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Figure 5.13: The staffing levels exclusively for the B rides, its ceiling, and their corresponding
blocking probabilities, for a regular week determined for α = 0.02, based on the adjusted
MOL approximation.
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Figure 5.14: The staffing level, taken as the sum of the staffing levels based on the adjusted
MOL approximation determined for α = 0.02 for the A1, A2, and B rides separately, its
ceiling, and their corresponding blocking probabilities.

When taking the staffing levels for each of the different urgent ambulances combined,

and letting the ambulances be able to be dispatched to every requested ride, we obtain

overstaffing, see Figure 5.14. The blocking probabilities for each of the instants over the
week, have a value less than 0.001, which is desirable. But compared to the current staffing
level (see Figure 5.1), the total number of planned ambulances is clearly higher, and hence
the costs. When the staffing levels of each of the separate priorities are combined, overstaffing
is probable. The buffer generated by β for each staffing level results in an excessive buffer.

One could decide to determine more than one β for the B rides. Based on just the first
a staffing level for the weekdays can be obtained, and the second β can be used to obtain a
staffing level for the B rides during the weekend. Reserving ambulances on weekdays just for
B rides can result in a redundancy of costs. Since on those days enough requests for B rides
enter the dispatching center.



82 Staffing

5.3 Conclusions

In the beginning of this chapter we formulated several research questions. In this section we
will try to provide some answers.

How to determine the quality of a certain staffing method?

To compare different staffing models we provided staffing levels for one week, based on the
mean number of ambulance rides per priority for every hour of the week. The dispatching
process of ambulance rides can be considered as an M/G/c/c queue, where c denotes
the number of scheduled ambulances [7]. Based on queueing theory the probability of all
ambulances being occupied, the blocking probility can easily be derived. We determined
the performance of a staffing level not just by the blocking probability, but with the
blocking probability multiplied by the number of expected incoming rides. We chose for this
performance measure to put extra weight on the blocking probability on busy moments. An
economic measure of a certain staffing is provided by taking the total number of ambulances
staffed in one week, by summing the number of scheduled ambulances per hour. We defined
these as the costs of a staffing method. A staffing method which we would present to the
ambulance service would generate lower costs than the current maintained schedule, and
score low in performance compared to the performance of the current staffing levels.

What is the performance of the current staffing method?

To obtain the blocking probability generated by the current staffing method we determined
an adjusted modified offered load approximation (adj. MOL). Based on the time-dependent
arrival rate of ambulance requests, and the empirical densities (categorized by priority, day
of the week, and hour of the day), this approximation provides the number of occupied
ambulances on any time t during the week. Based on the current ambulance schedule, the
maximum attained blocking probability is 0.12, the performance has a value of 10.28, and
the costs of the staffing levels are 1432 ambulances.

Which staffing models are applicable to our data?

For the M/M/c queue an exceptionally accurate and robust method to determine the number
of servers, such that the corresponding delay probability stays below a pre-specified value, is
the square-root safety staffing rule [37]. The dispatching process of ambulance rides cannot be
seen as such a queueing model, since ambulance requests cannot be put on hold. Even though
this rule is not applicable to our dispatching process, the square root safety staffing rule is still
of great interest [4]. By using the modified offered load (MOL) approximations, the square
root safety staffing rule is applicable to time-dependent travel rates. By adjusting the MOL
approximation, even different empirical densities of the travel times can be taken into account.
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Should the ambulance rides be staffed for each of the priorities separately?

Based on practical and economical reasons one could decide to staff the ambulance rides
for each of the ride priorities separately. An example is that driving at high speed with
ambulances through urban areas requires special training. When not enough trained
personnel is scheduled, the ambulance service could decide to point out several am-
bulances that are only allowed to carry out A2 and B requests. An economic reason
could be that for an A1 request a lot of medical equipment should be applicable compared
to B rides. An ambulance reserved for B rides could be equiped with less medical instruments.

When the (adjusted) MOL approximation is determined for each of the priorities
seperately, the total number of occupied ambulances during the week can be determined.
Staffing levels based on the total number of occupied ambulances appear to stay under the
pre-specified level of the blocking probability. When a staffing level is determined for each
of the priorities separataly, and the total number of required ambulances is determined, we
obtain overstaffing, which leads to a low performance, but higher costs. In case the costs
of ambulances which will be specifically utilized for B rides are much lower than normal
ambulances, one could consider to staff the B rides seperately.

