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Abstract:

The Canadian Blood Services (CBS) is responsible for the collection, storage and distribution of blood products throughout the country. Like all civilian hospitals and medical facilities, the Canadian Armed Forces
(CAF) Health Services System relies on CBS to provide it with required blood products through the Canadian Armed Forces Blood Distribution System. Under normal circumstances, CBS collects all blood products
through organized events including mobile and permanent clinics, where prospective donors attend via either pre-booked appointments or unscheduled walk-ins. Of those who make appointments, only a portion
show-up for their appointment and of these only some yield a successful donation. As donation clinics are
capacity-constrained by both the labour-force and infrastructure, CBS is motivated to maximize the utilisation of existing resources through implementation of an overbooking policy. Leveraging historical data, a
statistical analysis was conducted to identify factors influencing conversion rates to aid in developing an improved scheduling policy. The location of the centre, the day of the week as well as demographic groups were
included as candidate independent variables in a regression model to forecast the proportion of pre-booked
appointments that are attended and yield a collection.
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INTRODUCTION

CBS is responsible for the collection, storage and distribution of blood products throughout the country,
except in the province of Québec. Its storage and distribution extends to the CAF domestically and during
expeditionary engagements. CBS currently has forty
permanent sites across the country and holds up to
20,000 donor clinics annually (Smith et al., 2011).
Even after extensive recruiting campaigns, the
number of donors consistently remains low and reflects roughly three to four percent of the Canadian
population (Smith et al., 2011). Although one in
two Canadians is eligible to donate, only one in sixty
makes a donation. While some individuals are unable to make donations for medical reasons ranging
from fresh tattoos or recent travel to specific countries, others simply choose not to donate because of
religious beliefs or a fear of needles. An aging population and supplying transfusions of a wide range of
critical medial conditions including surgeries, cancer
treatments and organ transplants are prime examples
of why there is an increased requirement for blood
a
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products. It is anticipated that the demand for blood
will continue to increase and potentially surpass the
amount collected. In addition to efforts to grow the
donor pool, all members involved in the provision
and transfusion of blood components are attempting
to limit their waste and improve their utilization.
The physical limits within the clinic itself are the
number of beds available and the number of staff. The
staff required to operate the clinic is a combination of
reception staff, DCAs, RNs and volunteers. Ideally,
to optimize the operating costs of the clinic to the
donation ratio, all available collection capacity slots
should be filled. As previously mentioned, even if the
number of pre-booked appointments reaches the collection capacity of a specific clinic, not all pre-booked
donors attend their appointments. These no-shows
can potentially lead to wasted resources if they are not
filled with walk-in donors. In addition, it is not as simple as identifying how many pre-booked donors attend their scheduled appointment because not all prebooked donors who attend their scheduled appointments yield a successful donation. The prospective
donors may not meet all eligibility criteria or they
may not successfully donate the required 450 millilitres required which result in a deferral. The total

number of deferrals for each clinic varies widely. The
number of estimated deferrals will not be considered
in the developed regression model.

1.1

Literature Review

In (Muthuraman and Lawley, 2008), a stochastic optimization model is developed where patient service
times are exponentially distributed and individual patients categorized by similar attributes share a common no-show probability. The work is theoretical in
nature and, as such, the authors do not posit on what
attributes might be used to cluster patients and how a
no-show probability might be developed for that cluster. The objective function of the optimization model
is to maximize profit and consequently, the model is
applicable only to environments having a profit motive. In (Li et al., 2019), the optimization model of
(Muthuraman and Lawley, 2008) is leveraged with a
no-show probability unique to each individual patient
based on a variety of socio-demographic and contextual parameters. Most notably, a patient’s historical propensity to not show up for an appointment is
a strong indicator of future no-shows. Monte Carlo
simulation of empirical patient records suggest the
combination of these models is effective in maximizing clinic profit. The motivations of Canadians in donating blood is specifically explored by Smith et al.
((Smith et al., 2011)). Through extensive donor interviews, their research suggests that none of the above
socio-demographic variables are influential to an individual’s propensity to donate blood. Nor do Canadian
blood donors subscribe to individual altruism. Rather,
they are motivated by aspirations to fit within normative behaviour defined by social or workplace groups.
It’s common for sports teams, clubs, or workplaces to
organize and commit to blood donation events. In this
context, it is neither altruism nor socio-demographic
variables that are the most valuable of predictors but
what social groups the individual belongs to.
A utility function first proposed in (LaGanga and
Lawrence, 2007) was later applied to the overbooking
policy of a medical clinic in (LaGanga and Lawrence,
2012). This utility function consider the time patients
spend waiting, overtime of medical staff, and consequently represents a tradeoff between the costs associated with overbooking (wait and overtime) versus
no-shows (resource idleness). In this case, a common
no-show probability was applied uniformly across all
patients. As in (Muthuraman and Lawley, 2008), appointment slots are also of consistent length. These
same costs are included in the model presented in
(Chen et al., 2018) but, here, the authors adopt flexible
appointment start times in lieu of fixed appointment

