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Introduction: This study investigates the confounding effects of reverse-coded 
items on the measurement of confidence in mathematics using data from the 
2019 Trends in International Mathematics and Science Study (TIMSS).

Methods: The sample came from the Saudi Arabian cohort of 8th graders in 
2019 involving 4,515 students. Through mixture modeling, two subgroups 
responding in similar ways to reverse-coded items were identified representing 
approximately 9% of the sample.

Results: Their response to positively valenced and negatively valenced items 
showed inconsistency and the observed unexpected response patterns were 
further verified using Lz*, U3, and the number of Guttman errors person fit 
indicators. Psychometric analyses on the full sample and the truncated sample 
after deleting the aberrant responders indicated significant improvements in 
both internal consistency reliability and factorial validity.

Discussion: It was concluded that reverse-coded items contribute to systematic 
measurement error that is associated with distorted item level parameters that 
compromised the scale’s reliability and validity. The study underscores the need 
for reconsideration of reverse-coded items in survey design, particularly in 
contexts involving younger populations and low-achieving students.
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1 What are the effects of reverse-coded items?

Several authors have pointed to the detrimental effects of reverse-coded items on the 
quality of the collected data (Roszkowski and Soven, 2010; Weems and Onwuegbuzie, 2001). 
For example, Clauss and Bardeen (2020) reported that the presence of negatively worded items 
confounded the conclusions on the simple structure of the Attentional Control Scale (ACS), 
which, although should be unidimensional it was found to have a bifactor structure (see also 
Pedersen et al., 2024; Ponce et al., 2022). They concluded that reversing the negatively worded 
items resulted in producing a method factor rather than an attentional control factor, thus, 
complicating the conceptual factor structure, and producing an incoherent structure with 
unexplained item relations (Merritt, 2012; Pedersen et al., 2024). Concerns about internal 
consistency reliability and content differentiation have also been raised (Roszkowski and 
Soven, 2010; Weems and Onwuegbuzie, 2001). For example, Jaensson and Nilsson (2017) 
reported that reversing negatively worded to positively worded items with the same content 
resulted in a poor to moderate agreement between the two, as was evident from intraclass 
correlation coefficients between 0.35 and 0.76. Thus, the obtained responses to the same 
content, using a different item format, resulted in discrepant responses, raising concerns about 
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item scoring and item interpretation. Bolt et al. (2020) reported that 
reverse-coded items may have deleterious effects on item 
comprehension. They reported that rates of confusion and 
misunderstanding of negatively worded items were as high as 53% for 
students in grades 3 through 5, representing a salient concern for these 
students as issues of identification, placement, and early intervention 
are most important at an early age. They further stated that skills and 
competencies were significantly underestimated in the presence of 
opposite format items. Similar distortions have been found with 
adolescents and adults such as teacher and student populations 
(Barnette, 1996), although non-significant differences across age 
groups have also been reported (Steinmann et al., 2024).

Interpretations as to the “why’s” of differential responses to the same 
content as a function of item format have been traced to Personality traits 
such as agreeableness (Roszkowski and Soven, 2010) or neuroticism 
(Koutsogiorgi and Michaelides, 2022), the lack of motivation (Kam, 
2018), the presence of response styles such as acquiescence (DiStefano 
and Motl, 2009), situational factors such as carelessness and inattention 
(Baumgartner et al., 2018; Steinmann et al., 2022; Swain et al., 2008), 
differential interpretation of item content (Weems and Onwuegbuzie, 
2001), low achievement (Steinmann et al., 2024; Weems et al., 2003), 
mood (Koutsogiorgi and Michaelides, 2022), and demographic variables 
such as gender with boys having higher levels of inconsistent responses 
(Marsh and Grayson, 1995; Steedle et al., 2019; Steinmann et al., 2024). 
However, potential causes are beyond the scope of the present study and 
will not be discussed in more detail.

1.1 What are current recommendations for 
dealing with reverse-coded items?

At the analytical level, recommendations to deal with reverse-
coded items include fitting multidimensional models such as the 
bifactor model to account for method variance likely attributed to the 
item format for negatively worded items. Identifying and deleting 
individuals who behave in unexpected ways as they provide invalid 
estimates for themselves and harm the psychometric qualities of the 
measured instrument (Michaelides, 2019). Identifying sources of 
confusion for reverse-coded items and treating those items through 
refinement and revision to isolate the sources of confusion has also 
been recommended, especially for younger age groups (Bolt et al., 
2020; Fukudome and Takeda, 2024; Steinmann et al., 2024).

