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Background: To meet the blood requirements for transfusion therapy, blood banks need to ensure that blood inventories are
maintained at desirable levels. There is a rising global need for optimal ways to manage blood supply and demand using statistical
models in blood inventory planning and management. Thus, blood donation forecasting using donor-specific characteristics such as
donor type and age is critical in managing the blood bank inventory.

Methods: The monthly blood donation data covering the period 2007 to 2018, collected from the National Blood Service Zimbabwe
(NBSZ) was used in this study. The data is first disaggregated based on donor age, and further disaggregation is performed for each
age group based on donor type. The hierarchical forecasting approaches, namely the bottom-up, top-down and the optimal combination
methods were used in the data analysis. The Error-Trend-Seasonality (ETS) and Autoregressive Integrated Moving Average (ARIMA)
methods are used in the hierarchical forecasting approaches to generate the forecasts.

Results: New blood donors account for more than 55% of blood donations in Zimbabwe. The younger donors (16-29 years) dominate
the blood donations, accounting for 89.2% of the donations. Young and new donors account for nearly 50% of the donations. The
middle-aged and older donors have lower blood donations. The bottom-up approach under the ARIMA model outperformed all the
other approaches. The future projections show that new and young donors will increase in blood donations, regular donations will
decline slightly while the occasional donations are projected to remain constant.

Conclusion: Hierarchical forecasting is a unique approach in that the different aggregation levels reveal important features of the blood
donation data. The lower percentage of regular donations is worrisome to blood authorities as it points to new blood donors not returning for
further donations. Blood authorities need to develop policies that will encourage new and young donor categories to become regular donors.
Keywords: hierarchical forecasting, blood donation, top-down, bottom-up, optimal combinations, forecasting accuracy

Introduction

With better data storage structures, blood bank operations are now capable of generating huge data sets with hierarchical
structures. Blood donation forecasts at different time periods and levels for decision making purposes are often required.
Forecasting models play a critical role in understanding patterns and projections of future values of the blood donation time
series data with minimal errors. Hierarchical forecasting has gained so much recognition in the recent years and allows the
time series to be aggregated or disaggregated at different levels into clusters based on specific features of a time series.'~

Blood donation plays a critical role in the blood transfusion therapy in any health care delivery system. To meet the
blood requirements, blood banks need to ensure that blood inventories are maintained at desirable levels through
continuous and timed blood collections from eligible donors. Total blood donations at any given blood bank are
determined by blood donor characteristics with an inherent hierarchical structure.

There is a rising global need for optimal ways to manage blood supply and demand by using statistical models in
blood inventory planning and management.® Blood donation forecasting is one tool which can be used by blood centre
authorities in managing the inventory. In the hierarchical blood donations forecasting, the time series may correspond to
blood donations based on donor age groups, which can be further be grouped into donor types. The monthly blood

donations can be aggregated by donor age, namely: young, middle-aged and older donors, and further into donor types,
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such as new, regular, and occasional donors. Accurate projections help in minimising understocking and overstocking of
perishable blood components, which can result in shortages or wastages, respectively.”

The uncertainty in blood supply and demand requires statistical methods as part of the decision-supporting tools to provide
empirical evidence that optimise the functionality of blood centres.” One such method is the hierarchical blood donation
forecasting model. Accurate blood donation time series forecasting at each level of the identified hierarchies helps in decision
making at each hierarchical level.? These decisions include targeting specific donor age groups in donor recruitment, allocating
resources to convert new donors into regular donors and implementing measures to encourage occasional donors to donate blood
regularly.

In the blood supply chain, statistical and machine learning methods have been applied to forecast blood donation and
demand patterns.®'? With reference to the available literature, hierarchical time series forecasting has not been applied in
blood supply forecasting in Zimbabwe to the best of our knowledge. It is difficult to find any literature in other parts of
the world on hierarchical forecasting of blood donations. The current study brings a new paradigm in generating accurate
and coherent forecasts for hierarchical blood donation time series.

Time series forecasting methods in the blood supply chain were applied to model demand for packed red blood cells
(PRC) in Indonesia.'® The study results established an exponential smoothing (with & = 0.95) to be the best forecasting
method for the blood component demand.

The importance of accurate and efficient forecasting methods in managing blood supply and demand were highlighted in
a study at the Canadian Blood Services.'"* The study reduced the blood inventory and ordering quantities, resulting in
reduced incidences of shortages and wastages. In a different study, autoregressive integrated moving average (ARIMA)
time series model was applied in forecasting blood components demand in China. The study established a seasonal
ARIMA [SARIMA(0,1,1)(1,1,0),,] as the best short-term model to simulate the varying trend in red blood cells
demand."’

In Taiwan, the supply of blood at blood centres was forecasted using data from the Taiwan Blood Services
Foundation.'® The study applied two different techniques in the forecasting, viz; time series and machine learning.
The study results showed that the time series forecasting methods (seasonal ESM and ARIMA models) generated more
accurate predictions when compared to machine learning algorithms.

