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Abstract—Hospital staff and managers are under pressure and
concerned for effective use and management of scarce resources. The
hospital admissions require many decisions that have complex and
uncertain consequences for hospital resource utilization and patient
flow. It is challenging to predict risk of admissions and length of stay
of a patient due to their vague nature. There is no method to capture
the vague definition of admission of a patient. Also, current methods
and tools used to predict patients at risk of admission fail to deal with
uncertainty in unplanned admission, LOS, patients characteristics.

The main objective of this paper is to dea with uncertainty in
hedlth system variables, and handles uncertain relationship among
variables. An introduction of machine learning techniques along with
statisticad methods like Regression methods can be a proposed
solution approach to handle uncertainty in health system variables. A
model that adapts fuzzy methods to handle uncertain data and
uncertain relationships can be an efficient solution to capture the
vague definition of admission of a patient.
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|. INTRODUCTION

HE number of hospital admissionsin UK National Health

Service (NHS) and in several other developed countries
has been rising for many years [4]. Hospital admissions of
patients tend to be vaguely defined due to unexpected
variations in the data, patients characteristics, demographic
variables and indeed hedth system variables. Future
admission of a patient is uncertain; therefore it is challenging
to predict patients at high risk of admission. There are a
number of modeling approaches and statistical methods to
predict unplanned admissions and length of stay of a patient.
There is uncertainty in unplanned admissions, LOS, patients
characteristics and most variables describing the health
system. These models are useful in providing insights into the
behavior of patients admission. Unplanned admission of a
patient can be at high risk or low risk [5]. These categories are
vague or fuzzy. Risk factors (clinical, socia factors, patients
characteristics and demographic characteristics) are associated
with determining the risk of unplanned admission of a patient.
However, these models fail to deal with uncertainty in these
risk factors. In addition, uncertain relationship exists between
data variables. Not dl data can be captured by linear type of
relationships. The type of relationships among variables can
be linear or non-linear. Therefore, relationships among
variables are uncertain and it becomes difficult to handle such
relationships. Precise and accurate models are very important
in handling vague nature of admission of a patient.
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Studies have found that admission of a patient is a
dichotomous response variable. A problem may arise in
prediction due to the vague nature of the response variable.
The purpose of this paper is to develop a model to handle
uncertainty in patients characteristics and risk factors
associated with unplanned hospital admissions.

Il.MOTIVATION OF PAPER

Patients at high risk of unplanned admission could be
targeted for interventions designed for efficient hospital
resource utilization [6]. A number of predictive tools for the
prediction of patients who are at high risk of readmission have
been developed [2] [5].

Most Predictive models have focused on regression
techniques, athough there is an emerging interest in artificial
intelligence. There are limitations and drawbacks of the
current predictive models. Problems may arise due to
uncertainty in data variables, uncertain relationship among
variables and vagueness in the admission of a patient.

The main challenges of this paper are:
e To handle uncertainty in unplanned admission
and patients' characteritics.
e To handle uncertain relationships among
variables.
* To capture the vague definition of unplanned
admission of a patient.

I11. PROPOSED MODEL

A model is developed to capture the vague definition of
unplanned admission. This modd also handles uncertainty in
unplanned admission, patients characteristics and hedth
system variables. Admission of a patient can be a high,
medium or low risk. These values high, medium or low are
fuzzy and can be placed in afuzzy set.

Admission of a patient is a fuzzy event because it can take
the values other than 0 or 1 and unplanned admissions do not
have clear cut boundaries. This model identifies patients
characteristics and risk factors associated with unplanned
hospital admission. Due to uncertainty in available
information, the future state (admission of a patient) is not
clearly defined.

The model can be generated by adapting two methods:
Fuzzy techniques and regression methods. This modd is
adapted when avalable data is uncertain and when
explanatory variables are interacting in uncertain manners.

