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challenges were further highlighted during the COVID-19
pandemic, emphasizing the need for accurate forecasting to
support effective blood supply chain management. This study
applies traditional time series forecasting techniques to analyse
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Forecasting, SARIMA daily blood donation patterns in Malaysia using data from January
Decomposition, Time Series 2019 to February 2025. The study aims to apply the decomposition
Regression, MAE, MAPE, RMSE method to identify trends, seasonal patterns, and irregular

fluctuations in daily blood donation data, and to compare the
forecast performance of the Additive Decomposition method,
Seasonal Autoregressive Integrated Moving Average (SARIMA),
and Time Series Regression. Forecast accuracy is evaluated using
Mean Absolute Error (MAE), Root Mean Squared Error (RMSE) and
Mean Absolute Percentage Error (MAPE). The results reveal clear
weekly seasonality and moderate variability in donation patterns,
with an overall increasing trend over time. Among the methods
examined, Time Series Regression provides the most accurate
forecasts with the lowest MAPE value of 36.69989092. The
findings highlight the importance of reliable daily forecasting in
supporting effective blood inventory planning and reducing
shortages and wastage in Malaysia.

1. Introduction

Blood donation plays a vital role in supporting healthcare services, including surgeries, trauma care,
maternal health, cancer treatment, and chronic disease management [1]. Blood must be readily available as
an essential public health resource to meet unpredictable clinical demands. However, daily blood donation
levels often fluctuate due to behavioural, seasonal, institutional, and environmental factors such as work
schedules, holiday periods, community donation campaigns, and unexpected public health events [2]. These
fluctuations, combined with the short shelf life of blood components, particularly platelets and red blood
cells, pose significant challenges for hospitals and blood banks. Consequently, accurate forecasting is crucial
to predict demand, reduce wastage, prevent shortages, and improve overall blood supply chain planning
and management. Blood products have a limited shelflife, which necessitates short-termand high-frequency
forecasting. Red blood cells can be stored for approximately 35-42 days, platelets for only 5-7 days, and
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plasma for up to one year if frozen. Due to the extreme perishability of platelets and the continuous daily
demand from hospitals, forecasting at a daily level is more appropriate than monthly aggregation, as it
enables timely inventory replenishment, minimizes wastage, and reduces the risk of shortages.[3].

Although numerous studies have applied time series and machine learning methods to forecast blood
donations and demand in countries such as China, Canada, and Zimbabwe, most existing studies focus on
monthly or weekly data [14]. Furthermore, empirical studies that specifically model daily blood donation
patterns in Malaysia remain limited. Existing Malaysian studies largely emphasize descriptive statistics or
aggregated trends rather than high-frequency daily forecasting. This highlights a clear gap in the literature
concerning short-term, daily forecasting approaches tailored to the Malaysian context.

To address these challenges and research gaps, this study analyses daily blood donation patterns in
Malaysia using three time series forecasting techniques: decomposition, Seasonal Autoregressive
Integrated Moving Average (SARIMA), and time series regression. The primary objective of this study is to
apply the decomposition method to identify underlying trends, seasonal patterns, and irregular fluctuations
in daily blood donation data over a specified time period. In addition, the study aims to compare the forecast
performance of the decomposition method, SARIMA, and time series regression in order to identify the most
reliable forecasting technique for practical application. These methods provide valuable insights into donor
behaviour by capturing weekly seasonal cycles and structural variations in the data [4,5]. The findings are
expected to assist hospitals, blood banks, and policymakers in planning donation campaigns, managing
blood inventory more efficiently, and ensuring a stable and responsive national blood supply system.

2. Literature Review

2.1Blood Supply Chain and Forecasting Approach

The Blood Supply Chain (BSC) consists of interconnected activities including donor recruitment, blood
collection, processing, testing, storage, distribution, and clinical use. The effective management of this
supply chain is challenged by product perishability, supply instability, demand uncertainty, and strict safety
regulations [6,7]. Donor turnout is influenced by multiple factors such as working days, seasonal cycles,
sociodemographic characteristics, and unpredictable public health events, all of which contribute to
significant variability in blood availability. Forecasting therefore plays a critical role in minimizing wastage
and preventing shortages, particularly given the short shelflife of blood products, especially platelets, which
can only be stored for five to seven days [1,6]. Poor forecasting and inventory planning can result in
overstock or shortages, both of which negatively affect healthcare operations and patient outcomes.