Blood demand patterns were forecasted in the blood supply chain using platelets at the Canadian Blood Services.'” The
results showed that with limited data, multivariate models (LASSO and LSTM) performed better than univariate models
(ARIMA and Prophet). However, with adequate data, ARIMA models produced similar results to multivariate methods.

Several previous hierarchical time series studies have applied three methods in generating forecasts in different disciplines,
viz; the top-down, bottom-up and the optimal combinations, with each method having its own merits and demerits.>'®** In these
studies, ETS and ARIMA have been widely applied as the forecasting methods as they generated precise forecasts.>*
Furthermore, these studies have used the MAPE metric in assessing accuracy in forecasting because it is easier to understand.”

The current study is hinged on the determination of a suitable method to reconcile and obtain coherent blood donation
forecasts using a hierarchical (data grouped by age and donor type) approach, especially in the case of Zimbabwe. This
statistical approach, to the best of our knowledge, has not been explored in any previous blood supply studies.

The current use of expert opinions, experience, and intuition by the blood authorities in Zimbabwe frequently results
in bias, subjectivity, and low accuracy in blood donation projections. The aim of the study is to use hierarchical time
series forecasting approach leading to the generation of more accurate and coherent blood donation forecasts.

The paper is structured as follows; section 2 describes the methods and materials. Hierarchical forecasting methods
are described in section 3. In section 4, results are presented and section 5 presents discussions and conclusions.

Material and Methods

This study uses a blood donation data set in Zimbabwe for the years 2007 to 2018, organised by age and donor type. The
approaches used in the aggregation and disaggregation for the hierarchical time series are, namely, bottom-up, top-down and
optimal combination methods. The secondary blood donation data used in this study was extracted from the NBSZ donor
database. The data was categorised according to blood donor age group [young (less than 30 years), middle aged (30-39 years)
and older (above 40 years) and blood donor type (new, regular and occasional)]. The data is schematically presented as a two-level
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Figure | Blood donation hierarchical structure based on donor status and age.
Abbreviations: N, new; R, regular, O, occasional; Y, young; M, middle-aged; A, old/aged.

hierarchical structure. At the top of the hierarchy is total blood donations (yT,, ), followed by donor age (v; ;) and donor type (v;i ),
where i = [young (Y), middle — aged (M), older (A)] and j = [new (N), regular (R), occasional (O)] as shown in Figure 1.
The advantages of this type of grouping after forecasting is: one is able to identify a declining category of donors, and hence
corrective action targeting the concerned group.

Data analysis is performed using the R-package HTS with bottom-up, top-down and optimal combination approaches.
The ETS and ARIMA models are used to generate the forecasts since they are capable of accounting for trend and
seasonality in the data series, hence giving more accurate forecasts. The top-down approach uses disaggregation
proportions according to the historical proportions of the data such as the top-down Gross-Sohl method A (TDGSA), top-
down Gross-Sohl method F (TDGSF), and Top-down forecast proportions (TDFP). A spline smoothing approach is
performed to help in interpretation of the historical blood donation data.?®

Hierarchical Forecasting Methods
In the application of hierarchical time series in forecasting, the most critical step is the selection of a suitable method to
reconcile and obtain coherent forecasts.?’

Forecasting is done for all the levels and are reconciled so that the lower-level forecasts add up to the higher levels.
The reconciliation is performed as a multi-regression problem as follows:

YT 1 11 1 1 1 1 11
Yy 1 1100 0 00O
YM 000 1 1 1 0 0 Of [ymw]
YA 0O 0 0 0 0 o0 1 1 1 VYR
VYNt 1 0 000 00 0O Yyou
VYRt 01 0 0 0 0 0 0O YMN ¢
Yyo, =0 01 0 0 0 O 0 O YMR ¢
YMN ¢ 00 01 00 O0O0OTO YMOo,
VMRt 00 0 01 00 O0O0 VANt
Ymo,t 0O 0 0 0 01 0 0 O0 VAR
VAN t 000 0 O0O0T1 0 O [yaoy ]|
VARt 000 0 O0OOOT1O

| Y40, | 10000 O 0 0 0 1]

The notation can be simplified to:
yT,t =S x bt,

where,

Y1 — 13x1-dimensional vector of all the observations in the hierarchy at time ¢.

S - 13 x 9 summing matrix that aggregates the donor type level series to each hierarchical level
b; — 9x1-dimensional vector of all donor type level observations at time ¢.
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The Bottom-Up Method

The bottom-up approach first generates the individual base forecasts at the bottom level of the hierarchy using
a forecasting model for example, ARIMA or ETS. The other forecasts in the hierarchy are generated by aggregating
the base forecasts upwards through matrix S. The advantage of the bottom-up approach is that no information is lost since
forecasts are generated at the lowest or base level of the hierarchy. The total blood donations are calculated by summing
up the donations made by each donor and based on age. The approach starts by producing /-step-ahead forecasts for
individual bottom level time series (n = 9):

VYN ks VYRE, VYO s YMN iy VMR s MO, VAN s VAR YAOM,
The calculations used for the bottom-up approach in this study are expressed as:

Yy = Pywn + Vvran + Yyon
Imn =Iung + Yurn + Ymon
Van =Vanh +Varn + Va0

Yrp =V +Ivra +Ivon + Iun g + Imrn + Imon + Van g + Varn + Jaon

The summing matrix (S) will combine the A-step-ahead forecasts up the hierarchical structure. For the bottom-up
approach, the forecast will be combined using the formula:

Yo = SVkn,
where k=0,1,2.

