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ABSTRACT

The Kare Kambing MSME possesses a substantial amount of historical sales data, yet its utilization as a basis for
business decision-making remains suboptimal. Production planning is currently based on estimates, creating a risk
of either overproduction or underproduction. This study aims to analyze sales patterns, compare various
forecasting methods, and visualize the analysis results via a Business Intelligence dashboard to support business
decision-making. The study utilizes historical sales data from the Kare Kambing MSME covering the period from
2020 to February 2026. The research stages include data preprocessing, exploratory data analysis (EDA),
forecasting model development, model evaluation, sales forecasting, and dashboard creation using Tableau. The
models compared are Moving Average, Exponential Smoothing, ARIMA, Linear Regression, and Random Forest.
Model evaluation was conducted using MAE, RMSE, and SMAPE metrics, with data split into 80% for training
and 20% for testing. The results indicate fluctuating sales patterns, characterized by day-to-day variations and
relatively stable seasonal trends. Based on the evaluation, the Linear Regression model emerged as the best
performer, achieving an MAE of 61.93, RMSE of 77.82, and SMAPE of 7.25. This model was subsequently used
to forecast sales for the period of March 2026 through December 2027, yielding a total predicted volume of 17,623
portions. Finally, the forecast results were visualized in a Tableau dashboard to facilitate sales monitoring, model
evaluation, and the structured formulation of raw material inventory recommendations.
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1.  INTRODUCTION

The evolution of digital transformation drives business organizations to leverage data
as a foundation for faster, objective, and measurable decision-making [1], [2]. Transaction data,
which previously served merely as operational records, can now be transformed into valuable
information through analysis, visualization, and predictive processes [1], [3]. In a business
context, a crucial application of data is forecasting—the process of estimating future conditions
based on historical patterns to support operational planning and control [4], [5]. Forecasting is
widely used to estimate demand, plan inventory, manage production capacity, and minimize
the risks of stockouts or overstocking [4], [6], [7].
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For MSMEs, forecasting is increasingly vital limited resources mean that errors in
production planning can directly impact operational costs and business profitability [6], [7].
Culinary MSMEs—particularly those dealing with fresh products or items with a limited shelf
life—require accurate sales estimates to ensure that raw materials, production volumes, and
labor are prepared proportionately [6], [8]. In practice, however, many MSMEs still rely on
manual estimates and the business owner's experience to determine daily production levels [2],
[7]. Such approaches carry the risk of overproduction when demand drops or stock shortages
when demand rises [4], [6].

The Kare Kambing MSME is a culinary business with a substantial amount of
historical sales data; however, these data have not been utilized optimally to support business
decision-making. At present, production planning is still based largely on estimation, which
may lead to discrepancies between production volume and actual market demand. In fact,
historical sales data can be analyzed to identify demand patterns, evaluate sales performance,
and develop forecasting models for future sales. By leveraging these data, the business can
make operational decisions related to raw material preparation, production planning, and
inventory management in a more systematic and data-driven manner.

Previous studies have shown that sales forecasting can be performed using various
approaches, including both statistical methods and machine learning techniques. Statistical
methods such as ARIMA and Exponential Smoothing are widely used because they are capable
of capturing trend and seasonal patterns in time series data [4], [5]. On the other hand, machine
learning approaches such as Random Forest and Linear Regression are also frequently applied
to learn relationships among time-related features and generate competitive predictions [9],
[10], [11]. Several comparative studies have indicated that no single model consistently
outperforms others across all datasets, as model performance is strongly influenced by data
characteristics, the length of historical observations, the level of fluctuation, and the presence
of seasonal or nonlinear patterns [4], [5], [9]. Therefore, the selection of the best forecasting
model should be based on a comparative evaluation of multiple models using consistent
performance metrics [5], [9].

In addition to the prediction aspect, forecasting results also need to be presented in a
form that is easy for business owners to understand. Business Intelligence (BI) and interactive
dashboards play an important role in transforming analytical results into visual information that
can support performance monitoring, trend evaluation, and business decision-making[1], [4],
[12]. A well-designed dashboard can present sales indicators, demand patterns, model
performance, forecasting results, and operational recommendations in a concise and integrated
view [3], [12]. For MSMEs, presenting forecasting results through a dashboard can help
business owners who do not have a technical background to better understand analytical
information and use it in day-to-day decision-making [2], [12].

