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Abstract: Human personality assessment using gait pattern recognition is
one of the most recent and exciting research domains. Gait is a person’s
identity that can reflect reliable information about his mood, emotions, and
substantial personality traits under scrutiny. This research focuses on recog-
nizing key personality traits, including neuroticism, extraversion, openness
to experience, agreeableness, and conscientiousness, in line with the big-
five model of personality. We inferred personality traits based on the gait
pattern recognition of individuals utilizing built-in smartphone sensors. For
experimentation, we collected a novel dataset of 22 participants using an
android application and further segmented it into six data chunks for a critical
evaluation. After data pre-processing, we extracted selected features from each
data segment and then applied four multiclass machine learning algorithms
for training and classifying the dataset corresponding to the users’ Big-Five
Personality Traits Profiles (BFPT). Experimental results and performance
evaluation of the classifiers revealed the efficacy of the proposed scheme for
all big-five traits.
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1 Introduction

Every person has a distinctive gait. Gait recognition studies how people walk and how that can be
analyzed in detail. It is defined as “the systematic investigation of human movement.” [1]. The human
gait cycle, commonly referred to as the stride, is a series of motions that starts and ends with one foot
contacting the ground. Stance and swing are the two phases that make up a stride. 60% of the gait
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cycle, which begins when the foot contacts the ground, is taken up by stance. Up until that foot lifts
off the ground, it continues. 40% of the stride is spent in the swing. The foot leaves the ground to start
it, returning to the earth to finish it [2,3]. Eight sub-phases make up the entire gait cycle. The first
contact, loading response, mid-stance, terminal stance, and pre-swing are the five phases that make
up the stance phase. The initial swing, mid-swing, and terminal swing are all parts of the swing phase.
The research on automatic gait identification is currently quite popular. It can be used in a variety of
settings, including medical [4], soft biometric identification [5,6], surveillance, product marketing and
sports [5], rehabilitation, product marketing [ 7], and sports [8,9]. Several time-tested methods have been
developed for gathering and identifying gait patterns [10], including Video-Sensor (V-S) based [1 1-13],
Ambient-Sensor (A-S) or Floor-Sensor based [14—16], and Wearable-Sensor (W-S) based techniques
[17-19]. The most up-to-date method entails collecting and recognizing gait patterns via the use of a
smartphone’s in-built sensors (GPS, proximity, accelerometer, gyroscope, etc.) [20-23]. Since it helps
scientists collect and examine naturally occurring gait variations, it has been an increasingly popular
method in recent years. Given that it doesn’t require users to attach sensors to various parts of their
bodies, this method is not only inexpensive but also incredibly convenient. The most recent method
uses smartphone sensors, including GPS, proximity, accelerometer, gyroscope, and others, to collect
and recognize gait patterns.

Gait pattern analysis depicts significant details about a person’s personality traits and emotions.
We can recognize others in an abstract display of their movement and judge their personality traits
according to their behavior, such as noticing someone walking for a couple of seconds by watching
a video clip of their behavioral sequences [24]. A human walking pattern can vary in different
contexts, such as walking while listening to music, upstairs, normal walking, and walking during
a foot injury. However, behavior observation is a traditional and widely accepted technique for
identifying individual differences in psychology. It also judges personality from action [25]. However,
this technique requires human coders to rate participants’ behavior. Ultimately causing personality
traits leaving a significant chance of error and missing some salient features and details [26]. An
alternative approach utilizes the gait analysis techniques (V-S based, A-S based, and W-S based) to
assess an individual’s personality traits by collecting gait patterns of the individuals with standard
gait biomechanics measures. These techniques are the most advanced and efficient as they allow
researchers to collect data continuously over many strides, unobtrusively revealing critical details with
less uncertainty and errors.

This paper assesses the key personality traits in line with the big-five personality model based
on individuals’ gait pattern recognition. The Big Five inventory [27] measures widely used big-five
personality traits. It is technically the most accepted and dependable personality model in individual
differences research. Researchers in [28,29] described the big-five model traits in detail.

This research focuses on maintaining the Big-Five Personality Test (BFPT) profile. After main-
taining BFPT profiles, it collects the gait data of all participants using five different gait patterns,
including normal walking, walking upstairs, walking downstairs, and presenting with audiences and
without audiences. Furthermore, to extract meaningful data, this work deals with pre-processing the
data, extracting features, and then applying four Machine Learning (ML) classifiers. Results obtained
after classification proved the efficiency of the scheme. The main contributions of our work are as
follows:

e This work includes maintaining participants’ Big Five Personality Traits (BFPT) profiles before
collecting data. BFPT is a 50-item questionnaire, having a scale of 1-5, developed to measure
the big-five factor markers.
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e A novel dataset of 22 participants, including 10 males and 12 females aged between 19 to 26
years, is collected using an android application “data collector.” Two smartphones are used for
dataset collection. Participants kept one smartphone in their pocket and the other in hand while
recording data in different contexts.

e To the best of our knowledge, this research, for the first time, proposed a method for inferring
the key personality traits of individuals in line with the big-five model of personality through
gait pattern recognition.

e The proposed approach is evaluated by comparing the inferred personality traits to the
personality scores obtained through BFPT for each user. Performance evaluation showed
promising results, highlighting the efficiency of the scheme.