1.2 Context and goals of the present study

We selected the examination of confidence ratings for students in 
Saudi  Arabia using the Trends of International Mathematics 
Assessment (Mullis et al., 2020) international study for several reasons. 
First, Saudi students are classified among the lowest in mathematics 
achievement across TIMSS’s participating countries, thus, examination 
of whether their assessments involve deficits in the psychological 
sphere of confidence is important. Second, recent data from PISA 
2022 indicated that Saudi students had the highest ratings of 
“straightlining” responses in the survey instruments such as 
assertiveness, cooperation, etc. Thus, examination of aberrant 
responses in this population is important, because already 
approximately 4.5 to 5% of the participant responses are currently 

screened for and deleted from international databases due to 
straightlining. Thus, the goals of the present study were (a) to identify 
subgroups of participants who respond in the same manner in reverse-
coded items using mixture modeling, (b) to validate the identification 
of aberrance mixtures using person fit indicators, (c) to test the 
presence of systematic error variance through supporting an 
additional “method” factor, and (d) evaluate the effects of aberrant 
responders on the psychometrics of a confidence scale related to 
mathematics achievement contrasting original and purified data (after 
deleting aberrant responders).

2 Methods

2.1 Participants and procedures

Participants were 5,680 Saudi 8th-grade students who took part in 
the 2019 TIMSS study. There were 2,884 males (50.8%) and 2,791 
females (49.2%). Most students (91.7%) attended public schools with 
a small percentage (8.3%) attending international schools. The mean 
age was 13.926 years (SD = 0.679). In the TIMSS 2019 study, students 
in each country are selected for participation using multistage 
stratified random sampling to achieve representativeness to the 
population and specifically the characteristics of national student 
populations regarding geographic regions and school types. Sample 
sizes are more than 4,000 students and sampling engages at least 150 
schools. The TIMSS guidelines also state clear guidelines to ensure 
high participation during the testing process, and to avoid biased 
samples that threaten generalization of the findings to the population. 
More details on the study and its methodology can be traced.1,2

2.2 Measure

The “Students Confidence in Mathematics scale” was 
implemented which comprises nine items. Example items that are 
positively worded were “I usually do well in mathematics,” “I learn 
things quickly in mathematics,” and “I am good at working out 
difficult mathematics problems.” Sample negatively worded items 
were “Mathematics makes me nervous” and “Mathematics makes 
me confused. Respondents indicated their agreement with each 
statement on a four-point Likert scale ranging from “Agree a lot” to 
“Disagree a lot” with no midpoint option. Higher scores on the 
confidence scale indicate greater confidence in mathematics. 
Internal consistency reliability was assessed using Cronbach’s alpha 
coefficient and was 0.81. Based on TIMSS 2019, the scale is 
unidimensional, and scale scores are provided per country along 
with cutoff scores. Our country-based analysis using the Graded 
Response Model (GRM) showed marginal reliability estimates equal 
to 0.86 and adequate omnibus model fit via the Root Mean Squared 
Error of Approximation (RMSEA) that was equal to 0.08, after 
reversing the items that have the opposite meaning to reflect 
positive covariances across all items and post purification (i.e., after 

1 https://www.iea.nl/studies/iea/timss/2019

2 https://timssandpirls.bc.edu/timss2019/
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deleting aberrant responders). Figure  1 displays the Test 
Information Function (TIF) and corresponding Conditional 
Standard Error of Measurement (CSEM) of the scale which shows 
a nice coverage of information across ±2.5 theta scores and a center 
around the mean of zero as expected. Further analyses of category 
information curves are shown in the Appendix which support the 
used scaling system with no overlap or disordering.

2.3 Data analyses

2.3.1 Criteria for classifying participants to groups
The following three criteria were utilized to evaluate model fit 

in the classification process. Lower values are indicative of better 
model fit. Although entropy refers to the estimation of the indices 
below, in a standalone form, entropy is not included in the process 
of concluding the most optimal latent class as earlier suggested 
(Masyn, 2013).

