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Abstract
Controlling acquiescence bias typically involves the application of  positive and negative keyed items. However, little is known 
about the effect of  balancing positive and negative items on bias control. The aim of  this study was to compare three Confirma-
tory Factor Analysis models (without control, MIMIC, and Random Intercept) to recover the factor structure of  unbalanced 
and balanced instruments, using simulated and real data (from an instrument that assesses Personality). By controlling for 
acquiescence, the results indicated that the performance of  balanced scales was better than that of  unbalanced scales, as well as 
in the absence of  control for response bias, when considering balanced and unbalanced scales. Thus, this research suggests the 
possibility of  controlling acquiescence through balanced instruments associated with the use of  statistical methods in modeling.
Keywords: Factor Analysis; Psychometrics; Psychological Tests; Response Bias; Response Style.

Comparação de métodos para o controle do viés da aquiescência em escalas balanceadas e desbalanceadas1

Resumo
O controle do viés de aquiescência normalmente envolve a aplicação de itens positivos e negativos. Contudo, pouco se sabe 
sobre o efeito do balanceamento entre itens positivos e negativos sobre o controle do viés. O objetivo deste estudo foi compa-
rar três modelos de Análise Fatorial Confirmatória (sem controle, MIMIC e Intercepto Randômico) para recuperar a estrutura 
fatorial de instrumentos desbalanceados e balanceados, a partir de dados simulados e reais (procedentes de um instrumento que 
avalia Personalidade). Mediante o controle da aquiescência, os resultados indicaram que a performance de escalas balanceadas 
foi melhor do que de escalas desbalanceadas, bem como na ausência de controle desse viés de resposta, ao considerar as escalas 
balanceadas e desbalanceadas. Dessa maneira, esta pesquisa aponta para a possibilidade de controle de aquiescência por meio de 
instrumentos balanceados associada ao uso dos métodos estatísticos na modelagem.
Palavras-chave: Análise Fatorial; Psicometria; Testes Psicológicos; Viés de reposta; Estilo de Resposta.

Comparación de métodos para controlar el sesgo de aquiescencia en escalas balanceadas y no balanceadas

Resumen
El control del sesgo de aquiescencia involucra la aplicación de ítems positivos y negativos. Sin embargo, el efecto del equilibrio 
entre ítems positivos y negativos en el control del sesgo sigue siendo una pregunta abierta. En este sentido, el objetivo de este 
estudio fue comparar tres modelos de Análisis Factorial Confirmatorio (sin control, MIMIC e Intercepto Aleatorio) para recu-
perar la estructura factorial de instrumentos balanceados y desbalanceados, a partir de datos simulados y reales (a partir de un 
instrumento que evalúa personalidad). El control de este sesgo de respuesta indicó que el desempeño de escalas balanceadas fue 
mejor que el de escalas desbalanceadas, así como en la ausencia del control de la aquiescencia, al considerar escalas balanceadas 
y desbalanceadas. Por lo tanto, esta investigación sugiere la posibilidad de controlar este sesgo de respuesta por medio de instru-
mentos balanceados asociados con el uso de métodos estadísticos modelado.
Palabras clave: Análisis Factorial; Psicometría; Testes Psicologicos; Sesgo de Respuesta; Estilo de Respuesta.

1 Preprint of  this manuscript in Portuguese: https://www.researchgate.net/publication/371898024_Comparacao_de_metodos_para_o_con-
trole_do_vies_da_aquiescencia_em_escalas_balanceadas_e_desbalanceadas
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Measurement instruments that use Likert-type 
scales are susceptible to agreement biases (or disagree-
ment biases). For example, a person may strongly 
agree with the item “I am talkative” and, at the same 
time, strongly agree with the item “I am quiet”. This 
response bias (also known as response style) is called 
acquiescence, characterized by the respondent’s ten-
dency to endorse items systematically, regardless of  
their content (Kam & Meyer, 2015; Paulhus, 1991; 
Wetzel et al., 2016).

The acquiescent response style can stem from 
the individual’s difficulty in understanding the content 
of  the items and reflecting on how well the described 
characteristics align with their behaviors, thoughts, and 
feelings (He et  al., 2014). Evidence suggests that the 
pattern of  acquiescent response tends to be higher in 
childhood (i.e., 10 years) and decreases throughout ado-
lescence until stabilizing in early adulthood (i.e., 18 and 
19 years), suggesting influence by cognitive elements 
(Soto et  al., 2008). In addition to these aspects, the 
display of  acquiescence can also result from the con-
struction of  instruments with items that only present 
positive or negative meaning, which contributes to the 
acquiescent response pattern (Henninger, 2019; Plien-
inger, 2018; Podsakoff  et al., 2003).

One of  the problems associated with acquiescence 
is the presence of  systematic error variance in responses 
and, consequently, in instrument scores (Danner et al., 
2015; Kam & Meyer, 2015; Kuru & Pasek, 2016; Lech-
ner & Rammstedt, 2015), which can compromise its 
psychometric characteristics (Valentini, 2017; Zanon 
et  al., 2018). In the case of  precision estimates, sta-
tistical inferences about the estimated parameters can 
reproduce sample means that do not correspond to 
the respondent’s latent trait. Furthermore, in investiga-
tions of  validity evidence, acquiescence tends to inflate 
correlations among items worded in the same direc-
tion and suppress correlations among items worded in 
opposite directions (Danner et al., 2015; Kam & Meyer, 
2015; Kuru & Pasek, 2016; Lechner & Rammstedt, 
2015). This can have detrimental effects on psychologi-
cal testing in various contexts of  psychology because 
acquiescence tends to bias individuals’ scores, distanc-
ing them from their true score.

