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Abstract.
BACKGROUND: By using the conventional method of measuring two-points (systolic and diastolic) blood pressure, it is
difficult to differentiate a heart disease-prone personality from normals. Recently, an oscillometric method that reflects the
personalized trait of blood pressure was developed by one author.
OBJECTIVE: By using this new measurement technique, this study intended to test the possibility of differentiating a heart
disease-prone personality (type A or type D) from normal people.
METHODS: TPA scale in MMPI-2 and DS14 were used for screening type A and D. Oscillometric waveforms created by
the cuff pressure were segmented into window blocks based on a single beat at a minimum, allowing this method to extract
maximal top and bottom amplitudes in each window block. Then, a spectrogram using a short-time Fourier transform was
applied to discriminate between character types in extracted blood pressure patterns with linear discriminant analysis.
RESULTS: Compared to a normal personality, type A and type D personalities displayed a lower frequency response on STFT
with maximum negative amplitudes than normals. In particular, the type D personality showed a lower frequency response than
the type A personality.
CONCLUSION: These results could provide a new qualitative method for measuring different biological indices between type
A or D personalities and normals.
Keywords: Blood pressure oscillation pattern, cardiovascular disease, a short-time Fourier transform, type A, type D personality

1. Introduction
Personality is a main factor that influences personal behavior. Personality types also affect disease
behavior and may cause certain physical diseases. This view has become known in the fields of health
psychology and behavioral medicine. In particular, type A and type D personalities have been suggested
as risk factors for certain physical diseases (coronary disease) [1,2]. In 1959, cardiologists Meyer Friedman and Ray Rosenman first described and defined the type A personality. In the beginning 1970s,
collaborating with a group of psychologists, Friedman also followed 1013 heart attack survivors for
four and a half years to determine the effects of altering their coronary-prone (type A) behavior patterns. Results indicated that behavioral counseling reduced rates of recurrence from 21% (or higher) to
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13% [3]. However, some later studies reported inconsistent results in the relationship between type A
and coronary heart disease. Other scholars insisted that the structural concept of the type A personality
was mixed with heterogeneous personality characteristics. Simultaneously, studies appeared regarding
the opposite relationship between the type A personality and coronary heart disease (CHD), and more
specific studies of personality types causing CHD followed [4–7]. Johan Denollet, professor of medical
psychology at Tilburg University, proposed the construct of the type D personality based on clinical observations in cardiac patients, empirical evidence, and existing theories of personality. Denollet defined
type D personality as the joint tendency toward negative affectivity (e.g., worry, irritability, gloom) and
social inhibition. Recently, a scale for measuring the type D personality character was developed and
became widely used [8].
Until now, many researches related to cardiovascular disease have been done the significance of automated detection and prediction of cardiac abnormalities. Many studies analyze heart rate variability
signals to detect abnormal rhythms of heart. Some cases of these automatic arrhythmia detection and
classification techniques are neural network [9], support vector machines [10], and genetic programming [11,12]. The proposed method in this paper studies pulse waves signals of normal episodes out
of arrhythmia. While personality traits can be a risk factor for CHD, hypertension is traditionally recognized as a physical risk factor that affects cardiovascular disease. The rate of hypertension in Korea
reported by MHW (Ministry of Health and Welfare of Korea) in 2014 [13] increased gradually from
24.6% in 2007 to 29.0% in 2012. The prehypertension rate for people in their thirties was 27.3% (standard error of 1.7%). Those in their forties showed a prehypertension rate of 27.6% (standard error of
1.9%). The measuring of blood pressure is a popular method that diagnoses the hypertension. Many
studies of blood pressure measurement have used the oscillometric method. The oscillometric method
measures the oscillation amplitudes generating from a sequentially deflating cuff to determine blood
vessel systolic and diastolic pressures. The systolic pressure is the maximum pressure on the arteries,
which occurs when the heart contracts and pushes blood through the arteries. On the other hand, the
diastolic pressure is the pressure in the arteries, which occurs when the heart’s left ventricle rests between beats [14,15]. Compared to a more invasive technique, this measurement method is simple and
allows patients to feel comfortable. However, this method of measuring two points blood pressure has
an important weakness: it is difficult to detect personalized pattern or the qualitative characteristics of
blood-pressure.
Recently, one of the authors developed oscillometric method that reflects the personalized traits of
blood pressure [16,17]. This newly developed oscillometric blood pressure measurement method extracts maximum positive amplitude (MPA) and maximum negative amplitude (MNA) from the oscillation amplitudes in the divided feature windows. One segmented feature window is set at a minimum,
based on a single beat in the sample window. The MPA and MNA reflect the variances in the systolic and
diastolic blood pressures. MPA is the amplitude of the maximal top pulse in the divided one-feature window. MNA is the amplitude of the maximal bottom pulse in divided one-feature window. The oscillation
amplitude pattern extracted from segmented window blocks reflects an individual’s characteristics such
as physiological traits, hypertension, gender, and age. The research results indicated that the extracted
features display a fairly uniform pattern for each age group. In particular, prehypertensive subjects ranging from 10 years to 30 years old exhibited lower amplitudes than subjects ranging from 40 years to
80 years old in one-third section of the feature windows [16].
This study explores whether the character of type A and type D personalities can be distinguished from
the character of a normal type personality in an age group of individuals in their twenties, using a newly
developed oscillometric blood pressure measurement method. If this study shows that the character of

