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Summary

Currently, customer relationship management (CRM) tools
are very important in our society because they provide a
comunication channel to the healthcare system for patients.
Salud Responde is a CRM that provides many health ser-
vices for the entire population of Andalusia, in southern
Spain. The number and frequenzy of phone calls received
change along the year. They depend on many factors, such
as weekdays, seasons, vaccination campaigns, environmen-
tal factors, pandemic periods, etc. All these are the main
reasons number of health calls changes along the year. This
variability makes that the current management of resources
for offering emergency services based on historical data is
inefficient. The factors, which influence the phone calls
along the year, are different from one period to another.
Therefore, it is clear to demand an improved in the current
management system. In this context, the main goal for this
research is to develop an expert system able to identify
and analyze, using different data mining algorithms, the
most relevant factors to predict the variability of health ser-
vice demand. Thus, here, it is proposed a methodology in
which using reasons calls received in the CRM as input data,
it is possible to predict in advance the healthcare resources

demand.
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1 | INTRODUCTION

Customer relationship management tools (CRMs)! are actually very useful for our society. These provide a unique
access point of healthcare system for patients inside hospitals, health centers, or specific emergency centers. Salud
Responde? is a CRM that has a large catalog of healthcare services such as medical appointment request, health
information, tele-continuity care services, health advice based on medical decision protocols (flu, Ebola, heat wave,
palliative care, ...), appointment reminders, etc. This type of services provides great benefits to patients since they
can get their medical doubts and administrative procedures solved without going to any health center. Also, it allows
people to be attended through multiple channels such as telephone, email, mobile app, etc. In addition, it provides a
great benefit to health systems since it allows them to manage their resources efficiently contributing to maintain a
sustainable health system? with important economical savings.

The CRM Salud Responde works as follows: when a request is received (by telephone, email, or mobile app), it is
attended, in a first level, by a specialized operator that solves the request acording to the type of it, for example, giv-
ing a medical appointment for its primary care center, providing medical information, solving questions about some
administrative procedure, etc. In this sense, if the operator has any doubt about the answer to the request submitted,
because it is a medical request, which requires to be solved by sanitary professional, then the operator transfers the
request to the nurse department. Here, all the requests of this type received by the CRM are analyzed. Next, a nurse
interviews the user who has called to know exactly its health request. Finally, the request of the user is solved by a
nurse giving a specific health advice or deriving its query to another level of care (to a primary health care doctor or
an emergencies doctor) (Figure 1).

Every year, Salud Responde performs more than 40 million procedures, 12 million of which are phone calls
attended by operators and nurses. It supposes a 30% of the all procedures atended. Therefore, it becomes a clue hav-
ing a correct sizing of the resources, in this case operators and nurses, every time to be able to care for patients. In
this work, a study of the variables that influence the users to demand sanitary services is made. Thereby, the expert
system developed is able to analyze such variables and make a prediction of the number of request calls that will be
received in the service 7 days in advance.

It is known that during some periods of time, there is an increase of sanitary demand, for example, when there is
an outbreak of influenza,® when temperatures drop,* or during in the influenza vaccination campaign since users
request an appointment to be vaccinated, in periods of allergies due to flowering of plants,” etc. These lead us to
use as input variables of the predictive models the causes of calls received by the CRM of Salud Responde. The
aim objective of the work is to implement a model capable of detecting in advance health problems that will carry
demand for health services by the users, in this sense, a predictive model that calculates in advance how many users

will call the CRM Salud Responde to request medical attention.

2 | METHODS

The causes and the number of the calls received are very variable depending on the day of the week, the season of
the year, or if it coincides with a vaccination advertising campaign. Also, it influences environmental factors such as
temperature, humidity, etc. Figure 2 shows the number of calls received during the year 2016.

As an example in Figure 2, it is shown that there are very significant differences in the number of calls received
from 1 day to another and from one season to the next. Thus, that is the case of a Monday in March, March 28, when
there were 53 501 calls compared with the Monday of the following week when it received 47 030 calls (April 04).
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FIGURE 2 Calls received during year 2016
Hence, the complexity of the correct sizing of services that often causes certain errors when it is based only on expe-

rience and taking into account only the historical series. A bad sized of the service of this type implies giving a bad

attention to the citizen, who cannot contact Salud Responde when the demand of the system is saturated.
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For a better understanding how data vary from year to year, Figure 3 is shown. Here, the number of calls is
grouped by months in 2015 and 2016. It can be seen how the largest accumulation of calls in 2016 was in November,
which coincides with the period of influenza; however, in 2015, the highest demand because of an influenza outbreak
was during the months of January and February.