The Top-Down Method

The top-down approach generates a forecast for the top level of the hierarchy (7 ) and disaggregates it to the different
nodes at lower levels through the use of proportions. These proportions include average historical proportions, propor-
tions of the historical averages and forecast proportions.'”?* The major setback of the method is that there is general loss
of information resulting in less accurate forecasts being generated at the base or lower levels of the hierarchy.

The most commonly used approach to disaggregate the series to the different nodes at lower levels, is the average
historical proportions expressed as:

| «r Vi
pj - T Zz:l Vi )
where j=1,2,..., m; .Every proportion reveals the average of the historical proportions of the bottom level series over time
relative to the aggregated series (y;), which is the total blood donations, for r = 1,2,3,...,T(T = 144).28 Using one of

the nodes in Figure 1 and the bottom level series y40, as an example, we can have;

where STJ = Pys + Ivs 4 Payg and Sy, = Jans + Vars + Va0,

Optimal Combination Method

This optimal-combination approach involves making independent forecasts at all levels, which are then reconciled using
a linear regression model. The resulting forecasts are coherent and based on weights obtained by solving a system of
equations that respect the relationships between the different levels of the hierarchy. This method can estimate the
unknown future expected values of the lowest level of the dataset, K. Given a vector of the unknown means (3,(%)), thus,

ﬁn(h) = E[yk,nJrhlyMyZ’ te ’yn]‘
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Since y; represents the vector of all observations at time ¢ while and y, ., represents the vector of observations in the
bottom level K. The base forecasts ($,(%)) will be presented in a regression format to give:

j;n(h) = Sﬂn(h) + €,

where e,denotes a white noise process with covariance matrix Y, 4 which is difficult to find in large hierarchies.?
The unbiased estimator for S, is represented by:

By = (S'S) 'S5, (h).
The revised forecasts are therefore given by;
Fu(h) = S,

The revised forecasts are unbiased since SPS =8 and P = (§'S)”'S.

The hierarchical forecasting with reconciliation can be written as;

Yn(h) = SPy,(h) for a defined matrix P. In this case linear combinations of the base forecasts j,(h) are reconciled and
summed by S to give the revised hierarchical forecasts y,(%).

Evaluating Forecast Accuracy
An accuracy measure that outperforms other accuracy metrics in evaluating the model performance is selected from the

> x 100,

where y; is the actual blood donations at time ¢, y; is the corresponding forecasted value of blood donations at time ¢ and

mean absolute percentage error (MAPE) where:

Vi _j},

t

[
MAPE = (ﬁ >,

N is the prediction period.

Results
Table 1 illustrates blood donations by donor type (status) and age categories in percentages.

New donations account for 55.2% of blood donations in Zimbabwe. The younger donors (16-29 years) dominate the
blood donations accounting for 89.2% of the blood donations. The lower percentage of regular donations (32.4%) is
worrisome and points to the fact that most new blood donors do not return for further donations. This points to donor
lapsing as a real threat to blood bank inventory management.

Results from Table 2 show that the young and new donors had the highest average of 2582 blood units which accounts for
nearly 50% of the blood donation. The middle-aged occasional and the older occasional donors had the least monthly mean
donations of 34 blood units each. For each age category, new blood donations have the highest blood units, followed by regular
and lastly the occasional donations. The positive skewness exhibited in the results from younger new donors (YN) to old

Table | Percentages of Blood Donations by Donor Type and Age

Donor Type Donor Age Total
Younger (Y) | Middle Age (M) | Older (A)
16-29 Years | 30-39 Years 40+ years
New (N) 49.2 3 3 55.2
Regular (R) 29 1.6 1.8 324
Occasional (O) I 0.8 0.6 12.4
Total 89.2 54 54 100
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Table 2 Descriptive Statistics

Donor Vars N Mean Sd Min Max Skew | Kurtosis
YN | 144 2582 839 605 4910 0.2289 | -0.3405
YR 2 144 1549 504 363 2946 0.2289 | -0.3405
YO 3 144 563 183 132 1071 0.2289 | -0.3405
MN 4 144 157 56 40 295 0.2948 | -0.4208
MR 5 144 94 34 24 177 0.2948 | -0.4208
MO 6 144 34 12 9 64 0.2948 | -0.4208
AN 7 144 155 58 40 295 0.1883 —0.6586
AR 8 144 93 35 24 177 0.1883 —0.6586
AO 9 144 34 13 9 64 0.1883 —0.6586

Abbreviations: YN, young new; YO, young occasional; YR, young regular; MN, middle-aged new; MR, middle-aged
regular; MO, middle-aged occasional; AN, aged new; AR, aged regular; AO, aged occasional; M, middle-aged; A, Aged;

N, new; R, regular; O, occasional.

occasional donors (AO) means that the blood donation distribution is non-normal. The negative kurtosis (platykurtic) shows that
more donation data are located near the mean and less values are located on the tails thus no cases of extreme values or outliers.