slots. Zacharias and Pinedo (2014) present a similar
model but includes weights for patients representing
differing costs by patient. In (Kros et al., 2009), an
additional cost is included in the utility function - that
is the cost of burnout among service providers resulting from sustained overbooking. Liu et al. (N. and
Ziya, 2014) consider policies meant to encourage patient attendance (e.g., reminder phone calls) and their
associated costs as part of the objective function.
A game theoretic approach is adopted in (Zeng
et al., 2009) and (Zeng et al., 2013) where the probability of the patient not showing up for the appointment is a function of the overbooking strategy itself.
As the clinic overbooks more aggressively, the increased patient waiting time dissuades patients from
showing up to the appointment. Zeng et al. (2010)
also demonstrate that when the traditional problem
formulation includes homogeneous patients having a
common no-show probability, the objective function
(to minimize costs - or maximize profit) is convex.
For heterogenous patients, the authors propose a local
neighbourhood search solution strategy.
In both (Huang and Zuniga, 2012) and (Huang
and Hanauer, 2014) the no-show probability is considered dynamic. Various scenarios are simulated and
ANOVA (in conjunction with the Tukey post-hoc test)
to identify strategies having significantly better results. It also considers patients to be homogeneous
in this regard. The focus of (Huang and Hanauer,
2014) was to predict the patient’s probability of noshow as a function of a variety of socio-demographic
and contextual parameters, as in (Li et al., 2019). Unlike in (Li et al., 2019), the authors of (Huang and
Hanauer, 2014) translated this probability to a binary
show/no-show variable by minimizing the error rate
(rather than the system’s total cost).
Other notable works include a discrete event simulation is leveraged by (Fan et al., 2016) to establish
the optimal length of schedule slots and the optimal
number of patients to schedule in those slots. Both
booked appointments and walk-in patients are considered in (Kim and Giachetti, 2006) where the paper’s
aim is to develop the stochastic functions leading to a
mean patient no-show probability. Despite the prolific
use of overbooking strategies within the tourism industry, (Riasi et al., 2019) noted that few hotels have
adopted the theoretically superior risk-based models
similar to those described above. Instead, a deterministic approach is chosen based on the ratio of hotel
capacity to historical show rates.
Notwithstanding the prevalence of these problems throughout the extent literature, most authors
have focused on largely theoretical applications having untested utility or objective functions. The long-

lasting negative bias among consumers resulting from
overbooking strategies detailed in (v. Wagenheim and
Bayon, 2007) casts doubt on these utility functions.
The above works also limited by the assumption that
no patients balk - assuming the patient shows up to
the appointment, he or she is committed to system.
The current problem diverges from the above in
the following two ways:
i. Canadian donors are not financially compensated. The problem is therefore not one that can
be optimized by maximizing cash flows. Further, the organization is a not-for-profit. Consequently, donors have no financial motivation to
give blood.
ii. Canada is geographically and culturally diverse.
Patient behaviour in one region cannot be assumed to be identical to that of another. In many
of the previous works, one model was developed
on an aggregate level assuming all clinics behave
in a similar fashion.
iii. An appointment isn’t necessary. Walk-ins account for a substantial portion of available slots.
With the exception of (Kim and Giachetti, 2006),
the above works consider only booked appointments.
In summation, the models used throughout the extent literature cannot be applied to the current problem for one or more of the aforementioned challenges.
Notwithstanding, many of the same themes will be
applied in the development of a model unique to the
current problem.