The Classification Likelihood Criterion (CLC) is a measure of 
model fit that considers both the log-likelihood of the model and the 
entropy of the classification. Entropy reflects the uncertainty of the 
in-class assignments, with higher entropy indicating more uncertainty 
(i.e., lower classification certainty). The goal of CLC is to find a balance 
between model fit (log-likelihood) and classification certainty 
(entropy). CLC is calculated as shown in Equation (1) below:

 ( )CLC 2 LL Entropy∗= − −  (1)

With LL being the log-likelihood of the model, and Entropy 
reflecting uncertainty in the classification of participants to subgroups.

The Akaike Weight of Evidence (AWE) is a model selection 
criterion that combines information about model fit (log-likelihood) 
and penalizes model complexity more strongly than the traditional 
Akaike Information Criterion (AIC). It favors simpler models unless 

the additional layers of complexity are justified based on omnibus 
model fit indicators. It is estimated as shown in Equation (2) below:

 ( )( )AWE 2 LL 2 log log 2 Entropym n∗ ∗ ∗ ∗= − + +  (2)

With LL being the log-likelihood of the model, m is the number 
of estimated parameters, and n is the sample size.

The Integrated Classification Likelihood-Bayesian Information 
Criterion (ICL-BIC) is a variant of the Bayesian Information 
Criterion (BIC) that also accounts for the quality of classification. 
Thus, the ICL-BIC criterion aims to select models that not only 
have a good fit (as indicated by the BIC) but also provide clear and 
distinct class memberships (as indicated by entropy). It is defined 
as shown in Equation (3) below:

 ICL BIC BIC Entropy− = −  (3)

With BIC being the Bayesian Information Criterion, calculated as 
BIC = −2*LL + m*log(n), and Entropy the classification uncertainty.

2.3.2 Validating person aberrant behavior via 
analyzing response patterns

Three of the most prominent person fit indicators namely, U3, 
Guttman errors, and lz* were selected to validate the results from the 
latent class analyses (Emons, 2008; Cui and Mousavi, 2015). Each of 
these indices has its advantages and limitations or is sensitive to 
specific patterns of aberrance. The U3 statistic provides a nuanced 
assessment of aberrant responding, being sensitive to subtle deviations 
from the Guttman pattern (Schroeders et  al., 2021). It is most 
efficacious in detecting inattention. Its disadvantage, however, is its 
sensitivity to test length, with brief measures jeopardizing its reliability. 
The number of Guttman errors offers a traditional measure of misfit 
by examining the type of response as a function of item difficulty 
(Meijer, 1994; Tendeiro and Meijer, 2014). It is easy to understand but 
it may not be sensitive to more subtle forms of misfit. The lz* statistic 
is a powerful tool for detecting misfits in response patterns and 
contributes to a comprehensive analysis of response data. The lz* 
statistic has been found effective in detecting various types of aberrant 
responding, such as fake good and random responding (Avşar, 2022; 
Beck et al., 2019; Karabatsos, 2003). In terms of their direction, low 
values in lz* (i.e., <−1.3) are indicative of aberrance and the opposite 
is true for the number of Guttman errors (G) and U3 for which larger 
values are indicative of aberrant responding. All person fit analyses 
were conducted using the Perfit package (Tendeiro et al., 2016) in R 
(Team R. C, 2015).

2.3.3 Ancillary analyses involving confirmatory 
factor analyses (or the graded response model)

Several CFA models or the Graded Response Model (GRM) were fit 
to the data to estimate unidimensionality, the presence of a methods 
factor, item-level statistics, and omnibus model fit. A preferred index in 
all these tests was the Root Mean Squared Error of Approximation 
(RMSEA) for which values less than 0.08 signal acceptable model fit. In 
CFA descriptive fit indices such as the Comparative Fit Index (CFI) need 
to take on values greater than 0.900. To ensure that the sample size was 
adequate we  conducted a Monte Carlo simulation positing a 
unidimensional construct with 9 items, factor loadings equal to 0.70 and 
residual variances equal to 0.51. Using either the full or truncated samples 

FIGURE 1

Total information curve and conditional standard error of 
measurement for the mathematics confidence scale.
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parameter recovery ranged between 95 and 96%, and power for the factor 
loadings was greater than 99.9%. The chi-square statistic was overpowered, 
which is why it was not relied upon when evaluating model fit.