An attempt to avoid issues with acquiescence is 
to construct measurement instruments that present 
balanced scales, composed of  items with both positive 
and negative directions; for example: “I am talkative” 
and “I am quiet” (Kam & Zhou, 2015; Lorenzo-Seva 
& Ferrando, 2009; Soto & John, 2017). In addition, 

it is recommended that: a) one should avoid using 
the term “not” for item reversals as it tends to make 
reading and comprehension difficult (Barnette, 2000; 
Gehlbach & Artino Junior, 2018); b) the scoring key 
should be compatible with the construct/skill assessed 
by the instrument, and both positive and negative 
items should be answerable through them. The anchor 
terms of  the Likert scale should be symmetrical (e.g., 
“1-Not at all”, “2-Slightly”, “3-Moderately”, “4-Very 
much”, and “5-Completely”; Sliter & Zickar, 2014; 
Wetzel et al., 2016).

Another way to control acquiescence involves 
applying modeling to the data obtained from the instru-
ment (Henninger, 2019; Plieninger, 2018; Podsakoff  
et al., 2003). In this study, we sought to demonstrate two 
strategies for modeling acquiescence - Multiple Indica-
tors, Multiple Causes (MIMIC) and Random Intercept; 
as well as to evaluate the importance of  balancing posi-
tive and negative items through simulated and real data.

Main models for controlling acquiescence: MIMIC and Random 
Intercept

Statistical methods such as MIMIC and Random 
Intercept can be adopted to control for acquiescence 
bias (Henninger, 2019; Plieninger, 2018; Podsakoff  
et al., 2003), through exploratory factor analysis (EFA) 
and confirmatory factor analysis (CFA). To use these 
control methods (MIMIC and Random Intercept), 
it is necessary to have items with opposite directions 
(positive and negative; Geiser et al., 2008), as there is a 
risk of  overcontrol when applied to unbalanced scales, 
that is, scales consisting only of  positively or negatively 
worded items (Valentini & Hauck Filho, 2020).

In MIMIC, in addition to the latent content factor 
(i.e., the construct being evaluated by the instrument), 
the items are also explained by (or regressed on) an 
observed external variable whose scores represent the 
acquiescence index (typically the mean of  positive and 
negative items without reversal). In a balanced scale with 
a Likert-type response scoring key, for example, acqui-
escence is identified when an individual agrees with 
two opposite situations. Thus, in MIMIC, by assigning 
the acquiescence index as the cause of  item responses, 
the factor loadings obtained on the content factor are 
controlled and, therefore, free from acquiescence bias 
(Wetzel & Carstensen, 2015). Figure 1 illustrates a CFA 
model with MIMIC for controlling acquiescence.

The diagram graphically presents the MIMIC 
model. In this case, two factors are displayed (repre-
sented by circles F1 and F2), both with two positive and 
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two negative items, along with an observed acquies-
cence score. In the MPlus software, using the DEFINE 
command, the mean of  all items is calculated, which 
serves as the acquiescence score. In a balanced scale, 
the mean of  the items, without reversing them, is the 
central value of  the Likert scale. For example, for the 
item ‘talkative’, a participant marked response 5, and 
for the item ‘quiet’, the response was 1. Thus, the mean 
is 3 (5 + 1 / 2), the midpoint of  the scale. However, 
any deviation from this mean indicates acquiescent or 
non-acquiescent responses. Next, using the MODEL 
command, in addition to the factor analysis, the items 
are regressed on the newly created acquiescence score, 
and the correlation between the acquiescence score and 
the factors is fixed at zero (Aq with F1-F2@0). In the R 
software, using the lavaan package, the first line of  the 
syntax indicates how to estimate the mean of  all items, 
followed by the estimation of  the factor model.

In turn, Random Intercept models an uncorre-
lated latent acquiescence factor with the content factors 
(Maydeu-Olivares & Coffman, 2006). The item load-
ings on the acquiescence factor (Random Intercept) are 
fixed at +1 (both for positive and negative items). Thus, 
the model will estimate the acquiescence factor captur-
ing only the strictly common and unidirectional variance 

among positive and negative items (e.g., the tendency to 
agree with both positive and negative items). Figure 2 
illustrates a CFA model with acquiescence control by 
Random Intercept. We emphasize that the loadings 
restriction is not a condition for the identification of  the 
structural equation model, but it is used to capture the 
acquiescence variance. Considering that acquiescence 
reflects a tendency to positively endorse all items, posi-
tive or negative, the restriction imposed on the loadings 
at +1 aims to capture the common variance that is inde-
pendent of  item direction (i.e., acquiescence). Thus, 
releasing the loadings to be freely estimated may result 
in a model that captures other types of  biases and even 
legitimate psychological content of  the item, leading to 
overcontrol (i.e., overestimating the bias and removing 
variance from the psychological construct).