2 Related Work

Gait analysis has been one of the most escalating fields for decades. Researchers have done
remarkable work in this domain to date. It has many daily applications, including security and
surveillance, soft biometrics, health, and fitness [30]. Human personality assessment through gait
pattern recognition is a recent phenomenon. Predictions about inferring personality traits through
actions have long been neglected. Researchers have just started working in this domain for almost over
a decade. In 1995, Philosopher Taylor suggested the link between walking patterns and the personality
of individuals [31]. His claim has not been considered for practical research for years. Behavioral
observation techniques effectively implied personality trait attribution [25]. Body movement is a
medium used by observers to make judgments about an individual. Especially if face and body
appearances are invisible or the person is at a distance.

In the paper [32], the authors researched to assess the point-light walkers and ultimately identified
their motion-related visual cues. In their research, participants completed personality questionnaires
and marked their personality traits as ground truth. Twenty-six participants were involved in this study,
and whole-body walking movements were captured using a VICON system. Observers were shown one
gait cycle of point-light walkers’ stimuli. They rated their stimuli on a six-rating scale. Five of these
were related to the big-five personality model. Findings confirmed that observers made reliable trait
judgements that were linked to the motion components derived from the analysis of the motion data.
Thereby reflecting the relationship between personality traits and gait cues.

Besides behavioral observation techniques, researchers have made incredible efforts in emotion
recognition through gait. Authors in [28] presented a neural network-based application of emotion
recognition by analyzing human gait. They performed two experiments. First, they identified the
participants’ emotional states by analyzing their gait. Participants reflected four diverse emotional
states such as normal, happy, sad, and angry. Second, they investigated the changes in gait patterns
while listening to different types of music, including excitatory, calming, and no music. Performance
evaluation of this application proved that individual emotion detection rates up to 99% through gait
analysis.

Additionally, in the second experiment, the gait data of participants provided significant infor-
mation for emotion recognition. The utilization of human gait for personality assessment can be
considered as an augmentation of emotion recognition through gait analysis. By analyzing papers
[29,33], we can say that authors have presented evidence of having different personality cues in gait
patterns. They adopted the approach of human coding and each observer-rated trait by looking at
the shown gait patterns of participants. These ratings were then correlated with the participants’ self-
reported measures to determine the accuracy of the perceived information.



2354 CSSE, 2023, vol.46, no.2

Researchers in [34] proposed an unconventional approach to human coding to explore how
personality traits are being revealed in gait analysis. They recruited 29 participants for their research.
They further attached reflective markers at their anatomical positions of the thorax and pelvis, knees,
and feet. Consequently, participants completed the Buss-Perry questionnaire, including the big-five
measure. They captured the motion data of the participants walking on a treadmill naturally for the 60
s. Analyzing their upper and lower body movements demonstrated that gait analysis could correlate
to the big-five and aggressive personalities. Although the current studies [35-37] looked at several
components of gait and how they relate to aggressiveness and the big-five personality characteristics, it
was exploratory and lacked a strong hypothesis. Authors [38] evaluated the association between the big-
five personality traits, particularly three major traits: neuroticism, Conscientiousness, extraversion,
physical activity level, and muscular strength. They suggested that neuroticism negatively correlates
with muscle strength. While extraversion and conscientiousness, along with their facets, positively
correlated. The study claimed that various personality traits were linked with the physical activity level.
It further explored that having multiple negative traits exhibits a great risk of low muscular strength.

Researchers in the paper [39] observed the relationship between personality traits and physical
capacities in older adults through gait speed and muscular strength analysis. Almost 243 older women
were recruited in this study. Participants completed a questionnaire for personality traits measurement,
subjective age information, identification of their attitudes toward aging, and physical self-perceptions.
The authors adopted a structural equation modeling technique (SEM) for data analysis. This research
provided evidence of extended associations between extraversion, neuroticism, conscientiousness, and
walking speed. It also depicts the relationship between conscientiousness, neuroticism, openness, and
muscular strength. Likewise, analysis of papers [40] and [41] indicates the associations of personality
traits, physical activity level, and cognitive impairment with the risk of falls in older adults as
well. Participants completed a series of questionnaires regarding subjective personality type, physical
activity level, and cognitive status and later analyzed those descriptively. Results indicated favorable
evidence of the above-mentioned associations.

The ability to read people’s emotions and traits has numerous practical uses. Rehabilitation, better
product marketing, optimization based on customer behavior, security, personality detection in a
shopping mall, and improved interactive and realistic computer games are just some of the applications
[4-9]. However, there is a shortage of studies examining the possibility of assessing personality traits
through the automated acquisition and analysis of motion data. It also implies the need for further
study in the area.