Based on the background described above, this study aims to analyze the sales patterns
of the Kare Kambing MSME, compare the performance of five forecasting models, namely
Moving Average, Exponential Smoothing, ARIMA, Linear Regression, and Random Forest,
and identify the best-performing model for sales forecasting. In addition, this study seeks to
visualize the results of the sales analysis and forecasting in a Business Intelligence dashboard
using Tableau. The contribution of this study lies in the integration of historical sales analysis,
comparative forecasting methods, and Bl dashboard visualization within the context of a
culinary MSME. Therefore, the findings are expected not only to identify the most suitable
forecasting model, but also to provide actionable information that can support operational
planning and business decision-making.
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2.  METHODS

This study employed a quantitative approach using historical sales data from the Kare
Kambing MSME as the research object. The analyzed dataset covered the period from 2020 to
February 2026 and included transaction dates, production quantity, quantity sold, unsold stock,
and revenue. The research process began with data collection and data cleaning to ensure that
the dataset was ready for analysis. The data cleaning stage was carried out to address
inconsistencies in data format, ensure attribute completeness, and minimize potential
disturbances in the modeling process [4], [5]. After the data had been cleaned, exploratory data
analysis (EDA) was conducted to understand the characteristics of sales performance,
including sales trends, seasonal patterns, data distribution, differences in sales levels across
days, and peak sales hours. EDA is an important stage because the characteristics of historical
data can influence both the selection of forecasting methods and the interpretation of
forecasting results [4], [9].

In the forecasting stage, this study compared five models, namely Moving Average,
Exponential Smoothing, ARIMA, Linear Regression, and Random Forest. The selection of
these five models was based on the intention to compare two major forecasting approaches,
namely statistical time series methods and machine learning methods for sales prediction [4],
[5], [9]. Moving Average was used as a baseline model to capture short-term historical average
tendencies [13]. Exponential Smoothing was selected because it assigns greater weight to more
recent observations, making it relevant for sales patterns that change gradually [14], [13].
ARIMA was employed because it is one of the most widely used classical methods in time
series forecasting and is effective for handling data with autoregressive and differencing
structures [5], [10]. Meanwhile, Linear Regression and Random Forest were included to
represent machine learning approaches that utilize time-related features extracted from
historical sales data [15].

Before modeling, the dataset was divided into 80% training data and 20% testing data.
This split was applied so that the models could be trained on the majority of historical data and
then evaluated on unseen data, allowing model performance to be assessed more objectively
[4], [5]. Model evaluation was conducted using three metrics: Mean Absolute Error (MAE),
Root Mean Squared Error (RMSE), and Symmetric Mean Absolute Percentage Error
(SMAPE). MAE was used to measure the average absolute difference between actual and
predicted values, while RMSE was used to assign a larger penalty to extreme prediction errors
[5], [9]. SMAPE was selected because Kare Kambing sales data contained zero-sales values in
certain periods, making SMAPE more stable than MAPE for measuring percentage-based
forecasting errors under such conditions [5], [9]. The best model was selected based on the
consistency of achieving the lowest error values across the three evaluation metrics.

After the best-performing model had been identified, it was used to build the final
forecasting model and generate sales forecasts for the period from March 2026 to December
2027. The forecasting results were then translated into recommendations for raw material stock
requirements based on the assumed material needs per portion and the raw material conversion
factors defined in this study. In the final stage, the results of the historical data analysis, model
evaluation, and sales forecasting were visualized in Tableau through a Business Intelligence
dashboard. The developed dashboard consisted of a Historical Sales Monitoring Dashboard, a
Sales Pattern Analysis Dashboard, a Forecasting Model Evaluation Dashboard, and a Sales
Forecast Dashboard. Presenting the results in the form of a dashboard was intended to enable
MSME owners to understand analytical information more quickly and to use it directly for
monitoring and decision-making purposes [4], [12].
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Figure 1. ML Forecasting Stages

3. RESULTS AND DISCUSSION
3.1 Data Collection

This study used primary data obtained directly from the Kare Kambing MSME in the
form of historical daily sales data covering the period from January 2020 to February 2026.
The data were stored in tabular format and contained daily sales transaction information along
with supporting operational variables. In general, the dataset included variables such as date,
day, production quantity, quantity sold, unsold stock, revenue, day category, peak hours, and
other derived time-related variables used in the analysis and modeling stages.