To address these challenges, a variety of forecasting approaches have been applied in blood supply
management. Recent studies have explored advanced machine learning techniques such as Long Short-
Term Memory (LSTM), Temporal Convolutional Network (TCN), DeepAR, and Seasonal Autoregressive
Integrated Moving Average with Exogenous Variables (SARIMAX) models, which are capable of capturing
complex patterns and nonlinear relationships in blood demand data [14,15,16]. Despite their predictive
power, these methods often require large datasets, substantial computational resources, and specialized
expertise, which may limit their practical adoption in healthcare settings. Consequently, traditional
forecasting techniques such as regression, exponential smoothing, and Autoregressive Integrated Moving
Average (ARIMA) models remain widely used due to their simplicity, interpretability, and lower data
requirements. Empirical evidence shows that ARIMA-based models perform reliably for short-term blood
demand forecasting, particularly when strong seasonal patterns are present in historical data [17,18].

2.1.1 Decomposition Methods in Blood Donation Forecasting

Through organizing a time series into trend, seasonal, and irregular components, decomposition techniques
make it easy to see the underlying patterns in the data [1,8]. Studies demonstrate the effectiveness of
decomposition-based techniques, such as STL and classical decomposition, in detecting long-term behavior
and seasonal donation patterns. Planning donor campaigns and foreseeing seasonal shortages are two
operational decisions that are supported by these insights. Decomposition techniques are useful for
strategic planning and interpretability even though they might not always produce the best predictive
accuracy when compared to more advanced models.

2.1.2 Application of SARIMA in Blood Donation Forecasting

Strong seasonal patterns in forecasting datasets are a usual application for SARIMA models. SARIMA can

accurately model weekly and monthly fluctuations in blood donations and clinical demand, according to

studies done across several of different countries [9,10]. SARIMA is a useful tool for healthcare forecasting

since it combines both autoregressive and moving-average behavior at seasonal and non-seasonal levels.
Previous research demonstrates that when seasonality is strong and consistent, SARIMA
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frequently performs better than simpler models, enhancing resource allocation and lowering blood bank
shortages [11,12,13].

3. Research Methodology

3.1Data Description

The Department of Statistics Malaysia (DOSM) provided daily blood donation data
https://data.gov.my/data-catalogue/blood_donations_state, which involves the time duration from
December 30, 2019 to February 17, 2025 [19]. There were 1,877 observations. For the purpose of
evaluating the accuracy of out-of-sample forecasting, the dataset has been divided into 1,856 training
observations and 21 testing observations. The information shows daily donation activity across the country,
which is impacted by weekdays, weekends, and seasonal events.

3.2Decomposition Methods

Decomposition is a method of forecasting that separates advanced structure or processes to the simpler
part [1,7,8]. In the domain, it particularly involves dividing various types of factors that contribute to
changing the behaviour of the dataset. By dividing a time series into few key components to better
understand in the patterns and the behaviours of the data can improve the accuracy of the forecast. Time
series contains four components which is trend, seasonal, cyclic and the residual. Additive Decomposition
is applied when the magnitude of seasonal and residual fluctuations does not change into the trend level of
the data. The formula for additive decomposition is shown as the Equation (1):

Y(t)=T(t)+S(t)+R(t) )

where,

Trend T (t) :underlying pattern.
Seasonality S (t) : seasonal variations are proportional of the trend level.

Residual R (t) :random or irregular fluctuations.

3.3Seasonal Autoregressive Integrated Moving Averages

Seasonal Autoregressive Integrated Moving Average (SARIMA) is the extension of ARIMA model by
incorporating seasonal components to suit the time series data that express both trends and seasonality
[10]. The general equation of SARIMA as Equation (2):

4, ()4, (B)V°V2Y = % (B)G, (B )2, @
where,
y¢ : observation value at time ¢.
a: : error term at time ¢t for assuming to be white noise.
B : Backshift or lag, such Biy: = y:—j.
¢p=non-seasonal AR polynomial of order p.

