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Chapter 1
Introduction

1.1 Background and Significance of the Problem
In today's era, the café business has become an essential part of consumer
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beverage -related menu ite - : popular desserts such as cakes and
various food items. The dataset mcludes the following attributes:

1. Date 11. Quantity Sold

2. Day of weeks 12. Total Sales before Discounts
3. Weather conditions 13. Total Cost

4. Product ID 14. Discount

5. Product name 15. Total Sales Revenue

6. Group 16. Net Profit

7. Category 17. Branch

8. Average Cost 18. Holidays

9. Average Selling Price 19. Employees

10. Average Profit



These data attributes will be analyzed and used to develop Machine Learning models
for weekly sales forecasting.
1.4 Research Methodology

To develop a Machine Learning model for weekly sales forecasting, the
research follows the following steps:

1.4.1 Define the research framework and outline the implementation plan
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Chapter 2
Theory and literature reviews

Before diving into the details of forecastlng models and methodologies, this
chapter provides an overview 0 3 concepts and prewous research that are
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include:

- ARIMA (Auto Regressive Integrated Moving Average): A statistical
time series model suitable for datasets with trends and seasonal
patterns.

2.2.2 Machine Learning-Based Forecasting Models
Machine learning approaches enhance forecasting accuracy compared
to traditional methods. The primary models used in this study include:

- Prophet: Capable of capturing trends and seasonal effects, making it
suitable for retail sales impacted by holidays and special events.

- LSTM (Long Short-Term Memory): A neural network-based model
adept at learning sequential dependencies in time series data.



- Random Forest: A decision tree-based ensemble learning method that
can identify complex relationships among variables.
2.3 Understanding Data for Sales Forecasting
2.3.1 Types of Data Used in the Analysis
- Sales Summary: Aggregated weekly sales data, serving as the primary
dataset for forecasting
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2.5.1 FB Prophe sebogk

Theory and WorkingsMee

FB Prophet is an addltlve time series model developed by
Facebook to provide robust, interpretable, and automated forecasting.
It is based on the following core components:

1. Trend Component: Captures long-term growth and structural
changes. Prophet uses a piecewise linear or logistic growth model with
changepoints to detect shifts in trends.

2. Seasonality Component: Models periodic fluctuations in
data, such as daily, weekly, or yearly seasonality, using Fourier series
representation.



3. Holiday Component: Explicitly incorporates external event
effects (e.g., promotions, holidays) to adjust sales predictions
accordingly.

4. Error Term: Accounts for irregular variations in data that
cannot be explained by other components.

Key Assumptions
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2. Differencing (1): Re es trend or seasonality by computing
differences between observations.
3. Moving Average (MA): Models the error terms as a linear combination
of past errors.
Key Assumptions
- The time series should be stationary (constant mean and
variance over time).
- Works best when the dataset has clear linear trends and
patterns.
- Limited in capturing complex nonlinear relationships in the
data.




Mathematical Representation
The ARIMA model is defined as
p

q
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where: f, is the forget gate output,
W is the weight matrix for forget gate,
h,_4 is the previous hidden state,
x, is the current input,
by is the bias for forget gate.
2. Input Gate Activation
It determines what new information will be added to the cell state.
iy = o(W;ilhi_y, x] + by)
where: i, is the input gate output,
W ; is the weight matrix for input gate,



b; is the bias for input gate.
3. Create Candidate Cell State
A new candidate value C, is generated using the current input and
previous hidden state.
C, = tanh (W [h,_;,x,] + b()
where: C, is the candida

-

W p
Ta m',.-.:l- q "

data.
2. Aggregating predictions from all trees to form a final output (in
regression tasks, this is done by averaging predictions).
This method reduces overfitting, improves generalization, and enhances
prediction accuracy by leveraging the power of multiple models.
Mathematical Representation
Given N decision trees, the final prediction y is computed as:

N
1
y= Nzyiﬁ
i=1

where y; is the prediction from each tree.



Key Assumptions
- The model assumes that feature interactions can be learned from

historical data.
- Works best when sales are influenced by multiple external factors

(weather, promotions, holidays).
Relevance to Sales Forecasting in Coffee Shops
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2.7 Model Performance Evaluation
2.7.1 Evaluation Metrics for Forecasting Models
The accuracy of forecasting models is assessed using the following
statistical metrics:
- Mean Absolute Error (MAE): Measures the average absolute
differences between actual and predicted values
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- "Food Demand Prediction Using Statistical and Machine Learning
Models™ — S. Jayapal (2023)
The study evaluated Prophet, ARIMA, and LSTM for forecasting food
demand in cafes. The findings indicated that Prophet performed poorly
compared to LSTM and ARIMA, suggesting that deep learning models
may be more effective for certain forecasting tasks.

