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Abstract 
This study attempted to determine the effectiveness of the number of extra 
negative items in identifying insufficient effort responses in Attitudes toward 
Statistics (SATS-36). The (SATS-36), which consists of 36 5-point Likert Scale 
items, was used to actually achieve the goal of this study. Furthermore, the 
researchers developed three forms, each with a different set of extra negative 
items (2, 4, and 6). The three forms were distributed to a sample of (750) stu-
dents at Yarmouk University. The results revealed that form 1, which en-
closed 6 extra negative items, had the lowest detected rate of insufficient ef-
fort responses (IERs) (7.20%), while form 3, which contained 2 extra negative 
items, had the highest detection rate (15.6%). The detection rate was discov-
ered respectively among the Lie Detection Scale, Mahalanobois, p

zl  and the 
method of extra negative items. The highest detection rate was found in form 
3 with two extra negative items, and data reliability decreased after the insuf-
ficient effort responses were removed (IERs). Furthermore, the results 
showed that the maximum changes in model-data fit indices after data filter-
ing were in form 3, which contained two extra negative items. Moreover, the 
results indicate that the reliability of data after filtering those with insufficient 
effort responses (IERs) is reduced. 
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1. Introduction 

The significance and quality of the data obtained from the research population, 
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and thus the value of the data collection techniques utilized, assess the value of 
scientific research; however, with the steadily rising use of studies that focus 
primarily on survey methods throughout all disciplines, scholarly and informa-
tional, it is vital to guarantee the validity of the data. 

The significance of accuracy and its tools arises from the great significance of 
the results deliberately designed for the outcome; incorrect or finding is incon-
sistent would then eventually result in unfair choices, will not yield results and 
would not attain the goal of the research, as well as the attempt would be lost; 
thus, the researcher could perhaps verify the correlations of insufficient effort 
responses to data collection tools before trying to adopt these data, derive their 
results, and make them a reference for decision-making. 

There were numerous distinctions in the terminology of the kinds of non-genuine 
reactions/responses in every analyst/researcher contrasted with different special-
ists. It has been named by responders, arbitrary (Random Responders [1] [2], 
and the people who are not making sufficient effort to answer (Insufficient Ef-
fort Responding [3], respondents who are non-genuine or non-intrigued during 
the reaction, Careless Responders [4] and different titles that discussed the res-
pondents who are not inspired/interested in their responses while applying their 
scale or read the guidelines prior to doing as such [5]. 

[3] clearly delineated responders and Careless Responders as participants who 
don’t seem interested in responding to questions about non-cognitive indicators 
and, therefore, could differentiate this group from selected people through sev-
eral things, such as arbitrary answers, answers attitudes, or deliberately misin-
terpreting the item before responding; on the other hand, arbitrary answer de-
fined by [6]: as they are the responses that the responder selects and recognizes 
lacking care or attentiveness, and the researcher finds such answers as a negative 
factor and difficulty for him because they have a significant impact on the re-
search findings and conclusions. 

The existence of insufficient effort responses influences statistical analysis 
values such as numerical mediums, standard deviations, reliability and constan-
cy features, and so on, resulting in biased values that cannot be accepted or 
adopted [7]. Furthermore, due to their inaccuracy, such responses present many 
challenges to some researchers. These responses influence the results of assess-
ments and research, as well as disease diagnosis, psychiatric reports, and the 
classification of individuals in psychiatric clinics and medical. [8] have recom-
mended the need to reduce the negative effects of the existence of insufficient 
effort responses, to achieve more accurate and reliable results by recognizing and 
revealing them in specific methods, and then to eliminate the data of the indi-
viduals who submitted such responses. 

This research attempts to provide a report on different approaches for identi-
fying insufficient effort responses, including a concentration on the method of 
including negative items as a practical and easy-to-implement strategy, as well as 
its coherence with other ways. 
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2. The Lie Detection Scale from Eysenck’s List of Personality 

The lie scale from Eysenck’s list of personalities was used (E.P.I), and the scale 
included (9) items, the answer to which is (yes) or (no), so that the high score 
indicates the respondent’s desire to choose socially acceptable answers, Eysenck 
chose/picked (5) grades on the scale of lying as the highest threshold/criterion 
for acceptance of the answer, that is, a value greater than 5 indicates that the 
respondent is a liar [9]. 