Table 1. Dataset Variabels

Variable Description
Date Transaction date
Day Day of the transaction

Production Quantity (Portions)
Quantity Sold (Portions)
Remaining Stock (Portions)
Price per Portion

Revenue

Peak Hour 1

Peak Hour 2

Day Category

Number of portions produced

Number of portions sold.

Number of unsold portions remaining.
Selling price per portion

Total sales revenue

Hour with the highest sales activity

Hour with the second-highest sales activity

Category representing the type of day

Daily sales data were selected because they were appropriate for the purpose of this study,
which was to analyze time series sales patterns and develop sales forecasting models for
future periods. Before being used for modeling, the data underwent a data cleaning process

629



ISSN: 2774-3993

and feature transformation to ensure that they were suitable for exploratory data analysis and
forecasting model comparison. The final dataset used in this study consisted of 2,252 daily
records. The variables used in this study are shownin Table 1.

3.2 Data Preprocessing

Data cleaning was conducted as an initial stage to ensure data quality before the dataset
was used for analysis and forecasting. This stage aimed to identify and address potential data
issues such as missing values, duplicate records, data format inconsistencies, and overall data
consistency. The data cleaning process was performed using Python in Google Colab. The
following table presents the sales data after the data cleaning process:
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Figure 2. Data Cleaning

3.3 Analysis of Sales Patterns

The exploratory data analysis results indicate that Kare Kambing sales exhibited a
fluctuating pattern over the observation period. As shown in the annual sales trend, the
average sales level increased from 2020 to 2021, remained relatively high in 2022, and then
declined noticeably in 2023. After that, sales tended to stabilize during 2024 and 2025, before
decreasing again in early 2026. This pattern suggests that customer demand was not constant
over time, and therefore production decisions should not rely solely on rough average sales
figures, but should also consider historical sales behavior in greater detail [4], [6].

The observed fluctuations also indicate that the level of demand changed across
periods, which may reflect shifts in customer purchasing behavior and operational
conditions. Such findings are consistent with the sales forecasting literature, which
emphasizes the importance of identifying historical trends and demand patterns before
developing predictive models [4], [5].

In addition to the overall trend, the daily sales analysis shows that sales levels on
weekdays tended to differ from those on Sundays. In this study, the Normal day category
was the most dominant compared with the Low and Sold-Out categories. This condition
indicates that most sales activities occurred at a relatively stable level of demand, although
there were still certain days with low demand as well as days when stock was sold out. For
MSMEs, such information is important because it can be used to manage daily production
capacity and adjust the amount of raw materials that need to be prepared [6], [7].
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Further analysis of peak hours shows that the busiest sales periods most frequently
occurred around 08:00 a.m. and 12:00-1:00 p.m. This pattern indicates the presence of two
recurring peaks in sales activity, which can be utilized by the business owner to adjust raw
material preparation schedules, allocate labor more effectively, and ensure service readiness
during those periods. In the operational context of a culinary MSME, information regarding
peak hours has practical value because it helps the business allocate resources at the times
they are most needed [6], [9].

Overall, the EDA results demonstrate that Kare Kambing’s historical sales data are
not only useful for documentation purposes, but can also be utilized to understand customer
demand characteristics and the operational conditions of the business. Information regarding
sales trends, day categories, and peak hours provides an important foundation for the
forecasting process, since the predictive models developed should be based on a clear
understanding of historical data behavior [4], [5].
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Figure 3. Sales Trends

The time series decomposition results indicate that Kare Kambing sales consist of
trend, seasonal, and residual components. The seasonal component fluctuates repeatedly
around the central value, suggesting the presence of a recurring seasonal pattern, although
its effect is not highly dominant. The trend component shows an increase in sales from 2020
to early 2022, followed by a decline during 20222023, and then a relatively stable pattern
with a slight increase until 2025. Meanwhile, the residual component is distributed randomly
around zero, indicating that most of the sales pattern has been captured by the trend and
seasonal components, while the remaining variation may be influenced by other factors
outside the model. Overall, these results suggest that Kare Kambing sales exhibit a relatively
stable and recurring seasonal pattern, which is important for improving forecasting accuracy.
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Figure 4. Seasonality Chart