A box plot representation of the monthly units of blood donations is shown Figure 2. The box plots illustrate that the
units of blood donations in Zimbabwe are dominated by younger donors with younger and new donations (YN) at the
top, followed by the younger and regular (YR) and younger and occasional donations. The middle-aged new donations

(MN) and the old (AN) new donations have small significance in the blood donation.
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Figure 2 Box plots of blood donations by donor status from 2007 to 2018.
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Hierarchical Time Series
The plots of the hierarchical time series with each donation category denoted by a unique colour code as in Figure 3
assist in comprehending the analysis of the hierarchical forecasting structure.

The plots in Figure 3 show the original blood donation data series at the top (level 0). In the second (middle) plot, the
black colour at level 1, represents donations by the younger donors (Y). The middle-aged (M) (blue line) and the older
(A) (red) donors’ donations nearly coincide. At level 1, the blood donations by the younger donors are significantly
dominant than the other age categories. At level 2, the blood donations by new young donors (YN) (black) lead the
donation volumes, followed by regular young donors (YR) (orange) and then occasional young donors (YO) (grey).
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12000
« 10000
s
S 8000 .
]
S 6000
<
B 4000
=2
R 2000
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2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018
Year
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9 8000
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g 6000
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Y M ------ A
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Figure 3 Time series plots of blood donations based on donor status from 2007-2018.
Abbreviations: YN, young new; YO, young occasional; YR, young regular; MN, middle-aged new; MR, middle-aged regular; MO, middle-aged occasional; AN, aged new; AR,
aged regular; AO, aged occasional; M, middle-aged; A, Aged; N, new; R, regular; O, occasional.
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Donations from middle-aged and the older donors from the new, regular and occasional (MN, MR, MO, AN, AR, AO)
are very low. The blood donations exhibit a seasonal trend.

Forecasting Hierarchical Blood Donations Series

The ETS and ARIMA models are used in generating the base forecasts of the future hierarchical blood donations as
implemented in the R forecast package.'%*°

The bottom-up approach is applied across all the donation status categories, and in predicting the blood donations in

Zimbabwe over the next 5 years, the bottom-up (BU) approach is also used across all the nine blood donor categories.

Forecasting Accuracy of the Models
Table 3 shows the comparison in MAPE values for the ARIMA and ETS forecasting models for each of the forecasting
horizons & = 12, h = 24, h = 36 months.

The smallest average MAPE under each predictive horizon (%) written in bold defines the best forecasting approach. It
is evident from Table 2 that the bottom-up approach under the ARIMA model outperformed all the other approaches and

Table 3 Hierarchical Blood Donation Forecasting Based on ARIMA and ETS with MAPE

ETS Forecasting Method ARIMA Forecasting Method
BU TDFP | TDGSF | TDGSA | OC BU TDFP | TDGSF | TDGSA | OC
Forecasting horizon h = 12
Total 12.33 12.54 12.54 12.54 | 1251 11.05 12.58 12.58 12.58 | 11.66
Y 12.07 12.22 11.98 12.00 | 12.16 11.25 12.86 12.03 12.05 | 11.84
M 14.77 20.59 20.04 19.89 | 16.68 9.06 9.11 20.15 19.97 9.08
A 14.57 15.93 18.76 18.28 | 15.22 11.36 11.35 18.66 18.11 11.38
YN 11.93 11.66 11.98 12.01 12.03 12.85 14.65 12.03 12.05 | 13.86
YR 12.62 14.58 11.99 12.01 13.13 11.89 11.26 12.03 12.05 | 11.69
YO 11.82 11.63 11.96 11.98 | 11.84 11.87 11.24 12.02 12.05 | 11.80
MN 13.40 18.96 19.99 19.83 | 15.93 9.0l 9.06 20.12 19.94 9.03
MR 17.73 25.00 19.96 19.81 19.21 9.09 9.14 20.07 19.90 9.0l
MO 12.90 18.48 20.48 20.38 | 13.35 9.20 9.26 20.48 20.36 9.21
AN 15.20 16.60 18.70 1823 | 16.02 11.31 11.30 18.63 18.08 | 11.33
AR 12.98 14.26 18.72 1825 | 13.50 11.37 11.36 18.63 18.08 | I1.39
AO 16.09 17.49 19.11 18.66 | 16.27 11.59 11.54 18.89 1838 | I1.59
Mean | 13.72 16.15 16.63 16.45 | 1445 | 10.84 .13 16.64 16.43 | 10.99
Forecasting horizon h = 24

Total | 23.17 2292 2292 2292 | 2335 | 21.80 2492 2492 2492 | 22.99
Y 2428 23.55 23.56 2359 | 2422 | 23.65 27.08 25.50 25.54 | 24.95
M 27.49 41.15 3236 32,19 | 32.14 18.42 18.65 34.35 34.17 | 1844
A 12.41 13.34 14.73 1443 | 12.98 9.12 9.38 15.96 15.65 9.15

(Continued)
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Table 3 (Continued).