3 Proposed Methodology

In this section, the methods used to infer personality traits from gait pattern recognition with
smartphone sensors have been discussed in detail. The proposed methodology consists of six distinct
steps, including acquiring and pre-processing data, feature selection, and extraction, machine learning-
based classification, gait recognition, and personality traits recognition, as shown in Fig. 1. Each phase
of the proposed scheme is described in the sections below in detail.
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Figure 1: Block diagram of the proposed methodology

3.1 Data Acquisition using Smartphones’ Sensors

Before data recording, each participant completed the BFPT using revisions suggested by the Big-
Five Inventory [27,33]. BFPT questionnaire [42] contains 50 questions and measures the big-five factor
markers, which include Neuroticism (N), Extraversion (E), Openness to experience (O), Agreeableness
(A), and Conscientiousness (C). Each question is marked on a scale of 1-5, where 1 = disagree, 2 =
slightly disagree, 3 = neutral, 4 = slightly agree, and 5 = agree.

To maintain users’ BPFT profiles, this work calculates scores against each trait for every user
according to the method given in [42,43]. After scoring five traits separately for all participants, we
measured the average value for each trait (A4,,,, E,.;, C.gs Nug, and O,,,) by using a formula,

Sum of the scores of all users for trait X

(1)

Fig. 2 shows the BFPT profiles maintained for all participants. All users are marked as ‘Positive’
(1) or ‘Negative’ (0) for every single trait based on their calculated average scores. These BFPT profiles
of users were used later for training the dataset using machine learning classifiers.

Average (Xu,) = Total users

Suppose for Extraversion E,,, obtained is 18.74. Participants scoring against this particular trait
above average will be marked as positive (E1) or otherwise negative (E0).

3.2 Dataset Details

To validate the proposed scheme, a novel dataset for personality traits recognition has been col-
lected using an android application called “data collector” [44]. Dataset included data obtained from
the smartphone’s built-in sensors, including GPS, accelerometer, magnetometer, and gyroscope sensor
readings at two different perspectives (hand, pocket), including altitude, gravity, user accelerations, and
rotation rate collected at 50 hertz (HZ). It included data from 22 subjects; 10 males and 12 females
aged between 19 and 26 years and weighing between 39 and 70 kg. The dataset is collected in an
ideal environment with fixed temperature conditions during the morning. Participants were asked to
keep smartphones in two positions: one held in hand and the other placed in the pocket for data
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collection. Five gait patterns were selected for this work, including normal walking, presentation
with audiences, presentation without audiences, walking upstairs, and walking downstairs. Each gait
pattern was recorded for 3—5 min, giving enough examples for our analysis. In our novel dataset, we
had approximately 7500 instances in each gait data file, and each user recorded data of five different
gait patterns, so accumulative instances for the individual user were 7500 x 5 = approximately 37,500.
Furthermore, the dataset consisted of 22 subjects, so it includes (7500 instances (approx.) * 5 gait
patterns) x 22 users = §,25000 instances (approx.) for one smartphone. This research deals with
the dataset collection from two smartphones from two different perspectives, so the overall dataset
contains approximately 825000 + 825000 = 1,650,000 instances from both smartphones. With this
dataset, this research aimed to identify the subjects’ personality traits in time-series sensor data based
on their gait pattern recognition. The characteristics of the dataset are described in Table 1.

BFPT Profiles

= N W e o

o

mPersonality TraitsE m Personality Traits A
m Personality Traits C mPersonality TraitsN
mPersonality Traits O

Figure 2: Big five personality traits profiles of all users

Table 1: The characteristics of the selected dataset

Characteristics Description

Sensors Accelerometer, Gyroscope, Magnetometer, GPS
Recruited participants 22 (10 Males, 12 Females)

Selected activities Normal walk, presentation with audiences,

presentation without audiences, Walking
upstairs and Walking downstairs

Duration 3—-5 min

3.3 Pre-processing using Average Smoothing Filter

Eliminating background noise is crucial before using the data for further analysis. Consequently, a
filter with average smoothing is applied along all three dimensions. After denoising the signal, the next
step is segmenting the whole gait data. For this purpose, every collected dataset file for each activity
is divided into six different segments starting from 5 s up to 30 s with a gap of 5 s (5, 10, 15 s, the
20, 25, and 30 s) using a fixed-sized sliding window. Our dataset files were divided into six distinct
chunks to conduct an in-depth study of the suggested scheme at each available segment to get a deeper
comprehension and insight.
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3.4 Feature Extraction on Each Segmented Chunk

Features are computed after pre-processing, and this involves extracting data that could be
employed for user recognition and considerable speed boosts. This work deals with the 20 features’
extraction in the time domain after concluding from the literature. The size of the feature matrix was
n x 20, where n is the total number of users. As the dataset included 22 subjects, so the feature matrix
size was 22 x 20. Table 2 gives an overview of all the extracted features for every segment.