The heterogeneity in the distribution of the number of calls from 1 month to another makes very complex to
dimension the health resources taking into account only the corresponding time periods. In this sense periods of
influenza, allergies by pollen or vaccination campaigns for pandemics do not coincide from 1 year to the next. There-
fore, it is a key to be able to extract variables that allow us to detect these periods in their initial phases in order to
anticipate the increase in demand of health calls. To do this, in our predictive model, we introduce as input data the
reasons for the calls received by the CRM about flu, allergy, fever, vaccination, etc.

Next, we describe the variables that we will use in our predictive model as follows:

e Call day (Monday, Tuesday, Wednesday, etc.)

e Month

e Type of day (working day or holiday)

e Forecast of temperatures

o Week of the month (since certain medications are prescribed during the first week of the month).

e Days after holidays. We indicate if the day is preceded by one or more holidays; it is known that after the hol-
idays, there is more demand for health calls.

e Days before holidays. That is, we indicate how many days are left to get to a holiday, since it is also known that if

the next day there is a holiday, more calls are received.

e Percentage of calls received calling about the flu. When the percentage of calls about the flu increases, it means

that a period of flu may be approaching and people are beginning to suffer it.

e Percentage of calls received calling about vaccines. When these types of calls increase, it indicates that the influ-
enza vaccination campaign is being initiated, which increases the number of calls to solve questions about

vaccination.

e Percentage of calls received calling about fever. It is an indication of the level of health of patients; this percent-
age increases significantly in winter and coincides with the coldest temperatures and calls increase to request a

primary care physician appointment.

e Percentage of calls about allergy and use of antihistamine. It is indicative that users with greater sensitivity to

plant pollens begin to have the first symptoms, which is indicative that the allergy period is approaching.
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FIGURE 3 Number of calls received between the years 2015 and 2016
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Before the study is begun, the influence of the different variables related to the number of calls to Salud
Responde is calculated; for this, the minimum description length (MDL)® algorithm is used. This algorithm considers
each attribute as a simple model and returns a value between -1 and 1. Value 1 means that the attribute has the
highest relation to the target attribute, value O means that there is no relation, and a negative value means that
the attribute is not related to the target attribute and therefore causes noise in the study.

Once the valid attributes are known, they are applicable to the generation of predictive models. For this study,

generalized linear models (GLMs)” and support vector machines (SVMs) (linear and Gaussian kernel)®1°

|.11

algorithms
are used. The algorithms have been developed with Oracle data mining tool.”* The GLM algorithm is used because
linear models make a set of restrictive assumptions, most importantly because the target (dependent variable) is nor-
mally distributed conditioned by the value of predictors, with a constant variance regardless of the predicted
response value. The advantages of linear model and their restrictions include computational simplicity, an interpret-
able model form, and the ability to compute certain diagnostic information about the quality of the fit. GLMs relax
these restrictions, which are often violated in practice. For example, binary (yes/no or 0/1) responses do not have
the same variance across classes. Furthermore, the sum of terms in a linear model typically can have very large ranges
encompassing very large negative and positive values. For the binary response example, we would like the response
to be a probability in the range between 0 and 1. Also, GLMs accommodate responses that violate the linear model
assumptions through two mechanisms: a link function and a variance function. The link function transforms the target
range potentially from minus infinity to plus infinity so that the simple form of linear models can be maintained. We
configured the GLM algorithm with a confidence level'? of 95%.

On the other hand, SVMs are a powerful algorithm based on the statistical learning theory. The main advantage of
the SVM algorithm is that models have similar functional forms to neural networks and radial basis functions, both
popular data mining techniques. However, neither of these algorithms have the well-founded theoretical approach
to regularization that forms the basis of SVM. The quality of generalization and ease of training of SVM is far beyond
the capacities of these more traditional methods.*®

In this study, the linear kernel function reduces the original attributes in the training data to a linear equation. A
linear kernel works well when there are many attributes in the training data. The Gaussian kernel transforms each
case in the training data to a point in an n-dimensional space, where n is the number of cases. The algorithm
attempts to separate the points into subsets with homogeneous target values. The Gaussian kernel uses nonlinear
separators, but within the kernel space, it constructs a linear equation.*® Specifically, with the SVM model, the
parameters that have been used are as follows: tolerance: 0.001, kernel cache size: 50.000.000, and complexity
factor: 0.76.