- "Food Industry Sales Prediction: A Big Data Analysis & Sales
Forecast of Bake-off Products’ — M. Lindstrém (2021)
This study explored the use of Decision Tree Regression, Random
Forest, ARIMA, and SARIMA for sales forecasting in the food
industry. It also analyzed the performance of Prophet and Recurrent
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Neural Networks (RNNs), providing insights into model selection for

time series forecasting.
2.8.2 Studies on External Factors Affecting Sales Forecasting

External factors, such as weather conditions and economic shifts,
significantly influence food and beverage sales. The following studies
examine the |mpact of these variables on forecasting models:

"An Investigation ofM/eather on Beverage Sales
O Yilmaz (2024

IASAR VIA, 3
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Chapter 3
Research Methodology

This chapter outlines the methodology employed in this research on Weekly
Total Sales Analysis and Foreca afé and Restaurant using Machine Learning
using ARIMA, Proph mm?'ﬁ- approach follows a structured

efficient stra i : pd'l" ions. is mary workflow of

Data Data Model
) S Developmen )
Preparation Visualization Training and Forecasting
tof Medel
and and . Hyperpararm and Business
- . Exolorat Forecasting o Evaluation
reprocessin oratory eter icati

P P s Implications

g Data Analysis Optimization
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Figure 3.2 Flowchart — detailed ML pipeline
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3.1 Data Preparation and Preprocessing
3.1.1 Data Collection
The dataset for this research consists of historical sales data collected
from February 2023 to September 2024 from 1 coffee shop branch. The
dataset includes various attributes influencing sales, such as

- Date: Transaction date.
- Day of the-Wee
gondition: Captures enviro

z:'D%W
an i f';l"'/'*

- __AVe O‘fd ""- '1_';»’

T 3 A

sales trends.

Ola

3.2 Data Visualization and Exploratory Data Analysis (EDA)
To gain insights before model training, several visualization techniques are
applied:
1. Sales Trends Over Time:
- Atime series plot is created to observe demand fluctuations.
- Seasonal peaks and troughs are identified.
2. Impact of Weather on Sales:
- Astacked bar chart is used to compare total sales across different
weather conditions.
- Rainy days shows lower sales, while sunny days boosts revenue.
3. Best-Selling vs. Least-Selling Products:
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- A horizontal bar chart highlights which items contribute the most to
revenue.
- Popular drinks and food items are identified.
4. Sales Distribution by Employee Count:
- A group bar chart analyzes total sales and net profit per employee

oving Avera
sales data.

) eatures al sales, weather, promotions).
2. Use Grid Search to optimize hyperparameters.
3. Train model and evaluated prediction accuracy.

3.4 Model Training and Hyperparameter Optimization
All models are trained on 75% of data and tested on 25% of data.
1. ARIMA: p, d, g parameters optimized using grid search.
2. Prophet: Seasonal components and changepoint detection fine-tuned.
3. LSTM: Dropout, batch size, and epochs adjusted via hyperparameter
tuning.
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4. Random Forest: Number of trees and depth optimized using Grid
Search CV.
3.5 Model Evaluation Metrics

To assess model performance, the following evaluation metrics are used:

Table 3.1 Evaluation metrics
Metric

Mean Absolute

Purpose

Measures the average absolute

errors, giving
afger errors.

L)
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Chapter 4
Main Results and Discussion

This chapter presents a comprehensive analysis of the dataset, covering four
main areas: data visualization, modelperformance evaluation, model comparison, and
final sales forecasting forneXt week=Each-section @ims.to provide detailed insights into

the dataset and the#redi€tive models used

The goal of this z y5|5| t
- Identi D%( \ / data usihig,@
allz iy

valuatet efore , : ohet, ARIMA,
LSTM ane Rando

- Gﬂ'l'ﬁ?éq'd,el e'y

MAPE) ete mine

ploratory data

for-betionable
By fedmbining thi
gc : Ll mw;m \.