Table 2: Details of the selected time domain features for each segment

Feature

Expression

Variables’ description

Max. amplitude
Min. amplitude

Smax = Max {s(t)}
Smin = min {S(t)}

s(t) = the original segment signal
Smax> Smin= global maxima and minima of the segment
signal

Maximum latency
Minimum latency

Lnax = Smax/frames
Lin = Smin/frames

l.... = max latency of the signal, 1,;, = min
latency, frames = samples within segment

1 .
Mean w= N > s(t) u = mean value of the segment, @ = variance of the
1 segment, N = total number of frames, s(t) = the
Variance o = v > (s(t) — w)* original segment signal
Kurtosis K = (m,/(m,?)) K = kurtosis, S = skew, m,, m; & m, = the second,
Skew S = (m;/(m;*?)) third, and fourth moment of the mean, respectively
lmax . . .
Latency to Amp. Ratio LAR = LAR = ratio of latency to the signal maxima, AA =
Simax 1 —
Absolute Amp. AA = [so] absol}lte ampliltude, ALAR = absqlute latency to
/ amplitude ratio, s,,,, = global maxima of the segment
Abs. latency to Amp ALAR = |= signal, /,.,, = max latency of the signal
ratio Simax
Peak-to-Peak value PP = Smax — Smin pp = peak to peak value, MD1, MD2 = mean of abs.
Mean of abs val. of 1 MDI1 = 1/n+ value of first and second segment difference, N =
diff 1> |s(t+ 1) —s(t)| total number of frames, s(t+1), s(t+2) = shifted
Mean of abs val. of 2  MD2 = 1/n + signal
diff 1> s (t+2) —s(b)]
Mean cumulative sum  CS = s(t) = the original segment signal,

Inter stride
Movement angle

Range

Autoregression
coefficient

Correlation coefficient

mean (cusum(s(t)))
IS =

mean (midcross(s(t)))
Ang =

mean (angle(s(t)))
Ran = range (s(t))
AR = arburg(s, 4)

R = corrcoef(s(t))

CS = mean cumulative or running sum,
IS = inter stride or Mid cross,

Ang = angle of movement,

Ran = range of movement,

AR = Autoregression coefficient,

R = Pearson correlation coefficient
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Next, an appropriate classification method for training the dataset is chosen, after feature
extraction.

3.5 Personality Traits Prediction using BFPT Profiles

The validation, efficiency, and performance analysis of the proposed method rely heavily on the
choice of a classifier. In supervised machine learning, the extracted characteristics are used to train
an algorithm, which subsequently uses that knowledge to make judgments. Support Vector Machine
(SVM), Bagging, Random Forest (RF), and K-Nearest Neighbor (K-NN) classifiers, four of the most
popular in use today, were used. The method was verified using a five-fold cross-validation. To classify
the data, we trained four multiclass machine learning classifiers using maintained users’ BEFPT profiles
to recognize the big-five personality traits of users based on their gait recognition for all six segments
of data. The main reason for selecting these classifiers was the efficient performance in existing work
[45-48].

4 Experimental Results and Analysis

This subsection discusses the methodology used to evaluate the proposed system, including the
detailed experimental findings and performance analyses. The suggested framework performed well
in detecting personality traits from gait patterns. We tested the suggested technique on our dataset
using the four aforementioned multiclass ML classifiers in a 5-fold cross-validation setup. Therefore,
the dataset’s gait pattern occurrences are divided at random into five equal groups. One group of the
data is used for testing the classifiers, whereas the remaining data groups are used for training. This
procedure is done five times, or until all of the gait, examples have been used for training and testing
the classifiers, to ensure that the final recognition results are consistent throughout all iterations. In
addition, each data fold’s hyper-parameters are tweaked before training begins to minimize the training
error.

Four widely accepted ML classifiers are being applied to evaluate our scheme. Overall analysis
shows that the most effective results are obtained using the RF classifier. Fig. 3 depicts the overall
system accuracy for all data segments (5, 10, 15, 20, 25, 30 s) obtained from each of five different
gait patterns using both smartphones’ positions using an RF classifier. It is being observed that the
proposed scheme achieved promising results from all six data chunks but the most favorable results are
being acquired with the data chunk of the 20 s. The system’s accuracy was improved proportionally
with the increased size of the chunk up to 20 s, and then downfall approaches as the size further
increased from 20 s up to 30 s. Overall comparison of results in terms of accuracies being obtained from
both hand and pocket positions (using smartphones 1 and 2 respectively) shows that the results found
in pocket position are more encouraging than hand position. Table 4 presents the detailed performance
evaluation of recognition of all big-five personality traits against all selected gait patterns for the data
segment of the 20 s. Accuracy, Fl-score, Mean Absolute Error (MAE), Root Mean Squared Error
(RMSE), and Precision are used to measure the efficacy of the suggested system. An overall table
analysis illustrates some interesting facts regarding the human personality assessment using BFPT.
Albeit all selected gait patterns were found effective, the most desirable performance was achieved
through the walk and presentation patterns.

