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waste management strategies. However, the forecasting value of
medical waste generated remains uncertain due to the complex and

Keywords dynamic nature of healthcare facilities. By exploring the Trendline
Waste management, performance Linear method, which leverages linear regression to model the
accuracy, Mean Absolute Error relationship between time and waste generation, and the Moving
(MAE), public health Average (MA) method, this study provides the forecasting value of

clinical waste generated in 2023 and to address this gap by evaluating
the effectiveness of two forecasting methods by using performance
accuracy Mean Absolute Error (MAE) in predicting the generation of
clinical waste. By doing so, it seeks to provide insights into the
reliability and accuracy of forecasting methods in the context of clinical
waste management, ultimately contributing to the development of
more efficient and sustainable waste management practices in
healthcare settings. Further research is encouraged to explore the
applicability of these methods in diverse healthcare settings and to
investigate additional factors that may influence medical waste
generation patterns. The study seeks to provide insights into the
reliability and accuracy of the two forecasting methods in the context
of clinical waste management. The performance of the methods is
evaluated using MAE metric to assess their ability to predict the
generation of clinical waste. To conclude that the forecasting value for
clinical waste generated in the year 2023 is 4584.57 tonnes/year by
using Simple Linear Regression (SLR) and based on the Simple MA
(SMA) calculations, the amount of clinical waste generated in the year
2023 is approximately 4737 tonnes per year. An evaluation of
performance accuracy reveals that SLR outperformed SMA in this
study, achieving an accuracy of 551.57 compared to SMA's accuracy of
756.89.

1. Introduction

In the context of waste management, an examination of the current state reveals the myriad challenges and
issues faced by healthcare facilities in effectively handling clinical waste. Understanding the importance of
forecasting in this domain becomes imperative, as it ensures meticulous planning and optimal resource allocation
within the healthcare system. The significance of employing Trendline Linear and MA methods in forecasting for
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clinical waste management cannot be overstated, emphasizing their applicability in addressing the complex
challenges encountered by healthcare facilities. This comprehends sustainability and forecasting proves
instrumental in realizing potential benefits, including cost reduction, environmental sustainability, and bolstered
public health protection. By integrating accurate clinical waste forecasting, healthcare institutions not only
achieve financial savings but also contribute to sustainable practices, thereby safeguarding both the environment
and public health.

This study underscores the critical need for a strategic and well-informed approach to clinical waste
management, highlighting the multifaceted advantages that accurate forecasting methods can bring to the
forefront. According to [1], the researchers investigated a case study of the recent outbreak of the COVID-19
pandemic which resulted in the mass generation of medical waste which seemed to have further deteriorated the
issue of environmental pollution. They proposed a novel application for the identification and classification of 10
hospitals in Iraq that generated more medical waste during the COVID-19 pandemic than others to address the
issue more effectively. The the lack of preparedness in many countries to combat the challenge of COVID-19
resulted in numerous social, economic, environmental, and medical issues due to the limited recycling and
inappropriate dumping facilities [1]. Therefore, the disposal of medical waste has become a strategic management
issue across various countries, particularly in those countries where the medical infrastructure is not very
developed and where there are no regulations for medical waste disposal.

Thus, this study proposed a novel intelligent medical waste management framework can help hospitals
redefine their waste disposal strategies and design them within the perspective of a circular economy. This study
focuses on the importance of accurate forecasting in managing medical waste, a growing concern in healthcare.
While demand prediction and inventory control are crucial for patient care and cost efficiency, forecasting medical
waste generation remains a challenge due to the complex nature of healthcare facilities[2][1]. This study aims to
address this gap by evaluating the effectiveness of two forecasting methods, Trendline Linear and MA, in
predicting the generation of clinical waste. By doing so, it seeks to provide insights into the reliability and accuracy
of forecasting methods in the context of clinical waste management, ultimately contributing to the development
of more efficient and sustainable waste management practices in healthcare settings. Inaccurate forecasting can
lead to inadequate waste management, posing risks to public health. Hence, the research aims to determine the
most accurate and applicable forecasting method for predicting clinical waste generation.