-" : : J d
3y |a| "-Ilr‘." e@
| atter
;L'r |L ; %
the fluctuatlimsr
p Aber 202&@

*"' ; gest@ﬁa demand is not

in sales appear at regular mtervals . d'be linked to
iday events or mar

Tma\ Sales by Week (Starting from 1st Feb 2023)

tal salés-6Ver 3
owing.ke

&} Sale

140000

120000

e 100000

Figure 4.1 Total sales by week of café and restaurant
Business Implication:
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Identifying high-sales periods allows businesses to plan
inventory and staffing more efficiently and the end-of-period decline
should be further investigated to ensure data completeness.

4.1.2 Total Sales by Weather and Holiday Conditions
The Total Sales by Weather and Holiday Conditions illustrates how
different weather conditions impact sales, which is shown in Figures 4.2 and

4.3.That is ﬁ
- Sunmy days*tontribute the highest Sales,Volume, indicating that good
Weather drives hi r.foot traffiC:
Rainy a%] ificantly lower'sales, suggesting that
custortiers-pref i n the wedtheénis favorable.
=] el e

/ $2 Sa?é:! uring peak s€asoRs
Jnificant i eeklﬁﬁl@s
.-':. J"If:‘;ll - ‘S\H e . ——

Total Sales by Weather Condition

—KABANW

Cloudy
Ral

Weather Condition

od
= -
Holiday (0=No, 1=Yes)

Figure 4.3 Total sales by holiday condition
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Business Implication:

Adjust promotional efforts based on weather and holiday
conditions. For example.

- Offer rainy-day discounts or free delivery options to
compensate for reduced foot traffic.

- On sunny days, maximize sales by selling outdoor-friendly

- ge'staff by adding part-timesstaff*en_holidays.
4.1.3 Seflesy Day of t ex\/&ia%%x '\
e Tot H}E%i}% Wgeﬁ ualizatiom,indicates in Figure
- ds- \\_‘da an’fdg’ ‘experience the Highest sales, as
peopl@havermore leisure timé-ar isit ceffiee shops.
— M—I-Cil)- asday: lowestisales,

=
=}

o

@
L

o

=
L

<]

[N}
L

=4
=}
|

@
|

Wednesday

Day of the Week

Figure 4.2<F6talsales by day of W@)"’

=]

Exienehelo o@ nF aturday/, and Sunday from 6:00
PM {0"0s 00, PV atieto high salesemand during these days. This
adjustment allows the business to accommodate more customers
during peak hours, maximizing revenue and improving customer
satisfaction.

Optimize staff allocation, ensuring more employees are available
during peak weekend hours to manage higher demand.

4.1.4 Sales and Net profit by employee

The Total Sales and Net Profit by Employee chart illustrates how

different staffing levels impact sales and profitability. The data is categorized
into three groups based on the number of employees working on a given day:
5 employees, 6 employees, and 7 employees, see Figure 4.5.

Key Insights:
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- Days with 5 employees have the lowest total sales and net profit,
suggesting that understaffing might lead to inefficiencies in
handling customer demand.

- Days with 7 employees show moderate total sales and profit, but
the increase in staff does not significantly improve revenue.

- Dayswith6e erated the highest total sales and net
profits ing_level for maximizing revenue.

1e6 Total Sales and Net Profit by Employee

B Total Sales

Net Profit
4.0

3.5 4

3.0 4

N
n

Amount
N
)
6 .l.l.llll

Employee

n
oyee days to
m% jods have the

atterms, preventing
affing on high-sales

> ! .
: J to.d€termine whether
operations uring 7-employee days that

limit revenue growth.
4.1.5 Product-Level Analysis: Best-Selling vs. Least-Selling Products and
by category
Top 10 Best-Selling Products are shown in Figure 4.6:
- The highest-selling items include Iced Americano, Iced Matcha Latte, and
Thai Tea.
- Pizza, we have only 1 menu that is Hawaiian but it is so popular for customer.
Top 10 Least-Selling Products are shown in Figure 4.7:
- Items such as Very Raspberry, additional toppings, and cold-pressed juices
perform poorly.
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- Some of these low-selling products might be too niche, too expensive, or not
marketed effectively.
Top 10 Best-Selling Products by Categories are shown in Figure 4.8:
- The food category has the highest sales, but this is expected since we offer
over 100 menu items in this category.
- The second is coffee categQ

