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Abstract 
Medical emergency response systems face increasing pressure due to dynamism of climate change, 
urbanization, and evolving public health threats. Hence, emergency preparedness along with response 
operations require proper knowledge about seasonal trends to handle the menace. A hybrid ARIMA-
Decomposition forecasting approach is applied to a multi-year monthly medical emergency time series 
dataset with 60 observations. The objective of the paper is to develop a medical emergency incidents 
predictive model that dynamically adjusts to seasonal trends. The purpose of the decomposition is to 
isolate the series into deterministic and stochastic components. The ARIMA modelling is applied to the 
seasonally adjusted series using classical decomposition model. The classical decomposition model is 
sensitive to seasonal dynamics that may not be captured by SARIMA model. The results indicate that 
the hybrid ARIMA-Decomposition model offers improvements to the performances of classical 
Decomposition and ARIMA models. The proposed model achieved improvements of 36.79% and 4.07% 
to the MAE values of classical Decomposition and ARIMA models respectively in terms of forecasting 
the medical emergency incidents series. Furthermore, the seasonal indices indicate that incidents surge 
in the months of January to April, and July to August are below average. However, high incidents surge 
is expected between May to June and September to December seasons. Hence, it is recommended that 
the integration of seasonal trends in medical emergency preparedness along with response operations 
will lead to increased sustainability in resource planning against period specific emergencies. 
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INTRODUCTION 
Sustainable medical emergencies preparedness along with response operations requires 
proper knowledge about seasonality dynamics to achieve most effective results, because some 
health challenges are most frequent in unique periods. For instance, asthma attacks exhibit 
seasonal patterns and commonly rise during autumn (Altaş et al., 2025). Cardiovascular 
incidents surge during both cold and hot seasons (Ye et al., 2024). Moreover, respiratory and 
cardiovascular mortality risk rise with every unit increase in temperature (Yin and Wang, 
2017). Similarly,  Arashiro et al. (2026) reported that respiratory syncytial virus infection in 
temperate regions show unique seasonal patterns.  Basak (2024) discovered that haemorrhoids 
and fissures occurrences exhibit seasonal variation. Furthermore, emergency hospitalizations 
demand due to respiratory induced health conditions persist at high rates in the United 
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Kingdom and other developed countries during winter season thus requiring health systems 
to make suitable preparations (Jordan et al., 2008). More so, blood pressure elevation in 
hypertensive and healthy individuals rise in cold winter season while decline in levels are 
associated with summer season (Ogiator et al., 2022). In addition, D’Souza et al. (2007) opined 
that emergency incidents from natural disasters to medical emergencies exhibit strong 
seasonal patterns. Consequently, seasonal indices analysis serves as an important planning 
tool. Moreover, according to recent research findings, knowledge of seasonal patterns is 
indispensable in achieving sustainable emergency preparedness. 
 
Vieira et al. (2023) reported that numerous studies in the literature have revealed that 
attendance at the emergency department is conditional on seasons among other factors. 
Cheng et al. (2021) noted that techniques such as Seasonal Autoregressive Integrated Moving 
Average (SARIMA) have demonstrated success in predicting emergency incident surges. Tan 
et al. (2022) applied SARIMA model for COVID-19 infection rate predictions.  Rauch et al. 
(2019) reported that a modified SARIMA model incorporating road traffic flow data for 
forecasting emergency department crowding improved prediction accuracy by twenty-five 
percent (25%). Also,  Calegari et al. (2016) applied SARIMA to predict Emergency Department 
daily visit volume and acuity of patients. 
 
The SARIMA model has been widely applied in diverse fields due to its ability to capture both 
trend and seasonal patterns. However, its sensitivity to seasonal dynamics is not always 
significant despite presence of inherent seasonality that may affect forecasting accuracy. 
Hence, such scenario needs appropriate framework capable of incorporating the seasonal 
dynamics that may not be captured by the Seasonal ARIMA (Autoregressive Integrated 
Moving Average) model. Thus, the hybrid ARIMA-Decomposition model might be the best 
fit for this scenario. This model isolates the underlying series into deterministic and stochastic 
components. The objective of the hybrid ARIMA-Decomposition model is to incorporate 
seasonal dynamics that may not be captured by the SARIMA model into ARIMA model. 
 