2. Materials and Method

2.1 Data Collection

17-years data provided by the Department of Statistics Malaysia were utilized to examine the forecasting accuracy
of methods. The Department of Statistics Malaysia is responsible for collecting and interpreting statistics to
formulate or implement government policies across various fields, including trade, commerce, industry,
agriculture, and clinical waste. The data consists of information that includes historical data on which quantity of
clinical waste is handled for destruction at an incinerator in Johor, Malaysia. Fig. 1 illustrates the quantity of
clinical waste processed for destruction at an incinerator in Johor, as reported by the Department of Statistics
Malaysia (DOSM). This figure provides a visual representation of the amount of clinical waste that was handled
and incinerated in Johor over a specified period.

Clnical Waste (Tonnes)

Years

Fig. 1 Quantity of clinical waste handled for destruction at an incinerator in Johor from the Department of Statistics
Malaysia (DOSM).

2.2 Trendline Linear
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In this study, the Trendline Linear method used to forecast the quantity of clinical waste handled for destruction
at an incinerator in Johor for 2023 was based on SLR. The SLR applies the least-squares method to search for the
line of best fit for a set of data. It allows estimating the dependent variable, y with the aid of a given independent

variable, x [3]. By plotting time on the x-axis (independent variable) and the quantity of clinical waste on the y-
axis (dependent variable), SLR helps determine the linear relationship between them. In the context of clinical
waste generation, linear regression can help identify and quantify the average rate of change in waste over time.
The line of best fit can be defined by the equation y =bx+a where b represents the slope of the line and a is the

intercept. The values of a and b can be determined for a set of data comprising two variables and can be used to
predict the value of y for any specified value of x [3]. The regression line summarizes the relationship between an
independent variable and a dependent variable, characterized by its slope (rate of change) and intercept (initial
value). This allows for projecting future values using the equation y =bx+a, facilitating informed predictions

based on historical trends. The mathematical equation of the linear regression technique is very easy to
understand, and its time complexity is much lower as compared to other machine learning algorithms [4]. Linear
regression techniques can be used to model linearly separable data sets and can be used to find the nature of the
relationship among variables [4]. The assumption here is that the relationship between time and clinical waste is
best described by a straight line, making linear regression a simple yet effective method for forecasting [4].
Therefore, this study employed method for calculating the clinical waste generated utilizing Microsoft Excel
spreadsheets.

2.2.1 Steps to forecast using Simple Linear Regression (SLR) in Excel Spreadsheet

To effectively forecast future values using SLR in an Excel spreadsheet, it's essential to follow a structured
approach that involves several key steps:

i. Step 1 (Insert Data): The data was organized in a spreadsheet with two columns:
Column 1: Year (Independent Variable) - Represents the year for which clinical waste data was recorded (2006-
2022)
Column 2: Generation of Clinical Waste (Dependent Variable) - Represents the quantity of clinical waste handled
for destruction at incinerators in Johor each year.

ii. Step 2: Fitting the model by using historical data to estimate the regression coefficients.
The function of the line between the variables is to perform regression analysis. This function calculates the
coefficients for the best-fit line by estimating the slope (a) and intercept (b) through the given data points. The
fitted line's equation is shown in Fig. 2.
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Fig. 2: Estimated regression coefficients line

iii.  Step 3: Testing the model
The objective of testing the model is to assess the model's performance in predicting clinical waste generation for
unseen data in the year 2023 that needs to be forecast. The regression equation obtained in step 2 was used to
predict clinical waste generation for the target year (2023). The equation was copied down throughout the
spreadsheet in a new column (forecast column) to calculate the predicted value for 2023.

iv.  Step 4: Calculate Performance Evaluation
The performance evaluation used in this study was MAE. The calculation of the MAE will be further explained in
the next discussion.