ies are shown in Figure 4.9:
lowest sales, w mak ense since we do not

AT

s
= ™ =

_Top 10 Besﬁ-}elling Products

Fried Rice

PadThai Fresh Shrimp

Spicy Mixed Rice Crab

Thai tea

Iced latte

Coconut cake

Product Name

Fried Rice wattleplatoo

Iced Matcha Latte

Hawaiian Pizza

Iced Americano

0 50000 100000 150000 200000 250000 300000 350000
Total Sales

AR5 LN 74 e/

Top 10 Least-Selling Products

Very raspberry

Shrimp Roe

Spicy Long Bean Salad
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Figure 4.7 Top 10 least-selling products
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Top 10 Best-Selling Product Categories
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Figure 4.9 Top 10 least-selling product categories

Business Implication:

- Rice and coffee have the highest sales, aligning perfectly with the
store’s main objectives.

- Meanwhile, the Pizza category has high sales despite having only one
menu item. This clearly indicates that we need to further develop this
category to boost our sales. To enhance customer choices and
maximize sales potential, we introduced new pizza variations by
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developing different dough recipes, including a thin-crust option for a
crisper texture and a thick, soft dough for a more indulgent bite. These
variations cater to different customer preferences, ensuring broader
market appeal and increasing overall pizza sales.

- The category that needs improvement is beer because there are only a
few options available. To address this, we plan to introduce craft beer

i k S
Correlation Heatmap of Key Metrics

o .n
- .

"'mﬂ" of key me

pm0dels are trained to predict
and Random Forest.

4.2.1 FB Prophet Model

The Prophet model successfully captures seasonal trends and long-term
growth patterns shown in Figure 4.11.

The uncertainty interval widens towards the end of the forecast period,
meaning predictions become less certain over time.

The last data point is unusually low because it includes only the first two
days of the week, not the full week.
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Figure 4.12 Prophet model decomposition of trends and seasonality
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Trend Component (Top Plot)
- Shows the overall direction of sales overtime, excluding short-term or
seasonal fluctuations.
- Inthis graph, there's a steady upward trend in total sales from early
2023 to late 2024.
- This suggests conti iness growth, potentially due to improved

marketing d custom ccessful new products.
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- The sharp decline in weekly sales at the very end of the test data (orange
line) is not indicative of actual business performance. This occurred
because the data for that week was incomplete, containing only 2 days of
records instead of a full 7-day period. As a result, the total weekly sales
appear significantly lower than usual.

ARIMA Model vs Actual Sales
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1e9 Tuned LSTM Model Training Loss Over Epochs
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4.2.4 Random Forest Model

- The Random Forest model produces overly smooth predictions, failing to
recognize seasonal peaks and sudden fluctuations.

- It performs worse than Prophet and ARIMA but better than LSTM.



Total Sales

- The last data point is unusually low because it includes only the first two

days of the week, not the full week.

Tuned Random Forest Model: Actual vs Predicted Weekly Sales
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1. Prophet Ost al
RMSE: 7136.43"™MiA 6 75=MAPE . 8:36%
Strengths:
- Specifically designed for time series forecasting.
- Handles trend, seasonality, and holidays exceptionally well.
- Supports automatic changepoint detection for trend shifts.
- Great for datasets with clear seasonal patterns.
2. ARIMA
RMSE: 14111.54, MAE: 8043.16, MAPE: 17.82%
Strengths:

- Arrobust statistical model for linear trends and seasonality.

- Performs well when the data has low noise and stable patterns.

Limitations:
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- Cannot directly incorporate external factors like weather or holidays.
- Less effective in capturing sudden or nonlinear changes.
3. Random Forest
RMSE: 14477.70, MAE: 9797.84, MAPE: 9.58%
Strengths:
- Great for modeling

—
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well to holidays and capttressgrewtipatierns, explaining its close prediction.
2. ARIMA

Prediction: 78,332.92

Error: 8.17%

ARIMA performs well with linear trends and historical stability, which
café data exhibits. Although it lacks seasonality awareness like Prophet, it still
provides a solid short-term forecast.

3. Random Forest
Prediction: 73,848.24
Error: 13.42%
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While RF captures complex patterns and external features (e.g.,
weather), it ignores time order, which is critical in sales forecasting. This leads
to less accurate, smoother forecasts.

