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We propose a multiple-criteria decision-making (MCDM) method based on Maximum
A Posteriori (MAP) estimation to analyze users’ physiological status either normal or
abnormal. The decision-making problem is formulated using MAP estimation and is
turned out to be MCDM problem given the assumption that all probability density
functions (pdfs) follow exponential forms, especially Gaussian. It indicates that this

MCDM equation is decomposed into direct sum of group’s physiological status distribu-
tion. Group distribution is estimated by probabilistic approach using population from
the same age or same sex. For verification, we applied the proposed method to public
heart rate database. According to experimental results, the proposed method consid-
ering group context reduced overall classification errors by 20.42% compared to typi-
cal decision-making (TDM) method. This method is applicable to various personalized
health monitoring applications, which estimates user’s physiological status by referring
other group distribution without prior knowledge about previous health records.

Keywords: Multiple-criteria decision-making; probabilistic decision-making; group
context; physiological signal monitoring.

1. Introduction

The advent of lightweight and high performing hardware technology accelerates
the development of physiological monitoring systems.1–3 Typical decision-making
(TDM) methods in these systems indicate users’ physiological status whether they
are under normal physiological condition or not, based on statistical analysis (mean,
standard deviation, etc.) from a large data set. However, TDM methods cannot
guarantee the reliable classification of all types of users, e.g. people with abnormally
high heart rate during rests. Thus, the best way to accurately estimate physiological
states is to adopt a personalized decision-making (PDM) method by collecting an
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individual user’s physiological data in his/her everyday life. As it would require
much time and efforts to collect reliable data during long periods of time, we must
consider tradeoffs between TDM and PDM methods when designing physiological
monitoring systems.

There have been lots of researches on decision-making with data mining method,
machine learning method in the health domain for this purpose.4–8 To minimize
the effect of personal differences and to reduce the complexity of signal analysis,
Jose proposed a regression model assuming that current physiological states result
from previous physiological states which determined the normal heart rate of indi-
viduals depending on their age and sex.5 In addition, Miller and Londeree made
formulas for heart rate analysis considering sex.6,7 However, most previous formu-
las followed deterministic approach and these methods were adapted to empirical
observation in a specific task only. Other contextual information such as activity
also has been considered. Wu indicated the physiological decision-making method
with user’s activity information.9 They inferred users’ activity with Naive Bayes
classifier, and eliminated motion artifact from corrupted physiological signal. Zhang
proposed diagnostic decision support model based on yinyang wuxing equilibrium
approach referred by traditional Chinese medicine where he used multiple contex-
tual information for diagnosis.8 However, still there is no acceptable formula to be
used widely and no satisfactory approaches yet for all users.

To address these issues, we explore a decision-making method to analyze physio-
logical signals accurately for different types of people. Our method exploits multiple-
group contexts such as age, sex, height, weight, etc., and its relationship. Their
relationships with physiological signals are formulated using a MAP estimation to
obtain ideal expectation of users’ physiological status. MAP estimation has turned
out to be MCDM problem given the assumption that all pdfs follow exponential
forms, especially Gaussian. Each term of MCDM formula corresponds to the effect
of group context such as age, sex, height, weight, etc. For analyzing the effective-
ness of the proposed method, we collect normal and abnormal data of multiple
users from a PhysioNet database and decide users’ status using TDM, PDM, and
MCDM with multiple group contexts.

The proposed method has the following advantages. By referencing similar group
data distribution, MCDM method estimates users’ physiological status more accu-
rately in a short time than TDM method. In other words, it does not require large
number of individual users’ data; eventually it reduces training time and effort
while keeping the estimation result approximated to one by using PDM method. In
addition, the MCDM method has a beneficial effect on various populations because
it adopts group’s data distribution. It preserves performance constantly regard-
less of population of abnormal users. Even though there exist increased popula-
tion of abnormal subjects, physiological data distributions of various populations
are reflected in the result of physiological status recognition and we observe the
improved results comparing to one by using TDM method in various cases.
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The following section of this paper is as follows. We explain related works in
Sec. 2 and the proposed analysis method in Sec. 3. Section 4 shows the experiential
setup and analysis results for verifying the proposed method. Finally we conclude
in Sec. 5 and illustrate the future direction of this research.