@,=seasonal AR polynomial of order p with seasonality S.
VP=seasonal differencing operator of order D with seasonal period S.

08¢(B)=non-seasonal MA polynomial of order Q.

0o (B%)= seasonal MA polynomial of order Q with seasonality S.
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3.3.1 Stationary Means and Variance Box-Cox Transformation

The data transformation in statistical work, in order to stabilize the variance of the data [11]. Box-Cox is a
transformation of time series variable which is yt,t = 1, 2, ..., n that rely on the power parameter A as
shown in Equation (3):

_ log y, ,if 1=0;
W= (%)

~——Zotherwise,

(3)

Based on the maximum likelihood estimation, the Box-Cox transformation parameter was estimated as A=
1. Therefore, no transformation was applied, and the analysis was conducted using the original data scale.

where,

we: observation at time ¢ after applying the transformation.

yt: observation at time ¢.

A: estimated box-cox value.

y#: observation at time t with power of 4.

Table 1 shows the Box-Cox transformation that applies various power transformations depending on the

value of lambda (A) to stabilize variance and make data more normally distributed.

Table 1 Box-Cox Transformation [12]

Transformed Data
-1 Inverse transformation
-0.5 Reciprocal square root transformation
0 Log transformation
0.5 Square root transformation
1 No transformation

3.3.2 Differencing

Differencing help in maintaining a time series mean. A time series is considered stationary if it is
independent of the time at which it is observed. Time series that exhibit trend, seasonality, or both are
referred to as non-stationary [7]. Differencing is the process of computing the differences between
successive observations of a time series. Trend and seasonality are eliminated or minimized as a result of
removing variations in a time series level. A stationary time series plots with a constant variance and an
approximately horizontal appearance. As shown in Equation (4):

Yo=Y Y=Y —-By,=(1-B)y 4)
where,

y" = difference observation at time ¢
Y, = observation at time t

Y,_1= observation at time ¢-1

3.3.3 Autocorrelation Function and Partial Autocorrelation Function

The correlation between observations of a time series, yt and yt-k, separated by k time units is measured by
the Autocorrelation Function (ACF), where k = 1, 2, 3..., and yt is the observation at time ¢t and yt-k is the
observation at time ¢t-k [6]. ACF plots are a type of plot used to show ACF. After adjusting for the effects of
various time lags, Partial Autocorrelation Function (PACF) is a measure of the correlation between
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observations of a time series, yt and yt-k, that are separated by k time units. A plot of PACF that is used to
visualize PACF is known as a PACF plot. ACF plots are helpful in identifying nonstationary time series
besides to time series plots. When a time series is stationary, the ACF will drop to zero on an ACF plot,
however when a time series is nonstationary, the ACF will fall continuously. For a nonstationary time series,
the autocorrelation value at lag 1 is often high and positive apart from that. ACF and PACF plots can also be
used to determine whether the residuals are uncorrelated.

Table 2 lists the common patterns found in the Autocorrelation Function (ACF) and Partial
Autocorrelation Function (PACF). The ACF decays gradually in an AR(p) model, while the PACF exhibits a
notable peak at lag p and then stops. On the other hand, an MA(gq) model exhibits an exponential decay in
PACF and a notable spike in ACF at lag q. Both ACF and PACF exhibit exponential or decreased decay for
ARIMA(p,d,q) or ARMA(p,q) models, suggesting a combination of autoregressive and moving average
components. Under specific data patterns, the "AR(p), MA(q)” suggests that both ACF and PACF exhibit
notable spikes at lag g. This could be a misunderstanding or a combined behaviour, but generally refers to
mixed ARMA behaviour. These patterns help in identifying the suitable model based on the autocorrelation
structure of the data.