2.3 Moving Averages
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This study incorporated the MA forecasting method as the SMA alongside the Trendline Linear method to enhance
the accuracy of predicting the quantity of clinical waste handled for destruction at an incinerator by the state of
Johor in 2023. The MA calculated the sequence time average, which was based on a certain number of items
according to the time series data, to reflect the trend. Therefore, when the value of the time series significantly
fluctuated owing to the influence of periodic variation and random fluctuation, and it was not easy to show the
development trend of events, the moving average method can eliminate the influence of these factors and exhibit
the trend of the time series [5]. This method forecasts value for the next period (t+1) by averaging a specified
number of the most recent observations, each receiving equal weight. However, SMA was developed based on an
average of weighted observations, which tends to smooth out short-term irregularity in the data series. It would
be useful if the data series remained steady over time. SMA was a basic time-series analysis technique used to
identify trends and smooth out fluctuations in data. In this paper, SMA was calculated for a yearly period to
observe the clinical waste generation over time. The equation for predicting the value of F at time t+1 based on
data up to time t in this study is shown as:

Fr= (sum of actual values in previous n periods)/n

Foi= (A+AL+A+ +A ) 1

The equation (1) is used to define forecasting data and actual data within the context of a moving average
analysis. In this equation, F,,; represents the forecasting data for the period, which is the predicted value for the

next time period. A,_; denotes the actual data for the previous period, which is the observed value from the most

recent completed period. Additionally, n signifies the number of periods included in the MA calculation. This
parameter determines the length of the data window used to compute the average, thereby influencing the
smoothing effect and accuracy of the forecast [6]. By incorporating these elements, the equation provides a
systematic approach to predicting future values based on historical data trends.

The SMA method calculates the arithmetic mean of the n most recent observations, incorporating the newest
data and excluding the oldest for each forecasting period, which makes it a rational choice for practitioners. This
approach is particularly beneficial in identifying clearer trends amidst variability in clinical waste data over time.
By averaging the total amount of clinical waste over a specific time window, SMA minimizes the impact of short-
term fluctuations, leading to a smoother curve that highlights the overall trend direction. The simplicity and ease
of calculation of SMA make them a practical choice for forecasting when the focus is on identifying general patterns
rather than complex relationships. The method's ability to filter out period-to-period noise and yield smoother
forecasts is enhanced as the number of periods (n) in the moving average increases. This method's
straightforward implementation and effectiveness in smoothing data fluctuations make it an ideal choice for
forecasting clinical waste generation based on historical data trends [7].

2.3.1 Steps to forecast using Simple Linear Regression (SLR) in Excel Spreadsheet

In this paper, the steps outlined to calculate a SMA using Microsoft Excel. Here are the key steps involved in
performing SMA calculations with an Excel Spreadsheet:

I. Step 1: Insert Data
The data was organized in a spreadsheet with two columns:
Column 1: Year (Independent Variable) - Represents the year for which clinical waste data was collected (2006-
2022)
Column 2: Generation of Clinical Waste (Dependent Variable) - Represents the quantity of clinical waste handled
for destruction at incinerators in Johor for each year

ii. Step 2: Fitting the model by using historical data
To calculate the SMA using Microsoft Excel, start by clicking on the ‘Data’ tab in the Excel ribbon. Then, select the
‘Data Analysis’ option, which opens the Data Analysis dialog box. In this dialog box, choose the ‘Moving Average’
option and click ‘OK’ to proceed to the ‘Moving Average’ dialog box. In the ‘Input Range’ field, select the data range
for which the SMA needs to be calculated. Enter ‘3’ in the ‘Interval’ option to set a three-point moving average.
Next, specify the ‘Output Range’ where the results will appear. Additionally, check the options for 'Chart Output’
and 'Standard Errors' to include these in the results. Finally, click 'OK' to generate the moving average, which will
be displayed in the specified output range, providing a clearer view of the data trends over time.