3 Results

3.1 Identification of aberrance using 
mixture modeling

Figure  2 displays an optimal solution judged by the above fit 
indices and a minimum sample size of n > 50 participants, selected so 
that sample representation would be  greater than 1%. This latter 
criterion is justified because subgroups with n < =50 may not represent 
true subgroups in the population but rather artifacts of the sampling 
process. Based on the above criteria, a 7-class solution was superior to 
an 8-class solution as indices of AWE and ICL-BIC were smaller for the 
7-class model compared to the 8-class model but not so for the CLC 
(AWE7-class = 96866.600; AWE8-class = 97023.894; ICL-BIC7-

class = 95873.538; ICL-BIC8-class = 95916.688; CLC7-class = 95141.478; CLC8-

class = 95100.482). Similarly, the 7-class model had lower values 
compared to the 6-class model supporting its preference for the CLC 
and ICL-BIC only (AWE7-class = 96866.600; AWE6-class = 96848.480; 
ICL-BIC7-class = 95873.538; ICL-BIC6-class = 95969.564; CLC7-

class = 95141.478; CLC6-class = 95321.648). As shown in the figure, classes 
6 and 7 represent aberrant responders reflecting low and high 
confidence ratings, respectively. Given that the scores were reversed for 
the LCA analysis, the expectation is that the same direction/scoring of 
the items would reflect ratings that are similar across items, expecting 
horizontal lines that are parallel to the X-axis. Differences from a “flat” 

line would be indicative of content differences regarding confidence 
and should be expected. However, as seen in class 6, mean responses 
to the first four items (about being confident in math) were very low 
followed by very high levels in the items describing lack of confidence. 
However, as mentioned above, given that items were reverse coded for 
the analysis, the direction for all items was the same, and thus, the 
difference in ratings of that magnitude is likely indicative of inattention, 
carelessness, random responding, or other personal or situational 
factors reflecting some form of systematic error of measurement. In 
other words, participants provided the same rating (e.g., agreement) 
for items such as “I am good at math” and “Mathematics is not my 
strength,” which shows inconsistency and error. The same was true for 
latent class 7, for which confidence ratings were high in math followed 
by very low ratings which again, is incongruent given the same 
direction of items in this presentation (items were reverse-coded).

3.2 Validating aberrance using person-fit 
indicators

Figure  3 displays densities and cutoff values using a cutoff 
threshold of 10% (or 90% depending on whether low or high scores 
were considered aberrant) for the three person-fit indices. As shown 
in the figure, the cutoff value for the lz* indicator was −1.348, for the 
number of Guttman errors 45.05, and for the U3 indicator 0.47. 
Figure 4 provides densities for the three person-fit indicators by latent 
class. A means analysis using the Analysis of Variance (ANOVA) 
model was run to identify and contrast point estimates across the 7 
classes. Results pointed to significant differences between groups 
using the omnibus F-test for Lz* [F(6, 4,510) = 456.926, p < 0.001], 

FIGURE 2

Optimal latent class solution for the measurement of confidence for mathematics in Saudi Arabia.
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Guttman errors [F(6, 4,511) = 594.943, p < 0.001] and the U3 index 
[F(6, 4,511) = 273.023, p < 0.001]. Using Tukey’s post-hoc tests results 
indicated that the two aberrant classes (i.e., 6 and 7) were significantly 
more aberrant compared to all other classes. When contrasted with 
each other, class 7 estimates of aberrance were significantly elevated 
compared to class 6 estimates. Using the eta-squared effect size metric, 
differences between classes 6 and 7 and all other classes ranged 
between 0.27 and 0.44, reflecting larger-than-large effects (large eta 
squared =0.14; Cohen, 1988; Lakens, 2013).

When evaluating differences using the Figure 3 cutoff values it is 
evident that the mean number of Guttman errors for classes 6 and 7 
that were 74 and 49, respectively, exceed the critical values of 45 
suggesting that most participants were aberrant responders emitting 
a significant number of Guttman errors. Regarding the lz* and U3 
indices, class 7 had mean estimates (MeanLz* = 2.925; MeanU3 = 0.633) 

much greater than the thresholds defining aberrant responding. For 
class 6, mean point estimates were close to the cutoff values but lower 
(MeanLz* = −0.449; MeanU3 = 0.395).

