P 

quality of life 48 3..0 3... 3.80 

Function limitation .3 P<0.001 P<0.001 P<0.001 

Anxiety .3 3.33. 3.8.. 3.3.0 

Depression .3 3.3.0 3...8 3.300 
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Positive well‑being .3 3.30. 3.008 3..0. 

Social relations .3 3.3.8 3.0.0 3.384 

General health 

perceptions 

4. P<0.001 P<0.001 P<0.001 

Resistance/susceptibility .3 P<0.001 3.380 P<0.001 

prior health 48 P<0.001 3.330 P<0.001 

Satisfaction with 

development 

4. 3...0 3..04 3..00 

Eye alignment concerns .3 P<0.001 3.3.8 3.330 

Parent‑child closeness .3 3...0 3.... 3...0 

Therefore, we used the Wilcoxon test to 

study the differences between the before and 

after scores of all variables. The results of this 

test in Table 2 show a significant difference 

between the preoperative and postoperative 

overall quality of life score (p <0.05). This 

difference was observed in all subscales as 

well except for prior health and parent-child 

closeness (p <0.05). 

Figure 1 confirms the Wilcoxon test results in 

the image. In this diagram, we have displayed 

the comparison between pre- and post-scores 

of the overall quality of life and its 

dimensions, in which the most differences are 

Figure 1. Differences in pre- and postoperative dim 
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related to eye alignment concerns, while the 

least ones are for parent-child closeness. 

 

Table 2. Wilcoxon test on pre- and post-operative scores for questionnaire dimensions 

QOL Pre-operation Post-operation P 

QOL dimensions Mean  Mean   

quality of life 04.00 .... 00.03 4.0. 3.33 

Function limitation 4...0 .3... ...00 .0.04 3.33 

Anxiety 03..4 ..... 04.0. .4..0 3.33 

Depression 0..00 .0.0. 4..0. .0.8. 3.33 

Positive well‑being 03.00 .0..0 00.00 .8.04 3.3. 

Social relations 00.0. .0... 0..80 ...0. 3.33 

General health 

perceptions 

00.00 .4.4. 00.83 .0.80 3.33 

Resistance/susceptibility 0..3. .8.04 0..0. .0.0. 3.33 

prior health 0..04 .0... 0..00 .0.4. 3... 

Satisfaction with 

development 

03.30 .8..0 00.4. .0.30 3.33 

Eye alignment concerns 03.48 ...3. 00.88 .0.4. 3.33 

Parent‑child closeness 0..03 .0... 0.... .0.4. 3.4. 

After studying the difference between the 

pre- and post-scores, we have written the 

amount of accumulation in the upper and 

lower limits as a percentage in Table 3 to 

check the presence or absence of the ceiling 

and floor effects. The percentage of the 

accumulation in the lower limits of all 

subscales is zero but general health 

perception, while the maximum amount in 

the upper limit of the function limitation 

subscale is 67.78%, followed by the 

subscales of depression (28.89%), general 

health perceptions (16.85%), parent-child 

closeness (13.33%), and satisfaction with 

development (12.36%), respectively.   

 
 

Table 3. The amount of accumulation in the upper and lower limits as a percentage of the subscale scores Post-operation 

QOL dimensions Lower limit(%) Upper limit(%) 
quality of life 3 00.04 

Function limitation 3 .... 

Anxiety 3 .4.4. 

Depression 3 0.00 

Positive well‑being 3 8.88 

Social relations .... .0.40 

General health perceptions 3 0.04 

Resistance/susceptibility 3 ...00 

prior health 3 .... 

Satisfaction with 
development 

3 .0.00 

Eye alignment concerns 3 ..0. 

Parent‑child closeness 3 3 
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The accumulation at the upper limit for the 

other subscales is less than 10%. We did not 

find an accurate measure of the ceiling and 

floor effect. Here we have defined the 

accumulation of at least 20% of the data at the 

upper and lower limits as the reason for the 

ceiling and floor effect (32). 

To study the advantages or disadvantages of 

the models than each other, we fitted all three 

multiple linear regression models, the classic 

Tobit, and the CLAD to the overall quality of 

life score and its 11 subscales. The response 

variables of the postoperative scores, the 

independent variables of the preoperative 

scores, demographic variables, and other 

variables affected each dimension of the 

questionnaire. After fitting the models, we 

have listed the Pseudo-R2, RMSE, MAE, and 

AIC criteria in Table 4. As we know, the 

model with the highest Pseudo-R2 value and 

the lowest value for RMSE, MAE, and AIC 

criteria is the superior model. 

 

Table 4. Demonstrate four criteria for all three models in questionnaire dimensions 
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MAE 0.0. 4.00 ...3. ..0. 0.40 4.08 .3.30 ..38 ..80 4.84 ...4. 0.40 

AIC 848.00 0.0.30 000.04 000.04 08..04 00..0. 000.40 0...80 004.0. 040.00 00...0 03...3 

RMSE 0.08 .8..0 .0..0 ...00 .3..3 .3.08 .8..0 ...4. .0..0 ...0. .0..0 ..08 

Pseudo-

R2 

3.8. 3... 3... 3.8. 3.04 3..0 3..0 3.00 3... 3.840 3.30 3.00 

              

T
O

B
IT

 

MAE 0.0. .0.0. ...33 .3..0 0.4. 4.00 .3.00 ..34 ..08 4.0. ...4. 4.30 

AIC 840.00 0...8. 00...0 080.00 0.0..0 000.40 030.00 0.0.00 003.80 080..0 003..3 80..40 

RMSE 0.08 .4.08 .0..4 .0.00 .3..0 .3.0. .8.0. ....0 .8..3 ...00 .0..4 .3.3. 