iii.  Step 3: Testing the model
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The objective of testing the model is to forecast the value of clinical waste generation for the year 2023 and to
evaluate the associated standard errors. The forecast value will be visualized through chart output. Using SMA
calculations based on historical data, the model predicts the quantity of clinical waste for the upcoming year.
Concurrently, it assesses forecast accuracy by examining standard errors. Visual representation via charts
enhances understanding of both projected outcomes and the variability associated with forecasted clinical waste
generation.
iv. Step 4: Calculate Performance Evaluation

The performance evaluation used in this study was MAE. The calculation of the MAE will be further explained in
the next section.

2.4 Evaluation of Forecast Accuracy

In this study, MAE was applied to determine the accuracy of our two methods which are SLR and SMA values. MAE
is a metric used to measure the average absolute differences between predicted values and actual values in a set
of data. It provides a straightforward way to assess the accuracy of a forecasting or prediction model. In terms of
quantifying average error, absolute-value-based measures such as the MAE are more interpretable than MSE or
RMSE. Evaluations of model estimates and predictions should increasingly use absolute-value-based error
measures such as MAE. These measures provide a more interpretable standard for evaluating model errors while
also pointing to more specific types of error that may be reduced.

2.5 Steps to Evaluate Forecast Accuracy using Mean Absolute Error (MAE)

To calculate the mean absolute error of these two forecasting methods the steps below are the main steps to
calculate the MAE.

i. Step 1: Calculate the difference between the actual and observed values for each record.
A dataset containing actual and predicted values in two separate Excel columns has been loaded. The data has 17
records of actual values (waste) and 18 predicted values (years) for each data point.

ii. Step 2: Calculate the absolute value of this difference.
In the calculation of MAE, we must find the absolute difference between the actual and observed values to obtain
the value of MAE. The following formula = ABS (actual- observed) had been entered. This calculated the absolute
difference between the actual and predicted values. The formula was copied down throughout the spreadsheet to
calculate the absolute difference for each record. This method calculated the absolute difference for each record
in the dataset, without needing to manually type the formula.

iii.  Step 3: Calculate the average of these values.

Using the = AVERAGE A () function, the mean absolute error is calculated. The = AVERAGE A () function calculates
the average value and includes logical and text values.

Table 1 Total Absolute Difference of SMA and SLR

Method Year Forecasted Value (tonnes) Total Absolute Difference

SMA 2023 4737 11353.4
SLR 2023 4584.57 9928.25

Table 1 presents the following total absolute different absolute difference between SMA and SLR methods.
The total absolute difference for the SMA method is 11353.4, and SLR for the SLR method is 9928.25. Manual
computation of these two methods using mathematical formulas is consistent with those obtained from Excel
calculations. To assess the forecasting accuracy of the two methods, MAE metric was employed. The results of this
evaluation can be found in Table 2.

3. Result and Discussion

3.1 Forecast Simple Linear Regression (SLR)

The 17-years period of our data set from 2006 to 2022 gives the average annual clinical waste generated which
Quantity of clinical waste handled for destruction at incinerator by the state, Johor, Malaysia was 2668.9765 tons
with a standard deviation of 1174.002371 tons. This variation provides a general idea of the amount of clinical
waste generated annually over this period and the standard deviation of the data indicates significant fluctuations
around this average. In other words, the actual amount of waste generated in a given year could be 1174.002371
tons higher or lower than the average. A possible factor that affects the fluctuation of the variation is that the
increase in the number of patients in Johor can lead to a rise in clinical waste generation and various hospital
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activities or changes in procedure that may produce more waste. For example, a rise in surgery procedures may
lead to an increase more waste compared to a period with mostly out-patient treatments.