Adapting machine learning technique can be a proposed
approach to handle uncertain relationship and unknown
dependency between a given set of input variables and its
response variables.
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Fig. 1 Shows Proposed Approach for capturing vatgfmition of
admission

IV. STATISTICAL METHOD AND ANALYSIS

Statistical method and analysis were performedguSIRSS.
Regression Analysis can be used to assess theiaEste
between admission method and independent
including admission source and age. The test famab
distribution is conducted through Probability-Prbitity Plot
(P-P). The plot is a graph of the empirical CDFuesl plotted
against the theoretical CDF values. The plot vk
approximately linear if the specified theoreticatdbution is
the correct model.

V.DATA COLLECTION

Information on risk factors associated with unpkehn
admission was obtained from HES datasets. Fogdkes data
were collected for the admission methods, admissmmurce,
Hospital provider spell no, Spell duration, stage af patient,
end age of patients and primary diagnosis. Regressialysis
can be run on the sample data set to analyze aesips
between the
understand the effect of predictor variables ondilteome.

VI. CORRELATION REGRESSION

Regression analysis has been run on the samplesdata

The table | show the correlation among the vargblEhe
value close to 1 indicates that there is a stragigtionship

among the variables. The value closes to 0 showskwe

relationship between variables. The positive valoé
Pearson’s r means that if one variable increaseslire then
the other variable also increases in value. Sitgilathe
negative value of Pearson’s r means that if ondalhr
decreases in value than other variable also dezséassalue.
Sig (1-tailed) value is .206, the value is gredtean 0.05.
That means, increases or decreases in one vari@bleot
significantly relate to increases or decreasesaur ysecond
variable. The other value is 0.001; we can conchhd¢ there
is a statistically significant correlation betweem variables.

That means, increases or decreases in one vardible

significantly relate to increases or decreasesaur ysecond
variable.

independent and dependent variabled, an

TABLE |
SHOWS THE CORRELATION BETWEEN VARIABLES
VARDOD] | VARDDDS | VARDDDDS | VARIDOT

Paarson Correlation VAR

001 1.000

Siz. {1-tzilad)

VARQON

VII.

This visualization is helpful to understand how #Hstem
is going to behave for the entire range of valuethe input
space. Upon opening the surface viewer, we areepred
with the two-input one output case, we can see diigre
mapping on one plot. The fuzzy membership functian be

FUZzZY MEMBERSHIP FUNCTION

variaplpresented with the help of triangular or Gaussige of

functions. The functions can be represented by emastical
equations like

f (x;a,b,c) = max(min%,%)p) )

The parametera andc locate the "feet" of the triangle and
the paramete locates the peak.

The parameters for gaussmf represent the paran@ arsi
c listed in order in the vector [sig c].
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Fig. 3 shows the Gaussian membership functiongfleariables in

the range [-1,1] and fuzzy set (0.1812, 03218)
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VIIl. CONCLUSION AND FUTURE WORK

It can be concluded that due to uncertainty inthesjstem
variables and uncertain relationship among varghleere is
vagueness in the admission of a patient. A modlititludes
statistical techniques along with fuzzy techniquiss a
proposed approach to deal with uncertainty in datdables
and uncertain relationship among variables.

It can be analyzed from P-Plot that not all data te
captured linear type of relationships and all d&tanot
normally distributed. Also, it can be shown by eeggion
analysis that strong and statistically significaatationship
exists between some variables whereas there
relationship between some variables and correlabietiveen
some variables is not statistically significant. eDuo
uncertainty in health system variables , the fuzzéin data
variables occurs, which can be plotted with thep hefl fuzzy
membership functions.

IX. RESULTS
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Fig. 4 Shows the P-Plot of VAR00001, data can lptuzad by linear
relationships but not all data is normally disttixl

Normal P-P Plot of VAR00002
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Fig. 5 Shows the P-Plot VAR00002, data can be cagthy linear
relationship but not all data is normally distriéait
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Normal P-P Plot of VAR0O0006
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Fig. 6 shows the P-Plot of VAR00O0OG, linear relatbips do not
exist; data cannot be captured by just correladimh Regression
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Fig. 7 shows the P-Plot of VARO0OOG, linear relasibips do not
exist; data cannot be captured by just correlaioh Regression

Normal P-P Plot of VAROD005
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Fig. 8 shows the P-Plot of VAR00005, non-lineaatienship exists,
it is U-shaped type of relationship, data cannatdgetured by just
correlation and Regression
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