ETS Forecasting Method ARIMA Forecasting Method

BU TDFP | TDGSF | TDGSA | OC BU TDFP | TDGSF | TDGSA | OC

YN 24.35 23.14 23.56 23.60 | 24.14 | 26.80 30.64 25.50 25.54 | 28.77
YR 24.55 24.87 23.56 23.60 | 24.73 21.84 23.40 25.50 2554 | 22.25
YO 24.34 23.10 23.54 23.58 | 24.23 21.85 23.42 25.48 25.52 | 22.01
MN 24.44 36.83 3231 32.12 | 3041 18.30 18.55 34.30 34.10 | 1832
MR 34.74 50.31 3243 32.26 | 3835 18.64 18.85 34.42 3424 | 18.66
MO 23.52 35.81 3241 3229 | 24.67 18.39 18.59 34.42 3429 | 1839
AN 13.26 14.23 14.63 1433 | 13.99 9.06 9.31 15.87 15.57 9.09
AR 11.43 11.70 14.74 1444 | 1.6l 9.17 9.43 15.98 15.69 9.19
AO 13.65 14.65 15.12 1484 | 1381 9.28 9.54 16.27 16.02 9.29
Mean | 21.66 25.82 23.53 2340 | 2297 | 17.41 18.60 25.27 25.14 | 1781

Forecasting horizon h = 36

Total | 28.89 28.49 28.49 2849 | 29.15 | 25.24 30.18 30.18 30.18 | 27.22
Y 30.46 29.15 29.55 29.59 | 30.34 | 27.53 33.08 31.16 31.20 | 29.73
M 26.93 47.80 30.36 30.18 | 34.07 12.56 12.70 32.75 32.56 | 12.59
A 15.02 15.90 18.08 17.69 | 15.67 11.28 11.21 19.03 1863 | 11.30
YN 30.49 28.78 29.55 29.60 | 30.25 | 32.94 39.99 3116 31.20 | 36.59
YR 30.66 30.17 29.55 29.59 | 30.73 24.22 26.48 3115 31.20 | 24.56
YO 30.47 28.72 29.54 29.58 | 30.38 | 24.27 26.55 3115 3119 | 24.36
MN 2245 41.57 30.32 30.13 | 31.58 12.48 12.61 32.72 32.52 | 12.53
MR 37.32 60.83 30.38 30.20 | 42.59 12.69 12.83 32.78 3259 | 1272
MO 21.66 40.59 30.49 30.36 | 2341 12.58 12.74 32.86 32.72 | 12.60
AN 16.02 16.92 18.01 17.61 16.84 11.23 I1.15 18.96 1856 | 11.25
AR 13.66 14.03 18.08 17.69 | 1391 11.33 11.25 19.05 18.65 | 11.34
AO 16.37 17.26 18.41 18.03 | 16.54 11.44 11.36 19.30 1892 | 11.44
Mean | 24.65 30.79 26.22 26.06 | 26.57 | 17.68 19.39 27.87 27.70 | 1833

Abbreviations: BU, Bottom-up approach; TDGSF, Top-down Gross-Sohl method F; TDGSA, Top-down Gross-Sohl method A; TDFP,
Top-down approach with forecast proportion; OC, optimal combination approach.

has the lowest average MAPE values of 10.84, 17.41 and 17.68 for the forecasting horizons # = 12,4 = 24and 4 = 36
months respectively. Therefore, the ARIMA forecasting method with a bottom-up approach is used in generating future
blood donations forecasts for donor type and donor age time series data.

Table 4 shows the SARIMA and ETS forecasting models for each series used in generating the forecasts.

Blood Donations Forecasts
Table 5 shows the out-of-sample forecasts for 36 months from the year 2019 and Figure 4 depicts the time series plot for
the 60 months ahead forecasts. The bottom-up approach is applied in the forecasting.
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Table 4 SARIMA and ETS Forecasting Models for Each Series