The detailed evaluation and performance analysis of each trait against all selected gait patterns
using smartphones from two different perspectives is discussed below.
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# Agreeableness  ® Extraversion ® Conscientiousness Neuroticism B Openness to Experience

Hand Pocket Hand Pocket Hand Pocket Hand Pocket Hand Pocket Hand Pocket
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Data Chunks for all Gait Patterns

Figure 3: Overall performance analysis in terms of the system’s accuracy for six all data chunks

4.1 Agreeableness

For experimentation, users were assigned a label, either A1 or A0, based on their BFPT profiles
and the calculated average for agreeableness A,,, according to the method [31,43] described earlier. Our
proposed scheme has been evaluated at every possible segment starting from 5 to 30 s, maintaining a
gap of 5 s. Experimental results and thorough performance analysis indicated that desired results for
the segment of 20 s, using a fixed-sized sliding window. Table 4 provides the performance evaluation
of the proposed scheme for all metrics, including accuracy, precision, F1-score, RMSE, and MAE for
agreeableness recognition against all five gait patterns recorded using smartphones. In the scenario of
smartphone 1, the results obtained are quite promising for all the selected gait patterns. The accuracy
achieved in the case of the normal walk is 94.13%, the highest of all. Moreover, Results obtained using
smartphone 2 show that the results obtained in the case of walking upstairs are much more auspicious
compared to smartphone 1. The accuracy achieved in the case of the normal walk is 92.83% which is
the highest among all, and for presentation with audiences, the obtained accuracy is 91.54%. Besides,
the error rates such as MAE, and MSE provided by RF in case both smartphones are also much more
favorable. Though our work accomplished efficient results from all patterns, the results achieved for
the scenarios of normal walk and presentation with audiences are the most promising and dominant
among all for agreeableness recognition as shown in Table 4. The confusion matrix for agreeableness
recognition using an RF classifier in the scenario of the normal walk being recorded using smartphone
1 is given below in Table 3.

Table 3: Confusion matrix for agreeableness recognition using RF

Classes Al A0
True class Al 180 5
A0 13 109

Predicted class

Table 4: Proposed results for selected traits

Trait Activity Smartphone 1 in hand position Smartphone 2 in pocket position
Accuracy Precision Fl-score RMSE MAE  Accuracy Precision Fl-score RMSE MAE

Downstairs 91.03 0.92 0.91 0.33 0.27 88.34 0.88 0.88 0.28 0.20
Upstairs 86.20 0.86 0.86 0.34 0.25 89.01 0.89 0.89 0.29 0.18
Agreeableness Walk 94.13 0.94 0.94 0.23 0.17 92.83 0.93 0.93 0.24 0.16

(Continued)
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Table 4: Continued

Trait Activity Smartphone 1 in hand position Smartphone 2 in pocket position
Accuracy Precision Fl-score RMSE MAE  Accuracy Precision Fl-score RMSE MAE
Ppt w audience 91.98 0.92 0.92 0.27 0.19 91.54 0.92 0.92 0.27 0.20
Presentation w/o  91.22 0.92 0.92 0.27 0.08 89.80 0.90 0.90 0.27 0.18
audience
Downstairs 78.26 0.78 0.78 0.39 0.33 84.66 0.85 0.85 0.36 0.32
Upstairs 81.6 0.82 0.82 0.36 0.29 82.08 0.82 0.82 0.35 0.28
Extraversion Walk 92.83 0.93 0.93 0.23 0.15 94.13 0.94 0.94 0.24 0.17
Ppt w audience 88.54 0.89 0.89 0.32 0.26 92.27 0.92 0.92 0.25 0.19
Presentation w/o ~ 89.31 0.89 0.89 0.29 0.21 93.93 0.94 0.94 0.20 0.11
audience
Downstairs 80.74 0.81 0.81 0.41 0.33 84.66 0.84 0.84 0.36 0.32
Upstairs 85.57 0.68 0.68 0.46 0.38 79.77 0.80 0.80 0.39 0.33
Conscientiousness ~ Walk 93.15 0.93 0.91 0.26 0.19 94.13 0.94 0.94 0.26 0.20
Ppt w audience 87.02 0.89 0.88 0.35 0.13 90.07 0.90 0.90 0.28 0.21
Presentation w/o  90.07 0.90 0.91 0.29 0.22 92.01 0.92 0.92 0.27 0.19
audience
Downstairs 86.33 0.87 0.86 0.34 0.27 75.46 0.75 0.75 0.40 0.35
Upstairs 79.31 0.79 0.79 0.39 0.33 80.34 0.80 0.80 0.37 0.31
Neuroticism Walk 91.85 0.92 0.92 0.26 0.18 97.06 0.97 0.97 0.23 0.16
Ppt w audience 89.69 0.89 0.89 0.28 0.21 91.54 0.92 0.92 0.26 0.20
Presentation w/o  90.45 0.90 0.90 0.28 0.21 89.35 0.89 0.88 0.28 0.20
audience
Downstairs 86.33 0.87 0.86 0.34 0.27 73.61 0.73 0.73 0.42 0.33
Upstairs 85.63 0.86 0.85 0.33 0.25 82.65 0.82 0.82 0.37 0.30
Openness to Walk 95.43 0.96 0.95 0.23 0.17 93.15 0.93 0.93 0.23 0.16
Experience Ppt w audience 93.51 0.94 0.94 0.26 0.21 91.91 0.92 0.92 0.23 0.15
Presentation w/o ~ 89.31 0.89 0.89 0.28 0.20 92.28 0.92 0.92 0.24 0.14
audiences

