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ABSTRACT:

Although uncertainties appear in almost every analysis or simulation, they are often not considered or described explicitly. Especially
in complex models they can become very large. The neglect of describing them can lead to an unjustified confidence in the results. In
this paper we present a plan for developing a complex model in which we explicitly describe the occurrence and propagation of data
uncertainties. For this model we will examine the relationship between socio-demographic conditions and the amount of emergencies
in an urban area. We will further estimate the future development of the socio-demographic conditions. These findings will serve as
a base for a district-wise prediction of emergencies. We will identify possible sources for uncertainty and introduce first ideas to deal
with them. Our aim is to make a statement of the uncertainty of the model’s result.

1 INTRODUCTION

Data uncertainty occurs in any step of data processing. It can
stem from or be enlarged by measurement, collection, aggre-
gation, transformation, communication, propagation, modeling,
conceptualization, or aging. In complex models, data is collected
from various sources, rearranged to fit the present needs, pro-
cessed under model assumptions, and propagated by serving as
input to processes within the model. Concordantly, this also holds
true for data uncertainty (MacEachren, 1992, MacEachren et al.,
2005). Since uncertainty is usually enlarged by data process-
ing, the usefulness of the data generated within such a model can
only be validated when its uncertainty is considered. Statements
about uncertainty can change the decision on how to proceed with
which data. Thus, uncertainty can change the final result.

Uncertainties arise, e.g., in the process of modeling the interde-
pendencies between socio-demographics and infrastructure. It is
easy to see that these two influence each other. Facilities to pro-
vide a particular service are geared towards a population. They
must either serve a specified number of people or be accessible
within a specified time. Infrastructure services might be influ-
enced by the specific needs or characteristics of the population
around the facility. On the other hand, the infrastructural equip-
ment might attract or repel people and therefore has influence on
the population and its characteristics.

A concrete example for an facility-based infrastructural unit is
the supply of the city of Hamburg with ambulances. In Hamburg,
ambulances are situated at rescue stations which are distributed
over town. If an emergency occurs, the emergency headquarter
will order an ambulance to the emergency site. In most cases,
emergencies will be served by ambulances from stations which
are closest to the incident. In some cases, however, all ambu-
lances from one station might be busy so that an ambulance from
another station must be alarmed. Also, an ambulance might be
traversing areas which are usually served by ambulances from
other stations and then called to a mission. This happens, for
example, when an ambulance is on the way back from a hospital.

In this paper we will show the outline for a complex model of an

urban process. Uncertainties will be explicitly considered. We
want to build a model which can serve to predict future emergen-
cies for the city of Hamburg. This model will be based on the re-
lationship between the socio-demographic characteristics of city
districts and the amount of emergencies which happen in them.
The districts in Hamburg vary in their socio-demographic form.
Employees from the fire department mentioned to us that they
could observe a variation of amount and type of incidents with
regard to the socio-demographic extent of a district.

We will then continue to estimate future outcomes of socio-demo-
graphic attributes and use these estimates as a basis for predicting
the future amount of emergencies. In this work, repeatedly uncer-
tain information is used for calculating, estimating, or predicting
information. This resulting information in turn will be uncertain,
too. We want to consider several methods to model this uncer-
tainty, use them and compare them. We want to gain insights into
the usefulness of existing approaches for considering uncertain-
ties and possibly detect potential for new approaches.

We will continue with presenting and discussing related work in
section 2. In section 3 we will present the data sets we will use,
before we explain our approach in more detail in section 4. There
we will also explicitly address the consideration of uncertainties.
We will close with an outlook on possible future works in section
5.

2 PREVIOUS WORK

At the beginning of the decade, a health mapping for the city of
Hamburg was set up. Cost grow operations were performed on
data about roads and rescue station locations. Thus it was exam-
ined which parts of the city could be reached from stations within
a given time. Later the number of emergencies actually occurring
in these areas was counted. This allowed for suggestions for re-
assignment of areas or ambulances to stations or even relocations
of stations.

The results of the health mapping showed that 53.6% of the city
area could be reached within five minutes by ambulances. In this



area, 78.3% of all incidents occurred. Health mapping suggested
relocations of the stations which led to a coverage of 55.3% of
the city area and 86.6% of all incidents by ambulances within
five minutes (Traub, 2003, Traub, 2004, Albers, 2001, Henning,
2001). The results of this work are shown in Figures 1 and 2.

Figure 1: Actual distribution of rescue stations

Figure 2: Optimized distribution of rescue stations

Figure 1 shows the distribution of rescue stations before opti-
mization, figure 2 shows the distribution after optimization. In
both images, dots represent rescue stations, the smaller areas rep-
resent the parts that can be reached within five minutes from a
rescue station, and the larger areas show the regions which are
usually served by the corresponding rescue stations.