Level Series SARIMA Models ETS Models
Level 0 Total ARIMA (3,0,1) (2,1,0), | ETS(4,N,4)a =0.3006 y = 0.0183
Level | Y ARIMA (3,0,1) (2,1,0), | ETS(4,N,4)a =0.305y = 0.0183
M ARIMA (3,0,0) (2,1,0),, | ETS (M, A4, M)a = 0.4087 = 0.0183y = 0.0183
A ARIMA (3,0,0) (2,1,0),, | ETS (M,N, M) alpha = 0.4407 gamma = 0.1282
Level 2 YN ARIMA (3,0,1) (2,1,0)\» | ETS(M,N,M) a = 0.2797 y = 0.0183
YR ARIMA (1,0,3) (2,1,1),, | ETS(4,N,4) a =0.305 y = 0.0183
YO ARIMA (1,0,3) (2,1,1),2 | ETS(M,N,M) a = 0.2779 y = 0.0183
MN ARIMA (3,0,0) (2,1,0),, | ETS(4,N,4) a =0.392 y = le — 04
MR ARIMA (3,0,0) (2,1,0),, | ETS(M,A,M) a =0.3835 = 0.0183 y = 0.0183
MO ARIMA (3,0,0) (2,1,0),, | ETS(4,N,4) a =0.3914 y = 0.0183
AN ARIMA (3,0,0) (2,1,0),, | ETS(M,N,M) a = 0.4297 y = 0.0183
AR ARIMA (3,0,0) (2,1,0),, | ETS(4,N,4) a = 0.4169 y = 0.0183
AO ARIMA (3,0,0) (2,1,0),, | ETS(M,N,M) a =0.411 y =0.0183

Abbreviations: YN, young new;

YO, young occasional; YR, young regular; MN, middle-aged new; MR, middle-aged regular;
MO, middle-aged occasional; AN, aged new; AR, aged regular; AO, aged occasional; M, middle-aged; A, Aged; N, new; R,
regular; O, occasional.

Table 5 Out-of-Sample Future Blood Donations Forecasts

Month Total Y M A YN YR YO MN | MR | MO | AN | AR | AO
Jan-19 6708 | 6076 | 315 | 317 | 3364 | 1988 | 723 173 104 38 174 | 105 38
Feb-19 7907 | 7145 | 378 | 384 | 3925 | 236l 859 208 125 45 211 127 | 46
Mar-19 9468 | 8522 | 464 | 481 | 4684 | 2815 | 1024 | 255 153 56 265 | 159 58
Apr-19 5633 | 5115 | 262 | 256 | 2863 | 1652 | 60l 144 86 31 141 84 30
May-19 7445 | 6738 | 359 | 349 | 3748 | 2192 | 797 197 119 43 192 | 115 42
Jun-19 8505 | 7644 | 423 | 438 | 4312 | 2443 889 232 139 51 241 144 53
Jul-19 6937 | 6282 | 311 | 344 | 3289 | 2194 | 798 171 103 37 189 | 114 41
Aug-19 5354 | 4816 | 253 | 286 | 2762 | 1506 | 548 139 83 30 157 | 94 34
Sep-19 8917 | 8011 | 458 | 447 | 4622 | 2486 | 904 252 | 151 55 246 | 148 | 54
Oct-19 7899 | 7123 | 386 | 390 | 3964 | 2316 | 843 212 | 128 46 214 | 129 | 46
Nov-19 6622 | 5940 | 323 | 359 | 3378 | 1879 684 178 107 39 197 | 118 43
Dec-19 6776 | 6064 | 342 | 370 | 3548 | 1845 671 188 113 41 203 122 44
Jan-20 6469 | 5868 | 294 | 307 | 3377 | 1826 | 665 161 97 35 169 | 102 37
Feb-20 7607 | 6886 | 350 | 370 | 3885 | 2201 801 192 116 42 204 | 122 44
Mar-20 9174 | 8252 | 439 | 483 | 4694 | 2608 | 949 241 145 52 266 | 160 58
Apr-20 5331 4842 | 239 | 251 | 2816 | 1485 541 131 79 29 138 83 30
(Continued)
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Table 5 (Continued).

Month Total Y M A YN YR YO |[MN [ MR [ MO | AN | AR | AO
May-20 6917 | 6259 | 318 | 340 | 3529 | 200l 728 175 105 38 187 | 112 | 41
Jun-20 8158 | 7342 | 391 | 425 | 4229 | 2282 | 830 215 129 47 234 | 140 | 51
Jul-20 6999 | 6320 | 317 | 362 | 3546 | 2034 | 740 174 | 105 38 199 | 120 | 43
Aug-20 5446 | 4913 | 255 | 278 | 2980 | 1417 | 516 140 84 31 153 92 33
Sep-20 8140 | 7276 | 406 | 458 | 4277 | 2199 | 800 223 134 49 252 | I51 55
Oct-20 7417 | 6668 | 352 | 397 | 3797 | 2105 | 766 194 | 116 42 218 | 131 47
Nov-20 6602 | 5918 | 320 | 363 | 3538 | 1745 | 635 176 | 106 38 200 | 120 | 43
Dec-20 6598 | 5903 | 328 | 367 | 358l 1702 | 620 180 | 108 39 202 | 122 | 44
Jan-21 6309 | 5712 | 293 | 304 | 3426 | 1676 | 610 161 97 35 167 | 100 36
Feb-21 7472 | 6756 | 350 | 367 | 3957 | 2052 | 747 192 | 116 42 202 | 121 44
Mar-21 9277 | 8347 | 453 | 477 | 4945 | 2494 | 908 249 | 150 54 262 | 157 | 57
Apr-21 5287 | 4793 | 245 | 250 | 2934 | 1362 | 496 135 8l 29 138 | 82 30
May-21| 7009 | 6334 | 333 | 343 | 3764 | 1884 | 686 183 110 40 189 | 113 | 4l
Jun-21 8141 7324 | 396 | 421 | 4355 | 2177 | 792 218 | 130 48 232 | 139 | 51
Jul-21 7070 | 6389 | 330 | 352 | 3749 | 1935 | 704 181 109 39 193 | 116 | 42
Aug-21 5183 | 4672 | 243 | 267 | 2874 | 1318 | 480 134 80 29 147 | 88 32
Sep-21 8743 | 7828 | 451 | 464 | 4875 | 2165 | 788 248 | 149 54 255 | 153 56
Oct-21 7750 | 6972 | 381 | 398 | 4190 | 2040 | 742 209 | 126 46 219 | 131 48
Nov-21 6617 | 5938 | 326 | 353 | 3643 | 1683 | 613 179 | 107 39 195 [ 117 | 42
Dec-21 6652 | 5956 | 335 | 361 | 3704 | 1651 601 184 | 111 40 198 | 119 | 43