In both MPlus and R (lavaan) software, a com-
mon CFA is estimated, adding a line to model the latent 
variable of  acquiescence. The correlation between 
acquiescence and factors is fixed at zero for model 
identification. Note that the variance of  acquiescence is 
estimated (not fixed), allowing for comparison with the 
genuine variances of  the factors.

In the present research, we used examples of  bal-
anced scales, that is, with an equal number of  pairs of  

Mplus

R package “lavaan”

Figure 1. Diagram of  a Confirmatory Factor Analysis with acquiescence control using MIMIC and MPlus and lavaan 
syntax
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opposing items (positive and negative) in each factor. 
However, MIMIC and Random Intercept methods 
hypothetically allow for imbalance between positive 
and negative items. In cases of  imbalance, does the 
modeling performance remain adequate? With this 
in mind, our goal is to compare the performance of  
three CFA models (without control, MIMIC control 
method, and Random Intercept control method) for 
recovering the factorial structure of  both balanced and 
imbalanced instruments. Our research involves two 
studies: the first with simulated data and the second 
with real data collected using items from the Big Five 
Inventory (BFI-2; Soto & John, 2017), based on both 
simulated and real data.

The BFI-2 (Soto & John, 2017) assesses per-
sonality from the perspective of  the Big Five model, 
which, in broad terms, comprises this construct in five 
broad domains, namely: extraversion, agreeableness, 
conscientiousness, negative emotionality, and open-
mindedness. This self-report instrument consists of  
items that describe the adjectives of  each personality 
trait, structured in short and simple sentences, and is 
responded to using a Likert scale. The comprehensi-
bility of  the BFI-2 and its psychometric quality (i.e., 
precision estimates and evidence of  validity) (John, 

2021; Soto & John, 2017) determined its selection 
for the current study.

Simulation Study

Method

Simulation Conditions
We tested 18 conditions, varying the following 

criteria:

a)	 Low/moderate factor loadings (0.30 to 0.50) and 
high factor loadings (0.60 to 0.80). We justified the 
criteria based on the commonly observed loadings 
in psychological instruments, as it is common prac-
tice to discard items with loadings below 0.30, and 
items with loadings above 0.80 are uncommon.

b)	 Acquiescence variances (0.05, 0.10, and 0.20). 
Acquiescence variances between 0.05 and 0.10 
are common in the literature (Soto et  al., 2008), 
but we also included the condition with a vari-
ance of  0.20 to test the performance of  acqui-
escence control methods in this less common 
but possible scenario.

MPlus

R package “lavaan”

Figure 2. Diagram of  a Confirmatory Factor Analysis with acquiescence control using Random Intercept and MPlus 
and lavaan syntax
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c)	 Sample sizes (200, 500, and 1000). We included 
these conditions to evaluate whether the acqui-
escence control methods are effective for 
different sample sizes.

Each condition represents an interaction of  the 
three criteria. Regarding the thresholds, they were ran-
domly drawn from a uniform distribution, with the 
same value for opposing pairs of  items. The simulated 
correlations between factors ranged from 0.26 to 0.59, 
representing situations that are very common in the 
context of  Psychology.

Simulation Procedures and Analysis
The data were simulated to reproduce an instru-

ment with 30 items and five factors. This number 
of  items and factors is common in other psycho-
logical instruments in the Brazilian context (Ambiel 
et  al., 2022; Zanon et  al., 2014; Siqueira, 2008). As 
such, four steps were followed: database simulation, 
item selection, modeling, and recovery and summary 
of  modeled parameters.

In the first step, the databases were simulated. 
Although we aimed to reproduce an instrument with 
30 items, in order to test different balancing conditions, 
it was necessary at this stage to simulate databases 
with 60 balanced items. These items represent psy-
chometrically opposing pairs, that is, with the same 
magnitude of  factor loading, threshold, and acquies-
cence variance between positive and negative items. 
We considered that items from unbalanced instru-
ments are a sample from balanced items. Therefore, 
the simulation of  extra items allowed the selection of  
samples of  balanced and unbalanced items in the sec-
ond step. If  we had simulated separate databases for 
balanced and unbalanced conditions, we could have 
had an experimental design effect that would mainly 
affect the unbalanced items. We simulated databases 
to represent responses on a five-point Likert scale. 
The simulated factor structure consisted of  five fac-
tors, with 12 items each.

In the second step, we selected 30 items to rep-
resent a balanced instrument (three positive and three 
negative items per factor) and 30 items to represent an 
unbalanced instrument (five positive and one negative 
item per factor). Thus, we had four common items per 
factor in both versions, with three positive and one neg-
ative item. Furthermore, we chose not to select items 
that were perfect opposing pairs, as psychometrically 
opposing pairs are rarer in real instruments.

In the third step, the modeling phase, we con-
ducted three CFAs for each version (i.e., balanced and 
unbalanced). The difference between the three CFA 
models occurred in the control of  acquiescence. In the 
first model, acquiescence was not controlled; in the sec-
ond model, we controlled it using the MIMIC method; 
and in the third model, we controlled it using the Ran-
dom Intercept method. All CFA models replicated the 
simulated structure consisting of  five factors. More-
over, the Diagonally Weighted Least Squares (DWLS) 
estimator was used, considering the total weight matrix 
to correct the calculation of  standard error, mean, and 
variance-adjusted test statistic, which is suitable for 
ordinal data (Li, 2016). For each analysis of  each tested 
condition, we conducted 500 replications.