Krisp and Karasova examined the relationship between popula-
tion density and emergency incidents (Krisp and Karasovd, 2005).
Whilst they found that the correlation was significant, it also be-
came clear that there must be more factors determining the oc-
currence of emergencies. In later studies, not only the population
density, but also the variation of people’s location during day or
night (Ahola et al., 2007, Krisp, 2008), the temporal distribution
of incidents (§patenkové et al., 2007) or the age of the patients
was considered. The findings revealed that emergencies are most
frequent in areas with many elderly people. Also, the type of in-
cident varies with age distribution (Spatenkové and Krisp, 2007).

3 USED DATA SETS

For our work we will use two different data sets: One about the
emergencies and one about the socio-demographic data.

The data set about the emergencies consists of emergency calls
that came in at the emergency headquarter of Hamburg between
2004 and 2008. Each emergency is attributed with

e the date

o the time of day

e the ambulance which served the emergency
e the kind of emergency

e the sex of the patient

e the patient’s birth year

e the destination to which the patient was brought (in most
cases this would be a hospital)

e the site of the emergency

An ambulance is indicated by a composite ID, consisting of the
ID of the ambulance’s home rescue station and an unique identi-
fying letter (e.g., ambulance 11A would be ambulance A of res-
cue station 11).

Due to data restrictions, the site of the emergency is not indicated
by geographic coordinates or street and house number, but only
by street. This leads to the unusual case that most emergency
sites are included as line features. Furthermore, some emergen-
cies’ sites are not even encoded by street but by prominent build-
ings or other sites, such as urban railway-stations, doctor’s of-
fices, schools, hotels, parks, or others.

The other data set contains various socio-demographic attributes
of city districts of Hamburg between 1986 and 2007. It is publicly
available from the statistical office for Hamburg and Schleswig-
Holstein. The set consists of more than one hundred variables re-
garding population, age distribution, income, employment, crimes,
and migrations. However, some of the data is only available
since, until, or for certain years.

Furthermore, the meaning of the attributes shifted throughout time.
There have been changes regarding the area of districts as well
as in attribute meaning. In 2008, new districts were created by
taking parts from other districts. One district was dissolved. Re-
garding the thematic attributes, the limitations might vary from
year to year. For example, in the values for young people’s un-
employment, it is not handled uniformly at which age a person
is considered "young’. Additionally, some of the data is only es-
timated. For example, the latest census in Germany was taken
in 1987. Therefore, data about population size is not very cer-
tain and sometimes receives sudden shifts when the register of
residents are cleansed from multiple faulty entries at once.

4 OUTLINE OF OUR APPROACH

In this section, we outline our plans for a model for analyzing the
relationships between socio-demographic factors and the amount
of emergencies within city districts. We also tell how we plan to
use this model to predict the future occurrences of emergencies.



Still, our focus will lie on the identification, treatment, and de-
scription of uncertainties within the analysis. For implementing
the model and describing the uncertainties we plan to use Java
and R.

As a first step we want to prepare the data for the analysis. To
do so, we will detect missing data, redundant data, and obviously
wrong values. These values might be removed or replaced by
interpolated values in order to receive data which is free of per-
turbing influences.

Considering uncertainties at this part of the analysis will be diffi-
cult, since no a priori information about the data sets is available.
The most sensible solution at this point seems to us to consider
the information certain (or at least certain enough for our pur-
pose).

The next step is to come up with the total number of emergen-
cies per district. The majority of emergency sites are encoded by
street. Since in most cases a street is fully contained within one
district, most emergencies can unambiguously be assigned to a
district. More unclear cases occur when a street runs through one
or more districts. In these cases, several options exist. Let ¢; be
the counter of emergencies for district ¢, n be the number of dis-
tricts the street runs through, and p(¢) the percentage of the street
which runs through district 7. Possible choices for an updated

counter value ¢;'®" are shown in equations (1), (2), and (3).
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In order to describe the uncertainties, it might be advisable to
employ three counters:

e Counter c¢; which counts emergencies occurring in every
street which lies completely within or runs through the dis-
trict

e Counter co which estimates the real value by using one of
the approaches shown above in equations (1), (2), or (3)

e Counter c3 which counts only emergencies occurring in streets
which are fully contained within a district

Obviously, equation (4) holds true.

c1 > c2>cC3 4)

These three counter values can then be used to model a probabil-
ity density function. Probability density functions have proven as
useful for describing uncertainties (Morgan and Henrion, 1990).

Another problem arises from the emergencies of which the posi-
tion is not given by street but by some other place. The assign-
ment of these places to a district would be too cumbersome to be

performed, since the place names often appear only once. How-
ever, since for each emergency information is provided about the
rescue station which has served the emergency, it is possible to
estimate in which district the incident might have taken place. It
is not possible to rule out any specific district, since the ambu-
lance could have served an emergency in a district it traversed
by conicidence. Models to assign these emergencies to districts
could take into account

o the number of emergencies which have been served by am-
bulances from a certain station in a certain district

e the overall number of emergencies occurring in one district

o the likeliness of ambulances from one station to serve emer-
gencies in other districts

e the distance from the district to the rescue station

c1, ¢2, and c¢3 can be increased accordingly.