Fig. 4 shows the analysis of the Fl-score concerning all selected gait patterns against 05 data
segments (5, 10, 15, 20, 25, and 30 s) being recorded using smartphone 1 (held in hand) and smartphone
2 (placed in pocket) for agreeableness recognition among 22 participants. In the case of smartphone
1, the scenarios of a normal walk, presentation with audiences, and presentation without audiences
provide better results in terms of the F1-score than the patterns of walking downstairs and upstairs.
It confirms that the highest F1-score is obtained for the scenario of a normal walk at 30 s segmented
chunks as 0.956. Furthermore, the obtained results got improved in the case of smartphone 2. On the
other hand, the Fl-score obtained in the scenarios of walking downstairs and upstairs is far much
better than the score obtained using smartphone 1. Fig. 4 shows the increasing trends of F-measure
for walking downstairs and upstairs activities. The highest F1-score for the scenarios of downstairs,
and normal walking is acquired at the 30 and 5 s segmented chunk as 0.91, and 0.95, respectively, for
upstairs it is 0.895 being achieved at 25 s. Furthermore, For the scenarios of presentation with and
without audiences, the desired results are achieved at 25 s as 0.918.

4.2 Extraversion

To evaluate our scheme, every participant is assigned a label either E1 or EQ based on their BFPT
profiles and the calculated average for extraversion E,,. Table 4 shows the performance evaluation of
the proposed scheme in terms of all metrics for extraversion recognition against all five gait patterns
for a 20 s data segment which is recorded using both smartphones. The results obtained in the case
of smartphone 1 for the selected metrics used for the performance analysis of this scheme are also
very promising using an RF classifier. For smartphone 2, it can be observed that the results obtained
against all patterns are more promising and far much better than the results obtained from smartphone
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1. In the case of downstairs, upstairs, and presentation with audiences, the accuracy obtained using
RF is 84.66%, 82.08%, and 92.27%. The accuracy in the case of the normal walk is 94.13% which
is the highest among all, and in the case of the presentation without an audience, it’s 93.13%. After
comparing the results of both smartphones, it can be analyzed that the patterns which provided the
most effective results for all metrics used for performance evaluation of extraversion recognition are
of a normal walk and both scenarios of presentation.

Agreeableness
== Smartphone 1inhand _ ==®==Smartphone 2 in pocket

2 09
)
2
o 08
0.7 =
51015202530 5 1015202530 5 1015202530 5 1015202530 5 10 1520 25 30
Downstairs Upstairs Walk Presentation with = Presentation w/o
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Figure 4: F1-score for agreeableness recognition using both smartphones by applying RF classifier

Fig. 5 shows the F-measure evaluation for extraversion recognition at the data chunks of 5, 10,
15, 20, 25, and 30 s against all selected gait patterns recorded using smartphones 1 and 2. For the
scenario of smartphone 1, it can be observed from Fig. 5 that the patterns, including normal walking,
presentation with audiences, and presentation without audiences, accomplished efficient results in
terms of the F1-score. The highest F1-score obtained in the case of a normal walk presentation with
and without audiences is 0.953, 0.937, and 0.943, respectively. The same pattern of results is being
perceived in the case of smartphone 2, the results obtained for a normal walk. Both scenarios of
presentations are far better than the remaining two gait scenarios. It can be analyzed from Fig. 5 that
the Fl-scores for the gait patterns recorded using smartphone 2 is more auspicious than smartphone
1. Overall analysis shows that the results achieved for presentations and normal walking scenarios are
worth noticing among all for extraversion recognition.
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Figure S: F1-score for extraversion recognition using both smartphones by applying RF classifier



2362 CSSE, 2023, vol.46, no.2

4.3 Conscientiousness

For conscientiousness recognition, each participant is marked as C1 or CO depending upon the
maintained BFPT profile and the estimated conscientiousness’ average value C,, of that individual.
After accomplishing feature extraction for each data segment, four supervised machine learning
classifiers were applied to the proposed scheme. Comparative analysis shows that the results obtained
in RF were much better than the remaining three. Table 4 shows the results of the performance
evaluation of the big-five personality traits recognition against all five selected gait patterns recorded
for a 20 s segment. Results showed that the results obtained using RF for all metrics are very efficient
in all activities. Most effective results are achieved in normal walk and presentation without audiences.
Though the results obtained using smartphone 1 are very promising, but the results we obtained using
smartphone 2 are much more favorable and highly encouraging for conscientiousness recognition
against all five gait patterns. RF provided the best results for a normal walk with an achieved accuracy
0f 94.13% among all patterns. Furthermore, the accuracy provided in the case of a presentation without
audiences is 92.01%, and 90.7% for a presentation with audiences. All error rates obtained using RF
for the earlier-mentioned gait patterns are also much more favorable than the remaining scenarios.
After the comparative analysis of the results obtained from both smartphones, it can be concluded
that for conscientiousness recognition, the most dominant and worth-noticing gait patterns are of
normal walking and presentation without audiences.