Abbreviations: Y, young; M, middle-aged; A, old; N, new; R, regular; O, occasional.

In Figure 4, level 0 represents the monthly total units of blood donations in Zimbabwe. The solid lines represent
historical blood donation data while the dashed/dotted lines are the forecasted blood donations. The total series depicts
a consistent blood donation pattern in the future. The forecasted donation pattern ensures a steady blood supply in the
future assuming a stable demand pattern. At level 1, the upper line (Y-Forecast) is for young donors showing their
predominance in blood donations in the next 5 years. The middle-aged donors (M-Forecast) and older donors
(A-Forecast) will have very low and similar donations within the next 5 years. At level 2, the new and young blood
donors (YN) will increase their donations as projected by an upward trend in the next 5 years and continue to dominate
over the other categories. The young and regular (YR) donors are projected to decline in bloods donations in the future as
indicated by a downward forecasted trend. This is followed by the young and occasional donors (YO) who exhibit
a constant donation pattern into the future. There are no significant variations in blood donations by the middle-aged and
older donors in all the donation states of new, regular and occasional. At all the levels, the bottom-up approach shows
seasonality in the forecasted blood donations. Therefore, there is a need for blood authorities to develop policies that will
encourage new and young donors to become regular donors. Also, measures need to be put in place to encourage

occasional donors to become regular blood donors.
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Figure 4 Bottom-up forecasts for the units of blood donations.
Abbreviations: YN, young new; YO, young occasional; YR, young regular; MN, middle-aged new; MR, middle-aged regular; MO, middle-aged occasional; AN, aged new; AR,
aged regular; AO, aged occasional; M, middle-aged; A, Aged; N, new; R, regular; O, occasional.

Bottom-Up Approach Diagnostic Plots
The bottom-up approach diagnostic plots for the next 60 monthly blood donations forecast are depicted in Figure 5. The
density plot, normal quantile to quantile (QQ) plot and the box plot are presented to further validate the forecasting
accuracy.

In Figure 5, the lower end of the distribution (QQ-plot and density plot) shows a small deviation from the normal
distribution.

Figure 6 depicts the out-of-sample monthly blood donations trend superimposed with a smoothing spline (blue colour) from
January 2019 to December 2023. The smoothing spline was fitted with an estimated lambda = 356.83 (after 29 iterations).
Lambda is a parameter that controls the penalty being imposed on the function. It determines how curvy the function can be. The
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Figure 5 Diagnostic plots for bottom-up approach for 60 monthly blood donations forecasts.

spline method gives a good estimate of the trend coinciding with the bottom-up ARIMA model. The smoothing spline is used to
extrapolate the blood donations into the future giving a smooth trend estimate. The spline approach provides a smooth trend
function that helps in interpretation of the historical blood donation data.

The forecasts are smoothed using the penalised cubic smoothing spline function are expressed as:

(0) = 52 00— 10 +a] 070
where «a is the smoothing parameter, f'(¢) is the smooth function, f”(¢) is the second derivative of f(¢). The a-value based

on the generalised cross validation (GCV) is a = 1427439.
To validate the model, Table 6 displays actual and forecast blood donations for 2019 and 2020.
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Figure 6 Forecast plot of blood donations with superimposed smoothing spline trend.

Table 6 shows good forecast results for the year 2019 with a MAPE value of 15.12%. However, from April 2020, the
Covid-19 pandemic had a negative impact on blood collections. In April 2020, the government of Zimbabwe introduced
Covid-19 lockdown restrictions to reduce the spread of the pandemic. These measures rendered most blood collection

Table 6 Actual and Forecast Blood Donations for 2019 and 2020

Month Blood Donations
Actual 2019 Forecast 2019 Actual 2020 Forecast 2020
January 5724 6708 5600 6469
February 8299 7907 7900 7607
March 10,812 9468 8850 9174
April 7519 5633 2350 5331
May 9067 7445 2000 6917
June 10,439 8505 3500 8158
July 9493 6937 2550 6999
August 6418 5354 3700 5446
September 8474 8917 3850 8140
October 6586 7899 5600 7417
November 5914 6622 5950 6602
December 7131 6776 5900 6598
MAPE = |5.12 MAPE = 76.42
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sites inaccessible as movement of people was restricted. The NBSZ had to rely on community based and walk in blood
donors and this resulted in a 40% decrease in units of blood collected compared to 2019.

