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Abstract— The NEO Five-Factor Inventory (NEO-FFI) is a
psychological scale used to assess personality based on five major
traits. Although widely adopted, its reliability can be
compromised due to susceptibility to psychological biases during
self-reporting.

This study proposes a method for detecting biased responses by
analyzing EEG signals recorded while participants answer NEO-
FFI questions. As features, we extracted parameters derived from
probability density functions fitted to the temporal variations of
content rates in five EEG bands—alpha, beta, theta, delta, and
gamma—measured across eight brain regions (frontal, temporal,
parietal, and occipital lobes). Frequency distributions were first
developed from these temporal signals, and the resulting fitted
parameters served as input features.

A support vector machine (SVM) was trained using these
features to detect each response as either biased or unbiased. In
an experimental study involving 23 participants aged 19 to 23, the
proposed method achieved an average accuracy of 0.64, precision
of 0.75, specificity of 0.41, recall of 0.74, negative predictive value
of 0.42, and an F1 score of 0.71. These results indicate that the
proposed approach effectively identifies biased responses and
improves the reliability of personality assessment using the NEO-
FFIL.

I. INTRODUCTION

The NEO Five-Factor Inventory (NEO-FFI) is a widely used
psychological scale for quantitatively assessing human
personality in psychology [1-5]. Based on Goldberg’s Big Five
theory, which characterizes personality through five factors:
neuroticism (N), extraversion (E), openness (O), agreeableness
(A), and conscientiousness (C), the NEO-FFI was developed by
Costa et al. [6][7]. The inventory consisted of 60 questions,
with 12 questions assigned to each personality factor.
Respondents answered each question using a five-point Likert
scale (0—4), and the total scores were used to assess each trait.
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However, responses to the NEO-FFI can be compromised by
psychological biases, such as social desirability, prompting
individuals to answer in ways that portrays themselves more
favorably [8][9]. If biased responses are included in the
assessment, the reliability of the results may be compromised.
Therefore, identifying whether each response is influenced by
psychological bias can enhance the reliability of personality
assessments.

NEO-FFI questions are processed as emotional stimuli in the
brain [10-12], and these stimuli are considered pleasant or
unpleasant in the amygdala [13—18]. This judgment can induce
a psychological bias [19—22], which subsequently activates the
autonomic nervous and endocrine systems, resulting in
behavioral and cognitive changes [23-26]. Furthermore, when
a psychological bias is induced, cognitive dissonance arises
between the true self and socially desirable self, increasing the
cognitive load on the brain [27-30]. These findings suggest a
relationship between the NEO-FFI questions and neural
activity.

Based on this, our previous studies explored several methods
for detecting deceptive responses using EEG recorded during
NEO-FFI. These include detection based on occipital beta
waves [31], detection using features extracted from brain
activity networks [32], detection based on factor analysis of
EEG signals, and the use of factor loadings related to
psychological bias [33].

In this study, we propose a method to detect deceptive
responses by analyzing the time-varying dynamics of the a, f,
0, 6, and y EEG bands in the time—frequency domain which has
not yet been explored during NEO-FFI answering. These
dynamics were modeled using probability density functions for
each EEG band to detect bias-induced responses.



II.  PROPOSED METHOD
A.  Probability Density Functions Based on Temporal
Variations in EEG Band Content Rates Induced by
Psychological Bias During NEO-FFI Responses
When psychological bias is induced during responses to the
NEO-FFI questions, the content rate C, 45(¢) at time ¢ for each
of the five EEG bands BW= {o~wave:8—13 Hz, B-wave:14-30
Hz, 6—wave:4-7 Hz, 6—wave:0.5-3 Hz, y—wave:30-70 Hz}
fluctuates over time. Here, nep denotes one of the EEG
electrode positions based on the international 10-20 system,
with p={Fpz, Fz, Pz, Cz, T3, T4, O1, O2}. The variable ¢
indicates the question number within the NEO-FFI, and beBW
denotes the EEG frequency band. In the proposed method, the
probability density function of C,qs(?)
P(CrgbiVngb), parameters
characterizing the distribution. As illustrated in Fig. 1, we

is denoted as
where v,.4» represents the
assume that the cognitive load associated with psychological
bias affects parameters v, 4 of the distribution P(Cy,¢,5;Vng,b)-

This probability density function, P(Cy,¢5;Vnq,), is developed
separately for each EEG band, brain region, and question in
NEO-FFI.