2

BLOOD DONATION IN
CANADA

CBS divides into 13 separate regional centres across
the country except for Héma-Québec, which provides
blood products to the province of Québec. The regional centres are the following:
1. British Columbia - Yukon (BCY)
2. Calgary
3. Edmonton
4. Halifax
5. Hamilton
6. London
7. New Brunswick
8. Newfoundland
9. Ottawa

10. Sudbury
11. Saskatchewan
12. Toronto
13. Winnipeg
All thirteen centres offer a combination of both
permanent and mobile sites for blood product collection. These centres have a variety of different active
donor bases. The term active donors represent those
who have made a successful donation within the last
eighteen months.
Blood donors are volunteers and they do not receive any financial or negative repercussions if they
do not show up for their scheduled appointments. A
predetermined number of slots are available per day
which depends on the number of clinic staff, the hours
available and the size of the clinic. While many medical facilities can easily increase capacity by providing overtime pay to staff members, as a non-for-profit
organisation that depends substantially on volunteer
staff, this alternative is simply not an attractive option for CBS. Therefore, it is critical that CBS make
best use of the available time to manage productivity.
An additional point to highlight is that blood products have a specific shelf-life, which varies depending
on the component. CBS takes into consideration their
current inventory when conducting mobile clinics and
can try to target specific blood types in shortages.
We consider that the total number attending a
blood donation clinic (a) is equal to the total number of booked appointments (b) less those who are
no-shows (n) plus those who didn’t book an appointment but ‘walk-in’ to the clinic (w). The ultimate goal
is to maximize the utilization of clinic resources by
ensuring the total attendance (a) is as close to the
clinic’s capacity as possible. Among the variables
b, n, and w, the only controllable factor is the number of booked appointments (b). By extension, the
question becomes one of how many appointments to
book for a clinic in order to accommodate an expected
number of walk-in donors but also make up the difference for any booked appointments that are no-shows.
This paper lays the foundation for an overbooking
policy by developing models to forecast the number
of no-shows and walk-ins.
a = b−n+w

(1)

In order to account for no-shows and deferred
prospective donors, an overbooking strategy supporting clinic attendance will be explored. Blood clinics,
both fixed and mobile sites, also offer the possibility
of walk-ins, therefore the ratio of the walk-ins filling
the collection capacity will be considered.

2.1

Walk-ins

By days of the week, the number of walk-ins at clinics throughout the country are illustrated in Figure 1.
In these boxplots, the whisker length is one-and-ahalf times the interquartile range. Points beyond the
inner fence are either mild or extreme outliers. Extreme outliers are those more than three times the interquartile range beyond the third quartile or below
the first quartile. Walk-in donors present in higher
volumes on Sundays. This is largely due to the mobile events run on weekends (e.g., “blood drives”)
that are attended primarily by donors not having appointments. Conversely, fixed permanent clinics are
primarily attended by donors having booked appointments. Also clear from Figure 1 is a skewed dataset.
Some large mobile clinics attract a large number or
walk-in donors, albeit this is uncommon. As these
variables are also non-negative, the result is substantial skewness.

2.2

No-shows

While Sundays are appealing to a large donor base,
it appears, from Figure 3 that appointments booked
on this day are the least often actually attended. Naturally, part of this high number of skipped appointments is due simply to the higher number of booked
appointments on the same day - and as a consequence,
the two variables are not independent.

Figure 3: The number of no-shows attending CBS clinics
throughout 2018, by day of the week.

In the same way, skipped appointments are more
prevalent in the prairie regions - as depicted in Figure 4. This was the same region of the country that
enjoyed a large donor base attending clinics without a
booked appointment (see Figure 2). Again, there appears to be a high correlation between the two figures.

Figure 1: The number of walkins attending CBS clinics
throughout 2018, by day of the week.

Figure 2 illustrated the distribution of walk-in volumes by region within the country. Interestingly,
differences by region suggest that donor behaviour
varies by region of the country. The prairie region
(Edmonton, Calgary, and Winnipeg) tends to attract
more walk-in donors than any other area of the country.

Figure 4: The number of no-shows attending CBS clinics
throughout 2018, by region.
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Figure 2: The number of walkins attending CBS clinics
throughout 2018, by region.