3. Mahalanobois 

This measure is typically used to analyze the influence of irregular values on the 
values of regression analysis, and values are considered ambiguous if the Maha-
lanobis distance Square is greater than the standard value of the Chi-square dis-
tribution; that is, this method is used and calculated by the value of the level of 
significance of the Chai range/method, and this value is an evidence of the exis-
tence of individuals who have caused discrepancies, and this issue is addressed 
[10]. 

[4] also used the method in their research where they evaluated the signific-
ance of Mahalanobis as an indicator to detect statistically significant differences 
and thus detect insufficient effort responses (IERs) individuals and realized that 
this approach is a good technique to observe them and gives accurate results, but 
the disadvantage of this method is that it is heavily dependent on the nature of 
the sample examined and the distribution of individuals’ responses on the scale, 
which causes difficulties. 

4. Statistical Index/Indicator p
zl  

Statistical indicator p
zl  is a natural extension of the index statistical zl )a statis-

tical algorithm or standard (Standardized Log-likelihood-Statistic), Which would 
be a typically used indicator that represents a mix of response possibility and 
competency evaluation [11] the statistic zl  based on ol  that proposed by [12], 
the statistic ol  is the experimentally measured and computed probability of the 
response for an item based on the response theoretical model for an item. 

The index p
zl  can be simply defined, it is a statistical indicator based on the 

super-probability estimation approach that compares the predicted pattern of 
response from the item’s responses theoretical model to the individual responses 
on a multi-scale measurement. [13] indicated that significantly negative values 
of the statistical indicator signify a high level of inconsistency. It should be men-
tioned that the statistical p

zl  necessitates detailed statistical analyses and specific 
software; consequently, the statistical p

zl  for multi-step items and quasi mea-
surements was recently added to the setting “R-Package” [10]. 

5. Negative Items 

Elements of the scale items are frequently switched to reduce the influence of 
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stereotypical responses, while there seems to be little agreement that this method 
is successful in reducing stereotyped responses. There are two methods for mod-
ifying items: the first is to use negative terms including the first is to add nega-
tive words such as no, without, otherwise, I’m not...and so forth. In this aspect, 
the manner of the new item is changed besides modifying the choice of words. 
While the second strategy is to use words with opposite meanings, including 
feeling adaptable vs. feeling exhausted, in which case the direction of the new 
item is improved by modifying the choice of words. As shown by [14], the first 
technique was adopted in the majority of research studies. While [15] feels that 
employing negative items diminishes questionnaire integrity, researchers con-
tinue to utilize negative items with the idea that they minimize stereotyped res-
ponses. [16] developed a scale with five pairs of items written in opposite ways 
(e.g., “the professor wasn’t ready to separate” vs. “the professor was ready to 
separate”), and discovered that using opposing items produced noise known as 
misspecification. According to [17], it is possible to identify the pattern of re-
sponse in the scales by adding items with a converse formulation, under which 
they developed a scale with five parts, each containing twenty items, so that each 
area has four items: two positive items (e.g., “I feel tired”), and two negative 
items (e.g., “I’m not tired at all”, or “I feel very active”), where the influence of 
compliance is indicated by the opposite formulation. 

[18] conducted research employing negative items to determine the influence 
of negative items on the identification of insufficient effort responses (IERs) 
answers. It was discovered that the presence of negative items does not reduce 
the presence of insufficient effort responses and that the results were inaccurate 
due to respondents’ lack of attention and confusion, leading the researchers 
based on this study to propose the use of extra negative items as a method of de-
tecting insufficient effort responses, by calculating the: (strongly agree = 1, agree 
= 2, neutral = 3, disagree = 4, strongly disagree = 5), as well as the average of the 
equivalent/extra negative items with the same content has been determined, 
leads to the following degrees of the hierarchy of answers: (strongly agree = 5, 
agree = 4, neutral = 3, disagree = 2, strongly disagree = 1). Whereas if mean ab-
solute difference between positively and extra negatively-worded items (MAD) 
after reverse coding the negative items and the equivalent negative items (having 
the same content) is higher than (2), the individual’s response is insufficient ef-
fort responses (IERs) [18] [19] [20], and indeed the extreme difference used in 
this research is (1.6), as calculated using the following formulae/equation: 