This paper employs ARIMA-Decomposition method to medical emergency data in order to 
develop data-driven strategic adaptations model that would ensure long-term sustainability 
in emergency preparedness, service needs and resource utilization during specific seasons. 
The method incorporates inherent seasonal effects within the medical emergency time series 
data that are insignificant in SARIMA modelling. This ensures a greater understanding of 
peak times and relative seasonal effects. Specifically, the method simultaneously provides 
seasonal weights that determines resource allocation volumes and timelines for medical 
emergency service needs through the seasonal periods as well as incidence forecasts that 
dynamically adjusts to the seasonal fluctuations for sustainable medical emergency 
preparedness along with response operations system. Furthermore, the findings of this paper 
will aid policy makers in public health management to: forecast medical emergency peaks and 
pre-position resources (e.g., ambulances, shelters, medical supplies etc.); optimize medical 
staffing schedules to align with predicted incident volumes; and reduce operational costs by 
avoiding over-preparation during low-risk periods. 
 
MATERIALS AND METHODS 
ARIMA-Decomposition Model 
The hybrid ARIMA-Decomposition model extends the classical ARIMA model by 
incorporating classical seasonal component. Box & Jenkins (1976) presents the structure of 
ARIMA (p, d, q) as follows: 

𝜃(𝐵)∇𝑑𝑋𝑡 =  𝜑(𝐵)𝜖𝑡          (1) 
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where, 𝑋𝑡 is the nonstationary time series, 𝜖𝑡 is the usual Gaussian white noise process, 𝑠 is 
the time series period. The polynomials 𝜃(𝐵) and 𝜑(𝐵) of orders p and q represent the 

ordinary autoregressive and moving average components; ∇𝑑 is the difference operator; B is 
a backshift operator. The expressions are shown in what follows (see Liu et al. (2024)): 

𝜃(𝐵) = 1 − 𝜃1𝐵 − 𝜃2𝐵1 − ⋯ − 𝜃𝑝𝐵𝑝 

𝜑(𝐵) = 1 − 𝜑1𝐵 − 𝜑2𝐵1 − ⋯ − 𝜑𝑞𝐵𝑞 

∇𝑑= (1 − 𝐵)𝑑 
𝐵𝑘𝑋𝑡 = 𝑋𝑡−𝑘 

The 𝑆𝑡 can be determined utilising either the multiplicative or additive decomposition 
framework. In the multiplicative framework, an observed time series 𝑋𝑡 is expressed as: 
𝑋𝑡 = 𝑇𝑡 × 𝑆𝑡 × 𝐶𝑡 × 𝐼𝑡                          (2) 
 
Where, 𝑇𝑡 represents the trend, 𝑆𝑡 the seasonal, 𝐶𝑡 the cyclical, and 𝐼𝑡 the random components. 
While additive model combines the components through addition.  
The seasonal indices are estimated by taking averages of detrended values corresponding to 
the same calendar month across years. The least squares method can be used to estimate the 
trend component (𝑇𝑡). Thus, according to Hossain et al. (2022), the trend for an observed series 
(𝑋𝑡) is expressed as:  
𝑇𝑡 = 𝜇 + 𝛽𝑡           (3) 
 
The 𝜇 is the intercept, while 𝛽 represent the slope of the equation, and 𝑡 is the index set. The 
corresponding estimates are expressed as equations (4) and (5). Therefore, the fitted trend is 
computed using the expression given in equation (6). 