B.  Signal Processing for Detecting the Presence of
Psychological Bias from NEO-FFI Responses

This section describes the signal processing procedure used
to derive the probability density function P(Ci,g »;vnqs) for each
EEG signal measured by an EEG device and detect the presence
or absence of psychological bias.

An overview of the proposed signal processing method is
shown in Fig. 2.

In the proposed method, EEG signals are recorded from the
brain region n while a participant responds to a given NEO-FFI
question ¢. A notch filter is applied to the recorded EEG signal
to remove power line interference (hum noise), resulting in the
filtered signal x,(k).
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Fig.1  Effect of psychological bias on the parameter v, of the
probability density function P(C,,¢5;Vng.s)-
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Fig.2  Signal processing flow for detecting answers affected by
psychological bias.

Here, k(=1, 2, ...,
at intervals of At, and N, denotes the number of data points for

Ny) represents discrete time steps sampled

question gq.

Based on the EEG signals x,4(k) measured in each brain
region, a frequency distribution of the content rates was
developed by analyzing the temporal variation of the five types
of EEG. A wavelet transform was applied to x, 4(k) to compute
the spectral intensity S, 4(k, /) at time kand frequency f: In the
proposed method, for any EEG b€BW, the frequency band is
defined as f5 on—sngr- The content rate C, 4 5(k)(=0—1) of EEG
b at time step k while responding to question ¢ is calculated
using Equation (1). Here, the frequency f(=0, 24f, 34f, ... , fx),
where Af denotes the frequency resolution and fy denotes the
Nyquist frequency. As the discrete frequency set does not
always include the exact values of f o and f sign, we define
Foiowand finign as the discrete frequencies closest to fj, 0w and
[o.nigh, respectively, and use them to compute C g (k).

b ,high

Cran® = ). an(kf)/Zan(kf) (1)
f=fb,low

Subsequently, the content rate C,,4,5(k) of EEG b is treated as
arandom variable, and the interval [0,1] is divided into d equal-
width bins Bj(j=1, 2, ... , d). The frequency H,4u(B)),
representing the number of occurrences of C, 4 (k) falling into
each bin B;, was calculated using the indicator function 7, as
shown in Equation (2).
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Hog(B) = ) 1(Cgn(®) € B)) @
k=0

1 if Cogp(k) €B;

where, 71(C, k) € B; z{
( n.q-b( ) 1) 0 otherwise

Next, to estimate parameters v, 4, the frequencies H,4.4(B))
are fitted to the probability density function P(Cj, ¢,;Vnqs). The
resulting parameters v, 4 » are then aggregated based on whether
the corresponding responses were affected by a psychological
bias. In the proposed method, the product of the calculated
parameters v,4p» and their corresponding importance weight
wip(=0—1), denoted by wsvags, Was used as a feature
representing the probability density function based on the
temporal fluctuations of the EEG content rate.

Using the features wy sV 45 obtained for all questions, brain
regions, and EEG, a binary detecting was performed using a
support vector machine (SVM) to detect whether the response
to question ¢ was affected by psychological bias. In the training
phase of the SVM, Ny participants responded to NEO-FFI. For
each question, a label L,€{0,1} is assigned: 0 if the response is
unaffected by psychological bias (i.e., answered honestly), and
1 if the response is affected by psychological bias (i.e.,
answered deceptively). Labels L, were used as references, and
features wy pvnq» Were used to train the detecting model. In the
detecting phase, for a new participant whose label L, is
unknown, the features wy V. 4,5 are extracted from the EEG data
recorded while answering question ¢g. These features were then
input into the trained model to predict the label L, for that
question.

III. VERIFICATION EXPERIMENT
A.  Experiment Procedures

To validate the effectiveness of the proposed method, an
experimental study was conducted.