Correlation analysis was conducted using the Pearson correlation coefficient to
examine relationships among variables in the dataset. The results show that Quantity Sold
(Portions) and Revenue have a perfect positive correlation (r = 1.00), indicating that higher
sales directly increase revenue, which is reasonable because revenue is derived from the
number of portions sold. Production Quantity (Portions) has a moderate positive correlation
with Quantity Sold and Revenue (r = 0.41), suggesting that higher production tends to be
associated with higher sales performance. In contrast, Remaining Stock (Portions) shows a
moderate negative correlation with Quantity Sold and Revenue (r = -0.38), indicating that
greater sales are associated with lower unsold stock. Meanwhile, the time-related variables
Day Index and Month have relatively weak correlations with the other variables, ranging
from -0.16 to 0.09. Overall, these findings suggest that operational variables, particularly
production, sales, remaining stock, and revenue, have stronger relationships than the time-
related variables, making them more relevant for forecasting and stock planning.
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Figure 5. Variable Correlation Heatmap
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3.4 Data Split 80:20

The sales dataset was divided into training and testing sets using an 80:20 ratio. Of
the total 74 monthly observations, 59 were used as training data and 15 as testing data. The
training set covered the period from January 2020 to November 2024, while the testing set
covered December 2024 to February 2026. This split was applied so that the forecasting
models could be trained on historical data and then evaluated on previously unseen data to
assess their predictive performance.

3.5 Training and Evaluation

At the forecasting stage, this study compared five models: Moving Average,
Exponential Smoothing, ARIMA, Linear Regression, and Random Forest. These models
were selected to represent two different forecasting approaches, namely statistical time series
methods and machine learning methods [4], [5], [9]. Comparing multiple models is necessary
because no single model consistently performs best across all datasets, as forecasting
performance is influenced by data patterns, the length of historical observations, and the
relationships among variables [4], [5].

Based on the evaluation results, Linear Regression was identified as the best-
performing model in this study. It achieved the lowest error values among all models, with a
MAE of 61.93428305, RMSE of 77.82004986, and SMAPE of 7.252379921. These results
indicate that the predictions generated by Linear Regression were the closest to the actual
Kare Kambing sales values in the testing data. Therefore, this model was selected as the final
model for forecasting future sales.

The results suggest that Kare Kambing sales patterns can still be captured effectively
by a relatively simple model such as Linear Regression. This indicates that the sales data
exhibit a fairly stable pattern and that the underlying relationships can be represented
adequately through the time-related features used in the model. Under such conditions, a
linear model may provide more accurate predictions than more complex alternatives. This
finding is consistent with previous studies showing that Linear Regression remains relevant
for sales or demand forecasting when the data exhibit a relatively clear trend and limited
complexity [9], [4].

On the other hand, Random Forest and ARIMA also demonstrated reasonably good
performance, but they did not outperform Linear Regression on this dataset. Random Forest
is generally more suitable for capturing more complex nonlinear patterns, while ARIMA is
more effective for time series data with strong autocorrelation structures [5], [8]. However,
in this study, the structure of Kare Kambing sales data appears to be more compatible with a
linear time-based modeling approach, which explains why Linear Regression produced the

best evaluation results.
Table 2. Model Evaluation Results

Model MAE RMSE SMAPE
Linear Regression 61.93428305 77.82004986 7.252379921
Random Forest 62.32205394 81.73472691 7.29807831
Exponential Smoothing 66.0361369 88.66311261 7.733327035
ARIMA 66.65668123 88.5292741 7.810144232
Moving Average 81.66666667 95.32156104 9.56379383
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3.6 Analysis of Sales Forecast Patterns

After the best-performing model had been identified, the next step was to generate
sales forecasts using the Linear Regression model. This model was applied to predict Kare
Kambing sales for the period from March 2026 to December 2027. The forecasting results
indicate that the total predicted sales during this period reached 17,623 portions, with an
average of approximately 801 portions per month. The highest forecast value was around
862 portions, while the lowest forecast value was approximately 743 portions.

The forecasting results suggest that Kare Kambing sales in the upcoming period are
likely to remain within a relatively stable range, although monthly fluctuations are still
present. These fluctuations may be influenced by historical sales patterns, variations in the
number of active selling days, and differences in consumer demand across periods. By
providing these projections, the forecasting model offers the MSME owner a more
measurable estimate of future sales levels.