( ) ( )
( )

Upper limit of Likert scale 5 lower limit of Likert scale 1
Number of levels for Lik

1 5 =0.8
5

ert scale 5

per item−

−

 

Therefore, two criteria were measured: 0.8 + 0.8 = 1.6. For example, if the av-
erage of an individual’s response to the added negative items is approximately 
equivalent to (2) and the average of the same individual’s response to the cor-
responding positive items with the same content is equal to (4), the absolute dif-
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ference is equal to (2) and greater than (1.6), indicating that the individual is an 
insufficient effort response (IERs). 

So many of the previous studies followed the tradition of many academics and 
professionals in equalizing the amount of positive and negative items on the 
scale without depending on a theoretical or scientific basis to support this view-
point. In particular, there was also some agreement that the presence of negative 
items has a negative impact, which has led several more studies to propose 
moving further away from the inclusion of scales negative items as part of the 
scale because it may cause inequity in the measurement of the same characteris-
tic, as well as it may reduce the validity of the scale due to the inconsistency of 
individual responses to the items. Many researchers have conclusively proved 
that negative items on the scale can be used to detect insufficient effort res-
ponses (IERs) replies; nevertheless, two problems arise: are negative items 
parts of the scale or supplementary items? How many items should be added 
to this item? 

6. Problem Statement 

A study of the concept of utilizing negative items to detect insufficient effort 
responses (IERs) reveals a deficiency of research or approaches demonstrating 
how many negative items should be added to the scale to detect insufficient ef-
fort responses. Even though the purpose of this study is to determine the validity 
of the approach of extra negative items (2, 4, and 6) in detecting insufficient ef-
fort responses and their effect on the measurement scale the scale and the statis-
tical characteristics of the average rating on the scale, it explicitly attempts to 
answer the following study questions: 

Q1: “Does the percentage of insufficient effort responses detected differ with 
the number of extra negative items (2, 4, and 6)?” 

Q2: “What is the percentage of consistency between the categorization on the 
technique of extra negative items (2, 4, and 6) and other ways to detect insufficient 
effort responses (IERs) (lie detection test scale, Mahalanobois, method of p

zl ? 
Q3: “How does removing respondents with insufficient effort responses affect 

reliability depending on the number of extra negative items (2, 4, and 6)?” 
Q4: “How does a removing insufficient effort response from respondents af-

fect confirmatory factor analysis model-data fit depending on the number of ex-
tra negative items (2, 4, and 6)?” 

7. Definition of Terms 

Insufficient Effort Responses: [21] defined insufficient effort responses as the 
respondent’s incapacity or reluctance to react to items with interest. 

Negative items (Negative items): it is items that measure the invert about what 
evaluates the measurement in regarding language formulation, i.e., it denies pos-
itive measurement items and is linguistically anti-them. 

Extra negative items: Negative items were designated as a strategy for identi-
fying insufficient effort responses (IERs) since they are utilized after the scale has 
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been developed by adding extra items with negative formulation corresponding 
to positive items in the scale. 

Attitudes Toward Statistics: is a mental and spiritual concept that serves to 
direct an individual’s behavior so that he responds positively or negatively to 
statistical data; that is, it reflects the student’s degree of inclination or lack of in-
clination towards statistics and is measured by the sum of the marks scored by 
the student on the scale of trends used in the study towards statistics according 
to the Pentateuch’s Likert method. 

8. Methods  
8.1. Participants  

The research sample was chosen from 750 students from all scientific and hu-
manitarian/academic faculties at Yarmouk University, where 460 questionnaires 
were distributed electronically by attaching three links, with each student 
choosing just one. As well as 290 throughout hard copies on Yarmouk Universi-
ty students within faculties which demand direct implementation using random 
Equivalent Samples, so that members of one division answer all three models in 
a typical way in which the first student answers the first model, the second stu-
dent on the second model, the third student on the third model, and then repeat 
the pattern and the fourth student answers the first model, and so on for the rest 
of the division, and after collecting the participants’ responses mostly on the 
scale. There were 250 students and students who decided to respond to the first 
model, 250 students and students who answered to the second model, and 250 
students and students who agreed with the third model. 