In the fourth step, to compare the performance 
of  the tested CFAs, biases were calculated, which refer 
to the distance between the obtained factor loading in 
the analysis compared to the simulated factor loading 
(i.e., obtained factor loading - simulated factor loading/
simulated factor loading). In this study, biases of  up to 
10% (i.e., 0.10) were considered acceptable. A positive 
bias indicates that the obtained factor loading had a 
higher magnitude than the simulated loading, while a 
negative bias means that the obtained loading was of  
a lower magnitude than the simulated loading. To cal-
culate the bias of  a set of  positive and negative items, 
the average of  the biases obtained for the positive and 
negative items, respectively, was calculated for a specific 
condition. This way, an overall measure of  bias present 
in a set of  items, considering both positive and negative 
items, can be obtained. The data were analyzed using 
the R software with the “lavaan” package (Rosseel, 
2012). The script for the simulation conducted in this 
study is available at the following link: https://github.
com/GustavHM/simulacao_aquiescencia

Results

Table 1 presents a summary of  the biases of  the 
factor loadings obtained in the tested conditions.

In general, in Table 1, it is possible to observe 
that the highest frequency of  biases greater than 0.10 
was observed in the unbalanced data, without con-
trol of  acquiescence, and with low (i.e., 0.30 to 0.50) 
content factor loadings (i.e., loadings on the factor 
representing the construct intended to be measured 
by the instrument). It is also noted that, in most con-
ditions, the biases indicated an overestimation of  the 
loadings of  the positive items (i.e., positive biases) 
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and an underestimation of  the loadings of  the nega-
tive items (i.e., negative biases). To better visualize the 
results, we selected some conditions that showed mod-
erate biases (≥ 0.50) and severe biases (≥ 1). In Table 
2, we present the unbalanced data; and in Table 3, the 
balanced data. Considering that the biases remained 
practically the same regardless of  the sample size, a 
sample of  1000 cases was selected to illustrate the 
biases obtained for different acquiescence variances 
and simulated loadings.

The results of  the conditions presented in Table 2 
show that acquiescence overestimated the loadings of  
the positive items. However, the main estimation errors 
were related to the loadings of  the negative items, 
which in the three conditions presented had their factor 

loadings strongly underestimated. In the first and fourth 
conditions, the negative items had negative loadings, but 
below 0.30. In the second condition, the negative items 
had loadings close to zero, and in the third condition, 
the negative items had their loadings reversed, present-
ing positive loadings on factors that were supposed to 
be negative. In summary, in these four cases, all five 
negative items had low factor loadings and were incon-
gruent with the theoretically expected values. Table 3 
presents the simulated and obtained factor loadings in 
two conditions for the balanced data.

It can be observed in Table 3 that, in the two pre-
sented conditions, the issues involved all items, both 
positive and negative. In the first condition, all load-
ings were underestimated to the point that all items had 

Table 1. 
Summary of  the mean of  biases of  the loadings obtained in the tested conditions in the simulation

Conditions
Unbalanced items Balanced items

Without 
control MIMIC RI Without 

control MIMIC RI
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Low 0.20 200 0.50 -1.60 0.12 -0.20 -0.15 0.11 -2.11
Low 0.20 500 0.50 -1.61 0.13 -0.22 0.12 -2.10
Low 0.20 1000 0.50 -1.61 0.13 -0.22 0.12 -2.10
Low 0.10 200 0.29 -1.00 0.12 -0.20 -0.10 -0.48 -0.56
Low 0.10 500 0.30 -1.01 0.12 -0.22 -0.59 -0.52
Low 0.10 1000 0.29 -1.01 0.12 -0.22 -0.74 -0.44
Low 0.05 200 0.17 -0.55 -0.14
Low 0.05 500 0.17 -0.55 -0.16
Low 0.05 1000 0.17 -0.56 -0.16
High 0.05 200 -0.18
High 0.05 500 -0.18
High 0.05 1000 -0.18
High 0.10 200 0.11 -0.35
High 0.10 500 0.11 -0.35
High 0.10 1000 0.11 -0.35
High 0.20 200 0.20 -0.68
High 0.20 500 0.20 -0.68
High 0.20 1000 0.20 -0.68

Note. Acq Var = Acquiescence Variance ; Low loadings = 0.30 a 0.50; High loadings = 0.60 a 0.80. Biases equal to or greater than 0.50 are in 
bold, and biases lower than 0.10 have been omitted.
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Table 2. 
Factor loadings obtained and simulated in the data with unbalanced items

Simulations with low loadings Simulation with high loadings
Acq Var 0.05 Acq Var 0.10 Acq Var 0.20 Acq Var 0.20