Pseudo-

R2 
3.8. 3... 3... 3.8. 3.04 3..0 3..0 3.00 3... 3.84. 3.30 3.00 

              

C
L

A
D

 

MAE 0.4. - ...00 - .... ..80 - - - - .0.30 - 

AIC - - - - - - - - - - - - 

RMSE 0... - .8.8. - ...00 ...04 - - - - .0..8 - 

Pseudo-

R2 
3.00 3.30 3... 3.8. 3.8. 3.30 3.30 3... - 3.04 3.30 - 
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Table 4 indicates that the software has not 

calculated the MAE criterion value for the 

CLAD model in the subscales of function 

limitation, depression, general health 

perceptions, resistance/ susceptibility, prior 

health, satisfaction with development, and 

parent-child closeness. If we want to decide 

according to the MAE criterion, the 

comparison is between two models of 

multiple linear regression and classic Tobit. 

In these mentioned subscales, the lowest 

MAE criterion score is for the multiple linear 

regression model. 

In the other subscales that the software has 

calculated the MAE score for its all three 

models, its score in the subscales of eye 

alignment concern and overall quality of life 

for both the multiple linear regression models 

and the classic Tobit has been the same and 

less than the CLAD model. For the anxiety 

subscale, the lowest score is for the classic 

Tobit model. 

If we want to determine the appropriate 

model according to the AIC criterion, since 

the software does not provide the output of 

this criterion for the CLAD model, the 

comparison of this criterion is only between 

the two models of multiple linear regression 

and classic Tobit. According to the inserted 

tables for each subscale, when our response 

variable is the overall quality of life score, the 

lowest value is for the multiple linear 

regression model, and in the other subscales, 

the lowest AIC score is for the classic Tobit 

model. 

The next comparison criterion is the RMSE. 

Like MAE, the score of this criterion has not 

been calculated in some subscales for the 

CLAD model. Therefore, in the subscales of 

function limitation, depression, general 

health perceptions, resistance/susceptibility, 

prior health, satisfaction with development, 

and parent-child closeness are comparisons 

between two models of multiple linear 

regression and classic Tobit. The score of this 

criterion is the lowest in all these subscales 

for the multiple linear regression model. 

Multiple linear regression also has the lowest 

score in the subscales such as anxiety, 

positive well-being, social relations, eye 

alignment concerns, and overall quality of 

life that RMSE has been calculated for all 

three models. Anyhow, the RMSE criterion 

score for the multiple linear regression model 

is the lowest. 

The last criterion for comparing models is 

Pseudo-R2. This criterion is calculated if the 

software can fit the model. We could not fit 

the CLAD model when our response 

variables were prior health and parent-child 

closeness. So, in these two subscales, we can 

only compare the other two models. 

According to Table 3 in the subscale of prior 

health, the criterion score for both the 

multiple linear regression models and the 

classic Tobit is the same. And for the parent-

child closeness subscale, the criterion score 

for both of these models are equal. Therefore, 

according to this criterion, the superior model 

is not recognizable for these two subscales. In 

the rest of the subscales, the Pseudo-R2 value 

for the overall quality of life score, function 

limitation, positive well-being, social 

relations, resistance/susceptibility, and 

satisfaction with development has been the 

same in both multiple linear regression 

models and classic Tobit and more than the 

CLAD model. This case is also true for the 

general health perceptions subscale. The 

small difference between the scores of this 

criterion in the two models of multiple linear 

regression and classic Tobit can be 

considered as the result of rounding error, 

and its value the same as both models and 

more than the CLAD model. In the Anxiety 

subscale, the criterion score is the same for 
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all three models. For the depression subscale, 

its score is almost equal in all three models. 

Therefore, the criterion does not recognize 

the superior model in two subscales (anxiety 

and depression). The only subscale that had 

the highest criterion score for the CLAD 

model with very little difference was eye 

alignment concerns. That is, according to the 

Pseudo-R2 criterion, when the response 

variable is eye alignment concerns, the 

CLAD model is the appropriate one.  

Discussion 

In this study, we have fitted the three models 

of classic Tobit, CLAD, and multiple linear 

regression to the overall quality of life score 

and its 11 subscales to see the 

appropriateness of the models in the different 

distributions of the response variables, and 

detect the superior model to indicate the 

relationship between the response variables 

and it predictors. 

We have selected the independent variables 

among the demographic variables. Besides, 

we have considered three clinical evaluation 

criteria as an independent variable. These 

criteria are visual impairment, the amount of 

ocular realignment, and residual deviation. In 

case that it affects the subscales, we will add 

it to the model as an influential variable. 