8.2. Measure 

The metrics towards statistics scale (36-SATS) was adopted for the current 
study, which was done by [22], where the scale became six-dimensional-after it 
was made up of four variables. And (36) items in its final version are distributed 
on the six dimensions (Affect), and consists of (6) items focused on feelings to-
wards statistics and after (Difficulty), and consists of (7) items measuring the 
feeling of students related to their treatment with symbols, formulas, and statis-
tical equations and after (Value), and consists of (9) items include the benefit of 
statistics in practice, increasing employment opportunities, and the development 
of statistical equations and formulas. After cognitive efficiency (Competence): 
the dimension consists of (6) items and represents the students’ metrics towards 
their self-competence and knowledge and mental skills during the application of 
Statistics and after the tilt (Interest): the dimension consists of (4) items and 
measures the student’s degree of attitude towards the topics of Statistics and en-
joy using it and appreciating after the effort (Effort): it consists of (4) items. 

8.3. Validity and Reliability  

[23] interpreted the scale (SATS-36) on the Jordanian environment, and he iso-
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lated his passages into five stages. The scale was directed to an example of (445) 
students, and the consequences of the examination uncovered that the scale 
comprises six significant perspectives, and he viewed the consolidated factors 
(48. 41%) of the standard deviation of the scale, and he determined the reliability 
co-efficacy. [24] separated the exchanges of virtual trustworthiness/reliability by 
learning the respectability of the phrasing of the conditions of the scale and its 
appropriateness for the Arab environment, the age phase of the review test, and 
above all its reasonableness for the reason for which it was ready, where he in-
troduced the scale in Arabic structure to eight judges from teachers spent signif-
icant time in estimation, assessment and instructive brain science, and it was 
observed that every one of the expressions of the scale is appropriate and sound 
and fit the Arab environment, and there were no extreme perceptions of any of 
its expressions. He also conducted experiments also with the scale on a survey 
sample of (56) students to ensure the appropriateness of the language for the 
scale phrases and to determine the appropriate application time of the scale, and 
observed that there were no problems in understanding the scale phrases, and 
revealed that the appropriate time for the application is (35) minutes, the same 
time that the scale was developed. The scale’s dimensions, as well as the rela-
tionships between the aspects and the scale’s overall score, are statistically sig-
nificant at the level of (0.05 = α). He also checked the instrument’s stability, in-
ternal reliability, and size, all of which were satisfactory. 

8.4. Explanation of Extra Negative Items/Adding Extra Negative  
Items (2, 4, and 6) 

[19] highlighted the insertion of a negative item to each of the scale’s (5 - 8) pos-
itive items. However, according to [25], regardless of the length of the original 
questionnaire, the usage of conceptual equivalents or contextual antonyms 
should be limited (two to four) pairs of synonymous or linguistically contrasting 
items. The statistical aptitude is assessed using (36) items, with a negative item 
added for every (5 - 8) positive items. As a consequence, six negative items were 
inserted, and two items were skipped. Three models are used: 

Model one has six extra negative items that correlate with the scale’s six posi-
tive items. 
- The second model has four more negative items that correlate with roughly 

four positive items on the scale. 
- The third model has two more negative items that correlate with approx-

imately two positive items on the scale. 

9. Data Analysis 

To explain the research question(s), the package of (SPSS V26) (Statistical pack-
age for Social Sciences software Amos (AMOS V26) (Analysis of Moment 
Structures) of the statistical analysis of the data collected was utilized, as follows: 
- The percentage of non-responses that were effectively valued. 