4. LSTM — Least Accurate
Prediction: 70,269.81
Error: 17.62% (hlghest error
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Chapter 5
Conclusion and Suggestions

5.1 Conclusion
This study aims to anal ast weekly sales in a coffee shop using

four different predictivesmodelsxFB-ProphetAR STM, and Random Forest.
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LSTM underperforms due to overfitting and excessive smoothing of

forecasts.
Random Forest provides the least accurate, failing to recognize sales

seasonality and producing the highest error rates.

5.1.3. Weekly Sales Forecast for Week 86
Each model predicts different sales for Week 86:

- FB Prophet: 79,091.17 (Error: 7.28%)
- ARIMA: 78,332.92 (Error: 8.17%)
- Random Forest: 73,848.25 (Error: 13.43%)

- LSTM 70,269.81 (Error: 17.62%)
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Since Prophet has the lowest prediction error, its forecast of 79,091.17
bahts is the most reliable for business decision-making.
Business Implications
- Operational Efficiency: Optimizing staffing levels by reallocating part-
time employees from overstaffed days (7-employee days) to peak sales
days (6- employee days) can enhance eff|C|ency
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5.2.3. Business Applice rategy mplementatlon
- Dynamic Pricing Strategies: Implementing Al-driven pricing
adjustments based on predicted demand can optimize revenue.
- Personalized Marketing: Use machine learning to recommend
promotions to specific customer segments based on purchase history.
- Inventory Automation: Leveraging predictive sales data to automate
stock ordering and reduce waste.

5.3 Final Remarks

This study demonstrated that data-driven forecasting and analytics can
significantly enhance business decision-making in the coffee shop industry. By
leveraging advanced forecasting techniques, businesses can optimize staffing,
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inventory, and promotional strategies, ultimately driving revenue growth and
improving customer satisfaction. However, continuous refinement of predictive
models, expansion of data sources, and the integration of Al-driven decision systems
will be essential for maintaining long-term competitive advantages.

AX
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A.1 Example of data set
This dataset contdir

Date |

¢

Jerations

bevera ebakef
T P cct T

Pr

Al LI

APPENDIX A

Data Set Examples

ncludes ke attrlbutes reI

Average Cost

cl NUi€ator-ani

eids from a coffee shop, spanning
.

Quantity_Sold

r h |
Day Weather| Product_ID Group (‘jltegory | Average_Price | Average_Profit |
2023-02-01 Wednesday Sunny P0O105 audnahla 81 @u 90 250 160
2023-02-01 Wednesday Sunny P0OO11 Creammy Dalgona Latte Signature 60 120 60
2023-02-01 Wednesday Sunny P0O012 athifndnaninuis ERLAE RG] 65 160 95
2023-02-01 Wednesday Sunny P0O070 Passion Honey Signature 45 100
2023-02-01 Wednesday Sunny P0072 Singha 1m Beer 60 100
2023-02-01 Wednesday Sunny P0102 Soda Beer 7
2023-02-01 Wednesday Sunny P0015 wdnau Bakery 40 90 50
2023-02-01 Wednesday Sunny P0016 Soft cookie Bakery 30 60 30
2023-02-01 Wednesday Sunny P0095 alnAndeturaansiila amIsUEn 85 169 84
2023-02-01 Wednesday Sunny P0079 wilndialaiidy fin nam 140 280 140
2023-02-01 Wednesday Sunny P0033 Fdndeny anwsude 60 155 95
2023-02-01 Wednesday Sunny P0201 Aanzwnnaz awIsIUAE 75 1225 47.5
2023-02-01 Wednesday Sunny P0O030 1ndaninantzanlainy PR ACE RG] 50 120 70
2023-02-01 Wednesday Sunny P0029 driuduluna 61 @n 50 120 70
2023-02-01 Wednesday Sunny P0026 rin lnnvan ERUREERITT e 65 130 65

"

re A 1 Exam

Total _before_reduction | Total_Cost | Dlsmunl Total Sales Net_Profit Branch | Holiday | Employee
500.00 180 0 500 320 1 0 6
120.00 60 0 120 60 1 0 6
160.00 65 0 160 95 1 0 6
100.00 45 0 100 55 1 0 6
300.00 180 0 300 120 1 0 6

30.00 14 0 30 16 1 0 6

90.00 40 0 90 50 1 0 6
120.00 60 0 120 60 1 0 6
338.00 170 0 338 168 1 0 6
840.00 420 0 840 420 1 0 6
155.00 60 0 155 95 1 0 6
245.00 150 0 245 95 1 0 6
120.00 50 0 120 70 1 0 6
120.00 50 0 120 70 1 0 6
260.00 130 0 260 130 1 0 6