S. Jung and Y. Shin / Identification of heart disease-prone personality

Fig. 1. Flow diagram applied to this study.
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Fig. 2. Blood pressure oscillation pattern of one subject, extracted by the cuff pressure using the oscillometric method.

type A and type D personalities can be differentiated from the character of the normal type personality,
these results can be used as verification data to examine the correlation between personality type and
cardiovascular diseases in early age groups. In addition, personality identification through blood pressure
patterns may help prevent potential cardiovascular disease.
2. Methodology
In this section, we explain a feature extracting method and classification algorithm that can discriminate the character of type A and type D personalities from the character of the normal type personality.
To do this, we used newly develop method of measuring oscillometric blood pressure pattern. We performed this work in four steps. First step described the process of data collection. Second step specified
the method of preprocessing to make the oscillation waves into constant length. Third step developed
a method of representing the character of type A and type D personalities via oscillation amplitude
features from the uniformed oscillation waves. Finally, we classified the represented features into three
personality types using a linear discriminant analysis algorithm. Figure 1 shows a flow diagram applied
to this study.
2.1. Data collection
This study was approved by the Human Ethics Research Committee of Chosun University prior to
data collection. The experimental participants consisted of 67 (45%) male and 81 (55%) female college
students, whose mean age was 21.6 (SD 3.8 years). When the participants reported having been any
heart related disease or taking any related medicine, they were excluded from this study at the first. And
all the participants were informed beforehand that they should not take any stimulants or sedatives such
as coffee, sleeping pills prior to measuring their blood pressure. The database consists of the pressure
oscillation data from the oscillometric method and the discrimination data between type A and type D
by the self-reporting method.
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Individual blood pressure patterns of the experimental participants were obtained from pressure oscillation data that was extracted by oscillometric method. Participants were guided to relax in a waiting
room for 10 minutes, and the waiting room is a pre-organized measurement room where the blood pressure could be measured accurately. Three recordings per subject were taken from 148 male and female
participants and each measuring process was repeated after each one-minute rest time. The three-time
measurement was used for the following reason: the average difference value of measurement between
published study that used five records [16] and ours that used three records were negligible (0.0001).
This result reflects that our new method is not sensitive to the number of measuring times. Through
these processes, we obtained a total of 444 records per subject. Figure 2 shows a sample of an oscillation
pattern obtained using the oscillometric measurement method on one subject.
The discrimination between type A and type D group was examined using a type A scale (TPA)
in MMPI-2 (Minnesota Multiphasic Personality Inventory-2), and a type D scale (DS14). The TPA
scale [18] is one of the content scales in MMPI-2, which is constructed according to Freedman’s concept
of the type A personality. In this study, subjects were defined as type A personalities when they received
scores higher than 60 T on the TPA scale. When we adopted this criterion, 12 subjects (8.1%) were
classified into the type A group. The type D personality was measured using DS14, a Korean version
of the original Denollet’s scale [19]. According to Denollet, type D is assigned when scores of two
subscales of DS14 (NE: negative emotionality and SI: social inhibition) are both above 10. In our sample,
46 students (31.1%) were identified as having a type D personality. Eighty-six students (58.1%) were
classified as normal because they did not met at any criterion of type A or type D personalities by the
TPA scales and DS14. We excluded four subjects (2.7%) who met the criteria for both type A and type
D from this study.
2.2. Preprocessing
Oscillation waveforms generated by cuff have an oscillation pattern that varies in size over time for a
given subject. A similar number of oscillation waveforms could be observed in three measurements of the
same subject. For this reason, we attempted normalization process to minimize variations of oscillation
waveforms of the same subject. The applied normalization used the existing study method [16]. Given
Ni
the training set X = {Xi }N
i=1 , containing N oscillation patterns Xi = {Xij }j=1 , where each oscillation
pattern Xij consists of a number of oscillation waveforms. The normalization is applied to the following
Eq. (1):