Insufficient Effort Responses were classified as shown by the difference in the 

https://doi.org/10.4236/jamp.2022.1010212


M. Hazaime, M. Alquraan 
 

 

DOI: 10.4236/jamp.2022.1010212 3198 Journal of Applied Mathematics and Physics 
 

number of Extra Negative Items (2, 4, 6) according to the criterion of calculating 
mean absolute difference between positively and extra negatively-worded items 
(MAD) after reverse coding the negative items, which contain the same content; 
if the difference is greater than (1.6), the individual’s attitude was classified as 
insufficient effort responses (IERs). Chi-square (χ2) has also been used in bila-
teral comparison of insufficient effort responses’ frequencies/ratios connected 
with the number of negative items provided to identify them (2, 4, 6), where the 
approach that identifies the most insufficient effort responses (IERs) is recom-
mended [26]. 
- The percentage of consistency between the technique of extra negative items 

(2, 4, 6) and other ways (Lie detection scale/the lie scale, Mahalanobois, me-
thod Of p

zl ). 
Insufficient Effort Responses were assessed on the statistical metrics scale 

(SATS-36) based on the number of extra negative items (2, 4, 6) to identify care-
less respondents, as well as whether respondents were classified as insufficient 
effort responses (IERs) or not insufficient effort responses (IERs). Other tech-
niques’ responses were classified (a metric of lie detection, a technique of (Ma-
halanobois), the way p

zl ) in addition to utilizing Chi-square for stability and to 
compare the findings of compatibility between the categorization using the way 
of extra negative items (2, 4, and 6) against the other ways (a measure of lie de-
tection, Mahalanobois, the method p

zl . 
- Cronbach Alpha approach consistency coefficients:  

The Cronbach method alpha consistency coefficients of the items of the 
measure of metrics towards statistics (SATS-36) were determined before and af-
ter the elimination of Insufficient Effort Responses by altering the number of 
negative items provided (2, 4, 6). 
- Goodness-of-Fit Index of conformity factor analysis.  

Conformity Factor Analysis (CFA) was performed using the (AMOS V26) for 
the method of extra negative items (2, 4, and 6) in order to diagnose a model 
that gives the best value matching of three models—throughout the following 
indicators (Chi-Square brothers, absolute fit indicators, incremental conformity 
indicators) with different number of extra negative items in order to detect the 
response of insufficient effort responses (IERs) Furthermore.  

According [27], the researcher made the following observations on model 
matching acceptability values in confirmatory factor analysis. 

9.1. Chi-Square Criteria’s/Standard Value (Chi-Square/DF = Cmin) 

It is the value of the Chi-square derived from the model divided by the number 
of variables; if this ratio is less than (5), the model is accepted; if it is below (2), 
the recommended model is equal to the presumed model of the sample data. 

9.2. Goodness of Fit Index (GFI) 

The indicator of goodness consistency has a value ranging from zero to one, 
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and it determines the amount of variance in the Matrix resulting from the 
correlational statistical approach, which again is similar to the coefficient (F2) 
in data analysis, and the value (0.90) is the lowest acceptable value in this in-
dex. 

9.3. Comparative Fit Index (CFI) 

According to some researchers, the best value that reflects the model’s effective-
ness and compatibility with the data of the study sample is (0.90), and the closer 
the value to the correct one is, the better, as well as the value of the indicator 
(TKR - Los), which should be (0.90) or more/greater. 

9.4. Root Mean Square Error of Approximation (RMSEA) 

One such criterion is one of the most key criteria of comparability value; it illu-
strates the amount of error in the model as well as the rates of variance from the 
optimal standards; structural modelling studies have demonstrated its superior-
ity and good performance; a value less than (0.05) indicates a good match, values 
ranging from (0.05 - 0.08) indicate a reasonable convergence error in society, 
and values ranging from (0.10 - 0.08) indicate a totally inadequate fit. If the in-
dicator values surpass (0.10), it indicates a lack of conformance. We can deduce 
that a value of zero indicates the best possible match, whereas a value of greater 
than zero suggests a lesser quality and even worse fit. 