𝛽̂ =
𝑛 ∑ 𝑡𝑋𝑡−(∑ 𝑡)(∑ 𝑋𝑡)

𝑛 ∑ 𝑡2−(∑ 𝑡)2           (4) 

 

𝜇̂ =
∑ 𝑋𝑡

𝑛
− 𝛽

∑ 𝑡

𝑛
                       (5) 

 

𝑇̂𝑡 = 𝜇̂ + 𝛽̂𝑡           (6) 
 

Next, the seasonally adjusted series (𝑋𝑡)̇  is obtained by dividing the observed series (𝑋𝑡) by 
the estimated seasonal indices corresponding to the respective observed season values. After 

that, ARIMA modelling is applied to 𝑋𝑡̇. Mathematically, the estimated ARIMA (p, d, q) is 
given as: 

𝑋̂̈𝑡 = 𝜃1𝑋𝑡−1
̇ + 𝜃2𝑋𝑡−2 + ⋯ + 𝜃2𝑋𝑡−𝑝 + 𝜖𝑡 + 𝜑1𝜖𝑡−1 + 𝜑2𝜖𝑡−2 + ⋯ + 𝜑𝑞𝜖𝑡−𝑞                (7) 

 
Reintroducing the seasonal component (𝑆𝑡), the hybrid ARIMA-Decomposition forecasting 
model is formulated as equation (8). 

𝑋̇̂𝑡 = 𝑋̂̈𝑡 × 𝑆𝑡           (8) 
 

The expression implies that the estimated value 𝑋̇̂𝑡 adjust to the seasonal dynamics as 
determined by the seasonal index (𝑆𝑡). 
 
RESULTS AND DISCUSSION 
In order to build a parsimonious and well specified adequate forecasting model, the 
stationarity of the series is first tested using Augmented Dickey-Fuller (ADF) test and runs 
sequence plot. The ADF test results indicate that the test Statistic value is less than the test 
critical values at 1%, 5% and 10% significance levels, meaning that the series is non-stationary. 
Also, it can be seen from Figure 1 that the series exhibit time-variant trend indicating non-
stationarity at every level of the original series. Further, assessment of Autocorrelation 
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function plot presented as Figure 2 in addition to the runs sequence plot reveal that no 
seasonal cycles are apparent. That is, the autocorrelation (AC) function computed at lag 
12 (0.373) is not significant as the value is not outside the  95% significance intervals, 
highlighting absence of seasonality. 

 
Figure 1. Runs sequence plot of reported medical emergency incidents 
 

 
Figure 2. Autocorrelation of reported medical emergency incidents 

 
To account for the inherent seasonal effects in the series, a hybrid ARIMA-Decomposition 
forecasting approach is considered for modelling the reported medical emergency incidents 
time series dataset. The objective of the decomposition is to isolate the series into deterministic 
and stochastic components. The deterministic component is modelled using classical least 
squares model to account for seasonal dynamics that may not be captured by Seasonal 
ARIMA model before modelling the stochastic component using ARIMA model. Hence, the 
trend is computed to approximate the underlying trend. Subsequently, the seasonal 
fluctuations are isolated.  
 
The seasonally adjusted Series based on multiplicative model is considered on the basis of 
performance metric. That is, the multiplicative decomposition method offered lower mean 
absolute error (MAE) value (137.4817) compared to additive method (137.5276). Table 1 
presents the seasonal indices, and it can be observed that the series is below trend (average) 
level in the months of January to April, and July to August. However, in the months of May, 
June and September to December the series is above the trend level. Notably, the series is at 
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least seven percent above the average level in these seasons. Moreover, the series is at its 
lowest peak (-28.24%) below the trend in the month of April. This result is comparatively 
consistent with the findings reported by Altaş et al. (2025). The authors reported that there 
were increases in emergency visits in October to December, and January, and decreases in 
June to August. 
 
Table 1. Estimated seasonal indices 

Month Seasonal Index Seasonal Impact (%) 

January 0.98 -2.40 
February 0.79 -20.76 
March 0.98 -1.55 
April 0.72 -28.24 
May 1.08 8.48 
June 1.02 1.60 
July 0.96 -4.12 
August 0.98 -1.76 
September 1.16 15.72 
October 1.07 7.31 
November 1.18 17.77 
December 1.08 7.93 

 
In addition, the seasonal impact for the month of June is consistent with the findings reported 
in Alan et al. (2020). According to the authors, visits to the emergency department increased 
in June and other summer months. Similarly, the result fits with September to December 
COVID-19 seasonal surge observed by Turabian (2023). 
 