 Ni

Xi
.
ω =  (Xij )2 , Xi∗ =
ω

(1)

j=1

2.3. Feature extraction
To extract the personalized trait that distinguishes one person’s blood pressure pattern from the others,
this study divides a normalized oscillation pattern into windows. We set the criterion of this segmentation
that at least one heart beat should be included in the minimal oscillation waveforms. The number of
windows is defined using two parameters. The parameter γ describes the minimal number of oscillation
waveforms in the entire blood pressure pattern and δ specifies the number of oscillation waveforms
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Fig. 3. Two heartbeats from one subject, detected in the segmented one-feature window.

Fig. 4. MPA and MNA features averaged from three recordings in the feature windows for normal, type A, and type D personality group: (a) MPA and (b) MNA.

includes at least one heart beat in the minimal oscillation waveforms. Φ indicates the number of windows
computed using these two parameters. The expression is applied as the following Eq. (2):
Ni
γ = min(Xij
), Φ =

γ
.
δ

(2)

As a result, a blood pressure pattern is segmented into 50 parts, and each part must include at least one
heartbeat. Thus, we bounded 50 parts to comprise at least one heartbeat in the training set X. Oscillatory
patterns which contain larger than the minimal number of waveforms in a blood pressure pattern specify
that they have several heartbeats in a given window. A single-feature window consists of one subsection
within 50 parts. Figure 3 shows two heartbeats detected within a given window. We can obtain two points
of features from the oscillation amplitudes in each feature window: maximum positive amplitude (MPA)
and maximum negative amplitude (MNA). The red points in Fig. 3 indicate the maximal top and bottom
amplitudes obtained in the divided feature window. MPA is the amplitude of the maximal top pulse in
the divided single-feature window, and MNA specifies the amplitude of the bottom pulse. Figures 4(a)
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Fig. 5. Standard deviation distributions of normal, type A, and type D personality subjects using MPA and MNA: (a) MPA and
(b) MNA.