2. Related Works

In health, typical decision-making systems use statistical pattern classification
methods to analyze the physiological signals.4–8 Most previous researchers collected
a large data set from hospitals and found out a set of statistical values (mean, stan-
dard deviation, etc.) of healthy and unhealthy people. However, this method may
not cover all users, e.g. people with higher heart rate range than others in normal
condition. To address this problem, Jose explored deterministic analysis method of
abnormal heart rate detection considering age and sex.5 He built a regression model
to differentiate normal range against different personal groups. In addition, Miller
and Londeree made formulas for heart rate analysis considering sex.6,7 However,
most previous formulas followed deterministic approach, which has less flexibility
such that we cannot revise and modify for further analysis.

Other researchers used contextual information such as mood, activity for physi-
ological decision-making. Wu discussed the decision-making method based on user’s
activity information by eliminating motion artifact.9 These studies effectively fil-
tered motion artifacts, but did not reflect information such as individual differences.
These methods were adapted to empirical observations in a specific task and were
designed to include a single decision criterion such as age, motion artifact, or activ-
ity for the analysis. However, we must embrace multiple criteria simultaneously for
decision-making in health.

To deal with multiple criteria, researchers in data mining, management,
and machine learning introduced various MCDM methods; utility theory-based
method,10,11 knowledge-based method,12,13 fuzzy theory-based method,14,15 and
probabilistic model-based method.16–18 Most commonly referred methods are
utility-based and knowledge-based methods.10–12 Torrance and Huber proposed
a multiattribute utility function for health states classification, applying weights
for decision-making based on empirical observation.10,11 However, it is hard to
define utility function because there is too little background theory to indicate
factors which influence the physiological signals and its relationships. Therefore,
some researchers suggested the decision-making method, appropriate to deal with
uncertainty problem of physiological signal analysis as well as to make it in gen-
eral.14–18 Carlsson and Rao introduced fuzzy theory-based DM methods which
supported uncertain reasoning under the vagueness phenomenon. However, this
method requires novel knowledge to define fuzzy rule for analyzing personal
differences. Unlike the above methods, probabilistic methods have advantages to
deal with dependency between criteria.16–18 Thus, we explore the way to model
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decision-making probabilistically and by referring to previous works about grouping
method.19

3. Multiple-Criteria Decision-Making Based on a Group Context

In this section, we explore a MCDM method derived from MAP estimation for
physiological signal analysis. Physiological analysis without considering personal
differences increase the risen misdiagnosis. For example, a person who has high
heart rate in normal condition may be misdiagnosed for a heart problem. There-
fore, decision-making based on contextual information needs to be improved with
more accurate analysis of sensing conditions and users’ normal or abnormal con-
ditions. However, we have little information to determine which factors influence
physiological signal, and how much the factors are affected. Therefore, we applied
probability theory for problem formation. Research on decision-making algorithms
addressed uncertainty of influencing factors.17,18 Because of the uncertainty, rela-
tionships between variables are modeled with conditional probabilities based on
Bayes’ theorem.16

The proposed decision-making method has the following procedure as shown in
Fig. 1. For preprocessing of collected data, we extract features from original signals
and segment certain periods of time for consistent and reliable analysis. Then,
selected features are filtered by smoothing and removing third order trends. In
decision-making step, we estimate a density function from the physiological signal
database. Since there are numerous density estimation methods, we first check the
Kolmogorov–Smirnov tests to verify the normality of the collected data. Then MAP
estimation is processed based on filtered signal and estimated density function. After
finding ideal data distribution, we determine whether current condition of a subject
was normal or abnormal by several thresholds such as an individual threshold, a
group threshold, and a general standard threshold.