From an operational perspective, the forecast results can serve as a basis for
production planning and raw material procurement. When the forecast indicates an increase
in sales, the business owner can prepare a larger stock of raw materials to anticipate higher
demand. Conversely, when the forecast suggests a decline, production volume can be
adjusted to reduce the risk of overstock and unnecessary waste. In this way, forecasting not
only generates numerical predictions, but also functions as a practical decision-support tool
for more rational and data-driven business planning [1], [6].

In addition to providing a quantitative view of future sales, the forecasting results also
demonstrate that the use of historical sales data can improve business planning quality. If
production decisions were previously based mainly on estimation or intuition, forecasting
enables those decisions to be supported by more objective analytical results. This is
particularly important for MSMEs, as errors in demand estimation may directly affect
operational efficiency, product availability, and potential business revenue [4], [6].
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Figure 6. Sales Forecasting Result

3.7 Implementation of Tableau Business Intelligence Dashboard

The results of the analysis and forecasting in this study were then visualized through
a Business Intelligence dashboard developed using Tableau. The dashboard was designed to
present sales information in a more interactive, concise, and user-friendly manner for the
MSME owner. The implementation of the dashboard represents an important component of
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this study, as forecasting results should not only be accurate in numerical terms, but also be
presented visually in a way that supports practical and informed decision-making [8].

Dashboard Monitoring Penjualan Historis
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Figure 7. Historical Sales Monitoring Dashboard

The historical sales monitoring dashboard was designed to present a visual summary
of Kare Kambing sales to support analysis and business decision-making. At the top of the
dashboard, several key indicators are displayed, including total sales of 65,804 portions, total
revenue of IDR 387,060,000, total production of 135,368 portions, and remaining stock of
69,564 portions, providing an overview of overall sales performance during the observation
period.

Dashboard Analisis Pola dan Karakteristik Penjualan
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Figure 8. Sales Pattern Analysis Dashboard

In addition, the dashboard presents monthly revenue through a bar chart, sales by day
of the week to highlight daily sales differences, and a one-year sales trend chart to monitor
recent monthly changes. It also includes a daily sales trend visualization for 2020-2026,
which provides a more detailed view of long-term sales patterns, fluctuations in demand, and
periods of increasing or declining sales. Overall, this dashboard serves as a visual tool for
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understanding historical sales performance and supporting more informed business
decisions.

Dashboard Evaluasi dan Perbandingan Model Forecasting
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Figure 10. Sales Pattern Forecast Dashboard

The Sales Forecast Dashboard was developed to visualize Kare Kambing sales
projections for the period March 2026 to December 2027 using the best-performing
forecasting model, namely Linear Regression. The dashboard presents forecast results
through key performance indicators (KPIs), an Actual vs Forecast chart, a monthly forecast
trend, and a yearly forecast summary table.

636



ISSN: 2774-3993

The KPI section shows that the total forecast for the prediction period is 17,623
portions, with an average of 801 portions per month. The highest forecast value is 862
portions, while the lowest is 743 portions, indicating that predicted sales remain within a
relatively stable range. The Actual vs Forecast chart compares historical sales with predicted
values and shows that sales during 2026-2027 are expected to fluctuate moderately while
following a stable overall pattern.

In addition, the yearly forecast summary indicates that total projected sales are 8,125
portions in 2026 and 9,498 portions in 2027, suggesting a slight increase in sales in 2027.
Overall, this dashboard provides a concise and informative overview of future sales
projections, which can support production planning, stock management, and business
decision-making.

Through that dashboard, business owners can monitor their company's performance
in a faster and more efficient way without having to manually read through raw data.
Information such as sales trends, model performance comparisons, and forecast results can
be viewed all at once on an integrated display. This makes the dashboard an effective tool
for turning the results of data analysis into operational information that is easier to use when
making decisions [8], [10].

CONCLUSION

The Sales Forecast Dashboard successfully visualized Kare Kambing sales projections for the
period from March 2026 to December 2027 based on the best-performing forecasting model,
namely Linear Regression. The dashboard results indicate that projected sales remain relatively
stable, with moderate monthly fluctuations and a slight increase in total projected sales in 2027
compared with 2026. These findings demonstrate that integrating forecasting results into a
Business Intelligence dashboard can effectively support the interpretation of future sales
patterns and provide practical insights for production planning, stock management, and
business decision-making in culinary MSMEs.
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