A problem which occurs when the ambulance rides are staffed per priority is that the
staffing level for exclusively B rides generates unacceptable high blocking probabilities of 0.7.
This can be explained by the big difference of the number of exclusively occupied ambulances
for the B rides during the weekend and weekdays. The service grade β of the staffing level is
based on the average value of the (adjusted) MOL approximation. Hence the staffed number
of ambulances during weekdays, based on this β is too small and the ambulance provider is
understaffed. During these moments of understaffed B rides, the call center operator can
decide to deploy ambulances reserved for A1 or A2 rides, to B rides. One could also decide to
determine a staffing level just for the weekdays, and one just for the weekend, based on two
different β. Reserving ambulances on weekdays just for B rides can result in a redundancy
of costs, since on those days enough requests for B rides enter the dispatching center.

Which of the considered staffing models provides the best staffing levels?

For different values of the pre-specified blocking probability α, we determined staffing levels
based on the square root safety staffing rule. We applied a modified offered load approxi-
mation, and an adjusted modified offerd load approximation. The first considers a constant
arrival rate of the dispatched requests, and a constant rate of the travel time distribution.
The second considers a time-dependent arrival rate of the dispatched ambulance requests,
and a constant rate of the travel time distribution. The latter considers a time-dependent
arrival rate of the dispatched ambulance requests, and different categories for the travel
times, based on the time of departure.
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For different values of α, the staffing levels based on the SRSS rule score bad in perfor-
mance or in costs. The staffing levels based on the MOL approximation, and the staffing
levels based on the values of m(t) of A1, A2 and B combined, score well for α between 0.025
and 0.085. The sum of the staffing levels for the A1, A2, and B rides, each based on the
MOL approximation, scores well on performance, but bad on costs. The performances and
costs of the staffing levels where the MOL approximation was used are alike compared to
those staffing levels based on the adjusted MOL approximation.

Distinguishing in the travel time distributions for different hours of the week, does not
result in a remarkable different approximation of the number of occupied ambulances i.e., the
adjusted MOL compared to the MOL approximations. For the average week the maximum
difference between these two approximations is 0.42, and the standard deviation of the differ-
ences is 0.19. Obtaining the different departure time categories of travel times, and the travel
time distribution per category, takes time, and appeared to be of no outstanding improvement.



Chapter 6

Conclusions

The ambulance requests show for each of the priorities, A1, A2, and B, distinct correlations
and arrival patterns. A model to describe the incoming requests should take these correla-
tions, the month of the year, the day of the week, certain holidays, and hour of the day into
account.
The non-homogeneous Poisson processes describing the number of A1, A2, and B rides per
day in Section 3.4.1 consider arrival pattern effects, but neglect correlations. Even though
the number of ambulance rides per day is significantly alike to the Poisson distributions.
To model the number of requests for a certain hour a multinomial distribution is used,
conditional on total number of rides that day. In [7] data analysis is performed on ambulance
requests. Test results indicated correlations between different hours of the same day. By
taking such correlations into account the estimates of the number of requests per hour could
become more precise.

The occupancy time of ambulance rides differs significantly according to in which hour
the ambulance took of. We first categorized the empirical travel time densities by day of
the week, to continue by investigating which hours in a category show significantly distinct
distributions. We did not consider month of the year as an effect or certain holidays. While
these factors could lead to different categories. Since an empirical density was sufficient to
obtain a MOL and adjusted MOL approximation, we neglected to try to fit known densities
to the travel time data.

For each of the priorities of the ambulance rides, the multiple linear regression method
provided the most accurate fit to the data, and generated the most accurate predictions of
a two week forecast horizon. The multiple linear regression model was based on the factors
month of the year, day of the week and being it a certain holiday. The model is easy to
understand, easy to implement in statistical software, and explainable outliers can be taken
into account.
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A Poisson distribution with time-dependent mean is a suitable candidate for describing the
number of ambulances per day. But the forecasts we provided based on this distribution
resulted in large forecasting errors. This is among other things explainable by the fact that
we did not update the parameters while generating forecasts based on the data in the test set.

The square root safety staffing rule with a modified offered load approximation, provided
staffing levels which score better compared to performance and costs than the current
staffing level. We adjusted the modified offered load approximations in such a manner
that besides arrival patterns, also differences in empirical travel time distributions were
considered. This adjustment did not lead to remarkable differences of the generated staffing
levels. Categorizing the travel time distributions is time-consuming, hence one should first
investigate whether staffing levels based on just the modified offered load approximation are
sufficient enough.
The staffing models discussed in this thesis were based on queueing theory. One could also
decide to use discrete optimization to obtain staffing levels. When discretizing is used, not
only the number of necessary ambulance can be determined, also an extension to scheduling
the shifts of ambulance personnel is posible.
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