REGRESSION MODELS

The descriptive statistics (boxplots) presented in the
previous section suggest that another factor underlies
the strong correlation between the number of walkins or no-shows (as functions of either region or day
of the week). We posit that to be the size of the surrounding donor base. Each of these regions consists
of numerous permanent clinics and hundreds of mobile clinics having various sizes to accommodate the
local donor base. Unfortunately, the size of the local

donor base to a specific clinic is not available and so
the clinic’s capacity was used in our regression models as a proxy measure.
Two regression models were developed: one to
forecast the number of walk-in donors and the other to
forecast the number of no-shows. Given that a clinic
would know with certainty the number of booked
appointments in advance of donation date, little is
gained by attempting to develop a forecast model
for that variable. The regression model for walk-in
donors (ŷw ) is as follows:
ŷw = α + β1 x1 + β2 x2 + β3 x3 + β4 x4 + β5 x5
+ β6 x6 + β7 x7 + β8 x8 β9 x9 + β10 x10 + β11 x11
+ β12 x12 + β13 x13 + γ1 x14 + γ2 x15 + γ3 x16
+ γ4 x17 + γ5 x18 + γ6 x19 + γ7 x20 + δx21
(2)
where:
α
βi
γj
δ

is the vertical axis intercept
is the coefficient for regressor xi
representing the region i
is the coefficient for regressor x j−13 representing
day of the week j − 13
is the clinic’s nominal capacity (in daily
availability of donor slots)

The ordering of days starts with Monday, j = 14,
and proceeds sequentially through Sunday, j = 20.
The ordering of regions follows Figure 4 where region i = 1 is British Columbia - Yukon (BCY).
The regression model for the number of no-shows
is quite similar:
ŷn = α + β1 x1 + β2 x2 + β3 x3 + β4 x4 + β5 x5 + β6 x6
+ β7 x7 + β8 x8 β9 x9 + β10 x10 + β11 x11 + β12 x12
+ β13 x13 + γ1 x14 + γ2 x15 + γ3 x16 + γ4 x17
+ γ5 x18 + γ6 x19 + γ7 x20 + δ1 x21 + δ2 x22
(3)
but includes the additional variable x22 representing
the number of pre-booked appointments having corresponding coefficient δ2 . Integrating with Equation 1
the number of extended attendees (ŷa ) is:
ŷa = b − ŷn + ŷw

4

(4)

the corresponding coefficient values are provided in
Table 1. Unfortunately, for the walk-in model, a value
of 0.335 was obtained for r suggesting the model has
relatively little value. This is a somewhat curious result, suggesting that the independent variables found
to be useful in forecasting the number of no-shows are
of limited value in predicting the number of walk-ins.
The current model is limited in that it doesn’t consider donor demographics. The age and sex of a
donor is known to influence the propensity of a donor
to balk. Further, it is not known whether walk-in
donors were successful in making a donation (many
are screened out for a variety of risk factors - recent international travel, illness, recent tattoos, sexual
practices, etc.). The model also considers all clinics
within a specific region equally while it is known that
urban donors behave differently from rural donors and
by extension, results for clinic utilization is different.
Rather than using the clinic capacity as a proxy for
the size of the surrounding population, the model may
be improved by representing each clinic individually
rather than treating all clinics within a region equally.
Finally, whether the clinic is a mobile or permanent
clinic should also be considered.

5

CONCLUSIONS

Simple multiple linear regression yields a satisfactory
model forecasting the number of donors who have
booked appointments to donate blood but fail to show
up for the appointment. Influential factors are demonstrated to include the day of the week, the clinic’s
region throughout the country, the total number of
booked appointments for that event, and the clinic’s
capacity. A similar model developed to forecast the
number of walk-in donors failed to yield useful results. Other potential factors influencing the number
of walk-ins are posited and should be considered in
future development of this model.
Given the highly skewed boxplots presented for
attendance by day or region, it is likely that the residuals are not distributed normally. Other models (betaregression or log-linear regression) will also be attempted to improve the model performance.
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APPENDIX
Table 1: Regressors having statistical significance in the
model predicting the number of no-shows.

Descriptor
Constant
Calgary
Edmonton
Halifax
Hamilton
London
NFLD
Sudbury
Toronto
Winnipeg
Tuesday
Friday
Saturday
Sunday
Num Prebooked
Clinic Capacity

Variable
α
β2
β3
β4
β5
β6
β8
β11
β12
β13
γ15
γ18
γ19
γ20
δ1
δ2

Value
.832
-1.588
-2.086
-1.349
.696
2.329
2.847
5.080
2.786
2.824
-.880
.764
1.083
7.847
.380
-.057

Significance
.000
.000
.000
.000
.003
.000
.000
.000
.000
.000
.000
.000
.000
.000
.000
.000