Discussion

Blood donation patterns are generally influenced by many factors including demography, social and haematology. This
study focuses on the blood donations based on donor type and age. This study analyses the monthly blood donation units
over a period of twelve years from 2007 to 2018 and estimated future blood donations. Zimbabwe’s blood donors are
mainly the young donors. The new and young donors are projected to increase their blood donations, the young and
regular donations are projected to decline slightly while the young and occasional donations are projected to remain
constant. The results also show that there are no significant variations in blood donations by the middle-aged and older
donors for all the donor types, viz; new, regular and occasional.

The study findings are useful to the blood centre managers in determining the quantity of blood collections and the
donor trends and characteristics. Blood authorities need to develop policies that will encourage new and young donors to
become regular donors. Also, measures should be put in place to encourage occasional donors to donate blood regularly.

In the current study, forecast performance of the models was evaluated using the accuracy measure of MAPE. Three
approaches are applied and compared, viz; bottom-up approach, top-down approach (TDGSA, TDGSF, TDFP) and
optimal combinations approach. The bottom-up approach under the ARIMA model outperformed all the other
approaches and has the lowest average MAPE values of 10.84, 17.41 and 17.68 for the forecasting horizons
h =12,h = 24and h = 36 months respectively. The ARIMA forecasting method with a bottom-up approach is used in
generating future blood donations forecasts. The superiority of the bottom-up approach using ARIMA forecasting
method in this study is consistent with other studies in different disciplines.”'

The predominance of young blood donors in total blood donations is a common feature in most blood centres across
the globe.*'*? This study shows the same trend of young donors below the age of 30 years dominating in the blood
donations compared to the middle-age and older donors. Over 70% of the blood donations in Zimbabwe is from young
donors below the age of 30 years. This concurs with conclusions from a study in Ghana which revealed that more than
70% of the blood donors were classified as young donors.*?

New blood donors supply most of the blood in blood banks globally.'> Similar observations were made when it was
stated that a small proportion of first-time donors return for further donations.*® This leaves blood centres with no other
option but to rely on new donations all the time, yet regular and voluntary blood donors are preferred and are the lifeline
of any blood bank.

There is a need to put in place favourable donor retention policies that encourage new donors to become regular
donors.*> Contrary to the findings of this study, other researchers concluded that regular donors do in fact have more
blood donations than the other types of donors.***” Similarly, in a study of Chilean blood donors, it was concluded that
blood donors who had previously donated blood were more likely to dominate in future donations.*®

In a related study, it was concluded that first-time (new) donors were dominant in blood donations.*® However, this
puts the blood bank at a disadvantage due to a high risk of transfusion transmissible infections associated with first-time
donors. This study reveals the same pattern of young and first-time donors dominating the blood donations throughout
the study period. Therefore, blood centre authorities need to develop policies and interventions that promotes regular
donations by encouraging first-time donors to become regular donors.

Other researchers have highlighted that blood donation practice decreased with increase in age.*” In some cases, 70%
of the donors being less than 20 years old. The high donor attrition rates associated with young donors requires constant
motivation and persuasion to the young to continuously return for further donations.***!

The application of the developed model yielded good forecast results for year 2019 as indicated by the MAPE value
of 15.12%. However, the model did not yield accurate forecasts of blood donations in 2020 and this can be extended up
to June 2022 when the Covid-19 restrictions were finally lifted. This means that alternative models could be developed in
future studies to analyse the impact of pandemics in forecasting blood donations.
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Conclusion

Available literature shows that hierarchical time-series forecasting models have been extensively applied in the recent
years and their evidence of increased accuracy in forecasts is associated with their wider application.”* However, it has
not been used in the blood supply chain. This study brings a new paradigm in blood donation forecasting using
hierarchical time series. This method is known for its ability to generate more accurate forecasts.

The continued dominance of young and new donors in the forecast gives insights to blood managers to put in place
sound blood donor retention interventions on the young donors to ensure availability of blood. In this study, the middle-
aged and older donors are not significant sources of blood, which is a sharp contrast with the results from developed
countries. Therefore, there is need to intensify blood donation awareness programmes targeting the middle-aged and
older donors to continue donating blood. These two age categories are potential sources of safe blood because of maturity
and responsible behaviour associated with the donors.

Young and first-time blood donors have high attrition rates especially during the first year of their donation career.** Therefore,
the continued dominance of young and new donors in Zimbabwe as depicted in the forecasts, calls for the blood managers to put in
place sound blood donor retention interventions on the young donors to ensure the availability of blood in future.

This study has potential limits. The impact of the Covid-19 pandemic distorted the blood donation patterns such that
the developed model becomes difficult to apply during the pandemic period. Also, the lack of prior research studies on
the topic limited the scope of the current study.
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