This model is expressed by the following equation y = 213.59x - 427,508 which y represents the amount of
clinical waste generated in tonnes and X represents the year. The model was constructed using a statistical
technique called ordinary least squares regression. This method helps establish the best-fitting straight line that
captures the relationship between the year (x) and the amount of clinical waste generated (y) within the data we
analysed. Based on Fig. 3, it concludes that the forecasting value for clinical waste generated in the year 2023 is
4584.57 tonnes per year by using the regression equation of the model. The clinical waste is expected to increase
from the year 2022 to 2023 based on forecasted value which is from 4370.98 tonnes to 4584.57 tonnes. In 2021,
the amount of clinical waste rise from 3989.60 in 2020 to 55567.5 due to the widely known fact that the COVID-
19 pandemic led to a major increase in healthcare services globally. This probably led to an increase in the
production of clinical waste in Johor in 2021.

In regression analysis, the coefficient of determination, usually denoted by R-squared is also a useful statistic
obtained from the regression model [8]. R-squared in regression acts as an evaluation metric to evaluate the
scatter of the data points around the fitted regression line. It recognizes the percentage of variation of the
dependent variable. R-squared is the proportion of variance in the dependent variable that can be explained by
the independent variable[9]. The R-squared value obtained in this study is 0.8441, suggesting that 84% of the
variability in clinical waste can be explained by years. A high value of R-squared that is close to 1 shows that the
independent variables included in the regression model explained well the variation of the dependent variable.
[8]. If the value of R is large, have a better chance of your regression model fitting the observations [9]. This
signifies a strong relationship between x and y, making the model more reliable for forecasting future values of y
based on x.

Fig. 3: Graph output SLR of clinical waste generation

On the other hand, the slope of observed clinical waste versus years alongside with fitted regression line
clearly represents the rising trend in waste generation. The relationship between x and y is denoted using a line
known as the regression line. A case study for megacity Istanbul by [3], aim to estimate the amount of waste to be
generated in the coming years is critical for the evaluation of existing waste treatment service capacities. This
study was conducted to evaluate the performance of various mathematical modelling methods such as using SVR,
GM (1,1) and ARIMA models to forecast medical waste generation of Istanbul, the largest city in Turkey. This study
analysis of observed trends suggests a steady increase in clinical waste generation. However, unlike their study
which used ARIMA for forecasting, this study explores the effectiveness of simple linear regression for shorter-
term predictions. This aligns with what the linear regression might forecast, assuming the chosen independent
variable has a positive correlation with waste generation. The line may be in three ways, Positive slope, negative
slope and zero slope. If the curve is positive slope, then the dataset is best suited for linear regression [10] .The
analysis of this paper revealed an upward trend in clinical waste generation over the years. This is evident from
the positive slope in the linear regression model. In simpler terms, this means that for every year that passes, an
additional 213.59 tonnes of clinical waste is produced on average. Hence, the positive slope indicates that as the
number of years increases, the amount of clinical waste generated also increases. Possible factors influencing the
fluctuations and increasing trend in clinical waste generation like population growth and economic development
[3].

Forecasting the future value of clinical waste generation with SLR provides strategies for improving waste
management practices in many ways such as optimizing waste management. The expected rise in clinical waste
can be adjusting waste collection schedules. Healthcare facilities expect large amounts of clinical waste can
schedule frequent collection to avoid spilled over bins and possible dangers to health which may arise from
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biohazards. Improper management of clinical waste poses a public health risk [11]. In addition, prior knowledge
about the amount of medical waste generated can be used for both the planning and design of future facilities [3].

3.2 Forecast Simple Moving Average (SMA)

SMA is particularly useful when there is variability in the clinical waste data over time, and a clearer trend needs
to be identified. As it stated in method, the data set spanning 17 years from 2006 to 2022 reveals the average
annual clinical waste generated in Johor, Malaysia. By calculating the average of the total amount of clinical waste
over a specific time window in the study, a moving average (over the past few years), the impact of short-term
fluctuations can be minimized. Increasing the number of observations of actual values tends to smooth out
fluctuation and easily obtain general information about fluctuation. This results in a smoother curve that
highlights the overall direction of the trend.