Fig. 6 presents the F1-score for all data segments (5 s up to 30 s with a gap of 5 s) against all five
gait patterns being recorded using both smartphones for conscientiousness recognition. In the case of
smartphone 1, The F1-score obtained for the pattern of a normal walk at the 5 s segment is 0.945, which
is the most dominant among all. In the case of presentation with audiences and presentation without
audiences, the most favourable Fl-score is 0.907 and 0.927 at 5 and 10 s data chunks, respectively.
Besides, in the case of smartphone 2, the results are more encouraging than smartphone 1, the most
favourable result in terms of F1-score obtained for downstairs is 0.846 at 20 s, for upstairs it is 0.804 at
10 s, in the case of a normal walk it is recorded as 0.965 at 5 s. 0.936 for presentation with audiences,
and in the scenario without audiences, it is 0.924 at 15 and 5 s, respectively. It can be analysed from the
given Fig. 6 that the most dominant gait patterns for this trait’s recognitions include a normal walk,
and presentation with audiences and without audiences. We obtained very promising F1 scores for
these gait patterns at every data segment. The confusion matrix for conscientiousness recognition in
the case of walking being recorded using smartphone 1 by applying an RF classifier is given below in
Table 5.
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Figure 6: F1-score for conscientiousness recognition using both smartphones against RF classifier
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Table 5: Confusion matrix for conscientiousness recognition using RF

Classes Cl Co
Cl 101 12
True class Co 7 128

Predicted class

4.4 Neuroticism

Neuroticism is considered one of the highest-order big-five personality traits in psychology.
Individuals with high neuroticism scores are more likely to experience mood swings, anger, frustra-
tion, worry, anxiety, guilt, envy, and jealousy than those with average scores. On the other hand,
individuals having low scores tend to be more optimistic, organized, and managed. Table 4 presents
the performance analysis of the neuroticism recognition against all five gait patterns recorded using
both smartphones for a 20 s segment against RF. It provided the best results in terms of all metrics in
the case of all gait patterns. After comparing the results of both smartphones, it can be observed that
the results obtained for the walking downstairs patterns and presentation without audiences recorded
using smartphone 1 is more encouraging and favourable than those recorded using smartphone 2.
Furthermore, the error rates, including MAE and RMSE for a normal walk, and both scenarios of
presentations are also very efficient. Though we have achieved quite promising results from all five
patterns, an overall analysis of the smartphones’ data shows that for neuroticism recognition, the most
efficient results in terms of all the metrics are provided by both scenarios of the presentation and the
pattern of a normal walk.

Fig. 7 shows the analysis of the F1-score obtained for all six data segments against all five gait
patterns recorded using both smartphones for neuroticism recognition by applying an RF classifier. It
can be analysed that the results are quite propitious and satisfactory. In the case of smartphone 1, for
the scenario of a normal walk, the most dominant F1-score achieved is 0.94 at 25 s, for presentation
with audiences and presentation without audiences it is 0.927 at the 30 s, and 0.92 at 25 s, respectively.
Furthermore, in the case of smartphone 2, the highest F1-score in the case of walking and presentation
with audiences is 0.97 and 0.92 at the 20 and 10 s, respectively. The desired F1-score achieved for the
presentation scenario without audiences is 0.918 at the 15 s data segment. Furthermore, the analysis
of both smartphones’ data shows that the most worth-noticing patterns for neuroticism recognition
are walking and both presentation scenarios.

4.5 Openness to Experience

Openness to experience highlights the active imagination, aesthetic sensitivity, variety and novelty
in thinking, intellectual curiosity, and alertness to their inner feelings. To recognize this trait among
users, this work proposes labeling the dataset as O1 and OO0 consistent with every individual’s BFPT
profile and calculated O,,,. After labelling, four ML classifiers with a 5-fold cross-validation scheme
are applied to train the dataset.

Table 4 shows the performance evaluation of the proposed scheme for all five traits against five
selected gait patterns recorded for a 20 s segment against RF. Results obtained from the experimental
analysis suggested that the RF provided the best results for all selected patterns for this trait as well.
Although the results obtained in the case of smartphone 1 from the pattern of walking downstairs
and upstairs were quite satisfactory, the remaining three gait patterns, including normal walking,
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presentation with audiences, and presentation without audiences, dominated completely over both the
above-mentioned gait patterns in terms of results, as demonstrated in Table 4. It can be observed that
the results obtained in the case of smartphone 2 for all selected metrics for this trait recognition against
all gait patterns are quite promising and efficient. RF provided the desired results for the patterns of
normal walk and presentation without audiences in terms of all metrics such as accuracy, precision,
F1-score, error rates, etc. Comparative analysis of the results of both smartphones shows that for the
trait of openness to experience recognition, the most dominant and worth-noticing patterns are of a
normal walk and both scenarios of the presentations. The confusion matrix for openness to experience
recognition using RF classifier in case of walking being recorded using smartphone 1 for a 20 s segment
is given below in Table 6.
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Figure 7: F1-score for neuroticism recognition using both smartphones by applying RF classifier