Simulated 
loadings

Loadings
without control

Loadings
without control

Loadings
without control

Simulated 
loadings

Loadings
without control

0.43 0.48 0.52 0.59 0.73 0.85
0.38 0.44 0.49 0.58 0.68 0.82
0.42 0.48 0.52 0.59 0.72 0.85
0.40 0.45 0.50 0.58 0.70 0.83
0.33 0.41 0.46 0.56 0.63 0.78
-0.31 -0.09 0.09 0.31 -0.61 -0.12
0.33 0.41 0.46 0.55 0.63 0.78
0.38 0.45 0.49 0.57 0.68 0.82
0.30 0.38 0.45 0.54 0.60 0.76
0.42 0.48 0.53 0.59 0.72 0.85
0.45 0.51 0.54 0.60 0.75 0.87
-0.45 -0.22 -0.03 0.22 -0.75 -0.27
0.47 0.52 0.56 0.62 0.77 0.89
0.39 0.45 0.51 0.59 0.69 0.83
0.38 0.45 0.50 0.58 0.68 0.82
0.41 0.47 0.52 0.59 0.71 0.84
0.49 0.54 0.57 0.63 0.79 0.91
-0.43 -0.21 -0.02 0.23 -0.73 -0.26
0.41 0.47 0.51 0.58 0.71 0.84
0.35 0.42 0.48 0.57 0.65 0.80
0.34 0.42 0.47 0.56 0.64 0.79
0.32 0.39 0.45 0.55 0.62 0.77
0.46 0.52 0.55 0.61 0.76 0.88
-0.49 -0.25 -0.06 0.20 -0.79 -0.31
0.48 0.53 0.56 0.61 0.78 0.89
0.33 0.41 0.47 0.56 0.63 0.78
0.37 0.44 0.49 0.57 0.67 0.81
0.45 0.51 0.54 0.60 0.75 0.87
0.39 0.46 0.50 0.58 0.69 0.83
-0.41 -0.18 0.01 0.26 -0.71 -0.21

Bias Bias Bias Bias
Pos Neg Pos Neg Pos Neg Pos Neg
0.17 -0.56 0.29 -1.01 0.50 -1.61 0.20 -0.68

Note. Acq Var = Acquiescence Variance In all four conditions, a sample of  1000 cases was selected. The loadings of  the negative items are in 
bold.
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loadings below 0.30, especially the positive items. In 
the third condition, all items had loadings in the same 
direction and with the same magnitude, ranging from 
0.41 to 0.46, suggesting that they were only represent-
ing the variance of  acquiescence bias (i.e., 0.20) and not 
the content variance. Therefore, in both conditions, all 
items had issues due to very low and/or theoretically 
inconsistent factor loadings.

In addition to biases in the loadings, we observed 
some identification errors in the tested conditions for 
the 200 and 500-case samples. The cases with most iden-
tification problems, ranging from 14.40% to 19.60% 
(out of  500 replications), occurred in all three analy-
ses (without control, MIMIC, and Random Intercept) 
with balanced items, low factor loadings, 200-case sam-
ple size, and regardless of  the acquiescence variance. 
In addition to these, with high loadings, acquiescence 
variance of  0.20, and 200 cases, the analysis with Ran-
dom Intercept showed identification errors in 12.40% 
of  the replications conducted. In the remaining con-
ditions, the identification problems were below 4% of  
the replications. We emphasize that the identification 
problems occurred due to implausible parameters, such 
as negative variance.

Illustration with real data
We sought to illustrate the use of  Random Inter-

cept and MIMIC for acquiescence control in a real 
database, in which a balanced personality instrument 
was used. Additionally, we tested an unbalanced version 
of  item selection to evaluate the impact of  this condi-
tion on acquiescence.

Method

Participants
The sample consisted of  888 adults from vari-

ous regions of  Brazil. Most participants were female 
(70.9%), and ages ranged from 18 to 73 years 
(M = 23.34; SD = 7.65).

Instruments
Big Five Inventory (BFI-2; Soto & John, 2017).
The instrument is composed of  60 balanced items 

that are equally divided into the five dimensions of  the 
Big Five model: extraversion (e.g., Is outgoing, sociable 
- α = 0.87), agreeableness (e.g., Is helpful and unself-
ish with others - α = 0.83), conscientiousness (e.g., Is 
efficient, gets things done - α = 0.88), negative emo-
tionality (e.g., Is moody, has up and down mood swings 

Table 3. 
Factor loadings obtained and simulated in the data with 
balanced items

Acq Var 0.10 Acq Var 0.20
Simulated Low 

loadings
Loadings

without control
Loadings

without control
0.43 0.10 0.43
0.38 0.08 0.43
0.42 0.10 0.43
-0.40 -0.20 0.44
-0.33 -0.18 0.44
-0.31 -0.18 0.44
0.33 0.09 0.43
0.38 0.10 0.42
0.30 0.07 0.43
-0.42 -0.24 0.46
-0.45 -0.25 0.46
-0.45 -0.25 0.46
0.47 0.14 0.42
0.39 0.11 0.42
0.38 0.11 0.42
-0.41 -0.24 0.45
-0.49 -0.27 0.46
-0.43 -0.24 0.45
0.41 0.12 0.41
0.35 0.09 0.42
0.34 0.09 0.42
-0.32 -0.19 0.44
-0.46 -0.26 0.45
-0.49 -0.26 0.45
0.48 0.13 0.42
0.33 0.08 0.42
0.37 0.09 0.42
-0.45 -0.24 0.45
-0.39 -0.22 0.45
-0.41 -0.23 0.45

Bias Bias
Pos Neg Pos Neg
-0.74 -0.44 0.12 -2.10

Note. Acq Var = Acquiescence Variance in both conditions, a sam-
ple of  1000 cases was selected. The loadings of  the negative items 
are in bold.
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- α = 0.91), and open-mindedness (e.g., Is curious about 
many different things - α = 0.84). The scoring key is 
provided on a five-point Likert scale ranging from “1 
- Disagree strongly. Does not describe me at all” to “5 
- Agree strongly. Describes me perfectly”.