Table 2 Behaviour of ACF and PACF [6]

Model ACF PACF
) ] There is significant spike at lag
AR(p) Exponentially decaying
p but none beyond lag q.
There is significant spike at laq ) )
MA (q) Exponentially decaying
p but none beyond lag qg.
ARIMA(p,d,q) /ARMA (p,q) Exponentially decaying Exponentially decaying
ARIMA(p,d,q) There is significant spike atlagp  There is significant spike atlag p
AR(p),MA(q) but none beyond lag g. but none beyond lag q

The identification of the SARIMA model parameters (p,d, q) (P, D, Q)7 followed the Box-Jenkins
methodology. The orders of differencing (d, D) were determined based on visual inspection of the time
series plot and stationarity considerations, while the autoregressive and moving average orders (p, q, P, Q)
were identified using Autocorrelation Function (ACF) and Partial Autocorrelation Function (PACF) plots.
Candidate models were then compared using diagnostic checks and Mean Squared Error (MSE), with the
final model selected based on residual independence and forecasting accuracy.

3.4 Time Series Regression

Time Series Regression is a method that is use to a time dependent model. It may include lagged predictors,
seasonal patterns and intervention effects. Using time series regression, from the general regression
context, time series analyst handles with stochastic relationship. Moreover, time series regression model
and forecast the behaviour of dependent variable over time using time related to independent variables
[15]. The general equation of time series regression model follows as Equation (5):

Yt' = .+ pt+ 4., Day, (5)

As for the seasonal time series regression or additive model is follow as Equation (6):
Yt' = + S Day, + ,Day, + f;Day, +-- -+ f;Day; + ¢, (6)
where,

Yt: Observed value of the dependent variable at time t
B1, B2, ... BeDays: Coefficients representing the effect of each dummy variable Daye to Dayse

Dayi, Daysz, ..., Dayes: Dummy variables
&t: error term

This research has a daily data, L= 6, as for the notation for the dummy variables by using Dayifor
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Day: for Tuesday and continue until Saturday for Daye.

As for the multiplicative model is from the Equation (7) :

Yt' = p. + p,Day, + p,Day, + p,Day; +---+ p,Day, + f. + Bt * Day, +

7
Bt*Day, + B t*Day, +--- Bt * Day, + ¢, 7
Six dummy variables were constructed to represent the day-of-week effects, where Day 1 = Monday,
Day 2 = Tuesday, Day 3 = Wednesday, Day 4 = Thursday, Day 5 = Friday, and Day 6 = Saturday. Sunday (Day
7) was excluded from the model and therefore serves as the baseline reference day. Each dummy variable
takes the value of 1 if the observation corresponds to that specific day and 0 otherwise. The estimated
coefficients thus measure deviations in daily blood donations relative to Sunday.

3.4.1 Forecast Accuracy Measures

The accuracy of the forecast is evaluated using the following metrics: Mean Absolute Percentage Error
(MAPE), Mean Absolute Error (MAE), and Root Mean Squared Error (RMSE).

MAE is a metric that calculates the average magnitude of the absolute errors between the predicted and
actual values. MAE characterizes the alteration among the original and predictable values and is mined as
the dataset’s total alteration means [22]. MAE formula from Equation (8):

I A
MAE = nz i [Ye =Y (8)
MAPE measures the average magnitude of error produced by a model, or how far off predictions are on
average [23]. MAPE is the percentage equivalent of MAE. MAPE formula from Equation (9):
I Yt _YAt
MAPE = >0, 7 x100 9)

t

RMSE measures the average difference between a statistical model’s predicted values and the actual values
[24]. Mathematically, it is the standard deviation of the residuals. RMSE formula as in Equation (10):

(10)

where,

n: The total number of observations.

Y:: The actual (observed) value at time ¢

Ye: The predicted (forecasted) value at time .

|Ye — Y¢|: The absolute error, which is the absolute difference between the observed and predicted values.

4. Result and Discussion

This section presents the results of the testing data for the Additive Decomposition, Seasonal Autoregressive
Moving Averages (SARIMA), and Time Series Regressions models, evaluated using accuracy metrics such as
MAE, MAPE, and RMSE.