Flood potential using SMA and Holt-Winters methods was investigated by [12]. The analysis was supported by
collected data from observations, literature studies, and Landsat 8 images of land objects one of the analysis steps
involved visualizing and forecasting the likelihood of high inundation or flooding based on NDWI accuracy using
the SMA and Holt-Winters methods. Several new actual demand data were used to generate forecast values for
future demand using the SMA algorithm. The study aimed to visualize flooding likelihood and trends based on
NDWTI values, which is similar to the approach of using SMA to identify trends in clinical waste generation in this
study. Despite its simplicity, SMA effectively determines current trends by smoothing out short-term fluctuations.

To investigate clinical waste generation, this paper implemented a forecasting model based on the SMA model.
This model smooths out the data by creating an average of any subset of the complete data set. A 3-period moving
average was employed to analyse trends in clinical waste generation data. In this study the independent variable
(time) and the dependent variable (clinical waste generated). This method helps to reduce the noise from random
fluctuations in the data, providing a clearer view of the underlying trend.

According to [13], both the 3-period MA and the 5-period MA have a similar magnitude of error, but it is better
to use the 3-period MA rather than the 5-period MA. Therefore, the 3-period MA is used in this study. The 3-period
MA is calculated starting from the fourth actual data point, which is the data for the year 2009. Fig.4 presents the
chart output SMA between the actual values and forecast values of clinical waste generation. Based on the MA
calculations, the forecast value of clinical waste generated in the year 2023 is approximately 4737 tonnes per year.
In SMA analysis, the window size of the average plays a crucial role in determining the smoothness and accuracy
of the forecast. A smaller window size may capture more recent trends but can be more volatile, while a larger
window size provides a more stable average but may lag in capturing recent changes. In this paper, a 3-period
window was selected to balance responsiveness and stability.
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Fig. 4 Chart output SMA of clinical waste generation

The results from the SMA model indicated a rising trend in clinical waste generation over the years. This trend
was evident from the increasing values of the moving averages over the observed period. In simpler terms, the
data shows that the amount of clinical waste generated has been consistently increasing, reflecting a growing
healthcare demand and corresponding waste production in Johor, Malaysia.

3.3 Accuracy Assessment
Table 2 presents the MAE for SMA and SLR.

Table 2 MAE for SMA and SLR

Method Mean Absolute Error
SMA 756.8933
SLR 551.5694
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Based on Table 2, the SLR model achieved a lower MAE of 551.5694 compared to the SMA model’s MAE of
756.8933 indicating that the SLR model produced predictions that were closer to the actual values in the data.
Since the MAE for SLR is lower than the MAE for SMA, the SLR model is performing better at predicting the actual
values in our dataset compared to the SMA model [14].

This difference between predicted and actual values, captured by the MAE can be further analysed by
examining the residuals. A positive residual corresponds to a point in the scatter plot that lies above the fitted line
generated by the SLR model. Conversely, a negative residual indicates a data point falling below the line. [15].
These residuals, along with the predicted values (fits) are presented in the accompanying table for further
exploration. This table allows us to not only see the overall average error (MAE) but also to identify potential
patterns in the errors for specific data points.

Furthermore, the interpretability of MAE is bolstered by its range of 0 to positive infinity [16]. A perfect score
of 0 indicates no absolute difference between predicted and actual values. On the other hand, large errors or
outliers in the data can cause MAE to approach positive infinity. This happens because MAE sums up absolute
differences between predictions and actual values. Even a single instance of a very large difference can
significantly inflate the MAE, especially if the model performs poorly for outliers. While reaching the infinity is
uncommon in practical applications, a very high MAE relative to the scale of our data indicates a poor model fit
[14].