and (b) describe the results of MPA and MNA feature extraction for three subject groups, which was
averaged from three recordings in each window. In Figs 4(a) and (b), the average value of maximum
positive and negative amplitudes did not show a large difference in the window sections between the
different personality types.
Figures 5(a) and (b) display distributions of standard deviations for each three subject groups using
the maximum positive and negative amplitudes. In Figs 5(a) and (b), the standard deviation distributions
showed a large variance in each window section. In particular, the standard deviation distribution of
type A group, compared to that of normal personalities in the MPA features in Fig. 5(a), showed a
large variation in the special window section; The standard deviation distribution of type A and type D
personality subjects in the MNA features in Fig. 5(b) indicated a large variation than the normal type
personality subjects in each window section. These results reflect that the blood pressure patterns of type
A and type D personalities, compared to normal type personalities, in the twenties age range exhibit an
obvious amplitude variance between individuals, rather than uniform features. For this reason, we tried to
extract the time-localized features of these amplitude variances by using a short-time Fourier transform
(STFT) introduced by Gabor [20]. The expression is applied as the following Eq. (3):

(3)
STFT(t∗ , μ) = [f (t) · W (t − t∗ )] · e−j2πμt dt.
t

f (t) · W (t − t∗ ) indicates a short-time section of the input signal f (t) for each window, centered at
time t = t∗ . W is a windowing function, t∗ is a time parameter, and μ is a frequency parameter. Our
study used a Hamming window as a windowing function. The Hamming window size was selected by
the best identification of three personality types, which was given by a sixteen feature window width
in 50 window sections. Figure 6 shows the results of feature extraction for normal, type A, and type D
groups using STFT based on MPA and MNA features averaged. Figure 6 displays quite different result
between the three personality types. In particular, while the normal group was the most distinct when the
STFT was applied to MPA features, the type A and D group was the most distinct when the STFT was
applied to MNA features. Figure 7 shows the averaged STFT results among the three personality types
based on MPA, MNA, and the combination of MPA and MNA features. In Fig. 7, type A and type D
subjects display a fairly large frequency response difference in the 0.71 dB∼6.78 dB compared to normal
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Fig. 6. Features extracted from the normal, type A, and type D personality subjects, using STFT on averaged MPA and MNA.

Fig. 7. Averaged STFT results across the three personality groups based on MPA, MNA, and MPA + MNA features: (a) averaged STFT based on MPA features, (b) averaged STFT based on MNA features, and (c) averaged STFT based on combination
of MPA and MNA features.

personality subjects. In particular, the maximum frequency response difference, 6.78 dB, displayed by
Fig. 7(c) that indicates the averaged STFT result in Fig. 6. The type A and type D subjects exhibited
frequency response differences in the 0.06 dB∼0.51 dB range. In Figs 7(a)–(c), type A and type D
subjects commonly exhibited a low-frequency response compared to that of the normals. In addition,
type D subjects showed a lower frequency response differences than type A subjects.
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2.4. Identification
Features extracted using STFT based on MPA and MNA features, normalized in oscillometric measurements, are classified in three personality types using linear discriminant analysis (LDA). LDA is
a method for searching feature vectors in the base space that could optimally discriminate between
groups [21]. LDA can be summarized as a technique for reducing the dimensions of feature vectors of
searching optimal categorizing vectors by maximizing the between-class scatter and minimizing withinclass scatter. The main purpose of LDA is maximization of the separation power between classes. To
best identify personality types, we need to set ideal criteria for the projected data.
i
Given a training set X = {STFTi }C
classes including each class STFTi = {STFTij }C
i=1 , having C 
j=1 ,
c
containing features STFTij , we have a total of N = i=1 Ci spectrogram patterns using STFT extracted
in expression [3]. Our study defines two scales for total data set of three classes. SWT is described withinclass scatter matrices for feature set of the training data. SBT is described between-class scatter matrices
for feature set of the training data. SWT and SBT are performed according to the following Eqs (4) and
(5):
SWT

c
ci
1 
=
(STFTij − μi )(STFTij − μi )T .
N

(4)

c
1 
=
(μi − μ)(μi − μ)T .
N

(5)

i=1 j=1

SBT

i=1

In Eqs (4) and (5), STFTij indicates the j th feature of class i, c is the total classes, μi is the average of
class i, ci indicates features in class i, and μ is the average of the total classes. The LDA approach [22]
detects the basis vectors represented by ω of Eq. (6) that optimizes the rate between SWT and SBT .
 T