For the MAP estimation, we formulate the problem as follows. First, we assume
that the data distribution and error follow a Gaussian probability density func-
tion because most physiological measurements are in the middle range. It indicates

Fig. 1. Overall procedure of physiological signal decision-making.
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that physiological measurement has higher probability to observe normal status
subjects rather than abnormal subjects. We abbreviate the observed physiologi-
cal data d following a Gaussian probability density function and the user physio-
logical states u of observed data following Gaussian probability density function.
M = {m1, m2, m3, . . . , mp} is the model for groups (e.g. male, female) where p is
the number of models. T = {t1, t2, t3, . . . , tn} refers to the type of user status (e.g.
normal, abnormal), and n to the number of types. To find the ideal user physiolog-
ical states u, we apply the MAP estimation method. To maximize the probability
of the current user status, we apply the following equation:

u∗ = argmax
u

P (u|d, m, t) = arg max
u

P (u,d,m,t)
P (d,m,t)

∝ argmax
u

P (u, d, m, t)
(3.1)

We assume that u is derived from the conditional probability given observation
d, other group reference model m, and user states t. In Eq. (3.1), we ignore P (d, m, t)
because probability function in terms of d, m, t does not involve information about
u ideal expectation. Therefore, we find the original MAP estimation in proportion
to the joint probability of u, d, m, and t.

To simplify Eq. (3.2), we decompose the joint probability through a data-
observation process, group-observation process, and status-decision process. In the
data observation process, the observation data d is estimated from the given group
distribution m, status information t, and expected distribution u. For the group-
observation process, the group distribution is computed according to the type t and
ideal expectation u. We derive the final status type from the expected distribution.

P (u, d, m, t) = P (d|u, m, t) ∗ P (u, m, t)

= P (d|u, m, t) ∗
P (u,m,t)

︷ ︸︸ ︷

P (m|u, t) ∗ P (u, t)

= P (d|u, m, t) ∗ P (m|u, t) ∗
P (u,t)

︷ ︸︸ ︷

P (t|u) ∗ P (u) (3.2)

As a result, we factorize the multivariable joint probability function into several
simple conditional probability functions given one or two variables (3.2). To com-
pute each term of joint probability, we begin with some notations. If we assume that
each joint pdf follows Gaussian distribution, f(u; θ), we denote potential functions
associated with exponential form, where

f(u; θ) ∝ e−〈θ,φ(u)〉 (3.3)

Note that θ is a real-valued vector, known as Gaussian parameter and φ(u) is
potential energy equation indicating distance between real-valued observation and
expectation. From (3.3) and (3.2), MAP estimation in this case becomes an energy
minimization problem (3.4) and turns out a MCDM problem given the assumption
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that all pdfs follow exponential forms, especially Gaussian.

u∗ = arg max
u

P (u, d, m, t)

= arg max
u

[P (d|u, m, t) × P (m|u, t) × P (t|u) × P (u)]

= arg max
u

[e−〈θd,φ1(u,m,t)〉 × e−〈θm,φ2(u,t)〉 × e−〈θt,φ3(u)〉 × e−〈θu,φ4(u)〉]

= arg max
u

[e−(〈θd,φ1(u,m,t)〉+〈θm,φ2(u,t)〉+〈θt,φ3(u)〉+〈θu,φ4(u)〉)]

= arg min
u

[〈θd, φ1(u, m, t)〉 + 〈θm, φ2(u, t)〉 + 〈θt, φ3(u)〉 + 〈θu, φ4(u)〉]. (3.4)