Table 6: Confusion matrix for openness to experience using RF

Classes 0Ol 00
0Ol 183 3
True class 00 11 110

Predicted class

4.6 Results’ Discussion

It is observed that the proposed scheme provided very promising results for all big-five personality
traits. A novel dataset was acquired using smartphone sensing from multiple perspectives, performance
analysis shows that the results obtained for smartphone 2 (which was being placed in the pocket)
are comparatively more favourable than that of smartphone 1 (which was being held in the hand).
Although all activities provided quite satisfactory and promising results, the patterns of a normal
walk and presentation with audiences and without audiences are the most worth considering for
all five traits. For the recognition of the agreeableness among individuals, gait patterns of a normal
walk and presentation with audiences provided the most efficient results in terms of all five metrics
(accuracy, precision, F1-measure, RMSE, and MAE) for both smartphones. Though Four multiclass
machine learning classifiers were applied to the selected features for training the dataset. The results
obtained using RF were the most desirable among all and therefore presented with detailed analysis.
The accuracy of agreeableness recognition for walking activity corresponds to 94.13% and 92.83% for
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RF. In the case of SVM, it’s 81.36% and 84.04% respectively. Whereas for presentation with audiences
the accuracy obtained from RF is 91.98% and 91.54% while in the case of bagging, 84.19% and 83.96%
for smartphones 1 and 2, respectively. Moreover, for extraversion recognition among all participants,
scenarios of a normal walk and presentation without audiences provided the most favorable results in
terms of all metrics for both smartphones 1 and 2 using RF with accuracies of 92.83% and 94.13% for
a normal walk, 89.31% and 93.93% for presentation without audiences, respectively. Quite satisfactory
results were achieved with the rest of the gait patterns as well, especially for the scenario of presentation
with audiences. Additionally, the most prominent activities for conscientiousness recognition are a
normal walk, with achieved accuracy of 93.15% and 94.13%, and presentation without audiences, with
the corresponding accuracy of 90.07% and 92.01% for smartphones 1 and 2, respectively. The error
rates provided by these gait patterns are also much more favorable as compared to other patterns.
Furthermore, for neuroticism recognition and in the case of recognition of openness to experience
among all users, the most efficient results in terms of all the metrics are provided by both scenarios of
the presentation and the pattern of a normal walk for both smartphones. The accuracy obtained for
neuroticism recognition from smartphones 1 and 2 in the case of a normal walk is 91.85% and 97.06%
using RF while it is 87.62% and 89.9% in the case of K-NN. The accuracy obtained for the scenarios of
presentation with audiences is 89.69% and 91.54% using RF. After applying SVM, we obtained 83.2%
and 83.82% for both smartphones respectively. For the activity of presentation without audiences, we
applied the RF classifier and obtained accuracies of 90.45% and 89.35%. Similarly, the accuracy of
openness to experience’s recognition for walking patterns in the case of RF corresponds to 95.43% and
93.15%, in the case of presentation with audiences, it is 93.51% and 91.91%, whereas for presentation
without audiences, the accuracy obtained is 89.31% and 92.28% for smartphone 1 and 2, respectively.

5 Conclusion

The intended research is focused on inferring key personality traits including neuroticism,
extraversion, openness to experience, agreeableness, and conscientiousness in line with the big-five
model of personality based on the gait pattern recognition of individuals using smartphone sensors.
This work deals with the conduction of a personality test of all participants and maintaining
their BFPT profiles. Using two smartphones, from multiple perspectives, an android application
named “data-collector” was used for the dataset collection of 22 participants including 10 males
and 12 females. Smartphone built-in sensors such as GPS, proximity, accelerometer, and gyroscope
were utilized for gait pattern collection and recognition. The selected gait patterns obtained from
participants included a normal walk, walking downstairs, walking upstairs, and presentations with
and without audiences for 3 to 5 min. The dataset was pre-processed to obtain a collection of temporal
domain features for human personality evaluation, and each subject was assigned a positive or negative
label for each of the five personality traits. Those attributes were used to train the dataset’s four
different multiclass machine learning classifiers. The most desired outcomes are attained using RF.
The effectiveness and efficiency of the suggested strategy were shown by analyzing the acquired results.

Gait pattern recognition as a tool for assessing human personality and identifying a person’s
underlying emotions is a relatively new field of study. Rehabilitation, enhanced product marketing,
optimized product design in light of consumer behavior and personality recognition in a shopping
mall, security, and surveillance, etc., are only a few of its numerous practical uses. However, studies
evaluating the efficacy of gathering and analyzing raw gait data through an android application
making use of smartphone sensors for personality traits assessments are few, indicating the need for
more development in this area.
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