3 | RESULTS

The results of the first phase of the study correspond to the implementation of the MDL algorithm to identify which
attributes are those that most influence the target attributes; in this case, they have been calculated for each of the
two cohorts, Table 1.

The regression models are generated from the algorithms already described in the previous section. The results
obtained are shown in Table 2 where the precision of models generated from each algorithm is shown. These results
concluded that the algorithm theoretically best modeled to our issue is the SVM with linear kernel, with a predictive
confidence of 65.79% and an absolute error of 1.824 over an average of 27.895 calls.

Finally, the model is applied, and its effectiveness is verified from January 01, 2017, to 31/08/2017. During this
more than half year that the model has been implemented in production, it can be observed that the average absolute
error is 2.89%. Figure 4 shows the comparison of real calls and those obtained from the predictive model.

The model has been able to anticipate increases in demand of health calls about influenza in January and about
pollen in March. In the following, Figure 5, it is shown as an example the actual calls received and the prediction made
by the system for the following week.
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TABLE 1 Influence the target attributes
Attribute Name Important Attribute
Day, week 0,98
Type of day 0,38
Month 0,21
Temperature 0,18
Days before holidays 0,17
Days after holidays 0,15
Percentage of calls referring to influenza 0,14
Percentage of calls regarding vaccine 0,13
Percentage of calls referring to allergy 0,12
Percentage of calls regarding fever 0,12
Week of the month 0,03
TABLE 2 Precision of models
Predictive Trust Quadratic Error Absolute Error
GLM 66,97% 4.139 2.430
SVM con kernel Gausiano 66,94% 4.127 2.307
SVM con kernel lineal 68,79% 3.911 1.824

Abbreviations: GLM, generalized linear model; SVM, support vector machine.

Number of Requests

= Calls === Prediction

01/01/2017 01/02/2017 01/03/2017 01/04/2017 01/05/2017 01/06/2017 01/07/2017

Date

FIGURE 4 Comparison between predictive model and real case

4 | DISCUSSION

In this paper, it is observed that the most important data for the predictive model are seasonal variables, such as the
day of the week, month, type of day, etc. But what makes the model better suited to reality is the use of the reasons
for calls of the users received in the CRM, Salud Responde. This is because of the fact that these calls are indicative

of a health problem that is beginning to manifest and consequently, in the coming weeks, it will lead to an increase

health services demand. For example, the percentage of patients who have called for health advice on flu or fever is a

clear indicator that the flu begins to manifest in the population, in its initial phase, which allows health services to
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FIGURE 5 Graphic visualization of the model prediction

anticipate the increase in demand. Similarly, the percentage of calls made by users about vaccines or allergies influ-
ences the predictive model.

Another attribute with a lot of weight on the predictive study is the temperature changes. These are related to
certain pathologies, which means that patients have to go to their primary care doctor.2* Nowadays, these data tem-
perature variations are very easy to obtain through numerous websites with weather forecast, which provide with a
very reliable prediction for the next 10 days.

In short, this type of health demand services is very sensitive to temporality, and if we compare, the series from
1 year to another is very similar, but what really provides us an improvement in predictive models is the use of exter-
nal variables that give us indications that a health problem may be presented in its initial phase and this will allow
health service managers to anticipate the correct dimensioning of human and technical resources.

5 | CONCLUSIONS

The expert system is able to predict the number of patients who will request healthcare to the CRM Salud Responde.
This can be a key tool for health center resource managers to correctly design and sizing their services. The use of
this tool can help to improve various aspects of healthcare management. First, from an economic point of view,
knowing the demand in advance allows managers to prevent having too many staff on duty. Another important
aspect that can be achieved with the use of the expert system is improvement in patient satisfaction, as the manager
can detect in advance when there will be higher health services demand, thus increasing the quality of healthcare and
providing on-time service to users when needed. In short, this tool can help resource managers to design more effi-
cient and sustainable primary care services.

Concluding, in this system, it is a key to use call reasons of the users as input variables in the predictive model.
These allow to detect the health services demand in very early phases, when they begin to manifest, allowing the
model to take it into account and anticipate the increase in demand with at least a week in advance, which is a

key to correctly size the services.
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