ω SBT ω 
.
ω = arg max T
(6)
|ω SWT ω|
A solution supposes that SWT is non-singular, and that the basis vectors ω match to the first N eigenvec−1
tors using the biggest eigenvalues of SWT
SBT . The LDA-based feature representation Z = ω T STFT is
generated with projecting input feature set that was extracted using the short-time Fourier transform, on
the subspace extended through the N eigenvectors.
3. Results
To evaluate the performance power of our method, we carried out two experiments using STFT for the
MPA and MNA features. The experimental data used 432 records collected from each of 144 subjects.
The first experiment involves the train set that is used for the test set. The second experiment excludes
the test set from the training set. The first experiment uses 432 records that were collected from 144
participants for the training data, which are used equally for the test set. The goal of the first experiment,
Experiment I, is to evaluate the performance of clustering power for the training set. In the second
experiment, Experiment II, the training data included 258 records from 86 subjects. We used remaining
174 data recordings as a testing set collected from 58 subjects, who was excluded from the training set.
In Experiment II, we applied two folds for training and the remaining one for testing in the 2-fold cross
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Table 1
Subset of features extracted using the STFT, based on MPA,
MNA, and MPA + MNA
Subset
I
II
III

Feature
STFT using maximum positive amplitude (MPA)
STFT using maximum negative amplitude (MNA)
STFT using MPA + MNA
Table 2
Experimental results based on LDA

Experiment

Personality
type
Experiment 1 Normal, type A
and type D
Normal, type A
and type D
Normal
type A and type D
Experiment II Normal
type A and type D

Applied Recognitionsubset rate (%)
I
58.8%
II
III
II
III
II

66.2%
91.0%
88.8%

Fig. 8. Recognition results of the three personality types in
STFT, based on Fig. 7(c).

validation method. The final recognition performance was estimated as the average recognition rate of
each of two experiments. The goal of the Experiment II is to evaluate a more generalized performance
of our approach.
The results of these two experiments were evaluated against the recognition achievement of LDA
by the Mahalanobis distance. The Mahalanobis distance provides one good method of measuring similarities. To find the best fit features by LDA, we applied the three feature sets for the testing of their
discrimination power. Subset I included the STFT using the maximum positive amplitude features and
Subset II included the STFT using the maximum negative amplitude features. This result is described in
Table 1. Subset III concatenated the MPA and MNA features into one vector. Figure 6 shows the results
of feature extraction acquired from Subset III of Table 1.
The results in Fig. 7 show the frequency responses of the averaged STFT among the three personality
types using the features of Subset I, Subset II, and Subset III, respectively. Figure 7(a) shows the frequency responses of the averaged STFT using Subset I for all three personality types. Figure 7(b) shows
the frequency responses of the averaged STFT using Subset II for all three personality types. However,
Fig. 7(c) shows very special result: The normal personality subjects in Fig. 7(c) exhibit the frequency
responses of the averaged STFT using Subset III and the type A and type D personality subjects exhibit
the frequency responses of the averaged STFT using Subset II. In particular, Fig. 7(c) showed the highest
frequency response difference (6.78 dB) between the type D and normal personalities.
Table 2 shows the results of recognition using LDA, which yields the best identification rate among the
three personality types in Fig. 7. We achieved our best personality type identification rate (91%), using
the first two eigenvectors with a combination of Subsets II and III, in Experiment I of Table 2. Figure 8
shows the recognition results of the three personality types in given the best identification rate of 91%.
−1
The x-axis and y -axis of Fig. 8 display the first two eigenvectors with the largest eigenvalues of SWT
SBT ,
projecting the largest mean differences between the three classes. In Experiment II, each recognition
result of two experiments with 2-fold cross validation method showed 87.9% and 89.6%. The average
recognition rate got an identification rate of 88.8%. The best identification rate in two experiments by
2-fold cross validation method showed 89.6%. The sensitivity and specificity for each class in the best
recognition rate indicates in Table 3.
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Table 3
Sensitivity and specificity for each class in the best recognition rate