3.4 Limitations

The study was limited by data limitations of data historical on waste generation. To manage the scope of our study,
we chose to focus on the data regarding the quantity of clinical waste handled for destruction at an incinerator in
Johor. Although clinical waste in Malaysia is classified into subcategories by regulations, our ability to explore
these details is constrained by limited data from the Department of Statistics Malaysia. Therefore, our data
focusing on incinerated waste offered a readily available dataset that aligns with a common disposal method for
clinical waste in the region.

The lack of 2023 data creates inaccuracies in your predictions of clinical waste generation. Lacking this new
data could hinder the model's learning process, resulting in possible inaccuracies or being too focused on previous
patterns. Underestimations may occur if waste reduction efforts become successful in 2023, or overestimation
could happen if new protocols calling for increased use of disposables are introduced.

For the SLR model, only one independent variable is considered at a time and does not include many variables
that are likely to influence clinical waste generation by multiple factors, such as bed occupancy rates, types of
procedures, and so on. The study of [3] evaluates the performance of ARIMA, SVR, and Grey Modeling (1,1) on
medical waste forecasting in Istanbul. While it does not use simple linear regression, it provides a benchmark for
how well more sophisticated models perform compared to a simpler method. Therefore, it gives an idea of the
potential limitations of using linear regression for forecasting clinical waste generation.

The SMA is a popular forecasting method due to its simplicity and ease of use. However, it has a significant
limitation which is its reliance on a fixed window size that can impact its effectiveness in forecasting. In this paper
using a 3-period moving average, this means that each forecast is based on the average of the three years of actual
value for clinical waste generated in case to predict the forecasting value until year 2023. If the chosen window
size does not adequately capture the underlying data pattern, the forecasts may either be too smooth or too noisy
[13].

While MAE offers arobust and interpretable measure of model accuracy, it has limitations. MAE treats all errors
equally, regardless of direction, which can be problematic when underestimations or overestimation have
different consequences. Additionally, MAE may not adequately capture the impact of outliers due to its focus on
absolute differences. Finally, the scale dependence of MAE hinders direct comparisons between models applied
to data with different units. To address these limitations, consider using MAE in conjunction with other error
metrics that offer complementary strengths [17] .

3.5 Future Research

Future research holds immense potential to refine and enhance clinical waste generation forecasts. Expanding
data sources beyond current limitations is crucial. Collaborations with hospitals, waste management companies,
and regulatory bodies can unlock a wealth of information on waste composition, generation determinants like bed
occupancy and procedure types, and even broader economic and social factors. Integrating this diverse data into
a unified format will be essential.

The steps taken to mitigate this limitation lack of 2023 actual data on the forecasting accuracy is to focus on
using the most recent data available and consider incorporating external information like industry reports or
expert opinions. Short-term forecasts are less vulnerable to this data gap, and transparency is key - acknowledge
the limitations and highlight any assumptions made with external data. Scenario planning with different
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possibilities for 2023 can provide a range of potential outcomes. In extreme cases, explore alternative forecasting
methods less reliant on historical data, like expert surveys or judgmental forecasting.

Second, the development of more sophisticated forecasting models is warranted. [3] demonstrated the
effectiveness of ARIMA, SVR, and Grey Modeling for medical waste forecasting. These models hold promise for
capturing the complex interplay between various factors and waste generation. Additionally, exploring hybrid
models that combine the strengths of simpler methods like SLR with more advanced techniques could prove
beneficial.

Finally, addressing the limitations of current forecasting methods is crucial. Employing dynamic window sizes
for the SMA can improve its ability to adapt to changing trends in the data. Statistical methods can be used to
determine the optimal window size for each forecast. Furthermore, supplementing Mean Absolute Error (MAE)
with other error metrics like MSE or Root Mean Squared Error (RMSE) is recommended. This will provide a more
comprehensive picture of forecasting accuracy, particularly regarding the influence of outliers. By pursuing these
directions, future research can overcome the limitations of the current study and establish a more robust and
informative model for clinical waste generation forecasting.