In the next step we want to apply a model in which the socio-
demographic factors serve to estimate the total number of emer-
gencies per district. Since the relationship between socio-demo-
graphics and occurring emergencies is yet unknown, we cannot
make prior assumptions about which variables to use. A method
to deal with this special problem would be stepwise regression.
However, when stepwise regression is applied thoughtlessly, it
can introduce numerous uncertainties. The weaknesses and short-
comings of stepwise regression are widely recognized (Whitting-
ham et al., 2006). Analysts are tempted to regard to a suggested
model as the single best model, unaware of or indifferent to the
fact that there often are various models which deliver results of
similar quality. A problem with stepwise regression is the choice
of which variables to include into the model. Depending on the
sequence in which variables have been inserted into or taken out
of the model, different models will be produced. To overcome
these weaknesses, it is helpful to consider not only the best, but
also other well-fitted models. Model-selection criteria have been
developed in order to cope with the uncertainties arising here
(Akaike, 1974, Burnham and Anderson, 2002). Still, consider-
ing uncertainty will be difficult in this step, too.

A further aspect will be the continuation of the socio-demographic
factors. Models for continuation of demographic factors (i.e.,
population) mostly consist of four variables: Births, deaths, im-
migration, and emigration. Whilst births and deaths can be esti-
mated quite reliably, immigration and emigration underlie influ-
ences which are very hard to foresee. Regarding the other socio-
demographic factors (e.g., the development of the unemployment
rate), we plan to apply time series analyses in order to produce
an estimation of the future outcome of values. We still have to
learn about the function of models which are appropriate for this
task before we decide on how to best describe the uncertainties
of predicted values. We expect that uncertainty grows with pass-
ing time, so that the estimates for the next years might be quite
accurate, whilst estimates for later years will be more uncertain.

These predicted values and the regression model will serve to
eventually estimate future outcomes of emergencies per district.
Because the uncertainty is described for both model variables and
predicted values, we will be able to make a statement about the
uncertainty of the model estimates.

We expect that at this point of the model the uncertainty might
have become very large. This means that many outcomes appear
probable. A concern is that the uncertainty is eventually so large



that the model becomes useless. Users might be repelled by large
uncertainties and decide not to consider estimates of which they
are told that they are very uncertain. In order to tackle the prob-
lem of broad uncertainty borders, we could exclude values which
are very improbable from the model and consider only values
which have a probability value that surpasses some threshold.

5 CONCLUSIONS AND FUTURE WORK

This paper has shown the outline of a project under development.
It deals with various aspects, such as

e the examination of the relationship between socio-demo-
graphic variables and the amount of emergency incidents

o the prediction of the amount of future emergencies

e dealing with uncertainties that occur at various stages within
a model

We have laid out our plan to realize this project and mentioned
various situations where we expect difficulties in both develop-
ing the model and dealing with data and model uncertainties. For
some of these situations we have said how we plan to address
these difficulties, for others we are still developing adequate so-
lutions. Our next steps will be to find these solutions for the re-
maining problems and to implement the model. This work leaves
space for several enhancements and additional analyses or simu-
lations.

A more realiable model could be constructed by using socio-
demographic data for areas which are smaller than districts. Also,
more refined data about age distribution might be helpful. This
would allow for a refinement of the regression parameters and
thus less uncertainty in the model. However, when the adminis-
trative areas are smaller, less streets would be fully contained in
them and less emergencies could be assigned unambiguously.

After amounts of emergency have been predicted for each district,
they could be used to estimate the future mission load of a station.
A part of this task would consist of analyzing which districts are
served by ambulances of which rescue station by which percent-
age. Such a model would require special consideration and de-
scription of its uncertainties. If a certain threshold of emergencies
per station is exceeded, this could mean that new ambulances or
rescue stations are required.

A former plan of ours was to apply a micro-simulation in which
the service of emergencies by ambulances over the course of one
year would be simulated. This could be repeated numerous times
in order to produce a Monte Carlo-simulation. The results of such
a simulation can be used to describe uncertainties via probability
density functions. We dropped this plan due to its complexity and
missing information about typical ambulance movement. How-
ever, this approach might be part of future work, since it would
allow for the consideration of various aspects which are not in-
cluded in our current model. Among these aspects are seasonal
changes and navigation in an urban area with several natural bar-
riers such as the river Elbe.

Other possible fields for future work would be a new cost grow-
analysis based on the changed population data or an examination
of the relationships between socio-demographic factors and the
temporal attributes or the types of emergencies.
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