Figure A.2 Example of data set continue

N W NN N W e N



B.1 Prophet Model
Purpose
Prophet is a

APPENDIX B

Model Performance Testing Examples

lei ?olldays
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Tuned Prophet

: len(prophet_df)]))

at'][:len(prophet, df)]) / prophet df['y'])) * 100

r ssive Integratedlvk Average (ARIM
seasonallty |n tlme series data

(matplotllb)
Model Training (Lines 9-11)

- Uses auto_arima to automatically find the best ARIMA parameters.
- Seasonality is enabled (m=52) to account for weekly patterns.
Forecasting (Lines 12-15)

Generates predictions for the test dataset.

Evaluation Metrics (Lines 17-34)

Computes RMSE, MAE and MAPE for model performance assessment.
Visualization (Lines 38-52)

Plots actual vs. predicted sales.

40
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Tuned ARIMA

mport mean_squared_error, mean_absolute error, mean_squared log error

pplot as plt

12 arima_forecast = arima_model.predict(n_periods=len(test_arima))

13

14

15 arima_forecast_df = pd.DataFrame(arima_forecast, index=test_arima.index, columns=[ 'Prediction’])

st_arima 'To s'], arima_forecast))
1, arima_forecast)
-values - arima_forecast) / test_arima['Tot

» arima_for

* np.abs(y _pred - y_true) / (np.abs(y_true) + np.abs(y_pred)))

-values, arima_forecast)

e p1+ plat(te .
45 plt. plct(arlma -_df, A ns®, linestyle="--, color=

1. Importing Librarle
- TensorFlow/Keras is used for deep learning.
- Adam optimizer and EarlyStopping are included to improve
convergence.
2. Model Architecture (Lines 10-17)
- First LSTM Layer:
- 200 units with ReL U activation, returning sequences.
- Includes a Dropout(0.2) layer to prevent overfitting.
- Second LSTM Layer:
- 100 units with another dropout layer.
- Final Dense Layer:



- Outputs the predicted value.

. Early Stopping (Lines 19-21)

- Monitors validation loss and stops training if no improvement for 20
epochs.

. Training Process (Lines 23- 31)

- Tralned for 300 epoch

42



Tuned LSTM

° import numpy as np
Ffrom math import sqrt
1 sklearn.metrics import mean_squared error, mean_absolute error, mean_squared_log error
1 tensorflow. keras.models import Sequential
om tensorflow.keras.layers import L5TM, Dense, Dropout
eras.optimizers import Adam
t EarlyStopping

model lstm = Sequential([
LSTM( 208, activation='relu’, input shape=(X_lstm train.shape[1], X lstm train.shape[2]), return_sequences=

LSTM(1@8, activation="relu', return_sequences=

Dense(1
D

model_lstm.compile(optimizer=Adam(learning_rate=0.001), loss="mse
early stopping = EarlyStopping(monitor="1 ', patience=28, restore_best weights=

24 history = model_lstm.fit(
25 X lstm train,

26 y_lstm_train,

27 epochs=368,

28 batch_size=16,

29 verbose=1,

38 )

31

1stm_predictions = model_lstm.predict(X lstm_test)

1stm rmse_2 = sqrt(mean_squared error(y_lstm test, lstm predictions))
print("Tuned LSTM RMSE:", lstm_rmse_2)

1stm mae_2 = mean_sbsolute_error(y_lstm test, lstm predictions)
print("Tuned LSTM MAE:", lstm mae 2)

1stm mape_2 = np.mean{np.abs((y_lstm test - lstm predictions.flatten()) / y_lstm test)) * 1ee
print("Tuned LSTM MAPE:", lstm mape_2)

1lstm msle_2 = mean_squared log error(y_lstm test, lstm predictions)
50 print(“Tuned LSTM MSLE:", lstm msle 2)
51
52
smape(y_true, y pred):
54 return 188 / len(y_true) * np.sum{2 * np.abs(y pred - y true) / (np.abs(y_true) + np.abs(y pred)))

1stm_smape_2 = smape(y_lstm test, lstm predictions.flatten())
print(“Tuned LSTM SMAPE:", lstm_smape 2)