In this study, a large improvement was 

observed in the scores of subscales after the 

surgery. The greatest improvement is related 

to the eye alignment concern subscale. The 

results of this section of the study are similar 

to the Ziaee et al.’s one (18). 

The difference between this study and the 

study of Ziaee et al. (18) is in the significance 

of clinical variables in the dimensions of the 

questionnaire. In this study, the residual 

deviation is a significant variable in the 

well-being subscales (p = 002.0) and 

resistance /susceptibility (p = 056.0). But in 

the Ziaee et al.’s study (18), this variable was 

effective only in the well-being subscale. 

Ziaee et al. have reported the effect of the eye 

alignment variable in their study (18) on two 

subscales of Satisfaction with development 

and eye alignment concerns positively. In our 

study, we observed the effect of this variable 

in more dimensions of the questionnaire, 

including general health perceptions, 

resistance/susceptibility, prior health, eye 

alignment concerns, positive well-being, and 

parent-child closeness. This variable was 

very significant among these dimensions in 

the subscales of well-being (p = 002.0), prior 

health (p = 002.0), and parent-child closeness 

(p = 0.007). 

The preoperative visual impairment variable 

in this study has been described as another 

preoperative treatment, affected the 

dimensions of depression, 

resistance/susceptibility, eye alignment 

concerns, parent-child closeness, and overall 

quality of life score. The greatest effect was 

on the dimensions of depression (p = 050.0) 

and parent-child closeness (p = 0.004). These 

findings contradict the results of the previous 

study on this data (18). 

Our findings in fitting the models to data are 

as follows. In fitting the models to the overall 

quality of life score variable, we can see that 

the best model is the multiple linear 

regression. Due to Table 1, it is normal by 

default, and according to table 3, we do not 

see the ceiling and floor effect in this scale. 

In the depression subscale, due to the 

censoring in the upper limit (28.89% of the 

ceiling effect) and the nearly normal 

distribution of the response variable (p-value 

of skewness<0.05), the appropriate model 

according to the criteria is the classic Tobit. 

That is, the classic Tobit model is the best 

alternative to the multiple linear regression 

model in the presence of censoring (33). 
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But it is usually very uncommon that the 

distribution of the response variable gets 

normal and there is censoring. When there is 

censoring, the distribution of the response 

variable is skewed, and the higher the 

censoring, the more skewed it is. Therefore, 

the distribution of the response variable is 

more deviant than the normal.  In the function 

limitation subscale, this case is seen. In the 

case that censoring is severe, the classic Tobit 

model performs even worse than multiple 

linear regressions, and a robust method of 

both should be used (27, 25). This powerful 

method is the CLAD model (31,29,16,15). 

This model is not sensitive to deviations from 

normal (23, 24, 26). This method has 

estimated the value of the coefficients more 

than the other two models in the function 

subscale, which has big censoring. This result 

is completely consistent with the results of 

Austin’s studies (15, 17). 

The comparison results, according to RMSE 

and MAE criteria, were the same except for 

the anxiety subscale. Based on this research, 

it is not necessary to use both criteria 

simultaneously to compare the models. 

Accordant with the Pseudo-R2 criterion, the 

superior model cannot be identified either, 

because only in the subscale of eye alignment 

concerns, they had slightly different values. 

Other subscales had equal values for at least 

two models. 

Another suggestion of this research is about 

the AIC criterion. AIC is a widely used 

criterion for comparing models in statistical 

methods. Since this criterion is not calculated 

for the CLAD model (34), when one of the 

models is CLAD, it is better not to use the 

AIC comparison criterion. 

If we want to compare the models in terms of 

interpretability, the multiple linear regression 

model is the simplest one. Because in the 

classic Tobit and CLAD models, we discuss 

the data which we do not observe (28, 35). 

Another limitation to this study was the 

definition of the existence of the ceiling and 

floor effect criterion. Here we defined the 

acquisition of at least 20% of the lower and 

upper limit scores based on the existence of 

these effects (32). Accordingly, only two 

subscales of function limitation (68.78%) and 

depression (28.89%) have a ceiling effect. 

Although there is no exact criterion to 

confirm the existence of these effects, 

according to the number of samples, this 

criterion can be considered lower. In this 

case, more subscales with these effects are 

introduced. 

Another case that we did not encounter in this 

study was the presence of both ceiling and 

floor effects simultaneously in the same data. 

In this respect, we cannot use the CLAD 

model in this software. Because we can only 

fit this model for one effect (ceiling or floor). 

Conclusion 

The multiple linear regression model is 

widely used to express the relationship 

between the response variable and its 

predictors, but in the presence of censoring, 

using this model gives skewed results. In this 

matter, the classic Tobit model is a good 

alternative. The classic Tobit model is also 

useful as long as the distribution of the 

response variable is normal, and the data is 

censored in upper and lower limits. But if the 

response variable distribution has a critical 

deviation from the normal, actually highly 

censoring, the classic Tobit model can no 

longer be useful, and gives us more deviant 

results from the multiple linear regression. In 

this regard, the nonparametric CLAD model 

calculates accurate estimates with minimum 

defaults and censoring. 
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