4.1 Time Series Plot

The dataset consists of 1877 observations, with 1856 for training and the remaining 21 for testing. This
allocation ensures a comprehensive assessment of the model performance on a large test set while retaining
enough data points for training to identify the underlying patterns and seasonality in blood donation trends.
Based on Fig. 1, the time series plot of daily blood donations from 30 December 2019 17 February 2025
reveals a seasonal pattern with recurring weekly variations higher donations during weekends and lower
on weekdays, and a stable overall trend without notable long-term changes.
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Fig. 1 Time Series Plot

4.2 Additive Decomposition

Fig 2 shows the trend component, the fitted values, and the actual daily blood received. The pattern shows
different seasonal variations, which are probably linked to scheduled collection events or shifts in donor
involvement. The trend line exhibits a slight upward movement despite these short-term fluctuations,

indicating an overall increase in the average amount of blood obtained over time.
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Fig. 2 Additive Decomposition plot for Daily Blood Donation in Malaysia

5. Seasonal Autoregressive Moving Averages

Based on Table 3, given the notable exception of a few cases, such as AR (1) in the first model p = 0.154 and
SMA (7) in the second model p = 0.103, all of the candidate SARIMA models exhibit acceptable Ljung-Box p-
values at lag 12, indicating no significant autocorrelation remaining in the residuals. The Mean Squared
Error (MSE) is used to identify the optimal model; smaller values indicate better predictive performance.
The (0,1,1)(0,1,0)7 model has the lowest MSE of 10,433.2 of all the models, meaning that it fits the data the

best and is therefore the model of choice for forecasting.

Table 3 Results for SARIMA tentative models

p-value ofestimated  p-value of Ljung Box at

Model parameter lag 12 MSE

(1,1,1)H(1,1,1)7 AR 1 (0.154) 0.188,0.561,0.194 10581.8
SAR 7 (0.000)
MA 1 (0.000)
SMA 7 (0.003)

(0,1,1)(0,1,0)7 MA 1 (0.00) 0.514,0.802,0.464 10433.2
SMA 7 (0.103)

(1,1,1)H(1,1,1)7 AR 1 (0.00) 0.118,0.312,0.061 12036.7

SAR 7 (0.00)
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SMA 7 (0.001)
(1,1,0)(1,1,0)7 AR 1 (0.00) 0.625,0.595,0.099 12647.6
SAR (0.803)
(0,1,1)(0,1,1)7 MA 1 (0.00) 0.608,0.959,0.686 10949.5

In the SARIMA (0,1,1)(0,1,0)7 model, the seasonal moving average term SMA (7) is statistically non-
significant (p = 0.103). However, statistical significance of individual parameters is not the sole criterion for
model selection in time series forecasting. After applying seasonal differencing, much of the weekly seasonal
structure is already removed, resulting in a weaker residual seasonal effect at lag 7. Despite the non-
significant SMA (7) term, the model demonstrates the lowest MAPE among the competing SARIMA
specifications, indicating superior out-of-sample forecasting accuracy. In addition, residual diagnostics
confirm that the model adequately captures the dependence structure of the data, with no remaining
autocorrelation. Therefore, the model is retained based on its empirical forecasting performance and
diagnostic adequacy rather than parameter significance alone.

5.1Time Series Regression

For the objective to capture additive seasonality, daily data with 6 dummy variables (Monday to Saturday)
and interaction terms between time t and each daily dummy were used to estimate the time series
regression model. This enables the model to take into consideration both day-specific trend components
and daily seasonal effects. As in Equation (11):

Y. =280.4+12.44t -155.9Dayl-191.9Day2 + 5.4 Day3+189.9Day4 —16.1Days5 +

(11)
74.4Day6
Table 4 Results for Time Series Regression coefficients
Term Coefficient SE Coef p-Value VIF
t 0.04671 0.00441 0.00 1.00
Day 1 -402.31 8.83 -45.58 1.71
Day 2 -345.20 8.83 -39.07 1.71
Day 3 -299.13 8.83 -33.89 1.71
Day 4 -308.16 8.83 -34.91 1.71
Day 5 -402.61 8.83 -45.61 1.71
Day 6 -182.92 8.83 -20.72 1.71

Time series regression results on Table 4 show that both the trend component and the daily seasonal effects
are important in explaining the series' behaviour. A consistent upward trend over time is indicated by the
time variable t positive and highly significant coefficient (0.04671, p < 0.05). The dependent variable
fluctuates significantly throughout the week in comparison to the reference day (Day 7), as evidenced by
the statistical significance of all six dummy variables (Day 1 to Day 6). With Day 1 and Day 5 exhibiting the
biggest drops of about 402 units, the negative coefficients for Days 1 through 6 suggest that these days
continuously record lower values in comparison to the baseline.