4. Conclusion

The study faced limitations primarily due to the historical data constraints on waste generation. To manage the
scope, the research focused on clinical waste quantities handled for incineration in Johor, Malaysia. Although
clinical waste in Malaysia is categorized into subcategories as per regulations, our study's depth was limited by
the available data from the Department of Statistics Malaysia. The dataset on incinerated waste provided a
consistent and relevant basis for analysis, reflecting a prevalent disposal method in the region.

The SLR model creates a best-fit line to model the relationship between years and waste generation. It predicts
a steady increase of about 213.6 tonnes per year on average. The model explains 84% of the variation in waste
generation (R-squared = 0.8441) and has a lower MAE compared to the SMA method, indicating better prediction
accuracy. It employed in the study considered only one independent variable at a time.

For the SMA method, a 3-period moving average was used, meaning forecasts were based on the average of
the past three years of actual clinical waste data. As a result, it forecasts a generation of 4737 tons in 2023. This
approach can be problematic if the window size does not accurately capture the data's underlying patterns,
potentially resulting in forecasts that are either overly smooth or excessively noisy.

While the MAE provides a robust and interpretable measure of model accuracy. The MAE ranges from 0
(perfect fit) to positive infinity, with a high MAE suggesting a poor model fit, especially relative to the data scale.
To employ the MAE to assess the accuracy of the SMA and SLR methods in predicting the values of clinical waste
generation, it is essential to recognize the MAE's strengths and limitations. The MAE averages the absolute errors
and treats all errors equally, regardless of direction, which can be problematic when underestimations and
overestimation have different consequences.

In summary, while the chosen methodologies, SMA and SLR provided valuable insights, the study highlights
the importance of addressing data limitations and considering multiple variables and error metrics to enhance
forecasting accuracy and reliability in clinical waste management.
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Appendix A: Clinical Waste Forecast Analysis Simple Linear Regression

A B C D E

Years(x) Waste(y) Forecast error abs error

2006 1176.87 953.54 223.33 223.33
2007 1754.83 1167.13 587.7 587.7
2008  1515.5 1380.72 134.78 134.78
2009 1639.9 1594.31 45.59 45.59
2010 1795.2 1807.9 -12.7 12.7
2011 1850.1 2021.48 -171.39 171.39
2012 20155 2235.08 -219.58 219.58
2013 2276.7 2448.67 -171.87 171.97
2014 2526.2 2662.26 -136.06 136.06
2015 2700.8 2875.85 -175.05 175.05
2016 2834.2 3089.44 -255.24 255.24
2017 2806 3303.03 -487.03 4587.03
2018  3097.5 3516.62 -419.12 418.12
2019 31736 3730.21 -556.61 556.61
2020 3989.6 3943.8 45.8 45.8
2021 5567.5 4157.39 1410.11 1410.11
2022 4652.6 4370.98 281.62 281.62
2023 4584.57 -4584.57 4584.57

Appendix B: Clinical Waste Forecast Analysis Simple Moving Average

A B C D E
Years (x) Waste (y) Forecast (formula) Error

ABS Error

-
2 2006 1176.87
3 2007 1754.83
4 2008  1515.5
5 2009 1639.9 1482 1579 157.9
6 2010  1795.27 1637 1582  158.2
7 2011 1850.1 1650 2001  200.1

8 2012 2015.5] 1762 253.5 253.5

9 2013 2276.7 1887 389.7  389.7

10 2014 2526.2° 2047 4792 4792

1" 2015 2700.8" 2273 4278 427.8

12, 2016 283427 2501 3332 3332

13 2017 2806 2687 119 119

14 2018 3097.5 2780 317.5 317.5

15 2019 31736 2913  260.6 260.6

16 2020 3989.6] 3026 963.6 963.6

17 2021 5567.5] 3420 2147.5 21475

18 2022 46526 4244 4086 40856

19 2023 P 4737 -4737 4737’
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