Test result of three
types of personality

Personality type
Normal
Type D
Type A

Yes
No
Yes
No
Yes
No

Actual personality type
Yes
No
35
2
2
19
12
1
3
42
5
3
1
49

Sensitivity
(true positive)
94.6%

Specificity
(true negative)
90.5%

80%

97.7%

83.3%

94.2%

4. Discussion and conclusion
This study explored the possibility of differentiating between normal and type A or type D personalities, which is reported as risk factors of cardiovascular disease. With the STFT using the combination of
MPA and MNA features, we could successfully discriminate the heart disease-prone personality groups
(type A and type D) from normal groups. Our best recognition results showed recognition rate of 91%
in Experiment I and 88.8% in Experiment II. This means that the our new method of analyzing blood
pressure features can be a useful and noninvasive instrument in differentiating high risk group of cardiovascular disease (type A or type D personalities) from normal group.
Experiment I used the training set as a test data and showed a 9% error rate. This error rate might have
resulted from different measuring methods. That is, while we identified type A and type D with selfreporting method, the predicting variable was measured by objective biosignal measurement method.
The STFT features consist of frequency responses and showed different frequency responses among the
three personality types. The type A and type D personality subjects displayed a fairly lower frequency
response (in the range of 0.71∼6.78) dB than the normal personality subjects. In addition, the distinction
between type A and type D personalities indicated a small frequency response difference in the range of
0.06∼0.51 dB compared to those of the normal personality. Notably, the type D personality exhibited the
lowest-frequency response of all the three personality types. For this reason, we propose that frequency
response magnitude can support a good discrimination power parameter for differentiating between
normal and heart disease-prone personality types (type A and type D).
Ko and Kim [23] investigated the responses of the autonomic nervous system of individuals with
type D personalities during an acute stressful situation. They reported that the type D group showed
lower high-frequency activation and higher low-frequency activation than the non-type D group. This
report shows the similar result to those of our type D subjects, who were activated at a lower frequency
than the normal personality group. In particular, the STFT using combination of the MPA and MNA
features showed the maximum low-frequency response difference of 6.78 dB. These features enhance
recognition performance. However, the combination effect of the MPA and MNA features differs with
each personality type. While the type A and type D personality groups showed best recognition power
only in the MNA, the normal personality group showed best recognition power with combination of
the MPA and MNA. From these results, we suggest that the MNA feature can successfully represent the
differentiation between type A and type D personalities. This author [16] already proposed a new method
for hypertension diagnosis using oscillometric blood pressure measurement in 2011. The research results
showed that the MNA features clearly indicated the character of hypertensive or prehypertensive subjects
based on systolic blood pressure. Combining with the published results, we can arrive at a probability that
the STFT using the MNA features obtained from oscillometric blood pressure measurements can provide
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verification data to examine the correlation between type A and type D personalities and cardiovascular
diseases.
Studies about the relationship between types A or D and heart disease have produced somewhat inconsistent results until now. The personality concept of type A or type D, a psychological risk factor of
heart disease, has been measured by self-reporting method. And the method of measuring blood pressure
for studying this topic has long been dependent upon two-point (systolic and diastolic). One of the main
reasons of these inconsistent results of many researches in this field may be attributable to the measuring
method. Our approach offers a new qualitative and noninvasive method for measuring different biological indices between normal and type A or type D personalities. When the validity of our method can be
strengthened by future studies using various subject groups including clinical samples, this method will
be wildly used for prescreening high risk person of cardiovascular heart disease.
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