6@ plt.figure(figsize=(10, 6))
plt.plot(history.history[ ‘loss"*], label='Training Loss', color="blue
plt.xlabel( Ep s
plt.
64 plt. LSTM Model Training Loss
plt.legend()
plt.grid(
plt.show()

Figure B.3 LSTM model
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B.4 Random Forest Model
Purpose
The Random Forest model is an ensemble learning technique used for
regression tasks. It is particularly useful for handling non-linear relationships and
capturing interactions between variables.
Code Breakdown in Flgure B.4.
1.

a IS8y 3 _ (jand 25% festing.
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Tuned Random Forest

random_state:

1.fit(X_rf_train, y_rf train

rf_model.predict(X_rf -

uared log err

45



APPENDIX C

Examples of Model Evaluation Results

C.1 Model comparison
In Flgure C.

; ce of four forecastlng

, LSTM, and Random Fore s
-', v bsolu eError (MAE), and Mean

isfl:g__f_s g Metrics, the better

erape.ms th Itude of err

B hL.o 12 F'EFEhﬁors
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nd act *‘“

M‘: lute errors.
ghest MAE, meaning their
C.1.3. Mean Absolute Percentage Error (MAPE)
Definition: MAPE expresses error as a percentage of actual values,
making it useful for business decision-making.
Model Rankings (Best to Worst in MAPE)
1.Prophet: 8.35% (Lowest, most accurate)
2.ARIMA: 17.81%
3.Random Forest: 19.58%
4.LSTM: 21.14% (Highest error, least accurate)

- With a MAPE of only 8.35%, Prophet is the most reliable model for
business forecasting.
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- LSTM has the highest error rate at 21.14%, meaning it struggles with
variations in sales data.
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e eE ro for both trai and

signi than the t ith a
1.34% for 44% for

- The forecasted total sales for week 86 (September 11, 2024) is
79,091.17°, using the Prophet model.
This analysis suggests that while the model does not exhibit extreme
overfitting, the high-test error in MAE indicates room for improvement in

generalization.
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Model Performance (Trailn vs Test Error)
RMSE: Traim = 5714.8837, Test = EE44.4E1E, X Difference = .
MAE: Tralm = 4426.8598, Test 5465, X Difference = 51.34%
MAPE: Traim = 5.8854, Test = 8.3c08, X leferenc: = 44.88%

overfitting Check
¥ RMSE: Taudi overfitting
¥ MAE: ifi overfitting
¥ MAPE: Tull overfitting
Predicted Total Sales for Week 86 (Prophet):
21 2824-89-11 79891.178692

CBrEF 1

t::
mfé'

Ores | , indica
ased 2 ep BiNg ches /miyyh best fit
ithout furth ' :

Actual qale; Error (%)

Prophet 1.1 2 . 282088

ARTMA 923 . 178888

Random Forest . 8 3.428242
L5TM 269. - 623217

Figure C.3 Week 86 prediction comparison
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APPENDIX D

Examples of Results After Analyzed

D.1 Range of before analyze, week prediction and after analyzed
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150000

Before Analyze

After Analyzed

1357 911131517192123252729313335 373941 434547 4951 5355575961 636567697173 75 77 7981 83858789 91 93 95 97 9910103
Count of Week (Starting from 1st Feb 2023)

Figure D.1 Total sales by week before and after use data analyzed
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D.2 Comparison weekly sales between Sep-Jan last year with current year
Overview Figure D.2
This graph provides a comparative analysis of weekly sales from September to
January of the previous year (Weeks 34-51, in blue) and the projected sales for the
same period in the current year (Weeks 86-103, in red). The comparison aims to
evaluate seasonal trends, sales growth, and the impact of business improvements over

time. /"-_N\
e —

Compare Weekly Sales between Sep-Jan last year with Current year
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To accommoe c
to the employee schedulifg stra y.

- Weekdays: Increased the number of employees to 7 to ensure efficient
service during regular business days.

- Weekends & Holidays: Increased staffing to 9 employees to handle the
higher volume of customers effectively.
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The optimized workforce allocation has resulted in better service
efficiency and improved customer satisfaction, ultimately contributing to

higher revenue.

Total Sales and Net Profit by Employee
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Stir-Fried Holy Basil

Pad Thai Fresh Shrimp

Fried Rice wattleplato

Fried Tofu

lced latte

Coconut cake
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Hawaiian Pizza
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Figure D.4 New top 10 best-selling products
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