3.3 Was the observed aberrance a function 
of a methods factor?

This hypothesis was tested by contrasting a unidimensional versus a 
two-factor model with the latter separating positively worded from 
negatively worded items. After fitting the data to a unidimensional 
measurement model using the Weighted Least Squares Mean and 
Variance adjusted (WLSMV) estimator that is appropriate for ordered 
data, results indicated that all items loaded significantly to their respective 
factor (at p < 0.001) but the global model fit was poor (CFI = 0.824, 
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FIGURE 3

Cutoff values for indices of aberrant responding.
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RMSEA = 0.210). On the contrary, separating the items based on valence 
into positively worded and negatively worded factors resulted in 
improved and acceptable model fit (CFI = 0.974; RMSEA = 0.078). 
Interestingly, the correlation between factors was r = 0.492 using Pearson’s 
r. These findings point to the existence of a methods factor that accounted 
for the intercorrelation between items due to item wording.

3.4 Evaluating scale psychometrics using 
original and purified data

Using a purification procedure, analyses of internal consistency 
reliability and factorial validity were conducted contrasting the results 
from the full sample against those from a truncated sample that 

excluded the participants from classes 6 and 7. Regarding internal 
consistency reliability results indicated that the full sample estimate 
was 0.820 and was elevated to 0.837 for the truncated sample. When 
contrasting the two coefficients using a Fisher’s z transformation 
Z-test (Hinkle et al., 1988), results pointed to significant improvements 
in internal consistency reliability for the truncated sample (Z = 2.542, 
p = 0.011).

Using the Confirmatory Factor Analysis (CFA) model results 
indicated that model fit was improved using the truncated data 
compared to the full sample (e.g., CFIFull = 0.824; CFITruncated = 0.890). 
Interestingly, when contrasting models using the RMSEA, the 
confidence intervals for the RMSEA using full data at 95% ranged 
between 0.205 and 0.214. The point estimate for the RMSEA using 
truncated data was 0.167 and its respective 95% confidence interval 

FIGURE 4

Densities of person-fit indices per latent class in the 7-class optimal solution (modal).
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ranged between 0.162 and 0.171. Thus, the point estimate of the 
RMSEA using the truncated data was significantly different from 
the one using full data as the confidence interval for the full data 
did not include the point estimate of the RMSEA using 
truncated data.

4 Discussion

The goals of the present study were (a) to identify subgroups of 
participants who respond in the same manner in reverse-coded items 
using mixture modeling, (b) to validate the identification of aberrance 
mixtures using person fit indicators, (c) to test the presence of systematic 
error variance through supporting an additional “method” factor, and 
(d) evaluate the effects of aberrant responders on the psychometrics of 
a confidence scale related to mathematics achievement.

One important finding was that two classes of individuals who 
responded in the same manner across reverse-coded items were identified 
using mixture modeling, one with low confidence and one with high 
confidence for mathematics. Furthermore, an analysis of these two groups 
using person fit indicators showed that mean levels of aberrance were 
significantly elevated in these two groups, compared to the remaining five 
subgroups. This finding provides further support for using mixture 
modeling to identify subgroups that potentially behave in aberrant ways. 
The concordance between person-fit indicators and the subgrouping 
produced via the LCA analysis was high, validating the use of person-
based analyses. Furthermore, the combination of participants in classes 6 
and 7 represented 9% of the sample. This magnitude is lower compared 
to unpublished data from Bandalos, Coleman, and Gerstner (cited in 
Reise et  al., 2016) who reported rates of inconsistent responses to 
positively worded and negatively worded items in the Rosenberg Self-
Esteem scale (RSES) at rates between 12 and 17%.

Another important finding was that the inclusion of these two 
subgroups had important negative implications for the scale’s 
psychometric analyses. An inferential statistical test indicated 
significant improvements in internal consistency reliability using the 
truncated sample compared to the full sample. Similarly, by employing 
the 95% confidence intervals of the RMSEA significant differences in 
model fit were present, with better model fit being associated with the 
truncated dataset. This finding agrees with earlier work in that 
negatively worded items were associated with poor psychometric 
characteristics such as enhanced item difficulty levels and lower 
discriminant ability compared to positively worded items, as per the 
IRT model (Kam, 2023; Sliter and Zickar, 2014). Thus, the idea that by 
reversing negatively worded items they function in equivalent ways 
with their positive counterparts simply does not hold.

A third finding was that the integration of person-based, and 
variable-based analysis contributed to our conclusion that 
positively worded and negatively worded items represent distinct 
facets due to item wording, representing method variance rather 
than distinct facets of the underlying confidence construct. In 
Marsh et  al. (2010) terms this systematic form of variance 
represents “ephemeral” variance. Using the factor model, results 
indicated that a 2-factor solution favored the unidimensional 
model with all positively and all negatively worded items loading 
on two distinct dimensions. This finding agrees with past studies 
that a method effects factor was identified (e.g., Kam et al., 2021; 
Podsakoff et al., 2003).