We define that e1 is an energy function of P (d|u, m, t) from the difference
between the observed data and the group distribution, e2 is an energy function
of P (m|u, t) from the difference between the group distribution and ideal distribu-
tion, and e3 is an energy function of P (t|u) representing the difference between the
status t and the ideal estimation u. Assuming that P (t|u) is constant (p = 0.5), e3

equals zero. e1, e2, and e3 are represented as follows:

e1 = ‖θd − φ1(u, m, t)‖2, e2 = ‖θm − φ2(u, t)‖2, e3 = ‖θt − φ3(u)‖2 (3.5)

After estimating the ideal distribution of the observation, we determine whether
the condition of a user is normal or not. For the recognition, we apply different
thresholds calculated by group distribution labeled with group context. For exam-
ple, if we have an age-group database, we categorize the data according to individual
users’ current physiological status (e.g. normal or abnormal), obtaining four group
models: normal male, abnormal male, normal female, and abnormal female. We
set a threshold at the intersection point of the normal male group distribution and
abnormal male group distribution, and it figures out the current users’ physiological
status according to it.

4. Experimental Analysis

We evaluated our MCDM method with real data set based on heart rate of healthy
or unhealthy subjects. We used the normal sinus rhythm RR interval database
to identify normal sinus rhythm data and the congestive heart failure RR inter-
val database to identify tachycardia sinus rhythm in PhysioBank.20 Tachycardia is
typically defined by excessive heart rate at rest. We associated users with tachy-
cardia sinus rhythm to an abnormal condition. We collected the heart rate data of
54 normal subjects from the normal sinus rhythm RR interval database: 30 males
aged 28.5–76; 24 females aged 58–73. We collected data about 18 subjects aged
34–79 from the congestive heart failure RR interval database (NYHA classes III)
including 9 abnormal subjects and 9 normal subjects.

We extracted features from heart rate and selected 5-min long RR samples for
each subject. We processed the measurements to correct artifacts smothing and to
remove third order trends in RR intervals. Then, we computed feature from the
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RR intervals to compute heart rate, because this factor characterizes signals in the
time domain. We estimated a density function to discriminate the normal from
abnormal conditions. Since density estimation methods are numerous, we verified
the normality of the collected data with Kolmogorov–Smirnov tests. Finally, we
obtained a probability density function about each data set.

We determined whether the current condition of a subject was normal or abnor-
mal with an individual threshold, a group threshold, and a general standard thresh-
old. We fixed the standard threshold at 100 bpm because we just collected fast heart
beat condition of abnormal subjects. For the group threshold, we categorized the
subjects based on sex and age. The two sex groups were labeled male and female. We
defined three age groups: 20–39, 40–59, and 60–79 years old. Individual thresholds
were computed from individual distributions following 95% certification interval of
each density distribution.

Overall classification errors thanks to group contexts decreased as shown in
Fig. 2. The standard threshold (under 100 bpm) significantly reduced classification
errors in the case of normal subjects group. But, subjects with tachycardia sinus
rhythm were often misclassified. However, our method exploiting age–sex contexts
kept the low error rates for all subjects, as shown in Fig. 2. Average error rates in
PDM method, proposed method with group context: age–sex, age only, sex only,
and TDM method were 5% (PDM), 7.33% (age–sex), 12.59% (age only), 15.09%
(sex only), and 27.75 % (TDM), respectively. We concluded that our method with
age–sex contexts affects more positively than the other deterministic and TDM
methods. Besides, the classification increasingly succeeded with additional contex-
tual information. For instance, the overall classification better succeeds with age–
sex than with age only. As a result, our method considering group context reduced
classification errors by 20.42% when compared to TDM methods.
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Fig. 2. Heart rate classification results of TDM, MCDM with context and PDM methods.
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(a) (b)

Fig. 3. Data distribution by sex group. (a) Male group (normal subject = 70%, abnormal subject =
30%). (b) Female group (normal subject = 70%, abnormal subject = 30%).
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Fig. 4. Classification result by sex group. (a) Definition of type of error. (b) Classification result
(normal subject = 70%, abnormal subject = 30%).