Procedures
The sample of  this study is the by-product of  two 

Master’s dissertations, whose projects were sub-mitted 
and approved by the Research Ethics Committee of  Uni-
versity of  São Francisco (CAAE: 01465718.3.0000.5514; 
CAAE: 08033419.9.0000.5514). Data was collected 
in-person (n = 285) and online (n = 603). The in-per-
son data collection was conducted collectively with 
university students using a pencil-and-paper format. 
Conversely, the link for online data collection was made 
available through social media platforms.

Data Analysis
The CFAs were replicated without control, with 

MIMIC, and with Random Intercept using real data 
from the BFI-2. In all analyses, the DWLS estimator 
was used, considering the total weight matrix to correct 
the calculation of  standard error, mean, and test statis-
tic adjusted for variance. To replicate the analyses, 30 
balanced and unbalanced items were selected from the 
60 items of  the BFI-2. It is worth noting that each fac-
tor of  the BFI-2 has six positive items and six negative 
items. The item selection followed a similar systema-
tic approach to that used in the selection of  simulated 
items. Specifically: a) in the balanced version, the first 
three positive items and the last three negative items 
were selected, according to the order in which the items 
are presented in the complete instrument, and b) in the 
unbalanced version, the first five positive items and the 
last negative item of  each factor were selected. With 
this systematic item selection approach, four identical 

items were always selected per factor in both versions 
(i.e., balanced and unbalanced), with three positive and 
one negative item. The fit indices were interpreted as 
follows: Confirmatory Fit Index (CFI > 0.95), Tucker-
-Lewis Index (TLI > 0.95), Root Mean Square Error 
of  Approximation (RMSEA  <  0.06; Hu & Bentler, 
1999). The data were analyzed using the R software 
with the “lavaan” package (Rosseel, 2012). The script 
for the simulation conducted in this study is available 
at the following link: https://github.com/GustavHM/
simulacao_aquiescencia.

Results

The same analyses as the simulation (without 
control, MIMIC, and Random Intercept) were then 
tested with unbalanced and balanced items using real 
data from the BFI-2. Table 4 presents the fit indices 
obtained in the analyses.

Overall, the fit indices were all acceptable and 
similar in the three analyses (without control, MIMIC, 
and Random Intercept). There was an improvement 
in the fit indices for the balanced items in the anal-
yses with MIMIC and Random Intercept compared 
to the analysis without control. Table 5 describes the 
results of  the factor loadings obtained in the three 
analyses conducted with the unbalanced and bal-
anced items of  the BFI-2.

It can be observed that with the unbalanced items, 
the factor loadings of  the negative items were lower 
in the analyses without control and with MIMIC com-
pared to the analysis with Random Intercept. On the 
other hand, no substantial differences were found in 
the factor loadings of  the balanced items in the three 
analyses. The variance of  acquiescence in the analyses 
with Random Intercept was 0.05 (unbalanced) and 0.04 
(balanced) in the BFI-2.

Table 4. 
Fit indices of  the analyses with the BFI-2

χ2 (gl) CFI TLI RMSEA
Unbalanced without control 3240.49 (395) 0.86 0.84 0.09
Unbalanced MIMIC 2922.16 (395) 0.88 0.85 0.09
Unbalanced RI 2917.26 (394) 0.87 0.86 0.09
Balanced without control 2222.19 (395) 0.85 0.84 0.07
Balanced MIMIC 1860.23 (395) 0.89 0.87 0.07
Balanced RI 1866.66 (394) 0.88 0.87 0.07
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Table 5. 
Factor loadings in the analyses with the unbalanced and balanced items of  the BFI-2

Unbalanced Balanced
Items Without control MIMIC RI Items Without control MIMIC RI
BFI1 0.77 0.77 0.73 BFI1 0.74 0.75 0.76
BFI6 0.40 0.41 0.35 BFI6 0.39 0.47 0.40
BFI21 0.52 0.53 0.48 BFI21 0.57 0.65 0.58
BFI41 0.79 0.77 0.78 BFI31- -0.74 -0.71 -0.75
BFI46 0.58 0.58 0.54 BFI36- -0.44 -0.40 -0.43
BFI51- -0.52 -0.49 -0.58 BFI51- -0.64 -0.57 -0.63

BFI2 0.82 0.82 0.78 BFI2 0.47 0.58 0.47
BFI7 0.74 0.73 0.71 BFI7 0.74 0.81 0.75
BFI27 0.41 0.41 0.38 BFI27 0.31 0.39 0.32
BFI32 0.87 0.85 0.84 BFI37- -0.72 -0.61 -0.72
BFI52 0.76 0.76 0.72 BFI42- -0.40 -0.26 -0.39
BFI47- -0.36 -0.30 -0.45 BFI47- -0.45 -0.30 -0.44