Fig 3 presents the comparison between the actual daily blood donation amounts and the predicted
values by the time series regression model. Overall, the forecasted values follow the general pattern of the
observed data, indicating that the model is able to reflect the underlying trend in daily blood donations.
Although there are several days where the predicted values differ from the actual amounts, particularly
during sharp increases or decreases in donations, these differences are expected due to daily fluctuations
in donor turnout. Despite this variability, the model provides a reasonable approximation of daily blood
donation levels, suggesting that time series regression is appropriate for analysing and forecasting blood
donation data over time.
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Fig. 3 Forecast Value for Time Series Regression

6. Model Evaluation

According to Table 5, Time Series Regression shows the highest level of accuracy with the lowest MAE,
RMSE, and MAPE values among the three methods for the testing period, which is more significant in
evaluating forecasting ability. While Additive Decomposition records the highest error values, indicating
the worst out-of-sample performance, SARIMA performs moderately but still generates higher errors than
Time Series Regression. Therefore, it can be concluded that Time Series Regression is the most suitable
forecasting technique among the three for future forecasts and has the highest forecast accuracy in
producing reliable predictions for this study.

Table 5 Comparison of model accuracy for all models

Method MAE MAPE RMSE
Additive Decomposition 270.9877 78.43793 282.5248

SARIMA 263.5538 72.54102 290.9872
Time Series Regression 164.499825 36.69989092 173.4488958

The Time Series Regression model records a MAPE value of 36.70% on the testing dataset. This level of
error reflects the inherent volatility of daily blood donation data, which is strongly influenced by public
holidays, festive periods, and irregular events such as emergency donation campaigns. On days with
unusually low donation counts, percentage-based accuracy measures such as MAPE tend to increase even
when absolute forecast errors remain moderate. Therefore, the observed MAPE value does not indicate
poor model performance but rather highlights the irregular and highly variable nature of daily blood
donation behaviour.

7. Conclusion

In this study, the daily blood donation series in Malaysia was modelled using Additive Decomposition,
Seasonal Autoregressive Integrated Moving Average (SARIMA), and Time Series Regression techniques.
According to the analysis, there are distinct time series components in the blood donation data, such as a
steady trend, significant weekly seasonality, and random variation. While a few observations show
abnormally low donation levels likely as a result of public holidays or brief disruptions exploratory analysis
shows that the series' general structure stays constant over the course of the study. According to residual
plots and statistical tests, diagnostic checking of the chosen models shows well-behaved residuals with no
notable problems with mean, variance, normality, or autocorrelation.

Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and Mean Absolute Percentage Error
(MAPE) were used to assess forecast accuracy for both training and testing datasets. In comparison to
SARIMA and Additive Decomposition models, the Time Series Regression model consistently yields the
lowest forecast errors, according to the results. This suggests that the dominant weekly seasonal pattern
present in daily blood donation behaviour can be effectively captured by clearly modelling day-of-week
effects. As a result, the chosen model can be used to produce accurate daily blood donation forecasts for
upcoming planning periods in Malaysia.

As accurate forecasting is essential for effective blood supply management, this study provides valuable
insights that may assist hospitals, blood banks, and policymakers in improving resource allocation and
ensuring a stable and sufficient blood supply. Furthermore, the modelling framework adopted in this
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study may be extended to other regions or adapted to different temporal conditions, making it useful for
future research in healthcare demand forecasting.

The National Blood Centre can integrate the proposed time series regression model into weekly
operational planning by using the estimated regression equation to generate daily donation forecasts for
the upcoming week. By inputting the time index and corresponding day-of-week dummy variables, planners
can anticipate expected donation levels for each day. These forecasts can be used to schedule mobile
donation drives, adjust staffing levels, plan inventory allocation, and proactively organize donor
recruitment campaigns during predicted low-donation days, thereby improving supply stability and
reducing wastage.
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