The participants were 23 individuals aged between 19 and 23
years. Each participant was presented with a randomized
version of the 12-question NEO-FFI questionnaire of
neuroticism on a PC display. They were instructed to respond
to each question on a five-point Likert scale (0—4) using a
wireless keyboard. During this session, the participants were
instructed to respond deceptively— that is, to intentionally
select answers that differed from their true feelings— to the
questions they wished to answer in a socially desirable way.
The responses collected in this session are referred to as (Al).

To evaluate the proposed method, it is necessary to assign a
label L, to each question ¢ in (Al) to indicate whether the
response is genuine or deceptive. Therefore, in the validation
experiment, the participants were asked to complete another
randomized version of the NEO-FFI questionnaire in the same
0—4 point format. However, the participants were instructed to
answer each question honestly. The responses from the second
session are referred to as (A0).

In this study, for each question ¢, if the response value in
(A1) matched the corresponding response in (A0), the question
was labeled honest and assigned L,=0, indicating no
psychological bias. If there was a discrepancy between the (A1)
and (AO0) responses, the question was considered deceptive,
influenced by psychological bias, and labeled L,=1. The order
of completion of (A0) and (Al) was randomized for each
participant to control for ordering effects.

During the (A1) session, the participants’ EEG signals were
recorded at each electrode region p using a portable
multipurpose biopotential amplifier (Polymate AP1542;
Miyuki Giken Co., Ltd.). Based on the proposed method,
feature values were extracted from the EEG data for analysis.

This study was conducted with the approval of the Aoyama
Gakuin University Ethics Committee (approval Number: H23—
025).

B.  Evaluation Method and Parameter Tuning

The detecting performance of the proposed method using an
SVM was evaluated by leave-one-subject-out cross-validation.
In this validation, data from 22 of 23 participants (i.e., Ns=22)
were used for training the SVM, and the remaining participants’
data were used for testing. To prevent class imbalance during
the training phase, under-sampling was performed ten times to
equalize the number of data samples with labels L,=0 and L,=1.
This process yielded 230 confusion matrices (23 participants x
10 repetitions), as listed in Table 1.

For each confusion matrix, the following metrics were
calculated using Equations (3)—(8): Accuracy, Positive
Predictive Value (PPV), Negative Predictive Value (NPV),
recall, specificity, and Fl-score. The average value of 230
results was used to evaluate the validity of the proposed method.
Furthermore, in this validation experiment, the importance
weights wy,, for the features, kernel function of the SVM, cost
parameter for penalizing detecting errors, gamma parameter for
controlling the complexity of the decision boundary, and order
parameter for the polynomial kernel were treated as genes in
the Genetic Algorithm (GA) optimization process. The
evaluation function of the GA was defined as the F1-score, and
the algorithm evolved genes to maximize this score. The GA
was run for 2000 generations with a population size of 50.
Table 2 summarizes the probability distributions and the
parameters v, 4 used in the probability density function fitting
process. The MATLAB function fitdist was used to fit the

Table 1  Confusion matrix.
Measured Value
Negative Positive
: Negative TN FN
Predicted Value —
Positive FP TP
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Accuracy = (TP +TN) /(TP +FP+FN +TN) (3)

PPV = TP / (TP + FP) 4)
NPV = TN / (TN + FN) )
Recall =TP /(TP + FN) (6)

Specificity = TN / (TN + FP) @)

F1 — score = 2 x (PPV) x (Recall) / (PPV + Recall)(8)

Table2  The distribution and its parameters v, 4, used for fitting the

probability density function.

Distribution
Number Vi,
name
4 : log-mean
1 Lognormal
8 o : log-standard deviation
2 Exponential A :rate
k:sh
3 Weibull Shape
A: scale
a : shape
4 Gamma
p : scale
a : left shape
5 Beta .
p : right shape
: locati
6 Extreme Value A Socation
o : scale
. a : shape
7 Loglogistic
p : scale

distributions and estimate the parameters v, 45, and the results
were used to compare the effectiveness of each distribution in
the proposed method.