BFI13 0.61 0.64 0.57 BFI13 0.53 0.56 0.54
BFI18 0.75 0.72 0.72 BFI18 0.81 0.83 0.80
BFI33 0.83 0.80 0.80 BFI33 0.87 0.90 0.87
BFI38 0.61 0.61 0.57 BFI28- -0.69 -0.65 -0.69
BFI43 0.68 0.71 0.62 BFI48- -0.83 -0.81 -0.85
BFI58- -0.54 -0.47 -0.65 BFI58- -0.60 -0.52 -0.60

BFI14 0.73 0.61 0.71 BFI14 0.81 0.73 0.81
BFI19 0.55 0.46 0.53 BFI19 0.60 0.48 0.59
BFI39 0.91 0.87 0.89 BFI39 0.68 0.55 0.67
BFI54 0.93 0.88 0.90 BFI29- -0.64 -0.70 -0.66
BFI59 0.71 0.59 0.69 BFI44- -0.63 -0.70 -0.64
BFI49- -0.37 -0.41 -0.39 BFI49- -0.42 -0.48 -0.44

BFI10 0.57 0.57 0.53 BFI10 0.57 0.63 0.58
BFI15 0.46 0.46 0.40 BFI15 0.48 0.59 0.50
BFI20 0.80 0.80 0.77 BFI20 0.53 0.55 0.55
BFI35 0.83 0.83 0.80 BFI45- -0.75 -0.69 -0.75
BFI40 0.48 0.47 0.41 BFI50- -0.54 -0.50 -0.55
BFI55- -0.38 -0.40 -0.51 BFI55- -0.45 -0.41 -0.44

Note. The sets of  six items represent, respectively, the following dimensions: Extraversion, Agreeableness, Conscientiousness, Negative Emotio-
nality, and Open-mindedness. The symbol “-” in the description of  some items indicates that they are negatively worded.
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Discussion

The present study aimed to compare three model-
ing approaches (without control, MIMIC method, and 
Random Intercept) for instruments that may be influ-
enced by acquiescence, using simulated data and a real 
dataset. Overall, the results pointed to the importance 
of  modeling acquiescence in factor analyses of  instru-
ments composed of  positive and negative items. Also, 
the Random Intercept model was slightly superior to 
MIMIC, and both models varied in performance under 
different conditions.

Regarding the simulation study, performance var-
ied considerably in the interactions between balancing 
conditions, control method, and factor loadings sizes. 
Additionally, the size of  acquiescence influenced the 
models’ performance. However, the sample size did not 
have a significant impact.

For unbalanced scales, there was an overestima-
tion of  positive factor loadings (i.e., items in greater 
quantity) and, above all, an underestimation of  negative 
factor loadings (i.e., items in smaller quantity). Underes-
timation was, therefore, associated with the loadings of  
negative items. A plausible explanation for this is that 
acquiescence can inflate correlations between items 
worded in the same direction and suppress correlations 
between items with opposite directions (Danner et al., 
2015; Kam & Meyer, 2015; Kuru & Pasek, 2016; Lech-
ner & Rammstedt, 2015). It is worth noting that simply 
reversing the imbalance, that is, having more negative 
items than positive ones, will only reverse the problem. 
Controlling for acquiescence in umbalanced scales is 
crucial to ensure that the items (positive or negative) 
that are in smaller quantity in the instrument do not 
have their factor loadings suppressed by acquiescence.

Conditions with lower content (psychological 
trait) factor loadings, in general, showed greater estima-
tion bias, especially for unbalanced scales and without 
any acquiescence control method. Previous research 
has pointed to the influence of  acquiescence on the 
internal structure of  instruments (Kam & Meyer, 2015; 
Kuru & Pasek, 2016; Lechner & Rammstedt, 2015; 
Valentini, 2017). The present study advances this lit-
erature and provides evidence that some structures 
may be more affected than others. Items of  lower 
quality (i.e., with a weaker relationship with the latent 
trait) are more susceptible to acquiescence bias, even 
when the variance of  acquiescence itself  is the same. 
This occurs because lower-quality items have less vari-
ance explained by the content factor and, as a result, a 

significant proportion of  the variance is attributed to 
acquiescent response bias.

Despite the strong recommendation for modeling 
acquiescence in instruments with low factor loadings, 
we emphasize the differences in performance. In these 
cases, the absence of  control is strongly discouraged 
as it substantially biases the factor loadings, both for 
unbalanced and balanced scales. In some cases, the 
bias exceeded 200% on average. The conclusions of  
the MIMIC and Random Intercept models vary: Ran-
dom Intercept appears to solve the problem of  bias in 
estimating low factor loadings in both unbalanced and 
balanced scales, while control through MIMIC seems to 
solve it only in balanced scales. This may have occurred 
due to the calculation of  the acquiescence indica-
tor used in MIMIC. For unbalanced scales, we used a 
reduced number of  opposite pairs for calculating the 
acquiescence indicator, which may have considerably 
reduced its accuracy.

The results for conditions with high factor load-
ings in the content are less heterogeneous. In this case, 
we observed low performance only in the absence of  
control in unbalanced scales. Random Intercepts and 
MIMIC did not show significant biases in any of  the 
conditions where the factor loadings were high. This 
was expected because the higher the content loadings, 
the higher the precision of  the factor score. There-
fore, high factor loadings can serve as protection 
against acquiescence, provided that the response bias 
is modeled or the scale is balanced. This also provides 
additional support to our conclusion that some struc-
tures may be more or less affected by acquiescence.