4.1 Recommendations limitations and 
future directions

Based on the empirical evidence described above and the 
current empirical findings it is suggested that reverse-coded 
items should be avoided as they may be associated with erroneous 
responses, carelessness, lack of understanding, or the tendency to 
satisfice (Krosnick, 1991; Suárez-Álvarez et  al., 2018). The 
empirical evidence has suggested that their inclusion likely 
contributes to spurious rather than substantive measurements 
(factors) due to item format (positive versus negative phrasing; 
Barnette, 1996). Thus, the results from the present study add to 
previous recommendations that the practice of including 
negatively worded items in surveys and self-report instruments 
may introduce artificial methods effects and needs to be avoided 
as it may compromise both content and construct validity 
(Marsh, 1996; Domínguez-Salas et al., 2022). Specifically, effects 
of negatively worded items on cognitive fatigue or lack of 
cognitive reflection have been documented (Fukudome and 
Takeda, 2024; Koutsogiorgi and Michaelides, 2022; Merritt, 2012) 
or have been linked to specific personality types (Weems et al., 
2003; DiStefano and Motl, 2009) such as the behavioral inhibition 
system (BIS, Quilty et al., 2006) or behavioral activation systems 
(BAS, Weydmann et  al., 2020). On the opposite side of this 
argument, however, Vigil-Colet et  al. (2020) suggested that 
reversed coded items could be  valuable and could be  used in 
survey measurement only if acquiescence and response biases are 
controlled for statistically. A series of novel methodologies are 
currently available in that regard (Plieninger and Heck, 2018; 
Machado et al., 2024).

The present study is limited for several reasons. First, there were 
no direct and observable indicators of aberrant responding; instead, 
aberrance was inferred from the person fit indices as they reflect 
deviations between observed and expected responses to items based 
on adherence to the Guttman pattern. The use of additional 
measurements such as eye-tracking, cognitive, or self-report measures 
could provide additional insight into the causes behind inconsistent 
responses in negatively valenced items.

In the future, it will be important to devise methodologies to both 
identify and correct estimates for the presence of aberrant responses 
due to reverse-coded items. Bolt et  al. (2020) presented an IRT 
mixture model that makes use of Samejima’s (1969) Graded Response 
Model (GRM) to identify what they termed as “confused” classes. 
They presented models to identify full confusion, utilizing all items of 
a scale, or partial confusion utilizing half of the items. Kam (2018) 
proposed the latent difference (LD) modeling approach from Pohl 
et  al. (2008) to identify method effects. Further combinations of 
mixture models that model separate ability and aberrance and adjust 
person-ability estimates may also be useful (Yamamoto, 1989). Garcia-
Pardina et al. (2024) proposed a new model to estimate “substantive 
dimensionality” which accommodated variance due to wording effects 
which entailed exploratory graph analysis (EGA) and parallel analysis 
(PA). Kam and Fan (2020) proposed multitrait-multimethod 
methodologies within the factor mixture models to capture 
heterogeneous responses and Kam and Meyer (2022) suggested 
applying non-linear methodologies. Last, the inclusion of advanced 
technologies may also provide additional evidence on explanatory 
factors (Koutsogiorgi and Michaelides, 2022).
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Appendix

Category information curves as per the GRM model fitted to the confidence data.

https://doi.org/10.3389/fpsyg.2024.1489054
https://www.frontiersin.org/journals/psychology
https://www.frontiersin.org

	Confidence in mathematics is confounded by responses to reverse-coded items
	1 What are the effects of reverse-coded items?
	1.1 What are current recommendations for dealing with reverse-coded items?
	1.2 Context and goals of the present study

	2 Methods
	2.1 Participants and procedures
	2.2 Measure
	2.3 Data analyses
	2.3.1 Criteria for classifying participants to groups
	2.3.2 Validating person aberrant behavior via analyzing response patterns
	2.3.3 Ancillary analyses involving confirmatory factor analyses (or the graded response model)

	3 Results
	3.1 Identification of aberrance using mixture modeling
	3.2 Validating aberrance using person-fit indicators
	3.3 Was the observed aberrance a function of a methods factor?
	3.4 Evaluating scale psychometrics using original and purified data

	4 Discussion
	4.1 Recommendations limitations and future directions


	References