10. Results and Discussion 

To answer this question, responses were classified as insufficient effort responses 
(IERs) or not insufficient effort responses (IERs) using the extra negative items 
technique, with the criterion of calculating the mean absolute difference between 
positively and extra negatively-worded items (MAD) after reverse coding the 
negative items, which contain the same content, if the difference is greater/more 
than (1.6). Furthermore, after modifying the degree of tangible significance in 
light of the strategy for Bonferroni (Bonferroni Correction), which demonstrat-
ed that the degree of significance changes while making bilateral correlations the 
level of statistical significance was divided by the total number of bilateral varia-
tions, yielding the value of the level of statistical significance after correction 
(0.0166), and the number of bilateral comparisons in light of the number of per-
centages; to retain with the entire type inaccuracy; so the degree of factual signi-
ficance was isolated by the quantity of Chi-square (χ2) for relevant correlation of 
quasi reaction ratios according to the extra negative parts Technique (2, 4, 6), as 
shown in the table below: 

Table 1 clearly demonstrates that the rates of insufficient effort responses 
identified differ significantly regardless of the method of extra negative items (2, 
4, 6), with the first model including six extra negative items (7.20%), the second 
model including four extra negative items (7.60%), and the third model includ-
ing two extra negative items (15.60%). 
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Table 1. Shows the degree of participants’ responses based on the strategy of extra nega-
tive items (6, 4, 2). 

Model Classification N Percentage % 

1st Model 
(6 extra negative items) 

Not IER 232 92.80% 

IER 18 7.20% 

Total 250 100.00% 

Model 2 
(4 extra negative items) 

Not IER 231 92.40% 

IER 19 7.60% 

Total 250 100% 

Model 3 
(2 extra negative items) 

Not IER 211 84.40% 

IER 39 15.60% 

Total 250 100% 

 
Model 1, which enclosed 6 extra negative items, had the lowest detected rate 

of insufficient effort responses (IERs) (7.20%), while Model 3, which contained 2 
extra negative items, had the highest detection rate (15.6%). These findings are 
consistent with the earlier findings [28]. This study found that (0.8% - 20.3%) of 
insufficient effort responses (IERs) were valued using various methods, and we 
note that the ratios provided by the three models would be within the range of 
the ratios found in the study. 

The percentage submitted by the third model (15.60%), which included two 
more negative items, corresponded with the findings of the study [29], which 
revealed that (16.2%) of respondents had a insufficient effort responses (IERs) 
reaction, which are two close/equally ratios. 

Table 2 shows the measurement percentages of insufficient effort responses 
using the strategy of extra negative items (2, 4, 6). It involves the comparison of 
the probability value with a value of (0.0166); there was statistical significance 
between the first model, which includes six extra negative items, the third model, 
which includes two extra negative items, and the second model, which includes 
four extra negative items, and the third model, which includes two extra negative 
items, indicating that the highest detection rate for insufficient effort responses 
was on the second model. This is in line with [26], which found that an approach 
that conveys a higher number of insufficient effort responses is desirable. 

The extra negative items approach could be used to identify insufficient effort 
responses in order to obtain more accurate outcomes, and it can serve as a sup-
port method for other methods of detecting insufficient effort responses as a 
method that is simple to use and utilize, especially if the researcher’s attention is 
focused on identifying substantial amounts of insufficient effort responses. 

To answer the second question, the percentage of insufficient effort responses 
who are compatible with the way of extra negative items (2, 4, and 6) and other 
procedures (Lie detection scale, Mahalanobois, method of p

zl ), Table 3 shows 
that. 
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Table 2. Chi-square test findings (χ2) for binary analyses of insufficient effort res-
ponses (IERs) ratios discovered using the extra negative items approach (6, 4, 2). 

Model 
1st Model 

(6 extra negative items) 
Model 2 

(4 extra negative items) 

χ2 Significance χ2 Significance 

Model 2 
(4 extra negative items) 

0.029 0.8645  

Model 3 
(2 extra negative items) 

8.715 0.0032 7.786 0.0053 

 
Table 3. Percentage of insufficient effort responses who are compatible with the way of 
extra negative items (2, 4, 6) and other procedures (Lie detection scale, Mahalanobois, 
method of p

zl ).  