IV. RESULT

Table 3 presents the results of the validation experiments. As
shown in Table 3, the detecting using parameters v, 45 of the
gamma distribution as features achieved the highest F1 score
among all distributions. In this case, a high positive predictive
value (PPV) and recall indicate strong performance in detecting
positive (biased) responses. Conversely, the low negative
predictive value (NPV) and specificity suggest difficulty in
correctly identifying negative (unbiased) responses. The
contribution of each feature w,; to the detecting using gamma
distribution is shown in Fig. 3. Because the gamma distribution
has two parameters, the figure shows the sum of the two
corresponding feature weights. These results indicate that the
parameters of the alpha wave at region T4 had the greatest
influence on the detecting performance.

Furthermore, Fig. 4 shows the probability density functions
of the alpha wave at region T4 for the participant with the
highest detecting accuracy, comparing questions affected by
psychological bias to those unaffected. The vertical axis is on a
logarithmic scale to make the graph shape easier to understand.
The blue line in the graph represents the probability density
function of questions that were not influenced by psychological
bias, whereas the red line represents the probability density

Table 3  SVM detecting results.
Number
1 2 3 4 5 6 7

Accuracy | 0.44 | 0.52 | 0.61 | 0.64 | 0.54 | 0.53 | 0.44

PPV 032 | 049 | 0.71 | 0.75 | 0.49 | 0.50 | 0.30

NPV 0.84 | 0.67 | 0.50 | 042 | 0.74 | 0.67 | 0.85

Recall 0.55 | 0.68 | 0.74 | 0.74 | 0.76 | 0.69 | 0.51

Specificity | 0.40 | 0.38 | 0.45 | 0.41 | 0.43 | 0.39 | 0.39

F1-score 033 | 049 | 0.68 | 0.71 | 0.55 | 0.50 | 0.32
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Fig.4  Probability density functions of the alpha wave at region T4
for the participant with the highest classification accuracy.

function of questions that were influenced by psychological
bias. These results visually demonstrate that the distribution
parameters differ depending on the presence or absence of
psychological bias.
V. DISCUSSION

In this validation experiment, several probability were
compared to evaluate their efficacy. Among these, gamma
distribution achieved the highesst F1 score. This can be
attributed to its flexibility in adjusting the overall shape of the
distribution using the shape and scale parameters.
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Furthermore, as shown in Fig. 5, the alpha band parameters
at T4 exhibited the most significant influence. This may be
because T4 is located in the temporal lobe and plays a key role
in memory processing. When psychological bias was induced,
participants recalled past behaviors stored in their memory to
detect their responses.

Next, we considered the causes of misdetections in the
proposed method. The NEO-FFI employs a five-point Likert
scale, and labels indicating the presence or absence of
psychological bias were assigned based on the differences
between the two sets of responses. However, the results showed
a poor detecting performance for negative (unbiased) cases.
This implies that the five-point scale lacks sufficient resolution
to detect the presence or absence of psychological bias
accurately. Consequently, some responses that were not
affected by bias may have been incorrectly labeled as biased.

Additionally, although the proposed method aims to capture
the temporal characteristics of brain activity under
psychological bias through probability density function fitting,
some critical frequency components may appear only briefly
and infrequently. In such cases, the characteristics may not
have been sufficiently reflected in the content rate distributions,
resulting in reduced detecting accuracy.

VI. CONCLUSIONS

This study focuses on psychological biases induced during
responses to the NEO-FFI and proposes a method to detect the
presence or absence of such bias using probability density
functions based on the temporal variation in EEG content rates
recorded during questionnaire responses.

In a validation experiment involving 23 participants that
focused on the neuroticism (N) factor of the NEO-FFI, we used
the parameters of a gamma distribution fitted to the content rate
dynamics as feature values. The detecting achieved an accuracy
of 0.64, positive predictive value (PPV) of 0.75, negative
predictive value (NPV) of 0.42, recall of 0.74, specificity of
0.41, and F1 score of 0.71.

In summary, this study demonstrated that probability density
functions derived from EEG content rate fluctuations can be
used to detect psychological biases during NEO-FFI responses.
In future work, incorporating the timing of bias induction, as
well as the features observed at those moments may further
improve detecting accuracy.
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