Further, stationarity of the seasonally adjusted series is assessed using ADF test. The test 
results indicate that the seasonally adjusted series is stationary at five and ten percent 
significance levels. More so, the ADF test value (-2.0877) is less than the test Statistic values (-
1.9466 and -1.6132 respectively at 5% and 10% levels). Thus, ARIMA modelling applied to the 
seasonally adjusted series indicate that the series can be best fit by ARIMA (2, 0, 0) on the basis 
of Schwarz information criterion (SIC). However, the actual series is best fit by ARIMA (0, 1, 
1). 
 
The estimated ARIMA (2, 0, 0) on the seasonally adjusted series is presented as equation (9).  

𝑋̂̈𝑡 = 0.7325𝑋𝑡−1
̇ + 0.2644𝑋𝑡−2 + 𝜖𝑡                    (9) 

 
Therefore, the empirical hybrid ARIMA-Decomposition forecasting model is in what follows: 

𝑋̂̈𝑡 = (0.7325𝑋𝑡−1
̇ + 0.2644𝑋𝑡−2 + 𝜖𝑡)𝑆𝑡                 (10) 

 
The forecasted incidents along with the actual reported emergency incidents is presented in 
Figures 3. The plot reveal that the forecasted incidents closely aligned with the actual reported 
incidents.  
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 Figures 3. Time plot of the reported actual and predicted emergency incidents 

 
Furthermore, the hybrid ARIMA-Decomposition method provides improved forecast 
performance compared to ARIMA (0, 1, 1) and Decomposition forecasts. The performance 
metrics reported using mean absolute error are in Table 2. The comparison results show that 
the MAE of value of the hybrid ARIMA-Decomposition model is lower compared to ARIMA 
and Decomposition. More so, the comparison indicates that the hybrid ARIMA-
Decomposition model respectively offers 36.79% and 4.07% improvements over the 
Decomposition and ARIMA models forecasts. This improvement is attributed to the 
reintroduction of the seasonality effects into the ARIMA model on the seasonally adjusted 
series, which correlates with the opinion of  Liu et al. (2024). The authors noted that ARIMA 
model’s forecast error improved with the introduction of seasonal adjustment factors. 
Similarly, the results show that the ARIMA model compared to Decomposition yields 34.11% 
improvement in performance. 
 
Table 2. Forecasting model performance comparison  

Model Improvement (%) 

MAE Decomposition ARIMA (2, 
0, 0) 

Hybrid ARIMA-
Decomposition 

Decomposition 138.58 0 - - 

ARIMA (0, 1, 1) 91.31 34.11 0 - 

Hybrid ARIMA-Decomposition 87.59 36.79 4.07 0 

 
CONCLUSION 
The hybrid ARIMA-Decomposition model isolates the series into deterministic and stochastic 
components. The deterministic component is modelled using classical decomposition model 
to provide the seasonal indices. Next, ARIMA model is applied to the stochastic component 
derived after seasonality in the series is removed. Reintroducing the seasonal component into 
the ARIMA model, the hybrid ARIMA-Decomposition dynamically adjusts to inherent 
seasonal fluctuations in the series. 
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To evaluate performance of the hybrid ARIMA-Decomposition model, an empirical 
application of the model on a medical emergency incidents dataset is demonstrated. The 
results indicate that the hybrid ARIMA-Decomposition model offers improvements to the 
performances of classical Decomposition and ARIMA models. The proposed model achieved 
improvements of 36.79% and 4.07% to the MAE values of classical Decomposition and ARIMA 
models respectively in terms of forecasting the emergency incidents series. 
 
Furthermore, the seasonal indices indicate that the emergency incidents series is below 
average level in the months of January to April, and July to August. This implies that incidence 
surge in these seasons are below average. Consequently, resource utilization and service 
needs during the periods may be low.  However, resource utilization and service needs in the 
months of May, June and September to December is expected to surge high as the indices 
indicate that emergency incidents are above the trend level. Hence, it is recommended that 
the integration of seasonal trends in medical emergency preparedness along with response 
operations will lead to increased sustainability in resource planning against period specific 
emergencies. 
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