We analyzed the error type of classification by clarifying which errors increased
or deduced for different thresholds. The classification result is illustrated in
Figs. 3–5. Figures 3(a) and 3(b) indicate the distribution of each sex group with
a population consisting of 50% normal and 50% abnormal subjects. We checked
for Type 1 error and Type 2 error in each distribution as detailed in Fig. 4(a). A
Type 1 error is defined by the identification of an unhealthy subject as healthy; A
Type 2 error is the opposite. As shown in Fig. 4(b), the classification ratio dimin-
ishes when we apply a sex group threshold to decide the health status, assuming
50% of participation are abnormal.

In addition, our grouping analysis with age context exhibits fewer errors than a
TDM method, as shown in Fig. 5. In both cases, Type 1 errors decrease dramatically
but Type 2 errors do not. The TDM method extends the possibility to detect
normal subjects. From this experiment, we also conclude that our method better
classifies people with an age context than with a sex context. The classification
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Fig. 5. Classification result by age group. (a) Distribution for 20–39 age group (normal subject =
70%, abnormal subject = 30%). (b) Distribution for 40–59 age group (normal subject = 70%,
abnormal subject = 30%). (c) Distribution for 60–79 age group (normal subject = 70%, abnormal
subject = 30%). (d) Classification result (normal subject = 70%, abnormal subject = 30%), where
“w/o” is without context, “w” is with context.

errors are reduced by a group-based MCDM method as well as by a PDM method.
Accordingly, age and sex contexts, especially age, can improve the estimation of the
user status without knowledge of his/her data distribution. However, it is hard to
get benefit using MCDM method in the case of sex group classification, especially
female group, because the collected data is broadly distributed.

In addition, we compared the classification results for different prevalences of
unhealthy subjects as shown in Figs. 6 and 7. We tested for three population profiles:
50%, 70%, and 90% in normal. Overall context improved classification results. For
a portion of abnormal subjects reaching 50% in 60–79 age group, the classification
rate improves by 31.59%, in most cases, errors with the TDM method along with the
proportion of abnormal users. The MCDM method performs constantly, regardless
of the proportion of abnormal users. Our method considered normal subjects as
well as abnormal subjects; thus, it indicated good classification ratio to increased
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Fig. 6. Classification result by sex group with population. (a) Male group. (b) Female group.
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Fig. 7. Classification result by age group with population. (a) 20–39 age group. (b) 40–59 age
group. (c) 60–79 age group.

abnormal population. Especially, the analysis result in 60–79 age group and male
group indicated greater improvement rather than the other group. Female group,
20–39 aged group showed little effects on using contextual information because
female groups’ distribution of collected data is widely distributed; thus, it is hard
to characterize the data features of that group.
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5. Conclusions and Future Works

We proposed a MCDM method for physiological signal analysis and tested these
ideas with a public physiological data set. The problem was formulated using MAP
estimation for obtaining ideal expectation of users’ physiological status. MAP esti-
mation eventually was rearranged by MCDM problem given the assumption that
all pdfs followed exponential forms, especially Gaussian. From the experiment con-
ducted, we achieved 20.42% improvement of physiological status classification by
applying the MCDM method with age–sex group context than TDM methods.
Furthermore, MCDM method with various populations also produced better clas-
sification results than TDM method. If a portion of abnormal subjects of age group
reached from 10% to 50%, classification rate was improved by 6.29% and 31.59%,
respectively.

In future studies, we will consider external variables such as air temperature and
humidity in addition to internal variables. We expect such contextual information
to improve normal physiological status. These additions will support the creation
situation of a model to estimate in diverse situations. Finally, we expect that this
work is applicable to various personalized physiological signal monitoring applica-
tions, especially daily health monitoring in which we easily collect several sensory
data from heterogeneous resources. In this environment, system estimates user’s
physiological status by referring other group distribution without prior knowledge
about previous health records in real time.
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