Method of negative items 
extra/model 

Lie detection scale Mahalanobois Method of p
zl  

Model 1 (6 extra negative items) 10% 6.1% 9.8% 

Model 2 (4 extra negative items) 9.8% 17.5% 13% 

Model 3 (2 extra negative items) 20.7% 19.6% 23.2% 

 
Table 3 revealed that the rate of compatibility for the classification of insuffi-

cient effort responses (IERs) respondents between the method of extra negative 
items (2, 4, 6) and the lie detection scale ranged from (9.8%) on the second 
model, which includes four extra negative items, to (20.7%) on the third model, 
which includes two extra negative items, and the percentage of compatibility for 
the classification of insufficient effort responses (IERs) respondents includes six 
extra negative items. As well as (19.6%) on the third model, which includes two 
extra negative items, and the percentage of agreement for the classification of 
insufficient effort responses (IERs) respondents between the method of extra 
negative items (2, 4, 6) and the method of in ranged from (9.8%) on the first 
model, which includes six extra negative items, to (23.2%) on the third model, 
which includes two extra negative items. 

The latter values indicate that the method of extra negative items (2, 4, and 6) 
has the greatest consistency of the rating of insufficient effort responses (IERs) 
respondents with other techniques (Lie detection scale, Mahalanobois, method 
of p

zl ). The third model-which involved two extra negative items. This study 
implies that adding two negative items increases responsiveness to the negative 
items approaches more than adding four or six negative items. This could be 
because the arithmetic mean was used to calculate the difference between indi-
viduals’ answers to the extra negative and positive items, and as is widely recog-
nized, the arithmetic mean impacted by outliers, especially for small sample siz-
es. The usage of four and six items narrowed the gap between the two formats, 
which may have helped to keep some of the less insufficient effort responses 
(IERs) responses hidden/concealed. 
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To answer the third question, Cronbach Alpha coefficients for statistical items 
(SATS-36) before and after removing insufficient effort responses depend on the 
number of extra negative items (2, 4, and 6). Table 4 shows that. 

Table 4 clearly demonstrates that the Cronbach Alpha coefficient values be-
fore removing the insufficient effort responses ranged from (0.930) on the 
second model, which includes four extra negative items to (0.957) on the first 
model—which includes six extra negative items and that the Cronbach Alpha 
coefficient values after eliminating the insufficient effort responses varied from 
(0.921) on the third model, which includes two extra negative items to (0.947) 
on the first model.  

The above findings demonstrate that the Cronbach Alpha coefficient values 
declined on the items of the statistical trend scale (SATS-36) after the insuffi-
cient effort responses were eliminated by altering the number of negative items 
provided (2, 4, 6). 

To answer the fourth question, model consistency indicators were obtained 
before and after the deletion of insufficient effort responses using the extra nega-
tive items approach” (2, 4, 6). Table 5 and Figure 1 shows that. 

Table 5 demonstrates that the data fitting rating scales for the three models 
utilizing the extra negative items Method (2, 4, and 6) were rather satisfactory, 
presumably due to the short sample size and uneven response behavior on the 
scale. The variation in model fit values before and after eliminating insufficient 
effort responses using the extra negative items Method is displayed in Table 5. 
(2, 4, 6). Overall, the results show that the relevance of the data for the three 
models varies slightly once insufficient effort responses are eliminated using the 
extra negative items Method (2, 4, and 6). The Comparative Fit Index (CFI) de-
creased very fractionally in the second model, which involves four extra negative 
items, by (0.009), and increased in the first model, which includes six extra nega-
tive items, and the third model, which includes two extra negative items, respec-
tively, by (0.030 and 0.006). According to [30], a (0.01) difference in the Com-
parative Fit Index (CFI) is a substantial difference. 

Table 5 also illustrates that the standard χ2/DF grew by (0.285) on the third  
 
Table 4. Cronbach Alpha coefficients for statistical items (SATS-36) before and after re-
moving insufficient effort responses depending on the number of extra negative items (2, 
4, 6). 

Model 
Alpha Cronbach coefficient 

before removing (IERs) 
Alpha Cronbach coefficient 

after removing (IERs) 

Model 1 
(6 extra negative items) 

0.957 0.947 

Model 2 
(4 extra negative items) 

0.930 0.927 

Model 3 
(2 extra negative items) 

0.940 0.921 
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Table 5. Differences in Model fit indices before and after removing insufficient effort responses using the extra negative item’s 
method (2, 4, and 6). 