The size of  acquiescence was also relevant for 
the modeling performance. In general, high acquies-
cence (i.e., variance of  0.20), without control, led to 
greater problems in the content loadings, even for bal-
anced scales. This result provides additional evidence 
to the literature on the strength of  acquiescence’s influ-
ence in worsening the factor structure (Kam & Meyer, 
2015; Kuru & Pasek, 2016; Lechner & Rammstedt, 
2015; Valentini, 2017).

On the other hand, the sample size does not 
seem to have a significant influence on the bias gen-
erated by acquiescence. It is understood, therefore, 
that if  the model has sufficient statistical power, or a 
sufficient sample size, acquiescence does not seem to 
require a larger sample size. Despite this, problems 
with model identification were more common in small 
samples, becoming an issue not only for acquiescence 
control but also for verifying the internal structure of  
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the instrument. The sample size will depend on the 
complexity of  the model being tested, so there is no 
standard minimum sample size (Muthén & Muthén, 
2002). To determine the ideal sample size, it is recom-
mended to conduct a simple simulation based on the 
models that will be tested.

Regarding the illustration with real data from the 
BFI-2, we noticed that the tested acquiescence controls 
slightly improved the fit of  the models. Although the 
fit was below expectations, this result is not different 
from what has been found in the literature (Soto & 
John, 2017). This can be partially attributed to the com-
plexity of  factor models for personality. Items in this 
context are typically multidimensional (i.e., they have 
cross-loadings), and the estimation of  overly restrictive 
models without cross-loadings significantly reduces the 
fit (Aichholzer, 2014).

Regarding the factor loadings of  the BFI-2, the 
results with real data are similar to the ones found in 
the simulations. Apparently, some negative items had 
their loadings underestimated, especially when test-
ing the “without control” model in the unbalanced 
composition of  the scale. However, for the balanced 
composition of  the scale, we did not observe signifi-
cant differences in the content factor loadings after 
controlling for acquiescence, whether through MIMIC 
or Random Intercepts. We highlight that the sample 
consisted of  adults, and the variance of  acquiescence 
was low (i.e., 0.04 and 0.05). Soto et al. (2008) showed 
that the variance of  acquiescence tends to be higher 
in childhood and adolescence (i.e., between 10 and 
18 years old) and seems to stabilize in adulthood (i.e., 
19 and 20 years old).

Final Considerations

This study provides evidence on the importance 
of  item balancing and acquiescence control for factor 
model estimation. We emphasize that the performance 
of  balanced scales was better and that it is necessary 
to model acquiescence (using methods like MIMIC 
and Random Intercepts).

It is worth noting an important point regarding 
some recommendations against the use of  negative 
items in self-report instruments, arguing that they 
are psychometrically inferior (Checa & Espejo, 2018; 
Gehlbach & Artino Jr., 2018; Lai, 1994; Ray et  al., 
2015; Salazar, 2015; Sliter & Zickar, 2014). Based on 
this study’s results, we noticed that negative items did 
not demonstrate inferiority compared to positive items 

after controlling for acquiescence bias, as other authors 
have also suggested (Marsh, 1996; Peterson & Peter-
son, 1976; Primi et al., 2019a; Tamir, 1993). It is also 
important to remember that this control can only be 
operationalized in self-report instruments with Likert-
type response scales, using both positive and negative 
items. Therefore, by mistakenly eliminating negative 
items because they may seem psychometrically worse, 
researchers are also impeding the possibility of  control-
ling for acquiescence, which may contribute to biased 
structure and scores.

As a limitation, we can highlight that we tested 
a single factor structure composed of  five factors. 
Additionally, we only adopted one condition of  item 
imbalance, which was the same for all factors (i.e., one 
negative item and five positive items). We also did not 
test acquiescence biases in models formed solely with 
positive items. Furthermore, we did not test poten-
tial differences in standard errors across conditions, 
which could indicate greater instability in parameter 
estimation for some conditions. Moreover, we did not 
consider the possibility of  model misfit, which may 
limit the adherence of  the simulations to reality. We 
acknowledge that all these unaddressed issues in this 
article could generate distinctions in acquiescence 
biases. Therefore, we suggest that future studies be 
conducted to test acquiescence bias in instruments 
that address these different conditions of  structure 
and imbalance, including small samples (i.e., fewer 
than 150 cases). Finally, the sample of  real data used in 
this study consisted of  adults, who are reported in the 
literature to exhibit lower acquiescence compared to 
adolescents and children. Therefore, we suggest that 
future studies empirically test acquiescence biases in 
balanced and unbalanced instruments using samples 
of  children or adolescents.

Despite the limitations, the data presented in the 
study are sufficient to support the recommendation of  
constructing instruments with both positive and nega-
tive items, preferably balanced. We emphasize that the 
literature provides little evidence regarding the effect 
of  item balancing in the construction of  self-report 
scales. Furthermore, we suggest using some form of  
acquiescence modeling (such as MIMIC or Random 
Intercept) when analyzing the factorial structure of  the 
instrument to avoid errors in its interpretation. Table 
6 can serve as a guide for researchers in making deci-
sions regarding scale development and bias modeling, 
helping them determine the best model for the specific 
characteristics of  the scale being developed.
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