Model 
Goodness-of-Fit 

Index 

Value before 
removing 

(IERs) 

Value after 
removing 

(IERs) 

CFA  
Model-Data  

Fit Difference 

ranges values  
of Fit Index 

Threshold/ 
fitting value 

Model 1 
(6 extra negative items) 

Chi-square = \cmin 

χ2/DF 2.706 2.529 0.177 0 to 5 <5 

Absolute Fit indexes 

RMSEA 0.083 0.081 0.002 0.05 > RMSEA > 0.08 <0.05 

GFI 0.754 0.751 −0.003 0 > GFI > 1 >0.90 

Incremental Fit Indexes 

NFI 0.757 0.758 0.001 0 > NFI > 1 >0.90 

CFI 0.830 0.836 0.006 0 > CFI > 1 >0.90 

IFI 0.832 0.838 0.006 0 > IFI > 1 >0.90 

Model 2 
(4 extra negative items) 

Chi-square = \cmin 

χ2/DF 3.530 3.478 0.052 0 to 5 <5 

Absolute Fit indexes 

RMSEA 0.101 0.104 −0.003 0.05 > RMSEA > 0.08 <0.05 

GFI 0.744 0.735 −0.009 0 > GFI > 1 >0.90 

Incremental Fit Indexes 

NFI 0.646 0.635 −0.011 0 > NFI > 1 >0.90 

CFI 0.715 0.706 −0.009 0 > CFI > 1 > 0.90 

IFI 0.718 0.710 −0.008 0 > IFI > 1 >0.90 

Model 3 
(2 extra negative items) 

Chi-square = \cmin 

χ2/DF 1.981 2.266 −0.285 0 to 5 <5 

Absolute Fit indexes 

RMSEA 0.090 0.078 0.012 0.05 > RMSEA > 0.08 <0.05 

GFI 0.692 0.763 0.071 0 > GFI > 1 >0.90 

Incremental Fit Indexes 

NFI 0.582 0.645 0.063 0 > NFI > 1 >0.90 

CFI 0.730 0.760 0.030 0 > CFI > 1 >0.90 

IFI 0.738 0.765 0.027 0 > IFI > 1 >0.90 

 
model, which includes two negative extra items, and that, however significant, it 
remains within the acceptable range of conformity. It is reduced by (0.052, 
0.177) on the first model, which includes six extra negative items, and by (0.052, 
0.177) on the second model, which includes four extra negative items. The stan-
dard chi-square values on the three models fitted adequately. As shown in Table 
5, the value of the index of the root of the squares of residuals (RMSEA) in-
creased very slightly for the second model, which includes four extra items by  
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Figure 1. Conceptual model (Developed by Researcher). 

 
(0.003), as [31] points out that (RMSEA) tends to simply ignore the most simple 
models, and has conducted well in the most complex larger items, dropped on 
the first model, which includes six extra items negative, and the (0.012 and 
0.002) respectively, the value of the index of the root of the squares of residuals 
indicated an acceptable fit, and this result was similar to the findings of [32] and 
the study of [29], which revealed a slight improvement in the values of consis-
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tency indicators when insufficient effort responses were eliminated. As shown in 
the results presented in Table 5, the third model, which had two negative addi-
tion items, had the best modifications to the data appropriateness ratios for the 
three models after the elimination of responses. 

11. Conclusion  

The study was concluded as the use of extra negative items in the detection of 
insufficient effort responses based on the results revealed, which proved their 
indicators to be better after the elimination of insufficient effort responses, and it 
also enters directly into the layout of the scale, which facilitates the process of 
their implementation and extraction of their results. In addition, the approach of 
extra negative items is studied in the detection of insufficient effort responses 
using a variable number of extra negative items. Furthermore, the approach of 
extra negative items is studied in the detection of insufficient effort responses 
based on different levels of the Likert scale, as the current study does. 

Recommendations 

There is a need for further research into the method of extra negative items in 
the detection of insufficient effort responses by using different levels of the Li-
kert scale, the knowledge of much more than an exceed for each level of the dif-
ferent levels of Likert, and the development of several criteria; to ensure that the 
data is completely accurate, which ensures its quality and allows us to generalize 
the findings. 

Researchers also encourage continual study to compare the various approach-
es to detecting insufficient effort responses that can be utilized by researchers 
who are not experts in measurement, assessment, and statistics. 
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